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Abstract

Modeling and simulation have been established as indispensable tool in science and engineering,
offering means to explore and analyze complex systems, thereby enhancing the prediction and
understanding of real-world phenomena. Developing valid models that accurately reproduce these
phenomena is an intricate process, involving steps of model building intertwined with various
simulation experiments for model calibration, validation, and analysis.

Especially conducting simulation experiments is challenging as their specification and execution
vary depending, for example, on the diverse experiment types, methods, and tools required.
This dissertation addresses the central question of how to support modelers in this intricate
process, specifically, by automatically generating and executing simulation experiments. A pivotal
strategy identified for achieving this goal is the generation of simulation experiments through
reuse and adaption. The strategy can be subdivided into three parts, and the dissertation is
organized accordingly.

The first part contributes to the explicit and automated specification of simulation experiments,
employing model-driven engineering. In this approach, metamodels are crucial for formalizing
the central ingredients of a simulation experiment and for defining a domain-specific language
that allows representing simulation experiments in a tool-agnostic manner. This enables the
automatic generation, transformation, and adaption of executable experiment specifications via
a model-driven engineering pipeline.

The second part underlines the importance of context for understanding and conducting
simulation studies, and particularly simulation experiments. A comprehensive and formalized
definition of the conceptual model is introduced, which subsumes typical early-stage artifacts of a
simulation study, from research objectives and assumptions to information sources, enriched with
metadata. The conceptual model can be complemented by provenance, which is concerned with
the process of generating and using the various artifacts. Formal approaches for representing
provenance information are discussed that can illuminate the entire story of a simulation
study, including the interrelations between artifacts, activities of model building and simulation
experiments, and related studies. Open model databases are investigated as a key means for
distributing, editing, and interconnecting provenance graphs and the conceptual model, ensuring
their computational accessibility.

The third part focuses on utilizing the formal, machine-accessible representations to facilitate
the automatic interpretation and exploitation of context information. This context information
is integrated with the model-driven approach for experiment specification and execution to form
the key components of the Reuse and Adapt framework for Simulation Experiments (RASE). In
this framework, provenance patterns and inference rules enable the automatic initiation of an
experiment generator depending on the last activities of a modeler, automatic identification of
earlier simulation experiments to reuse, and their adaption to the context of a new simulation
model. This supports the iterative nature of the modeling and simulation life cycle, enabling
scenarios such as automatic regression testing and cross-validation of related models.

The results showcase how modelers can benefit from the developed approaches, emphasizing
systematic, effective, and methodologically rigorous simulation studies while preserving user
flexibility and control. Demonstrations in open-source software prototypes and diverse case
studies, spanning stochastic discrete-event simulations, virtual prototyping, finite element analysis,
and agent-based simulations, highlight the versatility and applicability of the proposed framework.

Finally, the dissertation identifies new research avenues towards fully automating simulation
experiments as well as the entire modeling and simulation life cycle.






Zusammenfassung

Modellierung und Simulation haben sich als unverzichtbare Werkzeuge in Wissenschaft und
Technik etabliert. Sie bieten Mittel zur Erforschung und Analyse komplexer Systeme und
verbessern so die Vorhersage und das Verstdndnis von Phinomenen der realen Welt. Die
Entwicklung valider Modelle, die diese Phinomene genau reproduzieren kénnen, ist ein komplexer
Prozess, der Schritte der Modellbildung umfasst, die mit verschiedenen Simulationsexperimenten
zur Modellkalibrierung, -validierung und -analyse verflochten sind.

Insbesondere die Durchfiihrung von Simulationsexperimenten stellt eine Herausforderung dar,
da deren Spezifikation und Ausfithrung variiert, z. B. in Abhéngigkeit von den verschiedenen
Experimenttypen, Methoden und Werkzeugen, die benétigt werden. Diese Dissertation beschéftigt
sich mit der zentralen Frage, wie Modelliererinnen und Modellierer in diesem komplexen Prozess
unterstiitzt werden kénnen, insbesondere durch die automatische Generierung und Ausfithrung von
Simulationsexperimenten. Eine zentrale Strategie zur Erreichung dieses Ziels ist die Generierung
von Simulationsexperimenten durch Wiederverwendung und Adaption. Die Strategie kann in
drei Ansétze unterteilt werden, und die Dissertation ist entsprechend gegliedert.

Der erste Ansatz trigt zur expliziten und automatisierten Spezifikation von Simulationsex-
perimenten bei, indem er Methoden der modellgetriebenen Entwicklung einsetzt. In diesem
Ansatz sind Metamodelle entscheidend fiir die Formalisierung der zentralen Bestandteile eines
Simulationsexperiments und fiir die Definition einer doménenspezifischen Sprache, die es erlaubt,
Simulationsexperimente in einer werkzeugunabhéngigen Weise darzustellen. Dies ermoglicht die
automatische Generierung, Transformation und Anpassung von ausfithrbaren Experimentspezi-
fikationen iiber eine modellgetriebene Entwicklungspipeline.

Der zweite Ansatz unterstreicht die Bedeutung von Kontext fiir das Verstdndnis und die
Durchfithrung von Simulationsstudien, insbesondere von Simulationsexperimenten. Es wird eine
umfassende und formalisierte Definition des konzeptionellen Modells vorgestellt, das typische
Artefakte der frithen Phase einer Simulationsstudie umfasst, von Forschungszielen und Annahmen
bis hin zu Informationsquellen, angereichert mit Metadaten. Das konzeptionelle Modell kann
durch Provenienz ergénzt werden, welche sich mit dem Prozess der Erzeugung und Verwendung
der verschiedenen Artefakte befasst. Es werden formale Ansétze zur Darstellung von Provenienz-
Informationen diskutiert, die die gesamte Geschichte einer Simulationsstudie reprisentieren
konnen, einschliefslich der Beziehungen zwischen Artefakten, Aktivitdten der Modellbildung
und Simulationsexperimenten sowie verwandten Studien. Offene Modelldatenbanken werden als
zentrales Mittel zur Verteilung, Bearbeitung und Vernetzung von Provenienz-Graphen und dem
konzeptionellen Modell untersucht, um deren maschinelle Zugénglichkeit zu gewahrleisten.

Der dritte Ansatz konzentriert sich auf die Nutzung der formalen, maschinell zugénglichen
Darstellungen, um die automatische Interpretation und Verwertung von Kontextinformationen zu
erleichtern. Diese Kontextinformationen werden mit dem modellgetriebenen Ansatz fiir die Spezi-
fikation und Ausfithrung von Experimenten integriert und bilden die Schliisselkomponenten des
Reuse and Adapt Framework for Simulation Experiments (RASE). In diesem Rahmen erméglichen
Provenienz-Patterns und Inferenzregeln die automatische Initiierung eines Experimentgenerators
in Abhéngigkeit von den letzten Aktivitdten einer Modelliererin oder eines Modellierers, die
automatische Identifizierung fritherer Simulationsexperimente zur Wiederverwendung und deren
Anpassung an den Kontext eines neuen Simulationsmodells. Dies unterstiitzt die iterative
Vorgehensweise im Modellierungs- und Simulationslebenszyklus und erméglicht Szenarien wie
automatische Regressionstests und Kreuzvalidierung verwandter Modelle.

Die Ergebnisse zeigen, wie Modelliererinnen und Modellierer von den entwickelten Ansitzen
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profitieren konnen, wobei der Schwerpunkt auf systematischen, effektiven und methodisch prazisen
Simulationsstudien liegt und gleichzeitig die Flexibilitdt und Kontrolle der Benutzerinnen und Be-
nutzer erhalten bleibt. Demonstrationen in Open-Source-Software-Prototypen und verschiedenen
Fallstudien, welche stochastische diskret-ereignisorientierte Simulationen, virtuelles Prototy-
ping, Finite-Elemente-Analyse und agentenbasierte Simulationen umfassen, unterstreichen die
Vielseitigkeit und Anwendbarkeit des vorgestellten Frameworks.

Abschliefsend identifiziert die Dissertation neue Forschungsrichtungen zur vollstdndigen Au-
tomatisierung von Simulationsexperimenten sowie des gesamten Modellierungs- und Simulations-
lebenszyklus.
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1 Introduction

Modeling and simulation (M&S), alongside empirical evaluation and analytical reasoning, is
regarded to be the third pillar of science [1]. It provides additional insights that are often not
possible based on real-world experiments or theoretical analysis alone. This may be due to the
fact that some real-world experiments would be too technically challenging, financially expensive,
or morally unacceptable, or that closed-form solutions do not exist for some problems. Therefore,
in many domains—be it in science, engineering, or industry—simulation studies have become
indispensable for understanding, designing, predicting, and decision-making in solving complex
questions.

M&S studies are intricate processes where cycles of model refinement and extension are closely
intertwined with diverse simulation experiments for model calibration, validation, or analysis [2, 3].
Starting with a research question about the system of interest, simulation models are successively
refined based on assumptions and simplifications. Along the way, requirements or hypotheses
referring to outputs of the model are specified, and data sources are identified that may be used
to initialize the model or as input for simulation experiments used for validation or calibration
of the simulation model until a meaningful yet concise approximation of the system has been
achieved [4, 5|. The complex process of conducting a simulation study, therefore, requires both
science and art [6]. The programming, statistical analysis, and other methodological aspects
represent the scientific part, whereas the art refers to coming up with the model components,
interpreting the (intermediate) results, and making decisions, for example, about what alternative
scenarios to evaluate.

The increasing popularity and importance of simulation |7, 8] is accompanied by an increasing
awareness that many simulation results cannot be relied upon. For instance, literature reviews
showed that a significant number of authors do not provide sufficient documentation of the
simulation tools used and simulation results obtained [9]. Other studies showed that even if
documented, large deviations between observed data of the modeled system and data generated
by simulation can occur, as well as large deviations between the results of independent modelers,
presumably due to the different choices of methods and equations [10]. This is known as the
reproducibility and credibility crisis of simulation [11]. Simulation, as well as the sciences in
general, consequently face the challenge of finding new remedies for handling the uncertainties and
risks associated with scientific procedures and results [12|. This comprises the questions of how
fast useful models can be developed and analyzed, how the achieved results can be interpreted
and reused, and how results and crucial aspects of simulation studies can be communicated with
domain experts and decision makers. Much of this is particularly difficult, due to simulation
studies being knowledge-intensive processes, in which the knowledge and expertise are often
implicit, held within the minds of experts, or take the form of informal best practices or
guidelines [13|. In addition, simulation studies can be characterized as data-driven processes [14],
implicating that the trust in the models is also directly related to the trust in the data used as
input, the simulation experiments and analyses conducted in the simulation study as well as
the outputs generated, and whether those adequately address the research question. Simulation
experiments therefore massively contribute to the reproducibility and credibility of a simulation
study, as they are the centerpiece between models, input data, and simulation results, and thereby
expedite important activities, such as the calibration, validation, and analysis of models.

A simulation experiment is defined to be an “experiment with a model” [15, page 5|, where “[a|n
experiment is the process of extracting data from a system by exerting it through its inputs” [15,
page 4|. Despite this simple definition, in practice, simulation experiments are more elaborate.



1 Introduction

Conducting a simulation experiment involves several tasks including the configuration of the
model parameters, execution of the model, retrieval of observations, analysis of the observed
data, and evaluation and selection of further parameter configurations [16|. The complexity of
conducting a simulation experiment is reinforced by the various types of simulation experiments,
the plethora of methods available for sampling the parameter values and analysis of the model
output (which requires sufficiently many replications in case of a stochastic model), the diverse
M&S approaches and metaphors, and the range of tools that modelers are expected to master [17].

Due to the wide range of expertise needed [6] and since simulation experiments present an
important yet complicated part of simulation studies [18], an increasing number of approaches aim
at assisting modelers in conducting their simulation experiments [19]. Within the last years, one
major concern of developments has been to effectively exploit distributed computing resources and
thus to allow efficient execution of large-scale simulation experiments [20, 21, 22|. Another focus
of developments has been on suitable means to unambiguously and flexibly specify simulation
experiments [23, 24, 25, 26]. The research presented in this dissertation builds on the latter but
goes one step further by asking how to generate such simulation experiment specifications and
execute them automatically. Generating the simulation experiments automatically will enable
modelers to work in a more effective and systematic manner, save them time and reduce errors in
applying the different methods [19]. Automation may even broaden the scope of analyses done
with simulation models, and facilitate model and experiment reuse within the same or across
related simulation studies.

To achieve situation-specific support of simulation experiments, context about the simulation
study needs to be accessible, unambiguously specified, and thus automatically interpretable.
Various types of knowledge have to be integrated and put into relation, including: a) knowledge
about the structure of different types of simulation experiments, b) knowledge about the methods
to be applied and the tools available, ¢) knowledge about the life cycle of simulation studies,
d) context about the simulation study at hand, such as all assumptions, requirements, and input
data, e) context about the central model building activities, simulation experiments, and the
simulation results produced, and f) information about the relation to other simulation studies.
Items a)-d) put an emphasis on the conceptual modeling phase, which, in the M&S life cycle,
takes place before the model building and refinements and is crucial for setting the context
and determining the direction of the simulation study. In particular, the conceptual model
describes the system of interest as such and all modeling related “objectives, inputs, outputs,
content, assumptions, and simplifications” [27], and relates those to the analysis that shall
be conducted based on the simulation model. A well-specified conceptual model integrates
and provides a variety of requirements and information that is of assistance for conducting a
simulation study [8]. For example, it determines which behavior the simulation model must
show under which circumstances, which data it must reproduce, or which sensitivity shall be
tolerated referring to parameter values. Next to the conceptual model, provenance will form
another essential pillar of knowledge required for automatic experiment generation, see items e)
and f). Provenance, as used in this dissertation, refers to an all-encompassing documentation
that does not only focus on the simulation model as the final product but instead reflects the
entire process of conducting a simulation study [28]. It, therefore, contains valuable information
about how the various products of a simulation study, such as requirements or data, evolved and
contributed to creating some model, experiment, or output data and the exact role they played.

Figure 1.1 illustrates the various tasks involved in automatically generating a simulation
experiment and how the different types of knowledge are accessed and integrated during the
process. Usually, one starts by identifying the user’s goal at the current point in the simulation
study. The goal may be either given by the user, for example, saying “I wish to validate the
model” or “I wish to relate my new model to simulation study x ...”, or derived from past user
activities. From there one has to determine what kind of experiment to generate and execute
next in order to satisfy the goal. Here, two strategies can be pursued. The first strategy (see



1.1 Contributions

_| Infer role and type of N . . :
next experiment Select methodology Specify experiment
N [ I
N | s
\A + A/
From i i (
Rule inference engine ‘ Inference rules ‘
scratch
Knowledge bases
( | Experiment | | Experiment Experiment A
Goal (user ‘ Goals ‘ ‘ types ‘ ‘ methods ‘ ‘ metamodels Generate code Execute
. —— - L b [« — —> for target N
or derived) ( - ( experiment
' Application backend
M&S life cycle N Code templates Backend tools
domain
" Conceptual ‘ [ Provenance of | ‘ Model ‘ ( Verbal ‘ ‘
Reuse & model \ simulation study . repositories /M documentation
adapt
~ t o
’ N\
s | \
¥ v AW
Identify new model Retrieve previous Adapt experiment for
version 7] experiment new context
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Figure 1.1, upper branch) refers to building simulation experiments from scratch by inferring
the next experiment type and the appropriate methods from the context, which may involve
further knowledge, e.g., about the application domain. Once the experiment type, method,
and simulation tool have been selected, corresponding metamodels can guide the collection of
relevant information, templates can be filled from available context information, and finally, the
experiment code can be generated and executed. In contrast, the second strategy (see Figure 1.1,
lower branch) refers to reusing and adapting existing simulation experiments from the same or
related simulation studies. This accounts for the fact that models and experiments are rarely
built from scratch and leverages the iterative nature of simulation studies where the same goals
(e.g., to test the model’s sensitivity or to check some requirement) frequently reappear, and thus
simulation experiments are re-applied in new contexts, for example, in light of a new model
version after model extension or additional validation data.

This dissertation focuses on the second strategy and presents the process and ingredients
required for automatically generating simulation experiments by reuse and adaption, in particular,
by facilitating provenance with rich metadata and inference rules. This also lays the foundation
for generating simulation experiments from scratch, as information like explicit experiment
specifications and tool bindings are necessities for both strategies.

1.1 Contributions

This dissertation explores the automatic generation of simulation experiments by reuse and
adaption based on provenance and other context information about a simulation study. The
main contributions are the following:

e An overview of experiment types, their ingredients, methodologies and tooling, and clas-
sification regarding their roles in the simulation study. This forms the groundwork for
defining metamodels of simulation experiments, ontologies of methods, and decision logic
for generating the right kind of simulation experiment.
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e A metamodeling approach for making the structure and ingredients of simulation ex-
periments explicit, and a corresponding model-driven engineering pipeline that generates
simulation experiments based on these metamodels. Actual metamodels for three simulation
approaches and eight experiment types are provided.

e A discussion of what constitutes the context of a simulation study and the various ways in
which context may be represented.

e A definition and data model for making the conceptual model explicit, including the
research questions, assumptions, requirements, qualitative models, approaches, and data
and information sources. The definition aims at a broad interpretation of the conceptual
model, where the ingredients are structured in a knowledge graph and the information is
semi-formal to allow machine processing while at the same time granting users as much
flexibility as possible.

e Suggestions and means for integrating provenance graphs within model databases to allow
making entire simulation studies, including their development and curation, explicit and
queryable. This allows for improved findability, accessibility, interpretation, and comparison
of models.

e A framework based on patterns defined in the provenance standard PROV-DM, which allow
characterizing the central model building and model analysis activities. The provenance
patterns serve as triggers for starting an automatic experiment generator and for identifying
previous simulation experiments and other information to be reused and adapted in
the current situation, e.g., for a new model iteration. The patterns are applied using
transformation rules on the provenance graphs.

e A proposal for generating simulation experiments from scratch, i.e., without a previous
simulation experiment as a blue-print and with only a loose documentation of the modeling
process, and identification of the central challenges to be solved.

e Prototypical implementations of the presented approaches provided in open repositories.

e Conduction of four case studies, which demonstrate the versatility of the developed ap-
proaches regarding the used modeling metaphors, application domains, and tooling.

1.2 Case Studies

During this dissertation, case studies are used to illustrate the different concepts and show
the developed tools at work. In particular, the simulation studies were selected to evaluate
the usability of the developed approaches for a broad audience in M&S due to their versatility
regarding the used tools, M&S approaches and application domains. In the following, the four
case studies are briefly introduced in the order of their appearance.

1.2.1 Stochastic Model of the Wnt Signaling Pathway

The first case study refers to the canonical Wnt/B-catenin signaling pathway, which is a central
pathway that regulates proliferation as well as differentiation of cells [29]. Deregulated forms
of this pathway are involved in a number of human cancers and developmental disorders [30].
An in-depth understanding of the underlying cellular processes is crucial for developing targeted
treatments.

Previous simulation studies have intensively studied the key intracellular mechanisms of the
Wt signaling pathway and the impact of external stimulation on the cell [32]. Those studies,
however, largely neglected the importance of membrane-related processes. Therefore, a new Wnt
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Figure 1.2: Schematic of the Wnt/B-catenin model combining membrane-related dynamics (top)
with intracellular processes (bottom). Signal transduction is initiated by extracellular
Wnt molecules via the receptors LRP5/6, followed by a cascade of reactions involving
key proteins, such as Axin and CK1-vy, leading to an accumulation of 3-catenin in
the cytosol and finally the nucleus of the cell. Arrows indicate reactions between the
model entities with designated reaction rate constants (R;). Figure reused from [31].

simulation model is developed to combine intracellular and membrane-related dynamics [31].
Recent hypotheses and data put lipid rafts, specialized microdomains of the membrane, in
the focus of research, as they have been found to sense the electric field and to direct cellular
responses [33]. Thus, the Wnt model is extended accordingly to investigate the effect of both
raft- and non-raft-associated endocytic processes of the Wnt/B-catenin receptor LRP6 in detail,
including stochastic effects [34].

The new Wnt model is implemented in the rule-based multilevel modeling language ML-
Rules [35]. This language uses the modeling metaphor of chemical reactions and, in addition,
compartments to allow modeling and analyzing different organization levels (e.g., the membrane
and the nucleus) of the cell. Figure 1.2 depicts the model with its two submodels, the intracellular
axin/B-catenin model and the membrane model. Overall the Wnt model comprises 24 reactions,
each with a reaction rate constant R;. Simulation runs are carried out using the experimentation
tool SESSL [36], which interfaces the stochastic simulation algorithm (SSA) [37] provided by
ML-Rules. The Wnt model thus is a representative of the class of stochastic discrete-event
simulation models [38, 39] with a continuous-time Markov chain semantics [40].

The canonical Wnt /(-catenin signaling pathway provides ample opportunity to demonstrate the
specification and automatic generation of simulation experiments and the role of explicit context
information. The pathway has been subject to numerous simulation studies [32, 41, 31, 34|, many
of which have been published in the BioModels database and therefore are accessible for further
exploration and exploitation [42]|. Detailed provenance has already been documented for some
Wnt models (e.g., [34, 43|) to allow examining their interrelations, such as relation by extension,
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revision, or cross-validation. Simulation models of the Wnt/{-catenin signaling pathway have
also been the subject of review papers and analyses (e.g., [44, 45]), which highlights the interest
in structured knowledge about that modeling domain as well as the need for methodological
advancements.

1.2.2 Virtual Prototyping of a Neurostimulator

Deep brain stimulation is a therapy option for a multitude of neurological disorders. While it is
widely implemented into the clinical routine, especially for Parkinson’s disease and Dystonia, the
underlying mechanisms are not fully understood [47]. Since most experiments cannot be performed
directly on humans due to ethical reasons, small animal models, such as rodents, are necessary [48|.
However, rodent-specific implants require a highly optimized level of miniaturization and low power
consumption compared to human implants. With physical prototyping being infeasible, virtual
prototyping is used to design optimized neurostimulators for rodents based on a computerized
model and simulation experiments [46].

In this particular case study, a model is built to assist in the development of STELLA (SofTware
dEfined impLantabLe modular plAtform), a device for preclinical deep brain stimulation [49].
The model considers the interplay between various heterogeneous system components, i.e.,
battery, boost converter, microcontroller, and stimulation unit (as illustrated in Figure 1.3).
It thus combines digital as well as analog components. Whereas previous studies focused on
the optimization of voltage levels inside the system, this study focuses on understanding the
implications of different battery parameters on the overall runtime, as a multitude of batteries
with different volume-runtime trade-offs are available for implants.

As the model includes components outside the digital domain (e.g., to model the voltage levels
of a battery) it requires continuous-time representation in addition to discrete-time events. Thus,
SystemC-AMS [50], an extension of the system description language SystemC, is used to allow
for a hybrid M&S approach with both discrete and continuous signals. In addition, Python is
used as a wrapper for starting simulation runs and processing the output data.

Due to its hybrid approach, the virtual prototyping study provides a case study for transferring

1SystemC AMS extensions user’s guide, 2010. https://wuw.accellera.org/images/downloads/standards/
systemc/0SCI_SystemC_AMS_Users_Guide.pdf, last accessed 19 July, 2024.
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(a) CAD Model (b) Mesh

Figure 1.4: CAD model (a) and mesh (b) of the electrical stimulation chamber with the cell
culture medium (blue), the two electrodes (black) and air (shaded). Figures reprinted
from [52].

knowledge and concepts between the diverse application fields of M&S. Thus far, experiments in
the context of virtual prototyping are typically specified and conducted in an ad-hoc manner.
This is, e.g., manifested in the fact that in SystemC there is no clear separation between
model, simulator, and experiment, contrary to what is recommended in the M&S theory [51].
Consequently, a more structured and systematic approach to virtual prototyping, and in particular
to conducting analyses with the developed models, is welcome.

1.2.3 Finite Element Analysis of Electric Fields

Electrical stimulation is a promising tool for tissue engineering and regenerative medicine [53].
Prominent applications include deep brain stimulation [54] and bone regeneration [55]. However,
an abundance of stimulation parameters (e.g., waveform, amplitude, and frequency of the
stimulation signal as well as electrode material) needs to be considered, making it necessary
to develop a profound understanding of the effect of electrical stimulation on cell tissue [56].
Numerical simulation studies can elucidate the electric field that cell experience and allow
researchers to make informed design choices for novel electrical stimulation devices and the
following in vitro and in vivo studies.

Finite element analysis (FEA) is a general numerical method that is capable of simulating
complex geometries and accurately computing the properties and effects of electric fields. In
this FEA study, a physical model given by partial differential equations describing electric fields
in the frequency domain is solved. The 3D geometry of the system, i.e., the implant and its
surrounding material, is modeled explicitly and corresponding boundary conditions and material
properties are linked to the different domains of the geometric model.

The third case study applies FEA to compute the electric field distribution in a specific
electrical stimulation chamber [57, 58]. Based on the computed field distributions, the biological
response of the stimulated biological sample can be linked to certain specifications of the electrical
stimulation setup, such as material properties or frequency of the stimulation signal [56]. The
simulation study uses SALOME? to build the geometric model (CAD model) and to discretize it
into a mesh with a finite number of elements. Figure 1.4 depicts the geometry consisting of a cell
culture medium, air, and two electrodes, and the generated mesh. The physical model and the

2yww.salome-platform.org/, last accessed 19 July, 2024.
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Figure 1.5: Schematic of the migration model. Human agents update their knowledge about the
environment, their contacts and plan as they move through the route network from a
set of designated entries to the exit nodes. Nodes represent cities, which are linked
via slow and fast edges. Adapted from [63].

simulation experiments are specified and run using the Python package EMStimTools [59], which
uses the FEniCS library [60] to solve the underlying equations.

Compared to discrete-event simulation, finite element analysis presents an entirely different
kind of simulation. With the separation into a geometric and a physical model, new requirements
and inputs for the support of these studies and their simulation experiments arise. The need
for specialized support of FEA studies is revealed, e.g., by the development of targeted FEA
workflows [52]. But also specialized simulation experiments are necessary, e.g., to validate the
mesh of the geometric model [61]|. Furthermore, reporting guidelines for FEA request the explicit
and thorough documentation of these studies [62].

1.2.4 Agent-based Model of Human Migration

International migration affects not only the countries at both origin and destination but also the
countries that are situated on common migration routes [64]. Thus, understanding migration
flows and their consequences on the economy, culture, and politics is crucial for policymakers.
Nevertheless, migration is still among the least well-understood demographic processes [65].
Especially the migration journey itself, including the individual’s decisions and movements, has
not received enough attention in existing studies [66].

Agent-based M&S has become an established tool for understanding and analyzing complex
phenomena in demography and migration studies as it allows linking macro- and micro-level
perspectives of complex processes [67]. This case study refers to an agent-based model of asylum
migration to Europe [68, 69]. The model focuses on the formation of migration routes in response
to the exchange of information (e.g., about nearby cities and their attractiveness). The agents in
this model are characterized by their number of contacts, incomplete knowledge about the world,
their current route plan that gets constantly updated when communicating with other agents,
and their risk behavior. Another central component of this model is the migration route network,
depicted in Figure 1.5. Agents attempt to move through the network to one of their target
destinations while collecting information based on which they make their intelligent, cognitive
decisions.

Two different approaches are taken to realizing this model. First, a model with discrete
step-wise simulation semantics is implemented in Julia [70]. Second, to allow for more realistic
behavior of the agents, a discrete-event model with continuous-time Markov chain semantics is
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implemented, both in Julia and the domain-specific modeling language ML3, which was designed
for modeling linked lives in demography [71]. The simulation experiments and analyses are
carried out using the statistics tool R [72].

The model in this agent-based simulation study is successively refined and analyzed in response
to developing new behavioral theories and the collection of additional data sources. These model
iterations have explicitly been documented in [73|, which provides a solid starting point for
further investigation and characterization of the modeling and analysis process. Furthermore,
this study offers ample opportunity to explore the impact of research questions, hypotheses,
theories, and data on the next model iterations to be built and the simulation experiments to be
conducted.

1.3 Outline

This dissertation is divided into six chapters. After the presentation of the problem, research
objectives, and case studies in Chapter 1, Chapter 2 introduces the M&S life cycle, gives an
overview of the types of simulation experiments, and surveys existing attempts at facilitating or
automating those. Chapter 3 describes the design of a model-driven approach for conducting
simulation experiments. Chapter 4 presents and discusses a variety of approaches for making
the context of a simulation experiment, and the story of developing a simulation model explicit.
Chapter 5 presents the RASE framework, which exploits the explicitly specified simulation
experiments and the documented context information for reusing and adapting simulation
experiments automatically. Finally, Chapter 6 summarizes the results and key insights of the
dissertation and gives an outlook on future research topics.

1.4 Bibliographical Note

The concepts presented in this dissertation were developed as part of the DFG-funded research
project “towards GeneRating and Executing Automatically Simulation Experiments” (GrEASE)?3,
and parts of the dissertation have been published in journal articles and conference papers.

Chapter 3 is based on the content of the following publication about model-driven development
of simulation experiments:

e P. Wilsdorf, J. Heller, K. Budde, J. Zimmermann, T. Warnke, C. Haubelt, D. Timmer-
mann, U. van Rienen, and A. M. Uhrmacher. A model-driven approach for conducting
simulation experiments. Applied Sciences, 12(16), 2022. do0i:10.3390/app12167977.

The ideas from the earlier publication on experiment schemas have been incorporated in the
concept of Chapter 3:

e P. Wilsdorf, M. Dombrowsky, A. M. Uhrmacher, J. Zimmermann, and U. v. Rienen.
Simulation experiment schemas — beyond tools and simulation approaches. In 2019 Winter
Simulation Conference (WSC), pages 2783-2794. IEEE, 2019.
doi:10.1109/WSC40007.2019.9004710.

Chapter 3 is also inspired by work on using model documentation to fill templates. In the co-
authorship of this paper, methodology, discussion of model documentation, and implementation
of the case study were contributed:

e A. Ruscheinski, K. Budde, T. Warnke, P. Wilsdorf, B. C. Hiller, M. Dombrowsky, and
A. M. Uhrmacher. Generating simulation experiments based on model documentations
and templates. In 2018 Winter Simulation Conference (WSC), pages 715-726. IEEE, 2018.
doi:10.1109/WSC.2018.8632515.

*https://gepris.dfg.de/gepris/projekt/32043513471anguage=en, last accessed 19 July, 2024.
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A series of publications describes approaches for making information about a simulation study
explicit, as well as approaches for exploiting that information. Parts of these publications were
revised and reorganized for Chapter 4:

e P. Wilsdorf, F. Haack, and A. M. Uhrmacher. Conceptual models in simulation studies:
Making it explicit. In 2020 Winter Simulation Conference (WSC), pages 2353-2364. IEEE,
2020. doi:10.1109/WSC48552.2020.9383984.

e P. Wilsdorf, N. Fischer, F. Haack, and A. M. Uhrmacher. Exploiting provenance and
ontologies in supporting best practices for simulation experiments: A case study on
sensitivity analysis. In 2021 Winter Simulation Conference (WSC), pages 1-12. IEEE,
2021. doi:10.1109/WSC52266.2021.9715362.

e P. Wilsdorf and A. M. Uhrmacher. Creating PROV-DM graphs from model databases.
In 2022 Winter Simulation Conference (WSC), pages 2118-2129. IEEE, 2022.
doi:10.1109/WSC57314.2022.10015331.

e P. Wilsdorf, A. W. Kirchhiibel, and A. M. Uhrmacher. nbSimGen: Jupyter notebook
extension for generating simulation experiments. In 2028 Winter Simulation Conference
(WSC), pages 2884-2895. IEEE, 2023. doi:10.1109/WSC60868.2023.10408537.

A particularly noteworthy paper discusses the state of the art and open challenges in modeling and
simulation. The author of this dissertation contributed literature reviews of formal approaches
to modeling and approaches for automation, as well as discussions of future research directions.
These contributions have been instrumental to writing parts of Chapters 4 and 6.

e A. M. Uhrmacher, P. Frazier, R. Hahnle, F. Kliigl, F. Lorig, B. Ludéscher, L. Nenzi, C.
Ruiz-Martin, B. Rumpe, C. Szabo, G. A. Wainer, and P. Wilsdorf. Context, composition,
automation, and communication - the C2AC roadmap for modeling and simulation. ACM
Transactions on Modeling and Computer Simulation, 34(4), 2024. doi:10.1145/3673226.

Chapter 5 is based on the following publication, which introduced the framework for reusing and
adapting simulation experiments based on provenance patterns:

e P. Wilsdorf, A. Wolpers, J. Hilton, F. Haack, and A. Uhrmacher. Automatic reuse, adap-
tion, and execution of simulation experiments via provenance patterns. ACM Transactions
on Modeling and Computer Simulation, 33(1-2), 2023. doi:10.1145/3564928.

Section 5.7 reused parts of the following publication to illustrate further applications of the
provenance patters:

o P. Wilsdorf, O. Reinhardt, T. Prike, M. Hinsch, J. Bijak, and A. M. Uhrmacher. Simulation
studies of social systems — telling the story based on provenance patterns. Royal Society
Open Science, 11(8):240258, 2024. doi:10.1098 /rsos.240258

Chapter 5 closes with a discussion of ideas for generating simulation experiments from scratch,
which is based on the ideas from the following publication:

e P. Wilsdorf, F. Haack, K. Budde, A. Ruscheinski, and A. M. Uhrmacher. Conducting sys-
tematic, partly automated simulation studies — unde venis et quo vadis. In 17th International
Conference of Numerical Analysis and Applied Mathematics, 2020. doi:10.1063/5.0026939.

Other published contributions were incorporated into the introduction, motivation, background
and state-of-the-art sections of this dissertation. For the publication written as first author this
includes languages for specifying requirements:
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e P. Wilsdorf, M. Zuska, P. Andelfinger, A. M. Uhrmacher, and F. Peters. Validation without
data - formalizing stylized facts of time series. In 2028 Winter Simulation Conference
(WSC), pages 2674-2685. IEEE, 2023. doi:10.1109/WSC60868.2023.10408388.

For the publications written in co-authorship this includes the work on provenance ontologies
for simulation studies, provenance capturing, and further applications of the conceptual model,
provenance, and experiment generation. All of them are referenced in the body of this dissertation:

e A. Ruscheinski, P. Wilsdorf, M. Dombrowsky, and A. M. Uhrmacher. Capturing
and reporting provenance information of simulation studies based on an artifact-based
workflow approach. In Proceedings of the 2019 ACM SIGSIM Conference on Princi-
ples of Advanced Discrete Simulation, SIGSIM-PADS ’19, pages 185-196. ACM, 2019.
doi:10.1145/3316480.3325514.

e K. Budde, J. Smith, P. Wilsdorf, F. Haack, and A. M. Uhrmacher. Relating simulation
studies by provenance—developing a family of Wnt signaling models. PLOS Computational
Biology, 17(8):1-27, 2021. doi:10.1371/journal.pcbi.1009227.

e T. Meyer, A. Ruscheinski, P. Wilsdorf, and A. M. Uhrmacher. Simulation-supported
engineering of self-adaptive software systems. In 2021 Winter Simulation Conference
(WSC), pages 1-12, 2021. doi:10.1109/WSC52266.2021.9715324.

e A. Ruscheinski, P. Wilsdorf, J. Zimmermann, U. van Rienen, and A. M. Uhrmacher. An
artefact-based workflow for finite element simulation studies. Simulation Modelling Practice
and Theory, 116:102464, 2022. doi:10.1016/j.simpat.2021.102464.

e A. Ruscheinski, A. Wolpers, P. Henning, P. Wilsdorf, and A. M. Uhrmacher. SIMPROV:
Provenance capturing for simulation studies. In Preparation.
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2 Background and Objective

Modeling and simulation (M&S) has been established as a scientific method to answer questions
about systems, in which experiments with the real system are not feasible. Simulation studies are
iterative processes that involve phases of model building and model refinement, interweaved with
the design and conduction of various types of simulation experiments. Conducting simulation
studies has been considered to be an art and a science [6]. This duality arises from the inherent
complexity of the process, wherein, despite the presence of life cycle models, no fixed sequence of
steps can be prescribed. Instead, M&S studies require comprehensive knowledge and experience
about the various tasks involved in solving a particular problem, the computational methods to
be employed as well as the application domain.

This is particularly crucial for simulation experiments. For instance, what simulation experi-
ments are needed, how they are specified and executed, and how results are interpreted depends
on various aspects, such as the current stage of the study and the M&S approach used. A variety
of decisions have to be made, in choosing from the vast number of available experiment types,
analysis methods, as well as available tools and libraries. All of these decisions may influence the
outcome of individual simulation experiments, the conclusions that are drawn referring to the
behavior of the simulation model, and their validity in answering specific questions about the
system of interest [10].

This chapter provides an overview of the M&S life cycle as well as the research questions
and steps involved (Section 2.1). Then, the types of simulation experiments that will appear
in the case studies of the upcoming chapters are categorized regarding their purposes in the
M&S life cycle, and possible methods to be used (Section 2.2). For the different types of
simulation experiments, available tools are discussed (Section 2.3). Next, recent developments
in computerized support for simulation experiments are outlined (Section 2.4). The chapter
concludes with identifying the main objective of the dissertation, i.e., supporting simulation
experiments by automatic reuse and adaption (Section 2.5), and a summary (Section 2.6).

2.1 The Modeling and Simulation Life Cycle

Simulation studies evolve through different phases |74, 2, 3], intertwining successive model building
with complex simulation experiments used for calibration, validation, or analysis. Depending on
the overall research question of the simulation study and the progress so far, different types of
simulation experiments may be applied.

2.1.1 Research Questions of a Simulation Study

Simulation studies are always conducted with an overall research question in mind. This is
underlined by the reporting guideline ODD [75]|, which starts by asking for “a concise and
specific statement of the purpose(s) for which the model was developed”. As purposes they name,
e.g., prediction, explanation, description, theoretical exposition, illustration, analogy, and social
learning,.

According to Cellier research questions can be categorized into one of five goals, each accompa-
nied by a definition and an example [15]. The validity of the developed model decreases from
top to bottom:
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1. Design. Simulation studies may be conducted with the goal to design or manipulate a
system such that it behaves in a certain way. This works especially for applications that
are already well understood so that the designed system will behave as predicted by the
model. An example is the design of electrical circuits with specific behavior.

2. Control. When there is sufficient understanding but the system’s behavior is influenced by
various factors, simulation models can act as controllers for the system. This necessitates a
validated model that integrates feedback from the system. For instance, simulation models
may be used for process control in chemical industry.

3. Analysis. Many simulation models are built to identify the causal relations or structures
that make up a system’s characteristic behavior. This is the case if the model possesses still
enough validity, however, cannot be trusted for design or control purposes. An example
includes models that represent the fundamental motifs of a biological system and are used
to analyze the interactions between their variables.

4. Prediction. If a model is deemed sufficiently accurate, i.e., it was validated against data
from the real system, it may be used to make predictions about the future of the system.
This is the case, e.g, for models of economic systems.

5. Speculation. There are many applications, in which the mechanisms of the real system are
unknown. Thus, the process of modeling is in the focus. Different hypotheses are proposed
and tested to find a valid simulation model that explains the phenomena observed in the
real world. This is true, e.g., for the simulation of social systems.

Kleijnen et al. find a different categorization, in which they distinguish between the following
three objectives [76]:

1. Developing a basic understanding. This includes substantiating or refuting hypotheses, and
gaining new insights into the underlying mechanisms of the modeled system that are not
well understood and where data is scarce. The model may also help analysts to identify
research questions and scenarios to explore if these are not known beforehand.

2. Finding robust decisions or policies. These studies explicitly focus on finding a robust
rather than an optimal solution. Due to the large number of parameters, events, and
assumptions in the model, and uncertainty in its inputs, obtaining an optimal solution is
not always feasible. Robust solutions can therefore be defined as “works well across a broad
range of scenarios”.

3. Comparing decisions or policies. Those simulation studies are used for making predictions;
however, it is emphasized that no single prediction but a comparison of a number of
scenarios and measures is required to select “good” policies or decisions.

Put in other words, the overall research question of a simulation study—Ilike research questions
in general—may be of exploratory nature [76, 77|, confirmatory nature |77, or for generating
predictions including optimal (or robust) solutions |76].

2.1.2 Steps of the Life Cycle

Variations of the M&S life cycle have been widely discussed. A survey by Timm and Lorig
compares various proposed life cycles (e.g., Maria [74] and Banks [78]) regarding the included
steps [79]. Figure 2.1 summarizes the relationship of the steps and products considered in these
various life cycles (by extending figures by Sargent [3] and Balci [80]). The figure also subsumes
the steps of additional life cycle models, such as [81, 2, 4].
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According to Balci, VV&T (validation, verification, and testing) is a continuous activity
throughout the life cycle to ensure a credible model, and therefore needs to be considered
explicitly in the life cycle [80]. Also, the life cycle is not sequential but the transitions shown in
the figure can be used back and forth to revise certain parts if necessary.

From Problem to Conceptual Model

The first step, when starting a new simulation study is to define the problem. For this, the
problem, of course, first needs to be recognized and communicated by the decision makers,
domain experts, etc. to the M&S experts [80]. They then need to define the research questions
to be answered by the simulation model [38] and abstract from what has been observed in the
real system to define the problem boundaries to be large enough to capture the essence of the
problem [2].

The next step is investigating the system to identify what input variables, entities and causal
relations shall be included in the model, what level of aggregation is suitable to be considered
in the model, and how the model can be decomposed into submodels—all of this with respect
to the research question [80]. This also may involve experimenting with the real system and
collecting real system data 3|, and selecting appropriate response variables [82]. In this process,
also the sources of uncertainty need to be identified, and suitable input distributions for random
variables have to be assumed [74]. Other aspects of preparing the study may include assessing
different solutions, such as the feasibility of alternative M&S approaches [80], and planning project
constraints, such as the time frame of the study [74]. Furthermore, hypotheses to be probed by
the model have to be derived [3]|, and model requirements, both functional and non-functional,
need to be specified [2].

All the information and data collected during the planning and investigation phase can be
incorporated into building the conceptual model. The conceptual model may be represented by
flowcharts and various other diagramming techniques or pseudocode [80]. Recent approaches,
furthermore, see the conceptual model as collection of information and data about the system
to model, as well as constraints, assumptions and simplifications [82, 83|. Accordingly, the
conceptual model can be seen as “a repository of high-level conceptual constructs and knowledge
specified in a variety of communicative forms (e.g., animation, audio, chart, diagram, drawing,
equation, graph, image, text, and video) intended to assist in the design of any type of large-scale
complex M&S application” [2]. In addition to these communicative forms, formal and semi-formal
approaches for representing the conceptual model have been used [83|. Section 4.2 discusses
advantages and disadvantages of different representations.

But before it can be used further, it is necessary to validate the conceptual model by checking that
its logic is reasonable, complete, and consistent [84]. Validation techniques for the conceptual
model have been suggested, and the primary validation techniques used are face validation
and structured walkthroughs [3]. This may also include the validation of data, where the
following questions need to be asked: “Does each input data model possess a sufficiently accurate
representation?”’; “Are the parameter values identified, measured, or estimated with sufficient
accuracy?”’; “How reliable are the instruments used for data collection and measurement?”; “Are
all data transformations done accurately?”; “Is the dependence between the input variables,
if any, represented by the input data model(s) with sufficient accuracy?”’; and “Are all data
up-to-date?” [80]. A careful collection and evaluation of data is especially important since data
are used for various purposes in the simulation study, and as such become a crucial part of the
conceptual model: as input for the simulation model, for calibration and validation [3].

From Conceptual Model to Experiment Designs

From a conceptual model, the simulation study continues by tmplementing the simulation model
in a modeling language of choice. This may be a general purpose programming language or a
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Figure 2.1: The modeling and simulation life cycle, adapted from Balci [80] and Sargent |[3].

domain-specific modeling language. After the model has been programmed, verification of the
model is conducted to ensure that the model was implemented correctly with respect to the
conceptual model. Here, in particular, it needs to be checked that simulations are error-free, and
implemented functions behave as expected, such as random number generators and program
logic [3]. For verification, two approaches exist: static and dynamic analysis. Static analysis is
concerned with looking at the model code, e.g., proofs of correctness, whereas dynamic analysis
executes the model and runs tests on the generated output traces.

With the executable simulation model, one can then conduct simulation experiments by first
designing and then executing it. Various things have to be considered during the design of
experiments: e.g., are the simulation algorithms correct, have appropriate statistical methods
been used, and is the number of replications sufficient [80]. Thus, validation of the experiment
design is a crucial step.

Simulation experiments can be used for calibration of the model, i.e., fitting parameter values
such that some real-world data are reproduced or requirements from the conceptual model are
satisfied. Another important task in the M&S life cycle is validation of the model. Techniques
for validation include comparing with data from the real system, checking (formally) defined
behavioral requirements by hypothesis testing, comparing to other (valid) models, or performing
face validation (i.e., consulting domain experts whether the model output is reasonable, usually
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by providing them with a graphical representation of the results) [3, 85]. Besides validation and
calibration, the various types of experiments can serve other purposes, e.g., allowing analysis of
the model and providing insight into the real system (see Section 2.2.1).

An important preparatory step of experimental design is surrogate modeling [86]. Surrogates,
also known as response surfaces, metamodels, emulators, or auxiliary models, are built whenever
the execution time per simulation run needs to be reduced. Additionally, surrogate models are an
integral part of some experiment types, such as sensitivity analysis (see Section 2.2.3). They are
validated just like the simulation model and thus can have an own life cycle [81]. Once validated,
the surrogate can be used instead of the simulation model to conduct analyses as it is usually
faster and easier to use [87].

From Simulation Results to Conclusions about the System

When the simulation experiment has finished, the simulation data have to be analyzed, visualized
and interpreted by (statistical) analysis of the runs, and it needs to be decided if additional
experiments are necessary [4].

Furthermore, if the model could not be successfully calibrated or validated, it has to be
decided if and what kind of changes of the simulation model are needed. Consequently, rarely
only one iteration of the described M&S life cycle is required, especially if a valid model needs
to be built for understanding. Thus, refinements of the conceptual model and subsequently
the simulation model are necessary, creating several versions of the simulation model (and the
simulation experiments as well) [80]. Moreover, the research questions may need to be redefined
based on the outcome of the simulation experiment.

Finally, once the model yields satisfying results, one can answer the research question and
draw conclusions with respect to the real system. This includes communicating the results to
decision makers, and gaining new insight into a process, depending on the research question
of the simulation study (see Section 2.1.1). If the model is to be used for predictions and
decision making, operational validity may need to be established to ensure that the model’s range
of behavior is appropriate for the intended purpose, i.e., additional checks about the model’s
behavior are required [3].

2.1.3 Specifics of Modeling and Simulation Approaches

The suitability of a M&S approach depends on the research question of the simulation study and
the system of interest. For example, if the number of reacting molecules in a cell biological system
is small, a stochastic modeling approach may present a more suitable alternative compared to
deterministic approaches [88, 89|. Additionally, if the spatial distribution of molecules controls
how molecules interact, a spatially resolved approach may be required [90, 91].

However, even if a stochastic or spatial approach has been decided upon, this does not answer
the question of which of the many available methods to select. This applies to algorithms for
interpreting and executing a stochastic or spatial model [92, 93|, to the languages in which
models are described [94, 40|, and to the analysis of simulation results [95]. Similar decisions
have to be made when conducting simulation studies in the social sciences (e.g., whether to use
an agent-based modeling metaphor, or whether to run the model using discrete step-wise or
discrete-event based execution semantics), finite element analysis (FEA) in electromagnetics (e.g.,
whether to use adaptive mesh refinement), and virtual prototyping of heterogeneous systems
(e.g., whether to use SystemC, Verilog, or Modelica as a modeling language).

Referring to the case studies conducted in this dissertation, some peculiarities in the life cycles
of the corresponding M&S approaches can be noted. For example, models of cell biological
systems are often developed for understanding the underlying dynamics. Thus, there is a strong
focus on successive calibration and validation of the model structure and associated parameters.
To that end, the simulation study can be data-driven, integrating lab results obtained at multiple
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organizational scales [96], and thereby assigning modeling and experimenting activities based on
data a central role in the life cycle.

In virtual prototyping studies of heterogeneous systems, the use of data is less pronounced,
and the focus is naturally on the design and analysis of systems based on requirements and
constraints defined at the beginning of the study. Thus, optimization based on constraints as
well as verification of system properties play a vital role for these studies. Moreover, the process
of making the system requirements explicit may need to be made more explicit.

For FEA, a specialized workflow could be identified [52]. Therein, the simulation model
is divided in a physical model and a geometric model, and different information needs to be
collected during conceptual modeling (e.g., CAD images), which are then processed during model
building. Moreover, additional kinds of simulation experiments (i.e., error and convergence tests)
are required, which are inherent to the M&S approach based on partial differential equations
and discretization of the domain of interest into smaller, finite-sized elements, forming a mesh.
These specifics of the life cycle need to be considered in conducting as well as documenting these
studies [62].

For developing realistic agent-based models, social simulation studies rely on the collection
and assessment of empirical data. Those may include data from psychological experiments or
demographic data from a variety of sources [69]. Consequently, stages of primary and secondary
data collection have to be taken into account in the life cycle. In applications where data
are sparse, methods are sought that allow validating without data from the real system [97].
Furthermore, social simulation studies are driven by various behavioral theories to be explored
and compared [73]—another aspect to be incorporated in the model building process. The
exploration of these theories via simulation experiments, and the results and insights gained from
those, will also allow finding new research questions to be explored in the next iteration of the
M&S life cycle.

Looking beyond the simulation studies used in this dissertation, further activities in the M&S
life cycle occur, e.g., when developing and using digital twins as this includes the collection and
use of “real-time sensor data, historical data, etc. to mirror the life of its corresponding twin’
for making predictions or optimizing processes [98]. Furthermore, in symbiotic simulation, the
simulation and a complex adaptive system interact in a mutually beneficial manner, and what-if
analyses are crucial for weighting up suitable options for controlling the physical system [99].
Those “closed loop” activities of perceiving information from the real system and controlling the
system based on the simulation results would require special attention in the M&S life cycle.

)

In addition to these differences referring to the stages in the M&S life cycle, there are also
specifics in the types of simulation experiments executed, which are discussed in the following
section. Moreover, the structure of a simulation experiment can differ for the various kinds of
simulation approaches. Different configuration parameters may exist for the different simulation
algorithms and analysis methods, which will be investigated further in Chapter 3. Furthermore, for
actually specifying a simulation experiment and for automatically generating it, domain-specific
context knowledge is required, see Chapters 4, 5.

2.2 Simulation Experiments in the Modeling and Simulation Life
Cycle

In the discussion of the life cycle shown in Figure 2.1, the simulation experiments had various roles
(i.e., calibration, validation, and analysis), which will be examined in more detail in the following.
Thereafter, the general structure of a simulation experiment is presented and, subsequently, an
overview of experiment types and corresponding experiment design methodology will be given.
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2.2.1 Roles of Simulation Experiments

Simulation experiments can fulfill different roles depending on the current stage of the life cycle,
the research question of the simulation study, and the requirements that have been defined
during the planning and conceptualization stages. Thus, simulation experiments may at first be
categorized according to their role in the assessment of the model during or after model building.

Simulation experiments conducted during the M&S life cycle can be used for model verification,
validation, calibration, and analysis. Whereas calibration, validation and verification occur mostly
during the model building and refinement process, analysis experiments are also conducted after
model building with the produced model.

Generally, calibration or fitting “applies mathematical and statistical techniques to a set of
simulation I/O data, to (i) estimate the [simulation model’s| parameter values, and (ii) evaluate
the estimated parameter values with respect to the data set, using quantitative criteria.” On
the other hand, verification asks the question “did I build the model right?”, while validation is
concerned with “did T build the right model?” [2]. More precisely, “|m]odel verification is defined
as ’ensuring that the computer program of the computerized model and its implementation
are correct’” [3]. A related topic is model credibility, which is concerned with “developing in
(potential) users the confidence they require in order to use a model and in the information derived
from that model” [3]. In contrast, validation is the “substantiation that a model within its domain
of applicability possesses a satisfactory range of accuracy consistent with the intended application
l[and purpose [76|| of the model” [3|. Several versions of a model are usually developed prior to
obtaining a satisfactory valid model. Thus, developing a simulation model is an iterative process
with successive calibration, validation, and verification, e.g., via regression testing [100, 101].

Analysis experiments encompass a wide range of investigations conducted throughout the
simulation study. They include sensitivity analysis, parameter estimation, simulation optimization,
and other types of experiments aimed at understanding system behavior, identifying influential
model parameters, optimizing system performance, or comparing different policies or strategies,
as well as toy duck analysis of individual time series.

The role of a simulation experiment can also be categorized according to the purpose of the
analysis. Balci has identified (1) comparison of different operating policies, (2) evaluation of
system behavior, (3) sensitivity analysis, (4) forecasting, (5) optimization, and (6) determination
of functional relations [80]. Barton classifies the more fine-granular (sub)goals of a simulation
study into (1) early goals (i.e., taking place in early iterations of the life cycle): validation,
screening variables, (2) middle goals: sensitivity analysis, understanding, predicting, selecting the
best configurations, (3) late goals: optimization and robustness of the parameter settings [102].
The late goals can be supplemented by uncertainty and sensitivity analysis as part of robustness
analysis [103]. Once a satisfactory parameter configuration could be found, sensitivity and
uncertainty analysis should be conducted to reinforce the result and to test the robustness of the
solution, and quantify the uncertainty.

In simulation studies that are conducted for understanding (see, e.g., the case studies in
Section 1.2) the steps are closely intertwined and carried out iteratively until a model with
satisfactory accuracy has been developed [100]. In these studies, the question of early, middle, or
late goals is less important, and the broader categories appear more suitable. This dissertation,
thus, will focus on validation, calibration, and analysis as roles for simulation experiments (as
has been done, e.g., by [43]). Verification can mostly be neglected, since software verification is
often done based on static methods that do not require simulation.

2.2.2 Structure of a Simulation Experiment

Conducting a simulation experiment involves several tasks. Figure 2.2 shows the layered view of
a simulation experiment with a stochastic model that varies model parameters as proposed by
Rybacki et al. [16]. The specification of a simulation experiment is situated at the topmost layer.
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Figure 2.2: Structure of a simulation experiment that varies the model parameters, adapted
from Rybacki et al. [16]. Experiment specifications and subparts of the specifications
shown in grey.

Its purpose is the description of all information required to run the simulation experiment and to
complete all the tasks at the lower layers. The second layer of a simulation experiment focuses on
the configuration, execution, and evaluation of the simulation model under different parameter
settings. Therein, the simulation model is treated as a black box by the simulation experiment [86].
During the evaluation task, feedback about the different parameter configurations is provided, so
that additional parameter configurations can be created and evaluated if necessary—depending
on the type of experiment. After evaluating all parameter configurations, the final result of the
overall experiment is returned. In case of a stochastic simulation model, multiple replications have
to be executed and analyzed, typically by calculating averages for each configuration (depicted
at the third layer). In each replication, the simulation model is executed, model variables
are observed, and the results of the single run are analyzed (depicted at the bottom layer).
The feedback loops at the lower two layers allow adjusting the number of replications (e.g.,
via construction of confidence intervals) as well as the length of the simulation run (e.g., by
steady-state analysis) depending on the obtained results [38|. If the simulation is deterministic,
only one simulation run has to be executed, and thus layer three can be omitted.

For a single simulation run or across those single runs, the decisions made during the simulation
experiment include whether to perform a terminating or steady-state simulation, estimating the
distributions of stochastic model components, selecting the initial conditions or the duration
of the warm-up period, choosing the final conditions such as simulation stop time or number
of events completed, choosing variables to observe as well as the observation time step, and
deciding on an appropriate balance between run length and the number of replications [104].
Further issues include choosing a method for random number generation, and deciding whether
to use an appropriate variance reduction technique. They are, however, not always covered by
the experiment specification but subject of pre- or postprocessing on the runs.

Besides the structure shown in Figure 2.2, some experiment types, such as statistical model
checking or steady state analysis, do not rely on varying model configurations. In addition,
the experiments may not only change the parameters but also the model structures from one
configuration to the other. Also, single stochastic simulation runs may be treated as a simulation
experiment. For instance, with agent-based models, single trajectories can reveal important
insights about the behavior and interactions of specific individuals, where mean trajectories
would return biased results. In addition, this general structure of a simulation experiment does
not only relate to time course simulation but also, e.g., to simulations in the frequency domain
as often done in FEA.
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2.2.3 Types of Simulation Experiments

During a simulation study, a variety of simulation experiments is conducted, be it for calibration,
validation, sensitivity and uncertainty analysis, what-if exploration, or optimization of the
system [104].

In the following, important experiment types are introduced that are also used as case studies
or for discussion and illustration in this dissertation. These include steady-state estimation,
parameter scans, sensitivity analysis, parameter estimation, optimization, statistical model
checking, what-if analysis, and error and convergence control.

Note that there may be further kinds of simulation experiments that are concerned, e.g., not
with the behavior of the model but with the performance of a simulation. Those may be covered
in extensions of this work. E.g., performance requirements may be explicitly specified and then
checked during model validation, or specific performance benchmarks can be run for the finally
developed model.

Steady State Estimation

Stochastic time course simulations can be categorized into terminating and non-terminating
simulations [38]. Terminating simulations run for a finite time horizon until a specific stop
condition is reached (e.g., a stop time, a state, or when a specific event occurs). In contrast, in a
non-terminating simulation, the simulation runs continuously or at least over a long period of
time, allowing one to study the long-term behavior of systems. This includes simulations that,
after an initial transient phase, reach a steady-state or a cycle (i.e., they oscillate). In both cases,
the “end of the simulation”, namely when the steady state or cycle has been reached, is not fixed
and thus has to be detected. The detection of oscillations in stochastic simulations is a complex
issue and requires specialized methods (such as [105, 106]). The following therefore will solely
discuss methods for steady state detection.

Figure 2.3 illustrates the probability densities of the stochastic process given by the stochastic
simulation replications at time points 41, 49,... The figure shows that there is more variance
at the beginning of the simulation. These are known as the transient states. After this initial
transient phase, the simulation reaches a steady state, i.e., the densities do not vary much for the
rest of the simulation and the expected value E(Y;) converges to the steady state mean E(Y').

Steady state analysis is applied for a number of problems concerned with correctly starting
and stopping stochastic simulation experiments to achieve accurate results. This includes cutting
off the initial transient (known as warm-up phase), steady state detection, and determining the
minimum number of replications [105]. Furthermore, steady state analysis is closely related to
stability analysis, which is concerned with the stability of a (steady) state under arbitrarily small
parameter perturbations [107]. Steady states, if they are attracting all nearby initial conditions,
are said to be stable, and unstable if they repel some initial conditions. Bifurcation theory is the
study of critical points in the parameter space where small perturbations result in changes in the
steady state behavior of a nonlinear system [108, 109].

Steady state detection can be conducted in the early phases of a simulation study as a
preprocessing step to determine the time horizon to be simulated in the simulation experiments to
follow. Furthermore, steady-state estimation may be conducted during a simulation experiment
(such as a parameter scan or sensitivity analysis) to analyze the individual stochastic simulation
runs as well as the various configurations of the experiment design, see single- and multi-run
analysis blocks shown in Figure 2.2.

But estimating the steady state behavior can also be the primary goal of the simulation study.
In these studies, one is not interested in the behavior over time, but rather the expected value or
the distribution of results at steady state, e.g., the “normal” operational behavior of a factory |38|.
Furthermore, studies might be designed to explicitly identify bi-stable states in a cell signaling
network [107].

21



2 Background and Objective

Transient States Steady State

( 8 — )

i1 i2 i3 i4 [

»
»

Figure 2.3: Transient and steady state behavior of a simulation given by the underlying stochastic
process with the random variables Y;q, Yo, ..., increasing time indices i1, 29, ..., and
a specific set of initial conditions; adapted from Law and Kelton [38, Chapter 9|.

Available methods for detecting the steady state are plentiful, which underlines the difficulty
of selecting a suitable method for a given problem [110]. Some methods use multiple (shorter)
simulation runs to detect the steady state and cut off the warm-up period. For instance, the
method of Welch computes a moving average over the replications and thereby smooths the
simulation output data. The length of the warm-up period is chosen by visually inspecting where
the mean seems to converge. The mean and confidence interval of the steady state variable
can then be estimated by only including simulation output beyond the warm-up period that
was determined using Welch’s method (known as the replication/deletion approach) [38]. Other
methods for determining the warm-up period include bias detection tests and marginal standard
error rules [111]. In contrast, other methods operate based on one long simulation run. The
batch means method, for instance, partitions the output of one long simulation run into a
sequence of disjoint batches and computes their means. Since the batch means can be considered
independent samples, they can be used to get a confidence interval of the estimator. The length
of the simulation run is sequentially increased until an acceptable confidence interval can be
constructed [112|. Various algorithms exist for the batch means method [113]. The moving
windows approach also works on one long simulation run but moves a window of fixed size
through the time series and updates the mean according to the values inside the window [114].
If the standard deviation falls below a given threshold, the end of the warm-up phase has been
detected.

Parameter Scan

Parameter scans (also referred to as parameter screening) can be viewed as the simplest form
of sensitivity analysis according to Cacuci et al [115]. However, in contrast to other sensitivity
analysis methods, their main purpose is to get a first impression of the model’s behavior. They
are, therefore, used for exploration and sometimes ranking of parameters rather than quantifying
how the uncertainties in the model inputs (X1, Xo,..., X)) affect the model’s response Y [116].
Consequently, parameter scans rely on relatively simple experiment designs and simple analyses,
e.g, visual interpretation of the results. For a detailed discussion of sensitivity and uncertainty
analysis see the following subsection.

Parameter scans are a good choice if no research question has been defined yet and the model
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Figure 2.4: 2F full factorial design (left) and 2*~1 fractional factorial design (right), adapted from
Sanchez [120].

needs to be explored to find interesting input-output relationships. Also in the case where a
research question already exists, parameter scans are essential in the early phases of a simulation
study for exploring alternative implementations and their emergent behaviors in a “wind it up
and let it run” approach. This is of interest not only when models are built from scratch but
also when composing or extending models and then iteratively refining them by adding new
parameters, entities, or rules. Another important task that can be tackled by using parameter
scans in the initial phase of a simulation is to determine which of the many model parameters
are really important. Screening, thus, allows reducing the number of parameters to be explored
further in the next phase to the most important ones, as including all of them would be infeasible
and even unnecessary. For instance, during a simulation study of the COVID-19 pandemic,
the parameter space could be successfully reduced from over 900 parameters to 60 parameters
that were included in the subsequent uncertainty quantification [117]. Parameter scans may
also be used for validation and verification, however, more suitable experiment types exist [118|.
Moreover, parameter scans are required as integral part of other experiment types, such as global
sensitivity analysis, selecting the best model (e.g., by ranking and selection [119]), building a
surrogate model, or testing hypotheses.

To conduct a parameter scan, first, the independent variables of the model have to be identified.
Those are the parameters that can be varied during the parameter scan to observe the outcome
of one or more dependent variables (model outputs) [102]. The decision about which parameters
to include in the experiment is crucial, as one might miss important effects and interactions due
to a prior bias to whether some parameters are important or not. The simplest and easiest way
to realize a parameter scan are full factorial experiment designs, in which all combinations of
parameter values are explored. They provide a fine-gridded view of the entire parameter space,
and allow constructing accurate response surfaces. However, these designs suffer from state-space
explosion, and therefore are unfeasible for realistic models.

A carefully chosen experiment design can alleviate the trade-off between computational
performance and information gain. Experimental designs indicate how to vary the settings (levels)
of factors to see how different configurations affect the response [120, 86]. A factor mostly refers
to parameters but may also represent the structures of a model, and the levels of a factor are
a discretization of the value range or an enumeration of the structural features to be explored.
A particular combination of factor levels is called a design point. Figure 2.4 (left-hand side)
illustrates the full factorial case with k = 3 factors and m = 2 levels, in which m”* combinations
have to be tested. The fractional factorial case (Figure 2.4, right-hand side) requires only m* =P
combinations but at the cost of coarser granularity, with p characterizing the fraction of interest.

Kleijnen et al. recommend different (fractional) designs depending on the number of factors
and the complexity of the response surface [76]. A noteworthy class of efficient fractional factorial
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designs are Latin hypercube designs as they are capable of capturing complex, non-smooth
response surfaces. The number of design points in a Latin hypercube grows linearly with
the number of factors, k, instead of exponentially. Moreover, Latin hypercubes have several
advantageous properties that can be achieved if the design is constructed with the appropriate
algorithms. In particular, a Latin hypercube is orthogonal if there are no pairwise correlations
between any two factors in the design. This guarantees that each main effect and interaction
effect of a factor can be estimated independently of the effect of any other factor or interaction
in the model, thereby simplifying the analysis [121, 122|. In addition, Latin hypercubes allow
for good space filling, i.e., an even distribution of design points across the parameter space.
Nearly-orthogonal Latin hypercubes (NOLH) strive to balance these two properties [123].

Sensitivity Analysis

Sensitivity analysis (SA) investigates how the variation in the output of a model can be attributed
to variations of its input factors [124, 125]. The general formulation of the SA problem is given
as

Y = g(X) = g(X17X27"' 7Xn)

where Y is the model output, X = (X1, Xs,...,X,) is the vector of input factors, which
belong to the input variability space with dimensionality n, and ¢ is the function that maps the
input factors to the output, called the response function. For realistic simulation models, this
relationship between input and output can hardly ever be determined analytically. Therefore, it
is approximated and quantified by using suitable experiment designs and analyses that measure
quantitative sensitivity indices.

Figure 2.5 provides an overview of the process involved in conducting a (global) SA, offering a
bird’s eye view of the entire procedure. The variability (also known as uncertainty) of the model
output can stem from different sources, which include the model parameters, model structure,
resolution levels, and the input data used as basis for the model [126]. During a SA experiment,
a subset of these sources is analyzed.

Conducting a SA experiment typically encompasses four steps [125]. The first step involves
setting up the experiment, which includes selecting the input factors and model outputs, as
well as choosing the appropriate SA method to address the specific research questions. The
second step involves input sampling, which refers to the experiment design. The third step
is model evaluation, wherein the model is executed using the input samples, and the output
metrics are observed. Finally, the post-processing step involves calculating sensitivity indices
based on the overall model uncertainty and visualizing the results. The analysis results obtained
provide valuable feedback on both the model and the input data. It is important to note that the
experiment design is often intertwined with the choice of the specific analysis method, eliminating
the need for separate explicit selection of these steps.

SA provides a wealth of valuable insights, as highlighted in previous research [127, 128|. Factor
screening aims to identify important factors within a SA, as described in the previous section on
parameter scans. Factor ranking and prioritization aim to quantify the effects of input factors,
and can be used to guide the model simplification, i.e., reducing the number of factors, model
entities, or level of abstraction to those that have the greatest influence on the model’s behavior.
Variance cutting involves reducing the output variance to a defined tolerance level, ultimately
resulting in a more robust model. Robustness analysis evaluates the robustness against small
perturbations, such as examining the effect of small changes in temperature on the optimal
battery runtime of a microprocessor, or the effect of small environmental changes on the stability
of an ecosystem. Related to this is analyzing the direction of change to determine whether a
particular change in the input yields a positive or negative effect on the model’s output. In
addition, factor mapping aims at risk assessment by identifying specific input conditions that
lead to critical output values.
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Figure 2.5: Overview of a (global) sensitivity analysis, adapted from Saltelli et al. [126]. Input
data, resolution levels, model structures and parameters contribute to the model’s
input uncertainty. Uncertainty from these heterogeneous sources is propagated
through the model to derive a distribution of the model output (uncertainty analysis).
This output uncertainty is then decomposed according to its sources (sensitivity
analysis). The result provides feedback about the model and its inputs, guiding
future model adjustments and the collection of data.

In addition to these insights, SA is closely related to various other M&S tasks, including
uncertainty quantification, calibration, and validation of simulation models, as discussed in the
review by Pianosi et al. [125]. Furthermore, SA can drive the iterative development of simulation
models, guiding decisions on whether to split a parameter into multiple more fine-granular
parameters, introduce additional species to the model, or make other adjustments [129].

Due to this variety of application settings, choosing an appropriate SA method is crucial since
not all methods are suitable for the question at hand [125]. Methods can be categorized into local
and global SA methods [124, 125|. For local SA, the focus is on analyzing the model’s behavior
around a specific point in the input space. Those methods thus are suitable for robustness analysis,
and analyzing direction of change. This is achieved by considering a base case for the model
inputs, denoted as . Those reference values are then varied one-at-a-time (OAT), assigning
and evaluating a sensitivity case £ for each of the parameters of interest individually. When
model parts are changed, the analysis resembles a what-if analysis involving the exchange of rules
or entire submodels [130]. Local SA, however, cannot capture the relationships between input
factors. Moreover, it depends heavily on the chosen reference point. Multistart perturbation-
based methods, such as the Elementary Effects Method of Morris [131], try to alleviate this
problem. However, for understanding the global behavior of the model, a global SA method
should be used. Those methods calculate a suitable measure of the global response using an
all-at-a-time sampling approach on the entire input space, e.g., based on a Latin hypercube design.
Methods for global SA can be correlation- and regression-based, e.g., using the Spearman rank
correlation coefficient (SRCC) or the partial rank correlation coefficient (PRCC) [125]. Other
methods rely on variance decomposition to calculate the main and interaction effects between
factors, such as the Sobol method [132] or the Fourier Amplitude Sensitivity Test (FAST) [133].
Methods can also be density-based, i.e., quantifying variations in the probability density function
or cumulative distribution functions of the model output [125]. Furthermore, specialized methods
exist for the various purposes of SA, such as the Classification And Regression Trees (CART) for
factor mapping [125].
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Parameter Estimation

In uncertainty quantification (UQ), both the forward problem (“characterizing the model outputs”)
and inverse problem (“learning about the model inputs”) play crucial roles in understanding
and managing uncertainties in simulation models [134]. The forward problem in UQ aims to
characterize the model outputs based on known or assumed input parameter distributions. It
involves propagating the uncertainties associated with input parameters through the model to
assess the resulting uncertainty in the model predictions. Parameters are therefore sampled
according to their input distributions, the simulation model is executed with these samples, and
sample statistics of the model output are calculated. Thus, forward UQ is a central part of
sensitivity analysis. In addition, Scheidegger et al. propose forward UQ as the final step in the
M&S process [135].

On the other hand, the inverse problem in UQ seeks to determine the parameter values or
model representations that best explain observed data or desired behavior. Within a M&S study,
the inverse problem is also referred to as parameter estimation. Simulation experiments for
parameter estimation can play several roles in the M&S process. Primarily, they are employed for
the calibration of simulation models, aiming to determine the values of model parameters that
best align the model’s output with observed data [136]. This fine-tuning of parameters ensures
that the simulation model accurately represents the real-world system it seeks to reproduce. For
instance, while some kinetic reaction constants of a biochemical reaction network can be readily
derived from literature, there are other components of the model that are not yet well-understood,
and the true values of corresponding parameters remain unknown, requiring fitting [137]. In
addition, simulation experiments for parameter estimation are not limited to parameter fitting
alone. They also serve a vital role in uncertainty quantification. Once the final simulation model
has been developed and calibrated, it is important to assess the uncertainty associated with the
estimated parameter values and the resulting model predictions, which can be expressed by the
posterior distributions. Furthermore, parameter estimation methods may be applied for model
checking or design purposes [138].

A commonly used approach for parameter estimation is moment estimation, which involves
estimating the parameters by calculating sample moments such as the mean and variance.
Maximum Likelihood Estimation (MLE), a specific type of moment estimation, aims to find the
parameter values that maximize the probability of observing the given data. However, MLE poses
certain challenges. One of the drawbacks is its computational complexity. Additionally, there
are situations where it is not possible to define a likelihood function. Another limitation is that
MLE, following a frequentist view, does not account for parameter uncertainty or incorporate
prior knowledge.

In contrast, Bayesian estimators treat unknown parameters, denoted by 6, as random variables.
By adopting a Bayesian framework, the uncertainty associated with these parameters can be
quantified using a posterior distribution, denoted by P(6|D), given by Bayes’ theorem:

PO)P(DIf)

POID) = = pp

where D represents the observed data set, typically given by a trajectory with n time points
D = (D1,...,Dy). The posterior distribution incorporates both the observed data and any
prior beliefs or information, given by the prior distributions P() and P(D), and the likelihood
P(D|0).

The likelihood function, however, is mostly intractable or too computationally expensive to
evaluate directly. Instead, likelihood-free methods like Approximate Bayesian Computation
(ABC) can approximate the likelihood via simulation runs, enabling the estimation of parameters
and their associated uncertainties [140, 141, 142].

Popular ABC methods are rejection-based ABC, and the sequential Monte Carlo method. In
both methods, first, from P(D|#) a synthetic dataset Y is simulated for a parameter value 6, and

26



2.2 Simulation Experiments in the Modeling and Simulation Life Cycle

[ Prior ] © q Proposal [ Prior j—v Proposal -
l 0 <]

. Simulation . Simulation

Simulator 4—[ Model j Simulator 4—[ Model ]

I

0 | Unsupervised
Learning

i

Approximate
Posterior

Posterior

Posterior

Figure 2.6: Two procedures for parameter estimation. The posterior distribution of a model
parameter is estimated using A) Sequential Monte Carlo Approximate Bayesian
Computation, and B) Simulation-based Inference based on unsupervised machine
learning. Adapted from Cranmer et al. [139, Figures 1A and 1F]|.

a measure of closeness between simulated data Y and D is calculated [143]. As with the other
experiment types, the simulated data may be produced using the simulation model directly or
one may first build a surrogate model to produce the outputs efficiently. Based on a discrepancy
measure, ABC accepts the parameter value of # when the discrepancy is less than a pre-specified
threshold value e. As distance measure between observed data D and simulated trajectory Y of
length n, root mean squared error (RMSE) or mean absolute error (MAE) may be used [144]:

n

RMSE(D,Y) = % > (Di - V)2,
=1

1 n
MAE(D,Y) = — D; -Y;|.
(0.¥)= 31D ¥
The rejection sampling is repeated until enough parameter values have been accepted. Those are
used to approximate the posterior distribution of 6.

The choice of € is critical in the rejection ABC algorithm, as it determines the trade-off between
accuracy of the approximation and computational efficiency. Particularly for small €, lots of
samples are required, as nearly all samples of § are rejected.

As an improvement, a sequential variant of this procedure was developed, which is shown in
Figure 2.6A. It starts by choosing a value of € that ensures a sufficiently high acceptance rate.
Then, instead of running many samples ahead, the sequential Monte Carlo approach successively
generates more batches of samples, compares with the real data, updates the posterior, and
repeats with smaller €, morphing the prior into the posterior. As the posterior approaches the
true probability distribution, with each iteration more and more samples are drawn from the
region of interest, and the acceptance rate increases. The procedure therefore requires fewer
samples overall. However, note that still millions of runs may be required to yield satisfactory
results even for small numbers of parameters [142].
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New methods, known as simulation-based inference (SBI), have emerged to address the
limitations of ABC methods [139, 145|. They leverage state-of-the-art machine learning techniques,
such as neural networks and active learning. Figure 2.6B illustrates the Sequential Neural Posterior
Estimation (SNPE). Parameters are sampled from the prior distribution, followed by generating
simulation data from these parameters. A deep density estimation neural network is then
employed to learn the probabilistic association between the simulated data (or its features) and
the input parameters. During the inference step, this trained neural network then acts as a
surrogate model and is applied to empirical data D to determine the parameter space consistent
with both the observed data and the prior, resulting in the posterior distribution. Parameter
values that align with both the data and the prior are assigned high posterior probability, while
inconsistent parameters receive lower probability. If necessary, an initial estimate of the posterior
distribution can be used to guide the execution of additional simulations, ensuring the generation
of data-consistent results. This adaptive approach is referred to as active learning [145].

In summary, simulation-based inference methods offer significant improvements over traditional
ABC methods, such as reduced sample size, enhanced inference quality without the need for
error thresholds, and elimination of redundant computational steps [139]. In particular, once the
neural network surrogate model has been trained, it can be readily applied to new data. Thus,
model calibration with respect to multiple data sets can be conducted efficiently.

Optimization

Simulation-based optimization aims to find the optimal or near-optimal combination of input
factors for a simulation model [86, 146]. It aims to minimize or maximize a target objective, which
is a function of the simulation output. To achieve this, an optimization algorithm orchestrates a
sequence of candidate configurations, gradually converging towards a model configuration that
provides an optimal or near-optimal solution. The goal is to reach this optimal solution by
simulating only a small fraction of the total configurations that would be required by exhaustive
fine-gridded parameter scanning [146].
The simulation optimization problem can be generalized as follows:

minXe@f(X)

where X represents the vector of model parameters, © defines the feasible region for the input
parameters, and f is the objective function that summarizes the output variables into a single
target variable [147, 148|.

The optimization process, illustrated in Figure 2.7, follows an iterative loop. The optimizer
generates and executes new simulation model configurations until a stopping criterion is met.
This criterion could be reaching a predefined threshold for the value of the objective function or
reaching a maximum number of iterations.

The demand for optimization techniques in simulation has grown significantly, leading to
the development of numerous commercial and free software packages, as well as an expanding
literature dedicated to the topic [148|. This widespread interest is also reflected in various
applications of simulation-based optimization. Particularly, it has been utilized in engineering
disciplines to discover optimal designs when building complex systems. For example, in the
field of high-performance building design, which encompasses low-energy buildings and passive
houses [149], simulation-based optimization techniques are employed to uncover optimal designs
that minimize, e.g., energy consumption, COsy emission, and initial investment cost. Similarly,
the optimization of power consumption is crucial for medical devices, such as electrically active
implants [46], to enhance the longevity of the devices, and reduce the need for replacement
surgeries.

Furthermore, optimization can be used for calibrating the model parameters to observed
data [150]. A set of parameters is adjusted so that the agreement of the model with respect to
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Figure 2.7: Simulation-based optimization loop, adapted from Nguyen et al. [149].

a set of experimental data is maximized, i.e., until the distance between simulation data and
observed data falls below a defined threshold [151]. Various distance measures can be employed
to define the discrepancy between simulated and observed data, as discussed above in the context
of parameter estimation.

Optimization methods are categorized according to various reviews [152, 153, 148, 154, 155, 146].
The categories identified by Amaran et al. include the following [146]: a) ranking and selection
involves systematically evaluating and comparing alternative solutions to identify the best-
performing option with high confidence; b) response surface methodology learns the input-output
function to approximate the simulation model by a surrogate. Subsequently, derivative-based
optimization techniques can be applied; c) gradient-based methods estimate a gradient by
means of finite differences, and then descend in the direction of the steepest gradient; d) direct
search assesses candidate solutions generated by a certain strategy, using direct comparison of
function values without approximating derivatives; e) model-based methods construct a probability
distribution over the space of solutions to steer the search process.

It is important to note that there is no one-size-fits-all approach for all problems. And although
some guidelines can be defined [146], what method and hyperparameters to use for a given
problem class remains a question for further research [154|. In particular, how good a method
performs depends on many properties, e.g., the number of factors involved and resulting discrete
or continuous search space, or how expensive the simulation is [155]. Furthermore, properties
of the response surface play a crucial role, such as whether it is a linear or complex nonlinear
problem. But those are typically not known in advance [156].

Therefore, as discussed earlier, for many applications, using a method that finds good solutions
within a reasonable amount of time may suffice [157]. Such robust solutions may be generated
by taking into account methodology for surrogate modeling as well as experimental design [157],
and accounting for uncertainties during the optimization [154]. For example, city planners may
focus on reliable and resilient urban transportation systems that are capable of handling varying
demand as well as accidents [158] instead of finding the one “best” solution.

Statistical Model Checking

Statistical model checking (SMC) is an approach employed to evaluate and validate specific
properties of a simulation model, typically defined using temporal logic [159]. SMC involves
a three-step process, as shown in Figure 2.8. First, execution traces of a stochastic model are
sampled to capture the variability in its behavior and potential outcomes. Then, the given
property specification is evaluated for each trace using a property checker (i.e., producing a
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Figure 2.8: Workflow of a statistical model checking experiment, adapted from Agha and Palm-
skog [159].

sequence of true/false decisions). Subsequently, statistical inference is applied to analyze the
collected sample points of the Bernoulli trial. Hypothesis testing is used to determine whether
or how well the observations conform to a given requirement specification. The result of this
comparison will either strengthen or weaken the confidence in the tested hypothesis.

Statistical model checking plays a crucial role in the validation of stochastic models. Require-
ments define desired properties of the model output using temporal logic. In the field of cell
biology, e.g., the focus is often on reproducing specific trajectories that have been described in a
scientific publication or observed in the wet lab. For instance, one might infer from data that
there should be a peak in the concentration of S-catenin around simulation time ¢t = 600 in the
membrane model, and express this as temporal logic formula. By employing SMC, this behavioral
requirements can be checked regularly, resembling a form of regression testing. This helps to
ensure that all other analyses are conducted using a valid model, as the model’s validity may
change after refinement steps. Other requirements may refer to the runtime of the simulations
stating, e.g., that each stochastic replication needs to complete within a specified time frame,
such as less than 1 hour. SMC can also be employed to validate design requirements, e.g.,
ensuring that the battery runtime of a prototypical neurostimulator is at least 500 hours, or
detecting faults in the designed circuits. Additionally, statistical model checking can address
important research questions about the properties of the modeled system, which may be transient
as well as steady-state properties [160]. In performance analysis, for example, SMC can answer
questions about quality of service properties like expected latency and throughput in a network.
Moreover, statistical model checking has relevance in analyzing safety properties of distributed
real-time systems, including cyber-physical systems [161]. There it aids in the identification and
assessment of potential safety risks, allowing for early detection and mitigation of issues that
may arise. Recently, statistical model checking also has applications in model calibration, e.g.,
in combination with Bayesian parameter estimation [162] or in a “smoothed model checking”
approach [163], where the model parameters are tweaked until the formula is satisfied.

Generally, there are two ways for conducting the hypothesis test. Either 1) a probability is
given, and the model checker is asked to confirm that the model aligns with the requirement
specification with the specified probability, denoted by p, or 2) the model checker is asked to
determine the maximum probability that allows for accepting the hypothesis.

In addition, there are two approaches to sampling and evaluating the simulation traces. The first
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approach uses statistical hypothesis testing, which involves generating all the required samples
before applying a statistical test. Given a simulation model and a requirement specification, the
property checker first computes the satisfaction of the desired property for all samples at once.
Then a statistical test is performed, and the answer of the test is either true or false, with a
p-value as a quantitative measure of confidence of satisfaction or violation, or undecided [164].
In the former two cases, the model checker’s answer can be guaranteed to be correct within
predetermined error bounds « and S for type I and type II errors, respectively [165]. In the
latter case, p falls into the indifference region [6 — 6,0 + J] so that the test cannot provide error
guarantees and the result therefore is undecided. One advantage of this procedure is that the
sampling and hypothesis testing can easily be done in parallel. It requires, however, a fixed
sample size n to be chosen beforehand.

The second approach to statistical model checking is incremental hypothesis testing. This
test does not use a predetermined number of samples but instead determines after each batch of
samples if additional samples are needed, or if the information currently available is sufficient
to accept or refute the hypothesis. In Figure 2.8, additional iterations are indicated by the
dashed backarrow. A popular method exploiting this sequential paradigm is the Sequential
Probability Ratio Test (SPRT) [166]. It uses a Bayesian likelihood ratio that expresses the ratio
of the likelihood of the data observed so far under the alternative hypothesis H; divided by the
likelihood of the data under the null hypothesis Hy. After m observations have been made in the
SPRT, i.e., after data points y1, ..., ¥y, have been obtained, the likelihood ratio is defined as
m—dm

pim _TrPYi=wilp=p] _ p{"(1—p1)

Po,. P PrlY; =yilp=po]  pim(1 — po)m—dm

with dp, = > % x;, and po and p; being user-defined probability thresholds [165, 159]. The null
hypothesis is accepted or rejected according to the error bounds given by « and f.

To specify hypotheses on the simulation traces and to enable statistical model checking, a variety
of temporal logics have been explored, such as Metric Interval Temporal Logic (MITL) [167],
Signal Temporal Logic (STL) [168], and Bounded Linear-time Temporal Logic (BLTL) [169].
Moreover, specialized logics for spatio-temporal properties [170] and corresponding specialized
model checkers have been developed. In addition, there are powerful statistical model checkers,
such as MultiVeSTa [171], that offer a variety of logics to specify the properties, and interfaces
to different simulators for producing the simulation traces.

What-If Analysis

Golfarelli et al. define what-if analysis “as a data-intensive simulation whose goal is to inspect
the behavior of a complex system |...] under some given hypotheses (called scenarios)” [172].

It is important to distinguish what-if analysis from sensitivity or perturbation analysis, as they
serve different purposes. What-if analysis acts as an alternative to traditional forecasting methods,
aiming to compare specific scenarios and support stakeholders in their management decisions in
the various domains. For instance, what-if studies have been employed in management of the
COVID-19 pandemic to assess policy options as well as combinations of policy options and their
potential impact on the spread of the disease [173].

What-if analysis is crucial for exploratory M&S. This approach involves developing multiple
model variations that go beyond simple parameter changes, encompassing modifications to
rules and species within the model. Thus, instead of relying on a single “monolithic” model,
exploratory modeling embraces the concept of “selective resolution”; utilizing multiple models
with different levels of detail [174]. Therefore, explorative M&S are of particular interest in
the area of socio-ecological systems, e.g., to understand the implications of different policies
around climate change and sustainable development [175]. Another example are social simulation
studies where, e.g., various theories regarding the underlying psychological mechanics of human
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Figure 2.9: Process of planning, running, and evaluating what-if simulations.

migration can be implemented and compared, facilitating the understanding of these processes
and their associated uncertainties [176].

Figure 2.9 illustrates the structure of a what-if analysis. During scenario planning, various
aspects of the real world are thoroughly investigated to create multiple possible futures for
exploration [177]. The created scenarios should either a) challenge assumptions about the future,
b) provide an overall view of the environment and highlight interactions among trends and
events, ¢) tie complex causalities together into a coherent and plausible manner, d) evaluate
implications of possible future system discontinuities, e) look into the nature and timings of these
implications, and f) shed light on the consequences of a particular choice or policy decision [177].
The scenario planning process, thus, creates varying assumptions about the parameters in a
model as well as different model structures. Based on these selected alternative hypotheses,
simulation models are constructed. Unlike an exhaustive screening approach, what-if analysis
focuses on a subset of decision options, allowing for a more focused examination. Once the
predictions for the alternative scenarios have been computed and evaluated, the best option can
be selected, providing valuable feedback for guiding actions in the real system.

It is essential to have a calibrated and validated model as a starting point, which can then be
adapted to the different scenarios [100]. What-if analyses, thus, usually take place in the later
stages of a simulation study, after model building. Other simulation studies may already start
with an existing model and their research question may be focused on making predictions using
that model (see discussion of research questions in Section 2.1.1).

Predictions can focus on the evolution of variables over time within individual scenarios,
capturing trends and patterns. Alternatively, specific time points in the future may be of interest.
Additionally, steady-state behavior can be explored to understand the long-term behavior of
the system. Furthermore, the analyses may need to consider different dimensions of the model
output, to find a trade-off between several conflicting goals [178].

Beyond simple time course simulations that forecast the model behavior in time, what-if
analysis may also explore model variants based on the alternative hypotheses using different
types of simulation experiments [179]. Depending on the research question, one may be interested
in the sensitivity or robustness of the alternative models, in explicitly checking properties
using statistical model checking, or finding and comparing global minima via simulation-based
optimization experiments.

Extensions of the procedure depicted in Figure 2.9 offer the capability to dynamically update
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Figure 2.10: Error and convergence control feedback loop, adapted from Gustafsson [182].

predictions with new data. This interactive feedback is particularly evident in the case of digital
twins, which represent a form of cyber-physical system. Digital twins continuously incorporate
the current state of the modeled twin system into their predictions, allowing for real-time analyses
and adjustments in the recommendations for action [180]. For example, by leveraging live energy
monitoring data as well as a bidirectional communication with the physical world, up-to-date
predictions can be made for various business strategies with respect to their energy efficiency [180].
Furthermore, the use of visual analytics can enhance the exploration and evaluation of alternative
predictions. By employing interactive visual tools, analysts can actively examine the outcomes
of various scenarios during the simulation execution, which enables them to discard certain
scenarios early during the explorative process while at the same time zooming in closer on the
more promising options [181].

Error and Convergence Control

Convergence testing is an experiment type that is crucial for retrieving meaningful results from
numerical simulations. Controlling numerical methods is always a question of balancing accuracy
and efficiency, and thus controlling the simulation error [182].

For simulations based on ordinary differential equations (ODEs) as well as the partial differential
equations (PDEs) involved in FEA, a variety of solvers exist that incorporate an adaptive step-size
regulation through feedback control. Still, depending on the characteristics of the problem at
hand, some solvers might not present an adequate choice.

During the last decades, important theoretical works in the field of numerical analysis showed
how different algorithms can be implemented for solving different kinds of ODE systems, e.g.,
stiff and non-stiff systems [183]. Despite the existence of such guidelines, from a practical point
of view, convergence checks should be carried out in the early phase of the modeling process,
before any actual experiments are conducted and data are produced with the chosen method.
These checks typically involve face validating the trajectories, or setting tolerance thresholds for
the simulation error.

Likewise, in the context of FEA, convergence tests are an important tool to investigate the
numerical method’s error in comparison to the true solution of the PDEs. The numerical error
may stem from either the time discretization in the solver or from the spatial discretization of
the finite element mesh [184]. Consequently, convergence studies may refer to checking that the
selected solver method and its parameters do not affect the solution [185], or they may refer
to checking the impact of mesh coarseness on the simulation results. Also round-off errors are
listed as a potential source of errors; however, those are rarely significant on modern computer
architectures [186].

Figure 2.10 depicts the general error and convergence control procedure. Given some error
threshold, the controller adaptively adjusts the control variables, i.e., the size or number of the
finite elements in the mesh or the step size of the numerical integrator. Using these variables,
the simulation model is executed and some control measures are returned to the controller.
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Computational results from previously obtained numerical solutions are then also taken into
account for controlling the variables.

As part of this dissertation, only experiments for mesh convergence will be considered. Mesh
convergence is known to be the largest source of error in numerical solutions of FEA, and it is
difficult to estimate in most practical problems [186]. To derive an adequate mesh, an initial
mesh is iteratively refined until the changes in the results fall below a specified threshold value.
Global refinement applies to the entire mesh, for example, by subdividing every tetrahedron of a
three-dimensional mesh uniformly into four congruent tetrahedra, and then checking how the
target variable (e.g., the current in the electrodes) changes. In contrast, local refinement chooses
the regions with the largest errors to refine them further in the next iteration.

Since mesh refinement strongly affects simulation runtime, automatic adaptive mesh refinement
procedures aim to generate an optimal mesh with minimum number of elements [61]. This requires
the definition of error estimates based on real-world measurements or analytical solutions [187, 188|.
However, due to the lack of data, mesh refinement is often done manually via face validation.
Also, there may be special cases where automatic refinement does not work, and parts of the
mesh have to be treated manually.

Convergence testing (and adaptive mesh refinement) is a simple, computationally feasible
approach to find solutions within specified error bounds, such as the L2 norm of the difference
between successive solutions. In particular, simulation experiments for convergence testing
allow checking whether the model and simulator setup are adequate to produce reliable results.
Convergence testing thus is crucial for model verification, but can also be viewed as a kind of
model calibration when configuring the coarseness of the mesh. For definitions of “verification”,
“calibration”, and also “validation”, see Section 2.1.2 and |3, 2.

2.3 Tools for Simulation Experiments

Although simulation models and experiments can be built using general purpose programming
languages, most simulation studies today are implemented using a dedicated simulation software.
Many of those tools provide multiple functionalities including particular domain-specific modeling
means, and means for the design and conduction of simulation experiments. Advantages are
reduced programming requirements, user guidance, graphical support and visualization. Tools
like SESSL, on the other hand, are free referring to the modeling formalism, and instead focus
on the specification and execution of simulation experiments. Similarly, SED-ML and others also
focus on simulation experiments, however, they are not stand-alone tools but rather specification
languages that need to be interpreted by additional software.

Consequently, there is a myriad of tools and languages out there, and their features regarding
the types of simulation experiments supported vary. Table 2.1 lists a selection of different tools
and specification languages. Note that the aim here is not to provide a complete overview but to
demonstrate the variability of software solutions.

SESSL is an internal domain-specific language for experiment specification. It offers a variety
of simulation experiment types. For some of them, SESSL provides own implementations, such
as statistical model checking or local sensitivity analysis. Other experiment types are accessed
through bindings to other tools, such as simulation-based optimization via Opt4J. James II, a
plugin-based predessessor of SESSL, offers a subset of SESSL’s features.

SAFE, developed in the context of the network simulator ns-3 [189], focuses on experiment
designs for parameter scanning, including the entire pipeline from conception and design of
simulation experiments to output analysis. NLRX is an R package for reproducible NetLogo
model analyses. It also offers means for parameter scanning, e.g., Latin hypercube designs, and
some methods for sensitivity analysis (Method of Morris and Sobol analysis).

SED-ML is an experiment specification language, developed in the context of computational
biology, that not directly comes with means for experiment execution but can be imported by other
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Table 2.1: Assortment of free and commercial modeling and simulation frameworks and experi-
ment specification languages offering a variety of experiment types, including steady
state estimation (SE), parameter scan (PS), sensitivity analysis (SA), parameter
estimation (PE), optimization (O), statistical model checking (SMC), what-if analysis
(WA), and error and convergence control (CC). Commercial software marked by *.

Framework /Language Experiment Type
SE PS SA PE O SMC WA CC
SESSL [36] v v v v v
James II [190] v v v v
SAFE [191] v
NLRX [192] v v
SED-ML [193] v v v
COPASI [194] v v v v v
C. E. P. Web Lab [195, 196] v v v v
AnyLogic** v v v v
COSIDE*> v v v
FEniCS® v

simulation software, such as COPASI, which then carry out the experiments. SED-ML allows
specifying experiments for steady-state estimation, parameter scanning, and parameter estimation.
Its XML-based syntax, however, is not intended for human specification but rather as an exchange
format between simulation tools. Thus, the implementation of these experiment types depends on
the specific tool interpreting the experiment specification. For instance, COPASI—a tool designed
for modeling and simulation of biochemical reaction networks—is capable of executing these
experiments. E.g., it estimates parameters by minimizing the weighted sum of squared differences
between simulated and measured data [197]. Besides the least squares method, COPASI provides
various other techniques for solving optimization problems (e.g., genetic algorithms and particle
swarm algorithms). In addition, it offers means for local sensitivity analysis (including metabolic
control analysis, a specific kind of sensitivity analysis involving perturbations of metabolite
concentrations and reaction rates [198]).

The objective of the Cardiac Electrophysiology Web Lab is to exchange experiment specifications
(“protocols”) of various experiment types to test models in the domain of cardiac electrophysiology
under a variety of experimental conditions. Protocols are encoded in an extension of SED-ML,
and include steady-state analysis, time course analysis, and parameter estimation [199]. This
aims to facilitate the comparison of results between similar simulation models answering common
research questions in cardiac electrophysiology and to find errors in their implementations. The
Web Lab thus may function as a benchmarking tool for alternative models built based on different
hypotheses, thereby implicitly supporting what-if analyses.

Commercial tools (identified by an asterisk in the table) also support a broad range of
simulation experiments. Anylogic, for instance, is a tool targeted at multi-method modeling
including agent-based, discrete-event, and system dynamics modeling in various domains. It
encompasses support for scanning single parameters, one-at-a-time sensitivity analysis and global
optimization. Optimization may also be used for parameter estimation. Moreover, Anylogic
allows specifying custom experiments via a dedicated Java class that can be enriched with own
code. The custom experiments may, e.g., be used to create what-if scenarios via comparison of
trajectories with different parameter settings.

‘https://www.anylogic.com/, last accessed 19 July, 2024.
Shttps://www.coseda-tech.com/coside-overview, last accessed 19 July, 2024.
https://fenicsproject.org/, last accessed 19 July, 2024.
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Table 2.2: Tools and libraries for conducting specific experiment types, including steady state
estimation (SE), parameter scans (PS), sensitivity analysis (SA), parameter estimation
(PE), optimization (O), statistical model checking (SMC), what-if analysis (WA), and
error and convergence control (CC).

Experiment Type Tool or Library

SE PySCeS7, BioSwitch [200], ComplexLib [201]

PS pyDOE?, SciPy?, 1hs'®, pyLHD!, pycubedoe!?

SA sensitivity!3, SALib'4, Gem-SA [202], uncertainPy [203]

PE pyABC'® ABCpy [204], PyBioNetFit [138], SBI [205]|, PEtab [206]
(@) SciPy!6, optimx!7, Opt4J'®, SimOpt [207]

SMC MultiVeStA [171], PLASMA-lab [208|, PRISM [209], MRMC [210)]
WA -

CcC optimesh!'?, pyGCS?°

Other tools are rather tailored to supporting a specific modeling and simulation approach. The
commercial simulation tool COSIDE, e.g., provides an environment for developing and analyzing
models of heterogeneous hardware and software systems with SystemC and SystemC-AMS.
Experiment types supported by COSIDE encompass parameter scanning, sensitivity analysis,
and optimization. FEniCS, a free and open-source platform for the solution of partial differential
equations, naturally supports mesh refinement algorithms for improving convergence of the
models.

When looking at individual experiment types, there is an even more complex tooling landscape
that needs to be navigated by users. A selection of tools and libraries are presented in Table 2.2.
In case of parameter scanning, sensitivity analysis, parameter estimation, optimization, and
statistical model checking, options are manifold. Methods for parameter estimation, for instance,
are available in various Python packages. Additionally, there is the tabular specification and
exchange format PEtab that can be used as input to several libraries, such as pyABC. It thereby
facilitates reuse of parameter estimation experiments. In case of steady-state estimation and
convergence control, fewer but specialized options exist. For what-if analysis, currently, no
targeted tools are known.

Note that Tables 2.1 and 2.2 are simplified representations. They do not convey how these
experiment types are implemented, or what specific methodologies are supported. E.g., pyLHD
focuses on Latin hypercubes, whereas pyDOE includes also central-composite designs. For details
about the various methods, the reader is referred to the overview given in Section 2.2.3 as well as
the documentations and user manuals of said tools. Note also that these tables show a snapshot
of the tools at the time of submission of this thesis, and features may evolve in the future.

"https://pypi.org/project/pysces/, last accessed 19 July, 2024.
Shttps://pypi.org/project/pyDOE/, last accessed 19 July, 2024.
“https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.qmc.LatinHypercube.html,
last accessed 19 July, 2024.
https://cran.r-project.org/web/packages/lhs/index.html, last accessed 19 July, 2024.
"https://github.com/toledo60/pyLHD, last accessed 19 July, 2024.
2https://pypi.org/project/pycubedoe/, last accessed 19 July, 2024.
3https://cran.r-project.org/web/packages/sensitivity/index.html, last accessed 19 July, 2024.
“https://salib.readthedocs.io/en/latest/, last accessed 19 July, 2024.
https://pyabc.readthedocs.io/en/latest/, last accessed 19 July, 2024.
https://docs.scipy.org/doc/scipy/tutorial/optimize.html, last accessed 19 July, 2024.
"https://cran.r-project.org/web/packages/optimx/index.html, last accessed 19 July, 2024.
Bhttps://sdarg.github.io/opt4j/, last accessed 19 July, 2024.
https://github.com/meshpro/optimesh, last accessed 19 July, 2024.
https://pypi.org/project/pyGCS/, last accessed 19 July, 2024.
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2.4 Computerized Support for Simulation Experiments

2.4 Computerized Support for Simulation Experiments

In theory, the goal of automating science has long been to “close the loop” between “examining the
results” and “deciding what to try next” by harnessing advanced computational techniques [211].
Automating science thereby holds immense promise for accelerating scientific progress, driving
innovation, and ultimately pushing the boundaries of human knowledge. In practice, however,
the problem of automation needs to be divided into several subproblems and approached step by
step, such as by developing techniques for streamlining repetitive tasks, analyzing vast amounts
of data, generating hypotheses, and efficiently performing experiments. The same is true for the
automation of simulation experiments.

In recent years, research on computerized support of simulation experiments has focused on
several key areas. Among other challenges, Uhrmacher et al. identify the following research
areas [212]:

Efficient execution and hardware utilization: One major concern of developments has
been effectively utilizing distributed computing resources to accelerate the execution of large-
scale simulation experiments [20, 21, 22|. Additionally, there has been a focus on adaptive
parallelization of simulations in heterogeneous hardware environments [213]. By optimizing the
utilization of available hardware resources, these approaches also facilitate the automation of
complex simulation experiments.

Unambiguous specification: Another area of development has been establishing suitable
means to unambiguously and machine-accessibly specify simulation experiments, which is a
key prerequisite for providing computerized support. This has been achieved through scientific
workflows [214, 215] and domain-specific languages and formats designed specifically for simulation
experiments |24, 25, 192|. Additional languages have been proposed to specify various aspects
of simulation experiments. For example, there are languages for specifying the simulation
output, such as extracting summary statistics on model entities and executed transitions, as
well as expressing observations based on specific conditions [216]. Moreover, specific types of
experiments have been addressed, such as statistical model checking, which requires formally
expressing behavioral properties in temporal and spatio-temporal logics [217, 218] or hypothesis
languages [219].

Identifying core structures: Another key prerequisite for computerized support — and
also for developing specification languages — is to identify the core structures of a simulation
experiment. This includes the typical structures and concepts of specific experiment types (e.g.,
sensitivity analysis, simulation-based optimization, or statistical model checking), which have
been represented via templates [220], schemas [221], or metamodels [26, 222]. To realize more
flexible support for simulation experiments (e.g., including their translation between specification
languages or the composition of experiment parts), Chapter 3 will explore the model-driven
architecture and its value in automatically generating simulation experiments.

User guidance: Computerized support has also focused on guiding users through the entire
process of conducting a simulation experiment, from setting up the experiment design to efficiently
executing it, and finally analyzing and visualizing the results [191]. In [223], simulation studies
were captured in a declarative artifact-based workflow, which allowed guiding users towards
specific goals, e.g., when a validation or calibration experiment can be conducted or needs to be
re-run when a milestone becomes invalidated.

Selection of methods and hyperparameters: Individual aspects of a simulation experiment
have been supported computationally, e.g., by adaptively selecting a simulation algorithm during
simulation execution using reinforcement learning [224|, by composing algorithms to solve
specific tasks through synthetic problem solvers [110], or by using algorithm portfolios [225].
The definition of hyperparameters has been addressed, particularly in the context of neural
networks [226]. Similar approaches (e.g., based on advanced optimization algorithms) may be
applied for parameterizing a simulation experiment for a given method and problem.
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Automatic generation: First approaches for the automatic generation of simulation experi-
ments have focused on generating hypothesis tests from formally specified hypotheses [227, 219].
In these approaches, no context information was used beyond these hypotheses and experiments
were generated from scratch without considering previously executed simulation experiments. On
the other hand, the strategy of reuse and adaption of simulation experiments requires some prior
knowledge. For instance, the automatic composition of simulation experiments was realized based
on formally specified simulation experiments and user-defined adaption steps [228, 229]. Others
focused on the reuse of benchmark experiments for a specific type of model, and used a domain
ontology to identify relevant benchmarks [195]. Additionally, simulation experiments could be
automatically re-run within a workflow taking the user-specified requirements into account as
well as the current milestones [52]. Table 5.1 in Chapter 5 provides further details about these
approaches. However, a question remains as to how automatic experiment generation can be
enhanced by incorporating context information about the entire story of the simulation study
(i.e., the diverse activities conducted for model building, calibration, validation, analysis and the
various artifacts involved), which will be subject of this dissertation.

2.5 Objective and Outline

Above, various areas of research were discussed that enable (e.g., unambiguous specification) or
provide (e.g., user guidance) computerized support for simulation experiments. Among these
approaches, the automatic generation of simulation experiments currently appears most promising
for saving modelers time and effort in their simulation studies, and for allowing simulation studies
to be conducted in a more systematic manner. Figure 2.11 illustrates how experiment generation
can enhance the M&S life cycle.

Two strategies of experiment generation were identified: from scratch and reuse and adapt.
An advantage of the reuse and adaption approach is that it simultaneously exploits and supports
the iterative nature of simulation studies, where similar simulation experiments are frequently
conducted, e.g., to re-calibrate or re-validate a simulation model.

Earlier approaches for the reuse and adaption of simulation experiments were based on precisely
defined expectations about the type of experiment to be generated and the adaptions to be
applied. However, how a simulation experiment needs to look like, when it needs to be generated,
and also how to adapt it, really depends on the current context of the simulation study and should
be derived from it. Context includes information about earlier model versions and experiments,
the various artifacts of the conceptual model, such as requirements, assumptions, input data,
and also the different activities in which these artifacts were produced or used, and the relations
therein (provenance). So far, the full potential of the various context information available
during a modeling and simulation study has not been explored. A challenge here is defining what
belongs to “context” and how it can be represented in a machine-accessible manner.

Another challenge in automatically reusing and adapting simulation experiments is posed by
the sheer diversity in simulation experiments as well as the heterogeneity in their specification.
This chapter discussed the variability of simulation experiments across various dimensions: 1. the
overall research question (e.g., understanding of the modeled system), 2. the roles of experiments
in the modeling and simulation life cycle (e.g., calibration, validation and analysis), 3. the chosen
M&S approach (e.g., discrete-event simulation), 4. the available experiment types and concrete
analysis methods to be applied to the simulation model (e.g., statistical model checking with
the Sequential Probability Ratio Test), and 5. the tools utilized for specifying and running
the simulations and analyses (e.g., SESSL for both experiment specification and execution).
Only if information is available about the criteria 1-5, suitable simulation experiments can be
automatically generated.

Therefore, the objective of this dissertation is the development of a knowledge-driven process
for automatically reusing and adapting simulation experiments that considers the variability
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Figure 2.11: The modeling and simulation life cycle, showing the research focus of this dissertation.
The highlighted arrows show the activities to be supported automatically. Adapted
from Figure 2.1.

of simulation experiments and exploits context information about the simulation study. More
precisely, the approach requires a) a deeper look into the expected ingredients of simulation
experiments and means for explicitly specifying these and b) means for making the context of
a simulation study (e.g., information about the modeled system, the research questions and
assumptions, and the relation between the different modeling and analysis decisions) explicit,
and c) a computational pipeline that integrates a) and b).

The outline of the dissertation is as follows. Chapter 3 concentrates on abstract and concise
representation of experiment specifications via metamodels to facilitate their computational inter-
pretability and reuse. Chapter 4 explores various sources of information from which experiment
specifications can be derived. This includes the conceptual model, provenance of the simulation
study, as well as ontologies. Finally, Chapter 5 integrates everything into a framework for the
automatic reuse and generation of simulation experiments.

2.6 Summary

Simulation experiments play a crucial role in conducting successful simulation studies, particularly
during the development of simulation models. They serve multiple purposes, including calibration,
validation, and analysis of the simulation models. The specific roles of simulation experiments
vary depending on the research question of the study. Moreover, throughout the life cycle of the
study, different types of simulation experiments can be employed to achieve various objectives
associated with the current stage of the simulation study.

The experiment types encompass estimating the steady state, scanning the parameter space,
determining the sensitivity of model parameters, fitting parameter values to data, identifying
optimal solutions, examining important behavioral properties, and making predictions for specific
scenarios. The selection, specification, and execution of these experiment types depend on
several factors that were discussed in this chapter. These factors include the current stage of the
simulation study, the M&S approach being used, the concrete experiment methods available, and
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the numerous software options for specifying and executing them.

Due to these many choices involved, conducting simulation experiments is a complex task that
demands considerable time, effort, knowledge, and experience from the modelers. A simplistic
“wind-it-up and let it run” approach will often not yield the best results in terms of driving
the development of the model and gaining valuable insights. Consequently, the generation
of simulation experiments presents an important methodology to support more efficient and
error-free simulation studies.

This chapter provided an overview of computerized support for simulation experiments,
including the automatic generation of simulation experiments. The primary research objective
of this dissertation was identified: to develop an approach for the automatic generation of
simulation experiments by reuse and adaption that integrates diverse context information about
the simulation study to determine when to reuse specific experiments and how to adapt them to
new situations.

Lastly, an outline was provided, giving a glimpse of the upcoming chapters in this dissertation
and the solutions they will offer to enhance the field of conducting simulation experiments.
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3.1 Motivation

With new computational power, new availability of data, and the thereby strengthened role
of simulation experiments in advancing science within the different application domains, the
requirements referring to simulation studies and simulation experiments are becoming more
rigorous, and the field of modeling and simulation is rapidly evolving. In particular, there are
increasing requirements regarding the correct usage of sensitivity and uncertainty analysis [126],
but also for calibration and validation to build realistic models [69], as well as increasing demand
for open, replicable, and transparent methodologies [230]. In light of these new requirements,
modelers that wish to create reproducible simulation experiments in an efficient and effective
manner face new challenges. Especially, modelers working on interdisciplinary projects, where a
variety of diverse simulation approaches and methods need to be brought together, would benefit
from an easy-to-use methodology that supports them in specifying, executing, and managing
simulation experiments. Also, engineers working on modeling and simulation software have
to account for these new challenges and would benefit from a more structured and systematic
approach for dealing with the increasing variety and complexity of simulation experiments.

The diversity and complexity of simulation experiments is, first of all, reflected in the various
available specification languages (e.g., the Simulation Experiment Specification via a Scala
Layer [36] and the Simulation Experiment Description Markup Language [193]), reporting guide-
lines (e.g., for finite element studies in biomechanics [62]), and frameworks (e.g., the Simulation
Automation Framework for Experiments [191]). Although the simulation and experimentation
tools to be used are typically preselected at the beginning of the study, having assistance in
identifying an appropriate tool for specifying and conducting a specific simulation experiment
can be valuable. Additionally, support for exploratory execution of all available experiment
types within a chosen tool may be needed to gain an in detail view of a model’s behavior.
Moreover, support for comparing solutions across various tools is often necessary, particularly
when conducting a cross-validation. E.g., to check that an extended Wnt simulation model [31]
still exhibits the same behavior as the original model [32], the original experiments need to be
executed in another tool (i.e., SESSL). Moreover, each type of simulation experiment may be
realized with a variety of different analyses and methods, for instance, various full factorial or
fractional factorial experiment designs for parameter scanning [120], global sensitivity analysis
using the method of Morris [231] versus using Sobol indices [132] or partial rank correlation
coefficients [232], or simulation-based optimization using various gradient-free methods such as
hill climbing or particle-swarm optimization [156]. Thus, support for specifying and executing
experiments using these different methods is desirable, which would provide users access to
new methods, and methods they may not have been aware of before. And last but not least,
there is the myriad of application domains, which require (partly) domain-specific solutions.
In engineering disciplines, such as electromagnetics, for instance, the predominant simulation
approach is finite element analysis (FEA), whereas in cell biology often discrete-event simulation
(DES) is used, and consequently the simulation experiments (partly) look different in these
domains. Thus, modelers as well as domain experts would benefit from assistance tailored to
their application domain and simulation approach.

Model-driven-engineering (MDE)-based approaches can provide support in the specification,
execution, and management of simulation experiments and resolve issues of interoperability,
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reproducibility, and reusability beyond tools, simulation approaches, application domains, ex-
periment types and methods. In an MDE approach, metamodels require certain inputs to a
simulation experiment, and guide users through the experiment specification. Finally, combining
the metamodels with means for code generation allows automatically generating executable
simulation experiments [222].

Current MDE approaches for simulation experiments realize and demonstrate this for the
generation of experiment designs for parameter scans [222] and hypothesis testing [227]. However,
they support only these specific experiment types, concentrate on specific fields of simulation,
or are tightly coupled with specific tools. As a consequence, their applicability and, thus, their
impact on the way simulation experiments are conducted are limited. Furthermore, some typical
benefits of MDE [233], such as improved knowledge sharing and further automation, are not yet
available or not fully exploited for simulation experiments. Thus, a more general approach is
desirable that can support simulation experiments more broadly, and thus, assist in conducting
entire simulation studies more effectively and systematically.

In this chapter, a novel MDE framework is presented that enhances the state-of-the-art of
conducting simulation experiments in the following ways:

o Improved knowledge sharing across domains: Experiment metamodels make knowledge
about the structure and ingredients of simulation experiments explicit. By building various
kinds of metamodels and storing them in a repository, modelers and developers are allowed to
share knowledge about simulation experiments between the different modeling communities,
e.g., FEA or DES. These usually develop their own simulation methodology and tooling
independently, although the way simulation experiments are specified and conducted only
partially differ and, thus, could be supported by the same experiment generation pipeline.

e [Increasing productivity and quality for complex experiments: Especially for novice modelers,
MDE clearly facilitates the specification of simulation experiments via graphical user
interfaces (GUIs) and code generation tailored for a specific kind of simulation or type
of experiment. Additional support is provided via an experiment validator, and support
of complex simulation experiments is granted via metamodel composition. Due to the
focus on complex experiments, also experienced modelers can benefit, and various types of
simulation experiments and methods can be explored.

e Reusability: The metamodels give meaning to the ingredients of simulation experiments.
Together with an easy-to-use, tool-independent specification format and a variety of backend
bindings for translating and interpreting this specification, the flexible and automatic reuse
of simulation experiments can be supported. This is of particular interest when the
performance of different simulation tools needs to be compared [234], or model alternatives
implemented using different modeling and simulation approaches shall be evaluated [235],
or a cross-validation between two simulation models needs to be conducted [100].

o Automation: The presented MDE-based approach provides means for integration with other
software, and thus presents the basis for further automation of simulation experiments.
Automation of simulation experiments can be achieved if the knowledge about the various
simulation experiments (given by metamodels) is put into relation with context knowledge
about the simulation study. This may include knowledge about the early-stage products of
the simulation study given by the conceptual model [82], knowledge about how products and
activities are related given by provenance [43], or various other documentations [220, 236,
223|, as discussed in Chapter 4. Here in Chapter 3, simulation experiments are automatically
generated and executed based on the information collected in an artifact-based workflow.
Later, in Chapter 5, simulation experiment specifications are automatically reused and
adapted based on provenance information (237, 19|.
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The above features and benefits of the approach are demonstrated using five experiments from
three actual simulation studies. The studies are part of the Collaborative Research Centre (CRC)
1270 ELAINE?!, which aims to develop novel electrically active implants for bone and cartilage
regeneration as well as deep brain stimulation. As the research project is of interdisciplinary
nature, in each of the three studies, a different modeling and simulation approach and application
domain are in focus (i.e., stochastic discrete-event simulation (DES) of a cell signaling pathway,
virtual prototyping of a neurostimulator, and FEA of electric fields), and various kinds of
simulation experiments need to be conducted. For more background information on the different
case studies, please refer to Section 1.2.

This chapter is a slightly modified version of the publication [17]|, where the model-driven
approach for simulation experiments was presented. Earlier versions of the experiment generation
pipeline and the vocabulary for specifying simulation experiments have been introduced in [221]
and [220], and the concept of experiment schemas realized with JSON Schema in [221]. An
ontology of sensitivity analysis methods was developed as part of [238]. The convergence study
used in Section 3.5.4 to illustrate the integration of the MDE-based experiment generation with
a workflow system was part of the publication [52].

3.2 State of the Art

3.2.1 Explicit Experiment Specification

The conduction of simulation experiments plays a central role in the modeling and simulation life
cycle. Treating simulation experiments as first-class objects and making their specifications explicit
facilitates their generation, reuse, repetition as well as their reproducibility, the latter having been
identified as one of the main challenges in the computational sciences [239]. To support simulation
experiments, a clear separation of concerns between simulation model, simulation experiment, and
execution is necessary, which was already manifested in the concept of experimental frames [240).
An experimental frame constitutes the basic setup of a simulation experiment, including time base,
input and variables. Based on this, e.g., an experimental plan can be created and executed [241].
The identification of further experimental frames, such as for parallel execution of experiments,
processing and storage of output data, and graphical visualization of results, accelerated the
development of various modeling and simulation frameworks, e.g., SAFE (Simulation Automation
Framework for Experiments) [191] or the plugin-based JAMES II [190, 242]. In addition,
following the reproducibility and credibility crisis of modeling and simulation [243, 11], a variety
of approaches have been developed for capturing the various aspects of simulation experiments
explicitly and machine-accessibly. The extension to validity frames, e.g., allows asserting the
validity and reproducibility of simulation experiments by providing details about solvers and
their configurations as well as the result collection [244].

Not surprisingly, also reporting guidelines for simulation studies increasingly demand infor-
mation about simulation experiments. While many reporting guidelines clearly focus on the
simulation model, e.g., the Overview, Design concepts and Details (ODD) protocol for agent-based
models |75], the Minimum Model Reporting Requirements (MMRR), and the Preferred Model
Reporting Requirements (PMRR) [245], they acknowledge that the model description should be
followed by a documentation of the simulation experiments, e.g., in the “Materials and Methods”
section of a research paper |75, sec. 5.6]. In contrast, STRESS (STrengthening the Reporting
of Empirical Simulation Studies) aims to document the entire simulation study by emphasizing
what a simulation study is about in terms of its objective, model logic, data, experimentation,
implementation, and software availability [246]. TRACE (TRAnsparent and Comprehensive
model Evaludation) also aims to document the entire simulation study but includes essential
steps of the modeling and simulation life cycle such as calibration, analysis, and validation [236].

'https://www.elaine.uni-rostock.de/en/, last accessed 19 July, 2024.
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Other reporting guidelines are domain-specific, e.g., for FEA studies in biomechanics [62] or
social simulation [245].

However, the documentations based on reporting guidelines are typically provided as verbal
narratives, and thus are not machine-readable, and the level of detail highly depends on the
judgment of the user. The reporting guideline MIASE (Minimum Information About a Simulation
Experiment), which directly targets the documentation of simulation experiments rather than en-
tire simulation studies [247], circumvents this limitation by shipping with the external experiment
specification language SED-ML (Simulation Experiment Description Markup Language) that
implements the requirements with an own syntax and parser, and allows specifying simulation
experiments unambiguously in a machine-accessible manner [193].

Besides SED-ML, which was developed in the context of systems biology, numerous domain-
specific languages (DSLs) and formats for simulation experiments have been developed that all
target different application domains or problem instances [248]. The Cardiac Electrophysiology
Web Lab, e.g., focuses on comparing simulation models for a number of physiological conditions
and therefore defines the experiments in an own experiment language based on the SED-ML
format [195]. Other examples are the description language for the network simulator ns-3
(NEDL) [249], or Xperimenter for the design of experiments (DoE) [26]. These languages can be
characterized as external DSLs, since they have a distinct syntax (and semantics) and require
custom parsers and compilers for their execution.

In contrast to the mentioned DSLs, the internal DSL SESSL (Simulation Experiment Specifi-
cation via a Scala Layer) is embedded in the general-purpose programming language Scala, and
thus is a flexible approach that has the potential to support a variety of application domains and
simulation tools as well as experiment types [36, 25]. NLRX, a specification format embedded in
R, also supports various common experiment types [192].

Taking a different perspective, model-based approaches allow defining custom external DSLs
using metamodels. From specifications in these “meta DSLs”, executable code can be generated
either in another external DSL or an internal DSL. Model-based approaches have been developed
for the specification and generation of factorial experiment design [222| and various other
experiment types [17], see Section 3.2.2. They also allow one to conquer a myriad of tools based
on a single, tool-agnostic specification format if software bindings are implemented [36, 25, 17].

The development of approaches for explicit experiment specification is also the product of
increasing awareness and application of the FAIR principles (Findable, Accessible, Interoperable,
Reusable) [250]. These do not only apply to simulation experiments but to all artifacts of the
scientific process. Also, these principles do not only refer to how simulation experiments are
specified, but how they are made available. E.g., scripts for simulation experiments can be
created and shared via Jupyter notebooks [251, 252|, and the simulation models, experiments,
and data can be bundled in reproducible containers such as COMBINE archives [253], Workflow
Research Objects [254], or SciUnits [255]. With regards to the Findable and Accessible principles,
these bundles can be shared via open model databases, e.g., BioModels [42] for models in systems
biology, and CoMSES?? (formerly known as OpenABM [256]) for agent-based models. The use of
general web-based repositories with version (e.g., Github?3), or services (e.g., ZENODO??) that
assign a permanent address in the form of a digital object identifier (DOI) further contributes to
the findability, accessibility, as well as reusability of simulation artifacts. Moreover, declarative,
artifact-based workflows for entire simulation studies highlight the central role of simulation
experiments by introducing them as research artifacts in their own right with their own life
cycle and the stages Choosing role (e.g., calibration or validation), Selecting approach (for
the specification and execution), Choosing requirement (to be checked during calibration or
validation), Specifying experiment, and Ezecuting experiment [223].

22CoMSES Computational Model Library https://www.comses.net/, last accessed 19 July, 2024.
*https://github.com/, last accessed 19 July, 2024.
% https://zenodo.org/, last accessed 19 July, 2024.
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3.2 State of the Art

3.2.2 Model-driven Engineering and Generation of Simulation Experiments

Model-driven approaches add a layer of abstraction that allows describing simulation experiments
in a tool- and language-agnostic manner. Metamodels capture the central concepts of a simulation
experiment from which executable simulation experiments can be generated.

So far, model-driven approaches for modeling and simulation have mostly focused on the
generation of (executable) simulation models [257, 258, 259, 260, 261], simulation on distributed
architectures [262], or multi-formalism modeling [263].

With regards to simulation experiments, MDE has been applied in the context of experiment
design and hypothesis testing. Teran-Somohano et al. [222] support the specification and
execution of simple simulation experiments based on factorial designs, i.e., parameter scans. The
approach by Dayibag et al. [26] is based on a DSL for experiment design and semi-automatic
transformations to multiple execution platforms. Yilmaz et al. [227] propose the generation of
experiment designs from hypotheses and outline an overarching goal-hypothesis—experiment
framework.

Simulation experiments are also generated without explicit metamodels or MDE frameworks.
These usually target specific problems within the modeling and simulation life cycle. Lorig [219],
for instance, generates efficient experiment designs for hypothesis testing based on formally
specified hypotheses. Peng et al. [228] support the successive composition of models by generating
simulation experiments for composed models. More specifically, statistical model checking
experiments of individual models are reused and adapted for the composed model based on
explicit experiment specifications and explicit behavioral properties. Similarly, properties of
extended or refined models can be checked [229]. Cooper et al. [195] focus on supporting the
comparison of electrophysiology models using typical experiment types of that domain, i.e.,
time course analysis and steady-state analysis. Concrete experiment specifications (protocols)
conducted with previous models are stored in an online database and can be repeated with new
models. Ruscheinski et al. [220] present a template-based pipeline for generating a number of
different experiment types including local sensitivity analysis, optimization, and statistical model
checking. This pipeline was expanded by experiment schemas in Wilsdorf et al. [221] to support
multiple simulation tools and approaches.

In this chapter, the latter experiment generation approach is further generalized using the
MDE paradigm. The main novelties are a) the separation into two types of metamodels (base
metamodels referring to the modeling approach and domain, and metamodels referring to the
type of experiment) and a corresponding composition mechanism that allows specifying complex
simulation experiments in a tool-agnostic manner, b) a metamodel repository, c¢) bi-directional
transformations and execution bindings for a variety of M&S tools, and d) a command-line
interface (CLI) for easy integration with other frameworks. As a result, the framework flexibly
supports the conducting of diverse, complex experiment types, and it enables the sharing and
reusing of knowledge even across different modeling domains, approaches and tools. Furthermore,
the framework provides the foundation for automatically generating and reusing simulation
experiments during the various phases of a simulation study, and thus for conducting entire
simulation studies in a more systematic and effective manner.

The development of metamodels, as part of this MDE framework, is closely related to the
development of ontologies as both represent knowledge in a structured manner. Ontologies for
modeling and simulation have been developed to facilitate the data exchange, interoperability,
and annotation of simulation resources [264]. Most ontologies define the components and concepts
of simulation models instead of simulation experiments, e.g., the Discrete Event Simulation
Component Ontology (DESC) [265] or the Discrete-event Modeling Ontology (DeMO) [266].
However, some ontologies overlap with metamodels for simulation experiments, e.g., the ontology
for capturing physics-based models by Cheong and Butscher [267] and the here developed
metamodel for FEA simulation studies (see Section 3.5) both include properties such as boundary
condition and material properties.
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3.3 Model-driven Approach for Conducting Simulation
Experiments

In this chapter, a model-driven approach for conducting simulation experiments is developed.
Its distinct features are the separation into two types of metamodels (domain metamodels
and experiment type metamodels) and a corresponding composition mechanism, a metamodel
repository, bi-directional transformations and execution bindings for a variety of tools, and
a CLI for easy integration with other frameworks. The approach as a whole can improve
knowledge sharing across domains and approaches, increase productivity and quality for complex
experiments, make simulation experiments reusable, and automatically generate and execute
simulation experiments in various settings.

3.3.1 Framework Overview

The approach for supporting the conducting of simulation experiments is based on the MDE
principle. The central idea of MDE is combining metamodels (i.e., a structured implementation-
agnostic representation of concepts) with a means for code generation [268]. Typically, MDE is
realized in an architecture with four levels of abstraction and translations between them [269].
Figure 3.1 illustrates the four-level MDE approach for simulation experiments. Experiment
metamodels of the various domains and approaches of modeling and simulation are represented
by the level M>. In addition to the definition of these base experiments, metamodels for a variety
of experiment types (e.g., sensitivity analysis or simulation-based optimization) exist. A few will
be presented in Section 3.5 and Appendix A. The two types of metamodels can be composed
flexibly to create metamodels of complex simulation experiments.

How metamodels can be constructed is defined at the level of the meta-metamodel (Ms), for
example, one could use formalisms such as EBNF [270], UML class diagrams [271] or schema
languages [272, 273| to express the metamodels.

However, experiment metamodels are not only developed from scratch; therefore, they are
stored in a repository from which parts can be reused by related areas of simulation or by
other experiment types. The newly developed metamodels are again stored in the repository
and thereby complement the knowledge collection about simulation experiments. A composed
metamodel (consisting of a base experiment and the experiment type) can be loaded via an
interface (GUI or CLI). The loaded metamodel dictates which inputs have to be provided
to specify a valid simulation experiment. An experiment validator provides guidance for the
modeler. If all inputs required by the metamodel have been collected, a concrete tool-independent
experiment specification (model M) is generated. This general representation of the simulation
experiment can now be easily reused for further experiment specifications, imported and executed
by some tools directly, or used to generate a tool-specific experiment instance (My). To receive
that tool-specific specification, the M;j-specification is automatically transformed into code of a
target backend and subsequently executed using the respective tool binding. In the following,
the distinct features of this MDE framework are described further.

3.3.2 Metamodeling Language

At the highest level of abstraction in the framework, the meta metamodel is situated. The meta
metamodel is essentially the language in which the metamodels are specified. Meta metamodels
are usually self-referential (i.e., they define themselves). As a result, no further layers above M3
are required [269|.

A metamodeling language needs to encompass a means for comfortably developing a new
metamodel for a particular simulation domain or approach (base experiment) or a particular
type of simulation experiment. The following requirements can be identified:
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3 Making Simulation Experiments Explicit

e Hierarchical structuring via components and nested input properties;

e Unique names for components and input properties;

e Standard data types such as Boolean, string, integer, real, as well as arrays;
e Enumeration of admissible values and specification of default values;

e Maps to associate a key property with one or more other properties;

e Alternative specifications for input properties;

e Constraints to define simple type restrictions or the cardinality of an input property and,
optionally, relations between multiple input properties.

UML [271] is widely used for metamodeling of software systems. UML class diagrams allow
for a graphical notation that is intelligible to software developers as well as domain experts. The
expressiveness of UML class diagrams is complemented with the Object Constraint Language?®
(OCL). Another way of metamodeling are schema languages such as XML Schema [272] or JSON
Schema [273]. They describe the structure of text documents and, therefore, directly ship with a
data exchange format (XML or JSON) for the layer M;. They also encompass built-in means for
defining simple constraints. For the detailed syntax and semantics of the constraint languages, the
interested reader is referred to the OCL specification and the XML/JSON Schema specifications.

Both UML and JSON Schema are appropriate ways of specifying the experiment metamodels.
With the workings of the model-driven approach in mind, it was decided to use JSON Schema in
the following as it already comes with an established information exchange format (JSON) for
the layer M;. However, if conversions between the different metamodeling languages exist, the
actual choice of formalism becomes less important [274].

3.3.3 Specification and Composition of Modeling Domains and Experiment Types

Metamodels describe the structure and ingredients of simulation experiment specifications. Two
types of metamodels will be distinguished: base metamodels and experiment type metamodels.
Base metamodels describe simple experiments (i.e., runs with a single parameter configuration)
in a specific domain or modeling approach. Metamodels for experiment types, on the other
hand, allow for supporting complex experiments where, e.g., parameters are varied, and specific
analyses are conducted on the outputs.

A base metamodel for a fictive domain can be seen in Listing 3.1 (metamodels for experiment
types can be created analogously). The metamodel is defined using JSON Schema and contains all
the necessary information in one hierarchically structured file. It structures simulation experiments
of the fictive domain into a model component, a simulation component, and an observation
component. Each component encloses various input properties, characterized by type, information,
choices, default values, and constraints. For example, the constraint exclusiveMinimum: O was
added inside the property replications. To express which inputs are required for specifying a
valid simulation experiment, the keyword required can be used. Furthermore, default values can
be expressed explicitly, e.g., for setting the stochastic simulation algorithm (SSA) as the standard
simulator type of the domain. Moreover, to express alternatives, the keyword oneOf is used, as
in the case of stopCondition, which can be given by either a specific stop time or an expression
on the model output. To build a valid simulation experiment that conforms to the metamodel,
exactly one of these alternatives needs to be applied. However, to keep the example short, these
options are not specified further, and also the details of the observation component are omitted.

In fact, specifying the elements of the observation component is particularly tricky: what
can be observed during a simulation and how to specify it depends on application domain or

250bject Constraint Language https://www.omg.org/spec/0CL/, last accessed 19 July.
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is even intrinsic to the specific simulation model at hand (e.g., counts of the specific model
entities and their attribute values, number of reactions executed, or summary statistics). What
is possible to observe also depends on the simulation tool used and the interfaces it provides, e.g.,
specific expressions may be required, or observations may be flexibly coded in a general-purpose
programming language [216]. As a result, defining a general language for simulation observation
remains elusive. Attempts towards a flexible language for simulation observation draw on the
concept of the database query language SQL [216]. The metamodels described below are designed
to offer an interface for passing arbitrary expressions to the simulation tool, without performing
additional checks on the provided expressions. In the future, the metamodels may be enhanced
to support specific observation languages.

For comparison, another version of the base metamodel defined in a UML class diagram,
thus using UML as the metamodeling language, can be seen in Figure 3.2. Components are
represented by classes and the composition association, input properties by class attributes.
The available choices for the simulator type are represented by an enumeration class. The
alternative specifications for the stop condition of the simulation are represented by separate
classes that inherit from the class StopCondition. For defining constraints such as default values
or type restrictions, OCL is used. For example, the following invariant for the class Simulation
can be specified: inv: self.replications > 0. This is, however, not visible at a glance in
the visual representation of the metamodel. To sum up, both approaches are able to capture
the information about this simple simulation domain in their own way. For the remainder of
this dissertation JSON Schema will be used to define an external domain-specific language for
specifying simulation experiments.

For specifying a simulation experiment, at least a base metamodel needs to be selected and
filled with concrete input values by a user. However, the base metamodels can also be flexibly
composed with the various metamodels for experiment types to create a metamodel for the
current experimentation task at hand (such as sensitivity analysis, simulation-based optimization,
statistical model checking, parameter estimation, etc., see Appendix A). Using the composition
mechanism, complex simulation experiments can be supported for any modeling approach or
domain. This is possible due to the orthogonality of the base experiment specification and the
experiment type specification. Note that this dissertation focuses on the main experiment types
and their methods (see Chapter 2), and does not discuss further analyses (i.e., post-processing or
plotting of the results). However, this could be added as another component in the metamodels.
The language SED-ML [193], for instance, allows the specification of various plot types including
axis labels, etc.

BaseExperimentExample

'

Model Simulation Observation

modelPath: string simulator: SimulatorType

replications: int

v <<enumeration>>
SimulatorType
StopCondition
Py 2 >
Hybrid
StopTime StopExpression

Figure 3.2: The base metamodel of Listing 3.1 defined in UML.

49



3 Making Simulation Experiments Explicit

Listing 3.1: Base metamodel of a fictive modeling domain defined in JSON Schema.

1 {

2 "$id" = "BaseExperimentExample",
3 "properties": {

4 "model": {

5 "properties": {

6 "modelPath": {"type": "string"}
7 },

8 "required": ["modelPath"]

9 },

10 "simulation": {

11 "properties": {

12 "simulator": {

13 "type": '"string",

14 "enum": ["SSA", "Hybrid"],
15 "default": "SSA"

16 },

17 "replications": {

18 "type": "integer",

19 "exclusiveMinimum": O
20 },

21 "stopCondition": {

22 "properties": {

23 "oneOf": [

24 "stopTime": {

25

26 },

27 "required": ["simulator", "replications", "stopCondition"]
28 },

29 "observation": {

30

31

3.3.4 Metamodel Repository

The metamodels are developed based on external knowledge from domain experts and potential
users, and are stored in a metamodel repository. This gives users (modelers) access to a variety
of base metamodels and experiment type metamodels that they can flexibly compose to execute
complex simulation experiments, as discussed earlier.

New metamodels may be developed by modelers on-demand to fit their use cases. Throughout
this process, modelers receive support from developers—persons with expertise in software
engineering—who assist in the extension and composition of existing metamodels and crafting of
entirely new ones. Looking ahead, the repository may be extended to provide additional software
support for modelers in this process.

Often, depending on the needs of the new domain or approach or experiment type, not
everything has to be developed from scratch, but metamodel components can be exchanged,
added, or modified. Here, the reuse of knowledge about simulation experiments is not limited
by specific domains and approaches. For example, research in the context of DES [240, 36] and
computational biology [247] has identified common constituents of basic simulation experiment
specifications: model configuration, simulation initialization, and observation. Those largely
overlap with the metamodel for virtual prototyping, as described in Section 3.5.1. With respect
to experiment types, metamodels can be extended to include more elaborate methods, e.g., new
experiment designs or sensitivity indices. In the context of sensitivity analysis, the ontology
developed in [238] may be a starting point. Additional information about the ontology and how
to use it can be found in the excursus in Appendix B.

Also, properties may be reused across different experiment types. For instance, on the one
hand, the specification of observed data and the specification of a distance measure between
simulated and observed data can be found in simulation-based optimization experiments used
to define an objective function for parameter fitting. On the other hand, the specification of
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Metamodel — Metamodel —
Experiment Type A Experiment Type B

Property A > Property B

Weaving Model

Figure 3.3: Dependency between two experiment metamodels defined by a weaving model. Ref-
erences are drawn with dashed lines. Adapted from Liu et al. [278].

observed data and distance measure may also serve as an alternative to a behavioral property
provided as a temporal logic formula in a statistical model checking experiment.

In software engineering, weaving models allow specifying the reuse and composition of meta-
model parts. They establish references between the elements of metamodels [275, 276], as
illustrated in Figure 3.3. There, a dependency between two experiment types A and B, where a
property A refers to a property B (e.g., a previously defined distance measure), is made explicit.

Together with means for version control and metamodel evolution, and information about the
type of dependency, semantically meaningful reuse and composition of metamodel components
can be achieved [277].

3.3.5 Interfaces

The MDE pipeline for simulation experiments can be used in two ways. The first option is
a dynamic GUI: depending on the selected base metamodel and the experiment metamodel,
a tailored GUI is generated to support modelers in specifying their simulation experiments.
Figure 3.4 shows a screenshot of a GUI generated from the metamodel example shown in
Listing 3.1 and a metamodel for sensitivity analysis. In the GUI, the metamodel components are
displayed as individual tabs (“Model”, “Simulation”, “Observation”), input properties are displayed
as rows, and alternative definitions are selected via drop-down menus, where, depending on the
selection, other input properties become available as in the case of “Stop Condition”: either a stop
time or an expression needs to be specified. The selection of the domain, simulation approach
and experiment type takes place in the tab “Metamodel”. In this example, sensitivity analysis
was selected as the experiment type, and thus an additional tab named “Sensitivity Analysis”
was created (Figure 3.4). The tab “Backends” is used to select the target system for the code
generation and execution.

As the second option for interacting with the experiment generator, a CLI is provided. It
allows a flexible integration of the model-driven framework with other software. Via the CLI, the
metamodels can be selected and composed, the experiment inputs can be passed and validated,
the GUI can be opened, the target backend can be selected, and the experiment code can be
generated or parsed. Consequently, one could integrate the framework with a procedure that
automatically extracts experiment inputs from model documentation (e.g., parameter tables or
conceptual model) [220, 19|, or automatically generates simulation experiments from inside a
workflow system (see Section 3.5). If not all input fields dictated by the metamodel can be filled
automatically, the simulation experiment can be completed manually through the GUI.
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B ' GrEASE Experiment Generator - B X

Menu

S E— Schema Validation Error Log
JSON-Specification | Experiment-Specification

~ | 2schema violations found
#: required key [modelPath] not found
+  #/replications: expected type: Integer, found: Double

“simulator”: "SSA",
"replications": 100.5,

Meta Model | Backends | Model | Simulation | Observation | Sensitivity Analysis
Simulator SSA '

Replications 100.5

Seed

Threads

Stop Condition | Stop Time v
Stop Time 3000

Stop Expression

Generate Experiment

Figure 3.4: Screenshot of the experiment generation GUI. For a given metamodel, and depending
on the provided inputs, new input fields are generated. Validation errors are reported
at the top right if the inputs do not conform to the metamodel. In this example,
a double value was entered for the number of replications but an integer value was
expected. Furthermore, the model path has not been specified yet. The generated
experiment specifications (tool-independent and tool-specific) are displayed at the
top left. Executable, tool-specific specifications are only generated once all validation
errors have been fixed.

3.3.6 Experiment Validation

Before the inputs collected via the GUI or CLI are passed on to the next layer (M) to produce
a concrete tool-independent experiment specification, the entered values have to be validated.
The validator checks conformance with the chosen metamodels, and thus, both structural checks
and type checks are carried out. After each validation cycle, the validator gives immediate
feedback to the user (see Figure 3.4) or the application, depending on which interface is used
for the interaction. This step-by-step guidance supports inexperienced users primarily. But also
experienced users can benefit, as they do not have to concern themselves with the intricate details
of simulation experiment specifications and, instead, can concentrate on important tasks such as
output analysis and result interpretation.

Listing 3.2 shows a created JSON document at the layer Ms. The document was validated
according to the metamodel example described above. The validation was unsuccessful due to
the missing property modelPath and due to using the wrong data type for the input property
replications, see also Figure 3.4.

3.3.7 Bindings

The experiment metamodels provide a general vocabulary that the various modeling and simula-
tion tools can refer to and communicate with. Metamodels are therefore one way for improving
the interoperability of modeling and simulation software, and for guiding the choice of tools
depending on what kind of simulation experiment was specified.

To go from an abstract experiment specification in a tool-independent format to executable
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Listing 3.2: Simulation experiment filled according to the JSON metamodel defined in Listing 3.1.
Validation errors in the specification are marked red.

1 {

2 "model": {

3 "modelPath":

4 },

5 "simulation": {

6 "simulator": "SSA",
7 "replications": 100.5 ,
8 "stopTime": 3000

9 },
10 ..
11 }

code, the metamodels have to be mapped to the syntax of the actual modeling and simulation
tools. During this transformation step, also differences in the terminology need to be resolved,
e.g., the concept of the stochastic simulation algorithm (SSA) has numerous implementations,
which may furthermore be known under different names, such as “Next Reaction Method” (as
used by COPASI [194]) versus “Gibson-Bruck Method” (as used by Cellware [279]).

Another important feature of the transformations is their bidirectionality, meaning that a
concrete experiment specification in a specific language can also be transformed into a specification
in the canonical format. This reverse generation requires capable parsers that have knowledge
of the metamodels, and templates in the syntax of the given language [280]. The reverse
generation may be applied, e.g., to execute the same or an adapted simulation experiment with
a stochastic model either using SESSL [36] with the model defined in ML-Rules [35], using
RNetLogo [281] with the model implemented in NetLogo [282], or SED-ML [193] with the model
given in SBML [283]|. For other simulation approaches also different choices exist, e.g., the
free open-source software FEniCS?% or the commercial software MATLAB?7 for finite element
analysis.

Although it seems arduous to implement a transformation, it is more efficient than connecting
all pairs of tools, with the experiment types and methods they provide, individually. Figure 3.5
sketches the binding of the presented MDE pipeline with external modeling and simulation
software. Moreover, once agreed upon in the community, the structure and vocabulary of a
metamodel are persistent and will rarely change, but rather be extended with new content, which
will lead to some extensions in the transformations.

It might also be beneficial to maintain transformations to distinct versions of the same
M&S tool or to legacy systems for keeping older simulation experiments reproducible and, for
example, for testing the tool itself. In addition, the experiment metamodels provide guidelines
for implementing new tools and, therefore, promote a more structured approach for developing
modeling and simulation software.

In addition to the forward and reverse code transformations, the bindings allow automatically
starting the generated experiments in the chosen backend. The backend and the implemented
features within the backend then may allow the modeler to conduct further interventions during
the experiment execution, such as pausing simulation runs or interactively zooming into parameter
ranges (e.g., using visual analytics).

Note that a suitable backend could also be chosen automatically for a given task since the
bindings make explicit which experiment types and methods are implemented where. Often,
one wants to generate code for a single tool and, thus, in a single language. However, it is not
uncommon to run the simulations in one tool, collect the results, and then, run the analysis
(e.g., sensitivity analysis or parameter estimation) in another. The implemented transformation

*onttps://fenicsproject.org/, last accessed 19 July, 2024.
2"https://mathworks.com/products/matlab.html, last accessed 19 July, 2024.
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Method 1

Method 2

Tool 1 -
Experiment Method 1
Type 2

Experiment
Type 1

| | Experiment| | M&S | | L. . - L | Analysis
Method 1 Type 1 System 1 Binding Binding

M&S | | Binding MDE Pipeline Binding ||

Analysis Experiment
System 2 Tool 2 4{ Type 2 H Method 2 ‘
Meta Model
A

M&S | | - i || Analysis
System m Binding Binding Tooln

Figure 3.5: Bindings provide a mapping between a given metamodel (and thereby all models
conforming to that metamodel) and the various modeling and simulation systems
and analysis tools. The experiment types and methods offered by analysis tools can
be flexibly combined with the simulation capabilities of the modeling and simulation
systems. For instance, a parameter estimation experiment with the Python library
pyABC may utilize the simulation software COPASI to execute the simulation model
and produce output data. Additionally, some M&S systems offer own capabilities
for conducting specific types of simulation experiments. For an overview of different
tools for conducting simulation experiments, see Section 2.3. Figure adapted from
Warnke and Uhrmacher [284].

mechanism supports the combination of suitable tools for simulation and analysis and, thus,
allows generating a combination of scripts in different languages. Moreover, for some experiment
types, such as sensitivity analysis, the toolchain can be divided further (see Section 3.5.2).

However, while the automatic execution of a simulation experiment clearly is tool-specific
within the MDE approach, the experiment specification does not have to be. In particular, some
tools may provide APIs for importing and executing simulation experiments. Thus, the general
specification (e.g., given by the JSON models) could theoretically also be interpreted directly by
the various tools. This is essentially how many tools in systems biology operate: they support
the import and export of SBML models and SED-ML experiments. In this case, the layer My of
the MDE architecture would be skipped.

The generation of tool-specific experiment code, however, offers several advantages. For
instance, domain-specific formats may be more readable for humans and therefore easier to
customize during the semi-automatic generation procedure. Moreover, many existing modeling
and simulation systems still expect input files in their specific formats.

3.4 Implementation

The model-driven framework for conducting simulation experiments is realized in Java 8. This
proof-of-concept implementation, thus far, comprises metamodels for three simulation domains
and different experiment types, the validation component, transformations and bindings to several
backends, as well as the GUI and CLI. The source code is publicly available in a Git repository?®.

At the heart of the implementation are the simulation experiment metamodels, which are
implemented using JSON Schema, Draft-07 [273]. JSON Schema was selected as a basis to
formulate the metamodels, since over the past decade, after having been standardized in 2013,
JSON?? has become the most popular format for exchanging data on the web, and therefore, a
variety of capable parsers and validators exist.

*https://git.informatik.uni-rostock.de/mosi/exp-generation, last accessed 19 July, 2024.
2ECMA-404 The JSON Data Interchange Standard, https://www. json.org/, last accessed 19 July, 2024.
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When launching the application, the dynamic GUI, implemented using JavaFX, is opened
by default. After the user has selected one of the included metamodels, the GUI generates
the necessary input tabs and fields (as shown in Figure 3.4). When pressing the “Generate
Experiment” button, all collected user inputs are stored in the multipurpose data interchange
format JSON and presented to the user. The JSON files are validated against the JSON schemas
using an open-source JSON Schema validator for Java, based on the org.json API?°. Thereafter,
the experiment specification for the selected backend is generated.

For the mapping between the general schema inputs in JSON and the syntax of actual
modeling and simulation tools, the template engine FreeMarker3! is used. FreeMarker has a
built-in template language in which the mappings can be specified. For each backend and schema
input property, a template fragment is implemented. A master template joins all the template
fragments together. The template engine takes this master template and fills the template
variables with the data from the JSON file.

As an alternative to the GUI, also a CLI is provided, which allows for even more flexibil-
ity when working with the MDE framework. For instance, one can transform an existing
experiment specification for a target backend by running the command-line tool with the op-
tion -t <originalFile> <targetBackend>.

The backends and formats currently supported by the framework are SESSL /ML-Rules for simu-
lation with R for experiment design methodology, SystemC-AMS with Uncertainpy, EMStimTools
with Uncertainpy, and SED-ML. These will be applied in the evaluation (Section 3.5).

Regarding the runtime performance of the MDE pipeline, it is worthy to note that the time
required for the experiment generation and transformation require less than a second on a
standard laptop for the experiments shown in the evaluation. Thus, the generation time can be
regarded as negligible in comparison to the time needed for experiment planning, input collection
and result interpretation (which still have to be performed by the user and can only partly be
automated) as well as experiment execution. In fact, the overall time to create a simulation
experiment may be decreased by the presented approach as the user is not bothered with the
syntactical intricacies of the experiment types in the various specification languages and tools.

3.5 Evaluation

Applying MDE for simulation experiments can improve and facilitate the building and sharing
of knowledge, the productivity and quality of code, the reusability, as well as the automatic
generation of simulation experiments. Thus, entire simulation studies can ultimately be conducted
in a more effective and systematic manner.

The benefits of the MDE-based approach will be demonstrated using three real simulation
studies from the interdisciplinary research project ELAINE on electrically active implants.
These comprise the DES study of a cell signaling pathway by Haack et al. [34, 31], the virtual
prototyping study of a neurostimulator by Heller et al. [46], and the FEA study of electric fields
in a stimulation chamber by Zimmermann et al. [56]. The well-designed and realistic case studies
are aimed at convincing modelers to adopt MDE for simulation experiments in their daily practice
and to integrate this approach with other (existing) toolchains.

In the following, first, metamodels are developed to capture the characteristics of the three
modeling and simulation approaches. Together with the domain modeling experts of the three
studies (stochastic DES, virtual prototyping, and FEA) it is discussed how knowledge about
simulation experiments can be exchanged within, but also between the different modeling and
simulation communities. Next, it is demonstrated how, based on the base metamodels composed
with a shared metamodel for the experiment type “global sensitivity analysis”’, three complex

30JSON schema validator. https://github.com/everit-org/json-schema, last accessed 19 July, 2024.
3! Apache FreeMarker manual for Freemarker 2.3.30. https://freemarker.apache.org/docs/versions_2_3_30.
html, last accessed 19 July, 2024.
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simulation experiments can be specified in a straightforward manner to solve actual problems
in the different application domains (analysis of a cell signaling pathway, the battery of a
neurostimulator, and the electric field in a stimulation chamber). Then, it is shown how the
JSON-based format can act as a standard exchange format to facilitate the automatic reuse of
simulation experiments, e.g., for the cross-validation of two related cell signaling models. Finally,
the approach is used to automatically generate simulation experiments by extracting information
from a workflow to fill in a metamodel.

Note that all the described experiments are only snapshots of the three studies in the form of
single simulation experiments. During the simulation studies, of course, further analysis steps
with the same or other experiment types (e.g., simulation-based optimization or statistical model
checking) are involved, until a validated model has been built and the initial research questions
can be answered (see Chapter 2 about the modeling and simulation life cycle). For these further
experimenting steps, the MDE approach can be applied analogously.

3.5.1 Improved Knowledge Sharing across Domains

The three simulation studies were conducted in the context of electrically active implants.
However, they focused on different aspects involved in the development of such implants and,
therefore, required different modeling and simulation approaches. Consequently, they required
different metamodels for conducting simulation experiments. In this section, metamodels for
the different approaches are introduced, i.e., the base experiments for stochastic DES, virtual
prototyping of heterogeneous systems, and FEA in electromagnetics. This demonstrates the
versatility of the approach and—most importantly—its value for improving knowledge sharing
within and across the diverse domains and approaches of modeling and simulation.

Metamodel for Stochastic Discrete-Event Simulation

Stochastic DES is applied for modeling systems where the variables change at discrete time points,
and the time of the next event is determined stochastically [38, 39]. In cell biology, e.g., modeling
and simulating stochastic effects is of significant interest, especially for processes that involve
low copy numbers [285]. Stochastic DESs are also increasingly applied in demography [286] or
epidemiology [287] as an alternative to the traditional discrete time-stepped simulation approach
with equidistant time increments.

Tables are used to represent the metamodels in a compact and readable way. The imple-
mentation as JSON Schema documents can be viewed in the source code repository. Table 3.1
shows the developed DES metamodel, which comprises three essential components, i.e., model
configuration, simulation initialization, and observation (represented by sections in the table).
In the metamodel, each component of a simulation experiment requires specific inputs (table
rows). For instance, typical ingredients for a stochastic simulation are now made explicit, such
as the number of replications, the random seed, and the number of parallel threads (see the
simulation component). Each input is characterized by a unique name, a description, a data
type, a set of choices, a default value, and information about whether this input is required or
optional (table columns). E.g., the number of replications is a required property in stochastic
simulation that has a default value of 1. Properties of type Map (e.g., configuration) assemble
related inputs as key—value pairs. Keys are indicated by “x” and values by “v”. Other properties
(e.g., model, stopCondition, or observationTime) are of type Alternative and provide different
ways of specifying a property. The alternative options are indicated by “|”. For instance, the
simulation model can be provided by either a folder and file name (local files) or a reference to
an (online) resource.

The metamodel generalizes the structure and ingredients of the simulation experiments at the
level of the modeling and simulation approach (i.e., DES). It can therefore be used for supporting
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the specification and execution of basic simulation experiments in various modeling domains,
such as cell biology or digital circuits.

Metamodel for Virtual Prototyping of Heterogeneous Systems

Virtual prototyping allows for the design and development of products via modeling and simulation
where building real prototypes is infeasible, e.g., due to ethical concerns or time restrictions,
as in the case of neurostimulators for deep brain stimulation [46]. The fundamental paradigm
for modeling and simulation of digital circuits is DES. This means that the knowledge about
the ingredients of simulation experiments captured in the DES metamodel can be applied here
as well. However, some virtual prototypes include components outside of the digital domain
(e.g., to model the voltage levels of a battery) and, thus, require continuous-time representation.
For these models, using the DES metamodel for the simulation experiments does not suffice.
However, using the MDE framework, with relatively low effort, a new experiment metamodel
can be defined for virtual prototyping of heterogeneous systems (with mixed digital and analog
signals) based on the existing metamodel for experiments in DES. The model configuration
component and the observation component can be reused from the shared metamodel repository
as they are. Only the component regarding the simulation initialization needs to be adapted
for the new simulation approach (see Table 3.2). The main difference is that, now, a fixed time
step and time step unit are included, at which the discrete-time and continuous-time models
are synchronized. Furthermore, the modified metamodel does not include the type of solver or
scheduler explicitly, as this is usually assigned automatically to specific semantics defined in
the language standard (e.g., SystemC-AMS [50]). Thus, the solver or scheduler are part of the
simulation model and not changed in the experiments.

Metamodel for Finite Element Analysis in Electromagnetics

FEA is a general method that is capable of treating complex geometries and accurately computing,
e.g., the properties and effects of electric fields in deep brain stimulation. A partial differential
equation describing electric fields in the frequency domain is solved (physical model). Thus, time—
harmonic fields are described and only the quasi-static behavior of the system under investigation
is considered. The 3D geometry of the system is modeled explicitly, and corresponding boundary
conditions and material properties are directly linked to the different domains of the geometric
model.

As FEA is a completely different modeling and simulation approach, no parts from the
previously defined base metamodels can be reused, and a new one is developed. Due to the
separation of the geometric model and physical model, the experiment metamodel for FEA has
two new components: geometric model and physical model (see Appendix A, Table A.1). The
geometric model comprises the path to a mesh file or geometry file, and the number of dimensions.
The physical model specifies the type of physics, material properties, boundary conditions, and
the frequency for the quasi-static model. These are complemented by a simulation component
that comprises information about the type of solver and the use of iterative mesh refinement to
get a more accurate solution in certain areas of the geometry. For the observation component,
observed properties can be specified, such as the electric field, and coordinates at which to
evaluate these properties, as well as an output format.

Note that this first draft of the FEA experiment metamodel was developed with the background
of electromagnetics in mind. Future efforts should aim to support FEA more generally. In
particular, the various inputs and constraints depending on the type of physics need to be identified.
In addition, multiphysics applications where mechanics, electromagnetics, and thermodynamics
are coupled are of potential interest. In each discipline, PDEs comprising material properties
together with geometrical constraints are the basis of the modeling approach [60]. Hence, the
current metamodel can provide a basis for further discussions and adjustments.
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3.5.2 Increasing Productivity and Quality for Complex Experiments

Besides sharing information about the base experiments, the MDE approach is designed to share
metamodels for diverse, complex experiment types. Table 3.3, for instance, shows a metamodel
for global sensitivity analysis (SA), which could be added to any of the above-described base
metamodels. It comprises various important ingredients for the specification of a global SA,
such as factor ranges and factor distributions, as well as a choice of different experiment design
methods: Monte Carlo (MC'), quasi-Monte Carlo (QMC') [288], orthogonal Latin hypercube
(OLHC) [121], and polynomial chaos expansion (PC') [289]. For the first three strategies, the
samples are used directly to calculate the sensitivity indices. With a PC, on the other hand, first,
a surrogate model is constructed based on which the indices are computed. Different index types
are offered. E.g., Sobol indices [290, 291] can be used, which are variance-based measures. The
first-order Sobol index of factor X; describes the individual contribution of this factor to the
overall variance in the model output V(Y'):

VXi [EXM- (Y‘Xl)]
V(YY) ’

Si =

where X is the i-th input factor and X .; denotes the matrix of all factors excluding X;. The
conditional expectation of the output Y is taken over all possible values of X .; while keeping X;
fixed. The variance is taken over all possible values of X;, and normalized by the total variance
in the model output [291].

The total-order sensitivity index, 7T;, accounts for all the contributions to the output variance
due to factor X; (i.e., first-order index plus effect of higher-order interactions with other factors):

Ex [Vx, (Y|X )]

7= ST

or, stated differently, the total-order sensitivity index is the overall effect (which sums up to 1 for
uncorrelated variables) minus the first order effects of X .;, i.e., the variance contribution of all
terms in the variance decomposition excluding factor X; [291]:

VXN'L [EXZ (Y‘XNZ)] )

T

For an overview of sensitivity analysis (SA) and the associated methods for sampling and
calculating the indices, see Chapter 2.

Having made explicit the ingredients of global SA as a metamodel, simulation experiments to
calculate Sobol indices for various simulation models can easily be specified. In the following,
this is shown for three different models by composing the respective base metamodel with the
SA metamodel. This has the potential to increase productivity during the simulation study since
guidance is provided via a specialized GUI or CLI and input validation. Moreover, the intricacies
of the code are abstracted away by the model-driven approach, and thus, the modeler does
not have to worry about how to combine the simulation tools and analysis tools in a complex
simulation experiment. Figure 3.6 shows three different ways of performing a Sobol analysis;
they all can be generated using the same metamodel.

Sensitivity Analysis of a Wnt Signaling Model

To understand how electrically active implants affect the differentiation and proliferation of cells
(and thus the composition and regeneration of tissue), the impact of external electric fields on
central cellular signaling pathways (such as the Wnt/B-catenin signaling pathway) needs to be
studied. Effects on membrane-related dynamics are of particular interest for the development
of electrically active implants. Lipid rafts, specialized microdomains of the membrane, have
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Figure 3.6: Schematic of the generated code for the three SA experiments for (A) the Wnt
signaling model, (B) the battery model, and (C) the electric fields model. The
experiments take the user-given base inputs and SA inputs and produce Sobol indices
as outputs, using different combinations of M&S systems (grey boxes) and tools
providing analysis methods (white boxes).

been found to sense the electric field and to direct the responses of cells [33]. Therefore, in the
simulation study by Haack et al., a Wnt simulation model [31] was extended to capture both
raft- and non-raft-associated endocytic processes of the Wnt/B-catenin receptor LRP6 in detail,
including stochastic effects [34].

The model was written in ML-Rules [40] and simulated using stochastic DES32. The experiment
metamodel for DES is available in the metamodel repository of the MDE framework and can
therefore be used to guide the modeler through the specification of the base experiment, i.e., the
constraints for one simulation run. Similarly, the metamodel for global SA is available to guide
the modeler through the definition of the global SA. In the global SA, the modeler is interested
in the sensitivity of the fraction of LRP6 receptors in the cell membrane, and therefore specifies
this as the observed quantity of the experiment. The observation takes place after 60 minutes,
i.e., at time point t=61. The sensitivity is analyzed with regard to three model parameters:
kenonraft and keyqp, which represent the endocytosis rates of bound LRP6 receptor complexes
inside and outside the lipid rafts, and the parameter kL RAss, which determines the rate at
which the receptors shuttle into and out of the lipid rafts. For these three factors, the modeler
specifies an experiment design with uniform distributions, as well as minimum and maximum
values obtained from the literature [34], and enters the information via the generated GUI for
the experiment type “sensitivity analysis”. An OLHC design with 1750 samples is selected.

Once all inputs for the SA have been collected, executable experiment code can be generated,

32The Wnt model, the SA experiment, and the analysis results are available at https://github.com/SFB-ELAINE/
Case-Study-Endocytosis, last accessed on 19 July, 2024.
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i.e., a combination of an R script with a SESSL/ML-Rules script, as illustrated in Figure 3.6A.
Without the experiment generation, the user would have had required expertise in writing both
SESSL/ML-Rules scripts and R scripts, as well as expertise in the various types of SA and the
respective libraries. Especially for novice modelers, correctly setting up a SA involving two
specification languages can be challenging and error-prone, and therefore, quality and productivity
can be improved by the MDE approach.

Since bindings are implemented to both SESSL/ML-Rules and R, the code of the composed
experiment can not only be generated but also executed automatically. Figure 3.7A presents
the results of the experiment to be interpreted by the user. They show almost no impact of the
parameter ke,,; on the results. The variances of each of the other two parameters (kenonmﬂ and
kLRAss) make up about half of the variance of the result.

The result indicates a slower pace of endocytosis within lipid rafts compared to LRP6 endocyto-
sis independent of lipid rafts. The discrepancy can be attributed to the interaction between AXIN
and LRP6, which is restricted to lipid rafts, and hence regulated by the parameter kLRAss.
Bindings between AXIN and LRP6 are necessary for endocytosis within rafts, leading to a
deceleration of raft-dependent endocytosis. In contrast, raft-independent endocytosis can occur
without constraints. Consequently, endocytosis is mainly influenced by the parameters keponraft
and kLRAss, whereas the impact of ke, is negligible.

Note that, for now, the automatic generation of plots from the analysis results is not supported;
however, this could be included as a feature of this framework in the future.

A B C
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Figure 3.7: First- and total-order Sobol indices calculated for the three models. Whereas the
Wnt model (A) and the electric fields model (C) show linear behaviors, the difference
between the first- and total-order values of the battery model (B) indicates that the
behavior of the model is governed by the interaction of parameters.

Sensitivity Analysis of a Battery Model

The underlying mechanisms of deep brain stimulation with electrically active implants are
not fully understood. Since most stimulation experiments cannot be performed directly on
humans, animal testings are necessary. However, neurostimulators designed for animal testing in
rodents require a highly optimized level of miniaturization and power consumption compared to
human implants. Therefore, virtual prototyping is used to design neurostimulators for rodents.
The virtual prototyping study by Heller et al. [46] considers the interplay between various
heterogeneous system components (i.e., battery, boost converter, microcontroller, and stimulation
unit) and, thus, combines digital, as well as analog components. Whereas previous studies focused
on the optimization of voltage levels inside the system, this study focuses on understanding the
implications of different battery parameters on the overall runtime of the implant. The model is
implemented in SystemC-AMS [50], an extension of the system description language SystemC,
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and simulated using the hybrid simulator provided by SystemC-AMS, which accounts for both
discrete and continuous signals3.

The experiment metamodel for virtual prototyping is available in the metamodel repository. It
was defined as a modification of the metamodel for stochastic discrete-event simulation (DES)
to allow for a hybrid simulation with fixed time steps. The modeler uses the guidance of the
model-driven framework to specify all required as well as some optional inputs for the base
experiment, with the assistance of the validator. First, the model file is selected by providing
the path to the SystemC-AMS project. Then, initial values are assigned for the parameters of
the battery discharge equation [292|. In the simulation component, the number of stochastic
replications is set to 100. The stopping conditions are specified as an expression on the model
state: the simulation stops either when the battery reaches a specified runtime (t >= 2500h)
or when the main electrical parts fail due to low battery voltage (V_boost == 0V). The latter
condition indicates that a complete functionality of the implant over the targeted runtime of
2500h cannot be guaranteed. The time step and the observation interval of the simulation
are defined as 1s. The observed variables are the voltage and current levels to ensure implant
functionality, and the overall battery runtime at the end of the simulation.

As they vary over different battery types, the internal resistance R;, the battery capacity
@, and the polarization constant K are of special interest. To facilitate the analysis of these
parameters, the modeler uses the model-driven framework and selects the metamodel for global
SA (Table 3.3) to enhance the already specified base experiment. Parameter ranges and Gaussian
distributions are requested for the three factors and entered by the user, and a QMC design
is selected with 1000 samples. The QMC method is based on quasi-random low-discrepancy
sequences, such as the Sobol sequence [293|. It is an efficient sampling method that possesses
good uniformity properties by construction, which a LHC sample might not have or only after
costly optimizations of the design, especially in high-dimensional spaces [294]. QMC therefore
has often been the preferred method in engineering disciplines [295|. However, with new efficient
methods for Latin hypercube sampling this advantage may dissipate [296]. A schematic of the
code generated by the MDE approach is shown in Figure 3.6B. The backends used are the Python
package Uncertainpy [203] and SystemC-AMS [50].

The generated experiment was started automatically via the backend binding; however, due to
the complexity of the model, even after 12h, the analysis was not completed. Therefore, the
experiment was terminated by the user to find a more efficient approach. The metamodel for
global SA provides a number of different experiment designs to choose from, and automatically
requires all additional inputs and accounts for constraints associated with this other method.
Thus, the MDE framework allows the user to quickly try out and compare different methods,
e.g., also different sensitivity indices might be compared in the same way.

With the assistance of the model-driven framework, the experiment design could easily be
substituted by a PC. PC builds an orthogonal polynomial representation of the model [289], i.e.,
a surrogate model. Coefficients scale the effect these polynomial terms have on the model output.
To find the coefficients, mathematical techniques such as pseudo-spectral projection can be used.
Once the coefficients are determined, evaluating the PC model is computationally inexpensive,
and the sensitivity indices can be calculated without effort.

Using PC, the described experiment was automatically repeated and the runtime could be
reduced to less than 3h. The SA results, visualized by the user, are depicted in Figure 3.7B
and show, due to small individual and large total effects, that the model response is strongly
determined by interactions between the parameters. This is no surprise as battery discharge
models are known to exhibit nonlinear behavior [292]. The internal resistance R; seems to
have a particularly strong effect on the overall battery runtime. Consequently, one should aim

33The described SA experiment and the analysis results are available at https://github.com/SFB-ELAINE/
Case-Study-Neurostimulator, last accessed on 19 July, 2024. Unfortunately, the battery model itself cannot
be provided, as it is part of a closed-source project.
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for measuring this parameter in (real) experiments and pre-select batteries with lower internal
resistance for further testing.

Sensitivity Analysis of an Electric Fields Model

The third simulation study aims to compute the electric field distribution in a specific chamber [56].
Based on the computed field distributions, the biological response of the stimulated biological
sample can be linked to the electrical stimulation setup. A global SA is used to evaluate the
influence of the dielectric parameters on the electric field strength at specific locations of the
cells®4.

First, based on the metamodel for finite element analysis, the modeler configures a base
experiment. The geometric model is loaded from a SALOME mesh file, and some parameters are
configured such as the dimensionality. For the physical model, the type of physics is quasi-static,
and Dirichlet boundary conditions are used. Material properties are specified for the materials
dish, medium, electrodes, air, and air gap, and the frequency for the quasi-static model is specified.
For the simulation component, a linear solver is selected. In the observation component, the
electric field is specified as an observable, which is the negative gradient of the potential which is
solved for.

Then, following the structure of the metamodel for global SA, the modeler enters all the
required information about the factors and their value ranges into the GUI and assumes uniform
distributions. The factors of the model refer to the various material properties, including the
conductivity of the medium o,,egium, the permittivity of the medium €,,¢gium, and the permittivity
of the dish €4;5;,. A PC was chosen as the method for sensitivity analysis, as it is an often applied
method in FEA, where simulation runs are computationally expensive.

Figure 3.6C shows a schematic of the generated code, which combines the Python packages
EMStimTools [59] and Uncertainpy [203]. Again, the structured approach of this framework
allows the user to quickly specify and execute the desired simulation experiment, even without
prior knowledge of the Uncertainpy package, and methods typically applied in FEA (such as PC)
can be easily accessed.

The first- and total-order Sobol indices are shown in Figure 3.7C. The results suggest that a
change in the permittivity of the medium does not influence the field strength. Hence, the user
concludes that the permittivity can be neglected in future uncertainty analyses for this kind of
problem and similar input parameters.

3.5.3 Reusability

The final Wnt signaling model is the result of successively extending simpler model versions. The
original Wnt model by Lee et al. (2003) [32] was extended by raft- and redox-dependent signaling
events in a study by Haack et al. (2015) [31]. This new model was then extended further by
endocytic processes in Haack et al. (2020) [34]. To ensure that the basic model behavior was not
changed due to the extensions, various cross-validation experiments were required that compared
the trajectories of the variables of interest.

When the study by Lee et al. was published, the model and experiments were custom coded
and not shipped with the paper. Only years later, the original experiments were implemented in
SED-ML [193] and the model in SBML [283], and shared via the BioModels database®. This
now enables the reuse of these simulation experiments to be repeated with the extended model
by Haack et al.

The Wnt model by Haack et al. (2015/2020), however, was specified using the rule-based
modeling language ML-Rules [40], and the experiments were conducted using the experiment

34The model, the described SA experiment, and the analysis results are available at https://github.com/
j-zimmermann/EMStimTools/tree/master/examples/experimentSchemas, last accessed 19 July, 2024.
35See BioModels [42] entry at https://www.ebi.ac.uk/biomodels/BIOMDO000000658, last accessed 19 July, 2024.
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specification language SESSL [36]. Thus, in order to reproduce the results from the study by
Lee et al., the SED-ML experiment specification needs to be adapted for the new model, and
translated to SESSL. This can be supported by the model-driven approach.

Listing 3.3: Cross-validation experiment in the exchangeable JSON format, with the inputs (blue)
already adapted for the Haack et al. model.

1 {

2 "model": {

3 "modelFile": {

4 "folder": "models",

5 "fileName": "M2_2.mlrj"

6 }

7 1,

8 "simulation": {

9 "simulator": "SSA",

10 "replications": 10,

11 "stopCondition": {

12 "stopTime": 960

13 }

14 },

15 "observation": {

16 "observables": {

17 "observationExpression": ["Cell/Nuc/Bcat"]
18 },

19 "observationTime": {

20 "observationRange": {

21 "observationRangeStart": O,
22 "observationRangeEnd": 960,
23 "observationRangeInterval": 6
24 }

25 }

26 }

27 }

First, the metamodel for DES directs the automatic parsing of the original specification and
provides meaning to the parts of the experiment specification. As the experiment type is a time
course analysis, a base metamodel suffices to capture all the inputs. Once transformed to the
quasi-standardized JSON format, the experiment specification can be adapted to work with the
model by Haack et al., e.g., the file name and the simulation stop time (due to the use of different
time scales) need to be changed. This can partly be performed automatically by exploiting
additional knowledge in the form of ontologies. E.g., UniProt [297] provides a unique identifier
for each protein and allows transforming the variable names in the observation expressions from
one model to another.

Especially, these ontology-based automatic transformations are valuable for the reuse of
simulation experiments as they prevent inconsistencies that can easily happen when translating
an experiment for a different model or a different specification language. As mentioned, the
variable names might have a different meaning in Model A compared to Model B, but also,
e.g., the units used for the rate constants might differ. Incorrect translations may produce
distorted simulation results and, therefore, seemingly different model behavior, leading to the
wrong conclusion that the new model cannot be successfully cross-validated. A further discussion
of necessary (automatic) adaptions can be found in Section 5.4.4.

The automatically parsed and transformed experiment specification is then presented to the
user to ask for further adaptions or additional information that could not be extracted from
the old specification. Listing 3.3 shows the finished experiment specification in the JSON-based
exchange format after being adapted for the model by Haack et al. From this, the SESSL-specific
experiment can be generated and executed automatically.

The result of the cross-validation is depicted in Figure 3.8. It compares the trajectories of the
key protein (3-catenin, an indicator of the pathway’s activity, produced by the Lee et al. and the
Haack et al. model (with an adapted time scale) when stimulated with a transient Wnt stimulus.
Both B-catenin curves show the same peak at the same time. From this, the user concludes that

66



3.5 Evaluation

2.00

1.75
£
8
8
& 1.50 A Model
[0]
ﬂqe Haack et al. 2015
2 — Lee et al. 2003
£1.25+
o
Kl

1.00 -

0 250 500 750

Time [min]

Figure 3.8: Results of the cross-validation of the Lee et al. model [32] and the Haack et al.
model [31] (after applying a scaling factor of 0.28 to the -catenin trajectory).

the extensions applied in the study by Haack et al. do not alter the central dynamics of the
pathway, i.e., the model is valid.

3.5.4 Automation

In the previous subsection, one case of automation was already demonstrated. There, the
MDE pipeline was the foundation for reusing simulation experiments automatically [237], and
for automatically interpreting and translating experiment specifications via ontologies. Now,
to go one step further, this approach can be integrated with other frameworks to support
simulation studies as a whole, e.g., with an artifact-based workflow (an IDE that provides
guidance throughout the modeling and simulation life cycle).

In an artifact-based workflow, the central products of a simulation study are identified and
made explicit as artifacts. These include the conceptual model, the simulation models, and the
simulation experiments. Each artifact is characterized by the stages a modeler can move through
to achieve certain milestones and preconditions of the subsequent stages called guards [223].
Figure 3.9 shows the conceptual model artifact of an artifact-based workflow for FEA studies,
as introduced by Ruscheinski et al. [52]. While moving through the stages of the conceptual
model, the modeler specifies various metadata about the model, such as the modeling objective,
requirements, and input data, which are stored inside the artifact. This metadata of the
conceptual model artifact, as well as other artifacts, can be used in the automatic generation of
simulation experiments. For instance, in [52], a FEA simulation study of an electrical stimulation
chamber was conducted with assistance from the workflow. Once the user reaches the stage
Specifying simulation experiment, the MDE-based experiment generation can be involved via its
CLI. For instance, the information collected by the workflow can be passed to the MDE pipeline
to automatically generate a convergence test for the model.

The convergence of numerical methods is crucial for FEA studies in order to retrieve meaningful
results from a numerical simulation [61]|. In a convergence experiment, the mesh is incrementally
refined until the estimated discretization error lies below a given error threshold or until the
maximum number of iterations is reached. E.g., a meshing algorithm, such as the Netgen
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Figure 3.9: The conceptual model artifact of the artifact-based workflow with all its stages,
guards, and milestones, adapted from [52|. Since the milestone of the Specifying
objective stage has been achieved, two other stages can be entered: the modeler can
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algorithm [298|, can be iteratively applied. A metamodel for convergence experiments, therefore,
requires the following inputs:

e The region of interest;
e An error metric allowing to estimate the discretization error for a given region;
e The maximum number of iterations or an error threshold to control the error;

e An initial meshing hypothesis, i.e., the minimum and maximum size of the finite elements,
to initialize the meshing algorithm.

For a detailed version of this metamodel, please see Table A.9 of Appendix A.

By connecting the command-line tool of the MDE framework to the workflow system, some of
the inputs required by the metamodel can be filled automatically by extracting metadata from
the artifacts, e.g., the region of interest and the error metric were specified as requirements in
the conceptual model [223]|. Other inputs are specific to convergence studies, e.g., the initial
minimum and maximum size of the elements, and thus, either need to be entered manually by
the user (e.g., by opening the GUI pre-filled with the extracted values), or are initialized with
default values (specified in the experiment metamodel). Figure 3.10 shows the results of the
convergence experiment that was generated semi-automatically for the model of the electrical
stimulation chamber. It shows how the observed variable (current at Electrode 1) converges with
increasing degrees of freedom (DOFs) in the finite element model. Here, the DOFs refer to the
number of nodes in the mesh. After the fourth iteration, the refinement can terminate.

Note that the concept of automatically generating experiments and recycling information from
other sources, such as workflow artifacts, is not restricted to the rather simple mesh refinement
method used above. Other more sophisticated methods could be applied if the metamodel is
extended accordingly. For example, one could specify areas of the geometry where a finer mesh is
required, or regions where the electric field amplitude ranges within an interval that is considered
therapeutically beneficial in deep brain stimulation [52].
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Figure 3.10: Convergence of the current with respect to the number of degrees of freedom (DOFs).

3.6 Summary

In this chapter, a model-driven framework for supporting the conducting of simulation experiments
was presented. The approach is based on the development of metamodels, which structure
knowledge about simulation experiments. Base metamodels capture knowledge about the various
simulation domains and approaches, such as stochastic DES of cell signaling pathways, virtual
prototyping of neurostimulators, and FEA of electric fields. Additional metamodels can structure
knowledge about different types of simulation experiments. These can be composed with the
base metamodels on demand, as demonstrated for a global sensitivity analysis. Storing the
metamodels in a repository further facilitates knowledge structuring, as well as its usage and
sharing across these various simulation domains and approaches.

Based on the metamodels, the MDE framework supports modelers in specifying simple and
complex simulation experiments. It provides means for metamodel composition, guidance for
specifying the concrete inputs for the different ingredients, and automatic validation of the
inputs by checking approach- or experiment type-specific constraints and proposing available
options, such as methods for sensitivity analysis. With this support, the MDE framework has
the potential for increasing the productivity of modelers and the quality of complex simulation
experiments, while also catering to the demands of diverse simulation studies, as demonstrated
in three case studies revolving around electrically active implants.

Furthermore, the model-driven framework facilitates the automatic reuse of simulation experi-
ments. By specifying experiments in a tool-agnostic manner based on metamodels, the framework
allows for easy reuse of experiments from other simulation studies through implemented transfor-
mations to and from target specification languages. This capability was demonstrated for the
cross-validation with a related cell signaling model.

Finally, the MDE framework offers interfaces through which it can be integrated with other
software to fill in the ingredients of the metamodels automatically. This facilitates the (partial)
automation of simulation studies as demonstrated by connecting the MDE framework to a
workflow system for FEA, which automatically generated and executed convergence tests based
on information gathered within the conceptual model.

The presented approach, thus, fulfills the typical expectations and advantages associated with
MDE and will be an asset for more effective and systematic simulation studies. The user only
needs to fill in the information required by the respective metamodels, obviating the need to
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manually write experiment code and acquire expertise in heterogeneous tools and experiment
specification languages. Thereby, the approach promises to reduce the effort of conducting
simulation experiments and to increase the accessibility of various experiment types. In addition,
the experiment metamodels provide guidelines for restructuring existing and implementing new
tools, and particularly their interfaces. They therefore promote a more structured approach for
developing modeling and simulation software.

The framework may be complemented with an editor for developing new and adapting existing
metamodels of the various modeling and simulation approaches as well as advanced experiment
types. For this, the composition and reuse of metamodel parts needs to be refined and sub-
stantiated with clear semantics. In addition, a web-based repository (including the editor) will
be crucial for sharing and collaboratively developing the metamodels and their parts. What
should become part of a metamodel needs to be debated in the various modeling and simula-
tion communities, possibly via standardization bodies such as the Simulation Interoperability
Standards Organization®® (SISO). Regarding the automation of simulation studies, further sup-
port components can be built on top of the MDE pipeline, such as an automatic selection and
parametrization of experiment types and methods (see [238]), or the automatic reuse of previously
defined simulation experiments in various contexts (see Chapter 5).

36Simulation Interoperability Standards Organization. https://www.sisostandards.org/, last accessed 19 July,
2024.
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4 Making the Context of a Simulation Study
Explicit

4.1 Motivation

“For me context is the key—from that comes the understanding of everything.” This quote by
American painter Kenneth Noland holds also true in the realm of simulation studies. There,
context plays a crucial role in understanding the reasoning behind modeling and analysis decisions,
interpreting simulation results, assessing the scope and limitations of a model, and enabling
reproducibility and reusability.

With respect to simulation experiments, context influences the specification and execution of
experiments. For example, context about the parameters of a model may determine which factors
and levels need to be explored in a Latin hypercube experiment design. Likewise, the availability
of data from related simulation studies may influence whether cross-validation experiments can
be conducted and if so, how a suitable statistical model checking experiment may look like.
Furthermore, knowing whether a given model has been calibrated or validated can determine the
selection of a particular type of experiment and corresponding methods. Consequently, context
is key in conducting simulation experiments—and simulation studies, in general—in a more
systematic and effective manner, and doing so automatically.

Context encompasses a variety of knowledge, including the study’s goals, the conceptual model
describing assumptions or model components, the different stages of the modeling and simulation
life cycle already passed, experiment types and methods available or already applied, and the
specific tools used. Furthermore, context is provided by the relations to other simulation studies,
as well as specifics of the application domain.

Motivated by the reproducibility crisis of simulation, reporting guidelines have increasingly
encouraged modelers to make context a central part of a model’s documentation. The resulting
documentations, however, mostly rely on verbal narratives, which are notoriously ambiguous and
therefore difficult to exploit automatically. To enable automatic support for simulation studies,
it is crucial to define this knowledge explicitly and make it machine-accessible, also considering
how the information relates to each other.

To make context more accessible for automatic support of simulation studies and, in particular,
an automatic experiment generator, three research questions can be defined:

1. How can early-stage products of a simulation study be made explicit, focusing on the
conceptual model and its artifacts such as research questions, requirements for output
behavior, assumptions, simplifications, qualitative models, and data sources?

2. How can the story of a simulation study, including the various model building and analysis
activities as well as the products that contributed therein, be made explicit and accessible
within and across simulation studies?

3. How can rules about the execution of different types of simulation experiments and their roles
in the modeling and simulation life cycle be encoded and linked to contextual information
about the simulation study?

The main part of this chapter is structured into two sections, addressing research questions
1 and 2 above. For each question, the state of the art is presented (including revised content
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from own research papers [83, 28, 299, 43, 52, 300, 238, 212, 301, 302|), followed by a novel
approach contributing to solving the open challenges, and a case study using a prototypical
implementation.

The approaches and case studies are based on revised and extended content from published
research [83, 302]. The first approach (Section 4.2) introduces a new definition of the conceptual
model, seeking a compromise between existing approaches in terms of formality and scope [83,
(© 2020 IEEE.]. The approach is probed for conceptualizing and documenting a Wnt signaling
model at the beginning of, but also throughout, the simulation study. The second approach
(Section 4.3) explores the powerful combination of provenance graphs and model databases
to make relations between the simulation studies, their products and activities explicit and
accessible [302, (©) 2022 IEEE.|. The BioModels database is used as a case study to showcase
how provenance graphs can enrich the information contained in the model database and the
conclusions drawn from it.

The discussed approaches later serve as building blocks for a larger framework that enables
generating simulation experiments automatically by reuse and adaption (Chapter 5). There,
research question 3 from above comes into play, referring to the assembly of these building blocks.
Provenance information about model building and previous simulation experiments determines
which simulation experiments to generate next. The exact nature of these simulation experiments
and the adaptions needed from previous versions are determined by the metadata provided in
the provenance, particularly the entities of the conceptual model.

4.2 Making Early-Stage Products Explicit

The conceptual model plays an important role in conducting simulation studies, which is
documented in various life cycle models [2, 3]. It provides a way of planning the modeling
and analysis steps as well as the simulation study as a whole (e.g., including the research
questions to be addressed, collection and preparation of data, and specification of requirements).
Thus, it is developed in the early stages of a simulation study before the simulation model is
built, or alongside with the model building process. Beyond that, conceptual models provide a
documentation of important modeling decisions, including crucial information for reproducing
the simulation study, or for enabling reuse of simulation models, simulation experiments, and
other products.

In other areas of computer science, and in particular in software engineering, widespread
agreement about the definition and specification of conceptual models has been established.
There, the conceptual model refers to identifying the software structure, important operations and
interfaces, before the technical realization and development of algorithms [303|. Common methods
for conceptualization are ER diagrams, Petri nets, state charts, flow charts, or algebras [304].
Some of these approaches are sophisticated, formal modeling languages such as Petri nets, whereas
others, such as UML, have a rather ambiguous semantics that is open to interpretation [305].
The decision on which method to use largely depends on the task at hand as well as experience
and common practices.

In the modeling and simulation community, the perception of conceptual models varies strongly
and with it the possible means for specification. The scope of the conceptual model may
refer to either a rather narrow view that defines the conceptual model as an abstract model
description [306], or a wider interpretation as loosely-coupled construct that integrates a variety
of different communicative artifacts 2|, or even broader including the model’s context, such
as objectives, requirements, and assumptions [307]. Another discussion is how to specify the
conceptual model and its parts. There, the ideas range from informal specification using verbal
narratives and sketches [75] to formal conceptual modeling languages [258].

As a result of these different views, little practical support for conceptual modeling exists so far.
In contrast, in software engineering there is a long-standing research community for conceptual
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modeling [308]. The efforts of that community are paying off, e.g., in automatic code generation,
or automatic regression testing and consistency checking. For simulation studies, thorough
conceptual modeling can also enable automatic support of certain modeling and analysis steps
such as reuse and composition of models, or verification and validation [309]. However, “developing
an engineering discipline of conceptual modeling [in modeling and simulation| will require much
better understanding of: 1. how to make conceptual models explicit and unambiguous |[...], 2.
the processes of conceptual modeling |..., as well as| 3. architectures and services for building
conceptual models” [8].

This section focuses on the first question, i.e., how to make conceptual models, their parts,
and the relations of these parts explicit. An approach is taken that aims at integrating the
heterogeneous definitions of “conceptual model” in modeling and simulation and the various
ways of specification. A broad definition of the conceptual model, i.e., as a loose collection of
early-stage products of the simulation study, holds the potential to unify existing definitions, but
also poses specific challenges for specification. To approach these challenges, without claiming to
be exhaustive, a set of products is identified (which includes, among others, research questions,
data, and requirements), and the relations and properties of these products are defined and
structured. For the definition of the products and their metadata, formal approaches (DSLs and
ontologies) are incorporated where appropriate, while maintaining flexibility and ease of use for
the modelers.

The focus will be on a specific type of simulation study, namely those where the building of a
valid simulation model is in the center of interest. Consequently, some parts of the conceptual
model, such as input data or behavioral requirements, will play a key role in this broader, partly
formalized definition of the conceptual model. Based on the Wnt signaling case study and
a prototypical wiki implementation, it is shown how the formal and explicit definition of the
conceptual model assists in building and analyzing a simulation model. In addition, possibilities
for exploiting the gathered information for automatic experiment generation are discussed.

4.2.1 State of the Art

Various approaches exist for making the early stage products of a simulation study explicit. These
include conceptual modeling, reporting guidelines, domain-specific languages, and ontologies.

Conceptual Models

During a simulation study, the conceptual model assists the diverse problem analysis, model
building, and experimentation activities. This is reflected in life cycle models such as those by
Balci [2] and Sargent [3], see Section 2.1. If the goal of the simulation study is to obtain a valid
simulation model from which meaningful conclusions can be drawn, these activities are closely
intertwined and the conceptual model as well as the simulation model are successively revised,
changed, and validated.

However, despite its centrality for the modeling and simulation life cycle, no unanimous
definition of the conceptual model has been agreed upon [310|. Figure 4.1 summarizes the
commonalities and differences in the definitions of the conceptual model regarding the content of
the conceptual model and its specification: whether it is interpreted as having a more narrow or
wider scope, and whether it is seen as a formal or informal construct. In the following, the state
of the art on conceptual modeling is described in more detail.

An early definition by Nance distinguished between the notions of conceptual model and
communicative model [306]. The conceptual model is “la] model which exists in the mind
of the modeler” [306]. This is related to the idea of mental models, i.e., “personal, internal
representations of external reality that people use to interact with the world around them” [311].
In contrast, communicative models refer to an (informal) representation of the mental model:
“which can be communicated to other humans and can be judged or compared against the system

73



4 Making the Context of a Simulation Study Explicit

and the study objectives by more than one human” [306]. Fishwick also sees the conceptual
model as vague and ambiguous but techniques, such as semantic networks or databases, may
allow some structuring of the knowledge [312].

Other authors (e.g., Cetinkaya et al. [313|) concentrate on formal languages for specifying
conceptual models, which may then be automatically transformed into a computerized model
(e.g., based on DEVS), thereby blurring the line between conceptual model and computerized
model. Guizzardi and Wagner define the conceptual model to be “concerned with identifying,
analyzing and describing the essential concepts and constraints of a real-world domain with the
help of a (diagrammatic) modeling language |[...]” [258]. Their conceptual modeling language
OntoUML clearly assigns each model part with an ontological concept, such as entity type,
datatype or causal law. Being an extension of UML, automatic translations exist into executable
code. CML-DEVS (Conceptual Modeling Language for DEVS), on the other hand, is based on
mathematical and logical expressions, which may be translated into the input language of a
particular DEVS framework [314].

In addition, template-based frameworks can assist modelers in specifying the components
of a (cyber-physical) system [315]. The examples show that these types of conceptual models
are focused on making the logic of the simulation model explicit, therefore often focusing on
a particular problem domain, and that the expressiveness of the conceptual model is usually
constrained by the underlying formalism. Other examples that concentrate on modeling the
system structure but are not directly translated into an executalbe simulation model include
the Hierarchical Control Conceptual Modeling (HCCM), which was developed to support the
specification of control structures [316]. The Activity-Based Conceptual modeling (ABCmod)
framework also focuses on modeling structural and behavioral aspects, and provides templates,
e.g., for specifying inputs and outputs of the system entities [317].

On the contrary, Balci describes the conceptual model in a broader sense as a “repository of
highlevel conceptual constructs and knowledge specified in a variety of communicative forms (e.g.
animation, audio, chart, diagram, drawing, equation, graph, image, text, and video) intended to
assist in the design of any type of large-scale complex M&S application” [2]. In this definition,
the conceptual model refers to aids for constructing the simulation model itself, and is kept
separate from artifacts that refer to the context of the simulation model, i.e., the problem
formulation, objectives, and requirements. Sargent provides a similar, however shorter, definition:
a “mathematical /logical /graphical representation (mimic) of the problem entity developed for a
particular study” [3].

In contrast, Robinson subsumes all these different artifacts under the term conceptual model,
as all of them, including research questions, requirements, etc., are useful for conducting the
simulation study [82, 307]. Robinson also identifies further contents of the conceptual model that
should be made explicit: general project objectives regarding, e.g., visualization or simulation
speed; model inputs, outputs, as well as used data; scope, level of detail, assumptions, and
simplifications; entities, activities, and what modeling approaches to use; and finally justifications
for each design choice. Pace identifies a similar list of important conceptual model parts [318].
Both Robinson and Pace recommend that a partly formal approach will be needed, however,
neither give concrete suggestions for the notation of conceptual models. The framework is
reorganized by Chwif et al., who define four parts of the conceptual model: objectives, complexity,
input and output, and scenarios [319].

Building on those definitions, Fujimoto et al. define the conceptual model as a collection
of early-stage products that integrate and provide information and requirements for a variety
of simulation study aspects [8]. They also stress the need for developing more explicit and
formal conceptual models based on domain-specific languages, ontologies, and other suitable
knowledge representations. However, they do not provide solutions on how to do so. Furthermore,
although many formalisms exist, they are not accessible to domain experts and integration into
the usual workflows is difficult. An exception is, e.g., the artifact-based workflow by Ruscheinski
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Figure 4.1: The spectrum of conceptual model definitions from narrow to wide and informal to
formal. Extended from Wilsdorf et al. [83].

et al. where some of the discussed conceptual aspects have been integrated with special focus
on requirements formally defined as temporal logic formulas, thereby making this part of the
conceptual model formally explicit and exploitable [223]. However, it is a heavyweight approach,
which also states something about the process of designing a conceptual model and how to store
it.

The work on reporting guidelines for simulation models faces similar challenges to those stated
by Fujimoto et al. The ODD (Overview, Design concepts and Details) protocol by Grimm et al.,
for example, has recently been extended to the context of simulation studies and now includes
purpose and requirements (called “patterns”) of the model, state variables, processes, design
concepts, initialization, input data, and submodels |75]. It provides a general document structure,
however, no detail about how the individual elements should be specified. Similarly, the reporting
guideline STRESS (Strengthening the Reporting of Empirical Simulation Studies) by Monks
et al. provides a checklist addressing the documentation of objectives, model logic, and data;
however, in an informal manner [246]. Like ODD, STRESS documents are typically created
retrospectively to summarize the work done in a mainly verbal format, whereas the activity of
conceptual modeling typically accompanies the whole modeling process.

Looking at the published definitions of the conceptual model that are compared in Figure 4.1,
narrow definitions of the conceptual model use either formal or informal approaches exclusively.
Wider definitions, on the other hand, use a variety of specification formats, and thus are often
semi-formal. However, there is a lack of wide and formal approaches. This section is aimed
at a lightweight approach for integrating the diverse parts of a conceptual model using formal
methods where applicable. The approach will treat conceptual modeling in the broader sense
including requirements engineering and project documentation in addition to describing the
real-world problem domain and identifying the relevant types of objects and events, and how
they should be modeled.

Reporting Guidelines

There exists a variety of guidelines for describing and documenting simulation models. Their
goal is to provide modelers with a de facto standardized structure to consistently describe the
model’s contents and purpose in a format that is readable and understandable by others. In
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addition, reporting guidelines may include the documentation of various conceptual artifacts,
such as requirements, assumptions, qualitative model, and data. Depending on the reporting
guidelines at hand, a more or less broad definition of what needs to be included as context of the
model is adopted.

The ODD (Overview, Design concepts and Details) protocol, for example, includes purpose
and requirements (called “patterns”) of the model, entities and state variables, processes, design
concepts, initialization, input data, and submodels |75].

STRESS (Strengthening the Reporting of Empirical Simulation Studies) emphasizes what a sim-
ulation study is about in terms of objective, (model) logic, data, experimentation, implementation,
and code access [246].

MIRIAM (Minimum Information Required in the Annotation of Biochemical Models) provides
an annotation scheme that allows linking the model to external knowledge (e.g., various domain
ontologies) [320]. Semantically enriched models according to MIRIAM may, e.g., unambiguously
specify what entities are included in the model (via the Gene Ontology [321]), which cell line the
model refers to (via the Cell Line Ontology [322]), or whether it is implemented as a rule-based
model or using process algebra (via the Mathematical Modelling Ontology [323]).

TRACE (TRAnsparent and Comprehensive model Evaludation) is designed to capture a
simulation study as a whole [236]. It thus explicitly contains sections pertaining to early-
stage products, i.e., problem formulation, data evaluation, and conceptual model evaluation, as
summarized in Table 4.1. The latter should specify “[t|he simplifying assumptions underlying
a model’s design, both with regard to empirical knowledge and general, basic principles” with
the aim to “|allow| model users to understand that model design was not ad hoc but based
on carefully scrutinized considerations.” In addition to that, TRACE uses ODD for model
description (see Table 4.1, Element 2). The remaining elements of TRACE are presented in
Table 4.2 and discussed in Section 4.3.1, which explores the relations between products, activities
and studies.

Reporting guidelines also consider domain-specific aspects of the M&S products. MMRR
(Minimum Model Reporting Requirements) and PMRR (Preferred Model Reporting Requirements)
are protocols in systems dynamics [245|, and thus include “equations and algorithmic rules, all
model parameters and initial values”, and a definition of all variables with units of measurement
as well as qualitative and quantitative data sources from which equations were derived. In the
context of agent-based modeling, ODD [75] suggests describing all agents and their environment
as well as temporal and spatial resolution. RAT-RS (Rigour And Transparency — Reporting
Standard) is a documentation standard for data use and data requirements in agent-based
modeling, which includes opinions and uncertainties of agents [324]. The reporting guidelines
by Erdemir et al. [62] target finite element analysis simulation studies, and therefore request
information with respect to boundary conditions, the mesh, and convergence criteria for the
numerical simulation.

However, ODD and the other reporting guidelines have their challenges [75]. In particular,
guidelines are of voluntary nature, and it is difficult to ensure that they are followed by the
individual modeler or the modeling community. Still, with increasing awareness of the FAIR
(Findable, Accessible, Interoperable, Reusable) principles [325]|, some model repositories and
scientific journals now encourage modelers to provide a documentation of their simulation studies
in accordance with community-defined guidelines, for instance, the CoMSES3” (Computational
Modeling in the Social and Ecological Sciences) repository for agent-based models and the Journal
of Artificial Societies and Social Simulation (JASSS)3®. Moreover, reporting standards leave it
open how to represent the requested information. They provide a rather general checklist or
document template. Therefore, it is up to the modeler to interpret and implement the guidelines.
Furthermore, reporting documents are often created retrospectively to summarize the work

3Thttps://wuw.comses.net/, last accessed 19 July, 2024.
3¥nttps://wuw. jasss.org, last accessed 19 July, 2024.
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Table 4.1: Structure and contents of TRACE documents (elements 1-4), verbatim from Grimm
et al. [236]. For elements 5-8, see Table 4.2.

TRACE element This TRACE element provides supporting information on:

1. Problem formulation The decision-making context in which the model will be used; the types
of model clients or stakeholders addressed; a precise specification of the
question(s) that should be answered with the model, including a specification
of necessary model outputs; and a statement of the domain of applicability
of the model, including the extent of acceptable extrapolations.

2. Model description The model, i.e. a detailed written model description. For individual /agent-
based and other simulation models, the ODD protocol is recommended as
standard format. For complex submodels, include concise explanations of
the underlying rationale. Model users should learn what the model is, how
it works, and what guided its design.

3. Data evaluation The quality and sources of numerical and qualitative data used to param-
eterize the model, both directly and inversely via calibration, and of the
observed patterns that were used to design the overall model structure.
This critical evaluation will allow model users to assess the scope and the
uncertainty of the data and knowledge on which the model is based.

4. Conceptual model evaluation The simplifying assumptions underlying a model’s design, both with regard
to empirical knowledge and general, basic principles. This critical evaluation
allows model users to understand that model design was not ad hoc but
based on carefully scrutinized considerations.

done. Their purpose is therefore different from that of the conceptual model, since conceptual
modeling is an activity that is meant to accompany the whole modeling process, especially in the
early phases but also throughout. Still, the work on reporting guidelines can inspire how the
conceptual model needs to look like to capture all important aspects about a simulation model
that allow facilitating (prospective) guidance of a modeler in building, analyzing, or reusing a
model and the study results. Such (semi-)automated guidance is also facilitated by (semi-)formal
representations of the conceptual model. Reporting documents, on the other hand, usually lack
formal specifications.

To alleviate said challenges, a more formal and rigorous approach to model and context
documentation is required, as well as tools that support modelers in creating these kinds
of documentations. Solutions, thus far, include the documentation via so-called modeling
notebooks [326]. For instance, Jupyter Notebook can ease the burden of documenting simulation
studies and enrich the documentation with interactive, computational elements. Moreover,
semantics can be assigned to the given information by using ontologies. This would, for instance,
enable automatically reusing conceptual aspects during the simulation study, as shown in the
context of Jupyter notebooks [252].

Domain-specific Languages

For the formalization of single early-stage products, domain-specific languages (DSLs) play a
crucial role. A domain-specific language “provides a notation tailored towards an application
domain and is based on the relevant concepts and features of that domain” [327]. DSLs are
designed towards “improving productivity for developers and improving communication between
domain experts” [328]. Unlike general-purpose programming languages they take the needs
of a specific domain into consideration and focus on ease-of-use as well as conciseness of the
specifications.

A DSL typically consists of three parts: the abstract syntax defines the high-level structure of the
language, the concrete syntax describes how code in the DSL looks like, and the semantics refers
to the meaning of the language’s constructs. There are internal DSLs, which are embedded in a
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host language and thus enjoy the flexibility of the Turing-complete general purpose programming
language [328]. On the other hand, they may lack conciseness and ease-of-use. Most DSLs,
therefore, are realized as external DSLs. This means that they come with an own abstract syntax
and parser. They, consequently, tend to be more expressive than their internal counterpart,
better accommodate the domain’s needs, and have tailored, highly-efficient engines for their
evaluation. On the downside, the more the language is extended by domain-specific constructs,
its advantages in terms of productivity and communication tend to fade [328].

A myriad of DSLs have been proposed for specifying behavioral requirements of the simulation
model. Temporal logics, such as Linear Temporal Logic [329], describe the simulation output
trajectories in terms of the operators Globally (property holds at all time instances), Eventually
(property holds some time in the future), and Until (describing a sequence of two properties).
Interval temporal logics, such as Metric Interval Temporal Logic (MITL) [167] or Signal Temporal
Logic (STL) [168], allow assigning time intervals to the temporal operators. Also various
extensions exist for these temporal logics. Signal Spatio-Temporal Logic (SSTL), for instance,
adds a number of spatial operators that allow expressing spatial patterns in the model output
over time [170].

Other languages for requirement specification are custom-built to feel natural to a user
and domain-expert. The hypothesis language FITS (Formulating, Integrating and Testing of
hypotheses in computer Simulation), e.g., provides means for specifying hypothesis tests [330].
Another example is the Biology Property Specification Language (BPSL), which allows encoding
quantitative and qualitative experimental data as simple inequality constraints on the model
output [138]. In addition, the challenge of making stylized facts (i.e., simplified statements
about empirical data) formally explicit has been discussed in [97], and a first language draft for
combining temporal logics with statistical tests on time series was presented.

DSLs can also be used for specifying a first conceptual representation of the model to be
built. Here, in particular, DSLs that have a graphical representation are suited for conceptual
modeling and specifying the qualitative model. External DSLs with a graphical notation include
the Unified Modeling Language (UML) [271], the Systems Modeling Language (SysML) [331],
Modelica [332], and BPMN [333]. They provide means for specifying systems in terms of their
(hierarchies of) objects, processes and interactions of those objects. In addition, UML, as well
as schema languages (e.g., JSON Schema, YAML Schema or XML Schema), present so-called
metamodeling languages and are crucial in creating new domain-specific languages. An example
of this was shown in Chapter 3, where a domain-specific language for simulation experiments
with a metalayer was created. In the spirit of UML, which subsumes multiple diagram types,
graphical DSLs that may be used for qualitative modeling in a particular domain can be developed
as community-based projects. An example of this is the Systems Biology Graphical Notation
(SBGN) [334], a standard for visual representation of biological networks, which includes a process
diagram, an entity relationship diagram, and an activity flow diagram.

To summarize, for the formal specification of requirements as well as model components and
logic various options exist. However, extensions may be required that tailor the generic temporal
logics or modeling formalisms to a domain. Furthermore, additional work is needed especially
towards DSLs for specifying assumptions and simplifications.

Ontologies

As mentioned above in the context of reporting guidelines, ontologies present an important means
for making information about early-stage products explicit and unambiguous as well as findable
and accessible. They provide a controlled vocabulary and semantics [335] that, e.g., enables reuse
and interoperability of model components [265].

Ontologies are defined as “a formal, explicit specification of a shared conceptualisation” [336].
According to this definition, DBPedia, for instance, clearly can be considered an ontology
as it provides structured, semantically enriched information extracted from Wikipedia [337].
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In addition, DBPedia is a machine-readable knowledge graph formalized via RDF (Resource
Description Framework), and it has been the result of a massive community project.

Ontologies can also be tailored to assist modeling and simulation in a specific domain. They
also may be customized towards specifying a particular type of artifact of the simulation study.
Most ontologies that exist so far in the realm of modeling and simulation are designed and
used for specifying the model content (referring to the qualitative model description) as well as
clarifying what the research questions are about. In the area of systems biology, a number of such
ontologies have been created, including the Cell Line Ontology [322], the Pathway Ontology [338],
the BRENDA Tissue Ontology (BTO) [339], or the Gene Ontology (GO) [321]. In physics and
multiphysics simulation, the Physics-based Simulation Ontology (PSO) organizes concepts such
as material properties, physical properties, or shape [267]. The Simulation Intent Ontology also
organizes different attributes of the model and the simulation but, in addition, includes the
simulation objectives and requirements [340].

Behavioral requirements regarding the model output may be annotated using the various
ontologies mentioned above to unambiguously specify the output variables. Similarly, data sets
may be annotated with those ontologies to specify their content. Referring to model assumptions,
additionally, the Systems Biology Ontology (SBO) specifies, e.g., concepts with respect to the
assumed kinetic rate laws or assumed role of an entity [335].

Moreover, unambiguously specifying what methodology was used is crucial for reproducing and
reusing artifacts, as already emphasized by the ontology of tasks and methods [341|. This includes
making information explicit about the modeling approache(s), or what methods were used for
the simulation experiments. The former can be specified using SBO, which contains a selection
of discrete, continuous, or hybrid approaches, or using the ontology for Discrete-event MOdeling
and simulation (DeMO) when modeling discrete-event systems [266]. For the latter, rudimentary
ontologies for sensitivity analysis [238] and a taxonomy for simulation-based optimization have
been developed [155]. Furthermore, the factors to be varied in a simulation experiment may be
specified using the Experimental Factor Ontology [342].

However, work needs to be done in developing ontologies for all artifacts of the simulation study
and their metadata. Moreover, existing ontologies need to be aligned, extended and combined to
allow for automatic interpretation, generation and adaption of simulation experiments and other
artifacts. E.g., in the case of ontologies for units of measurement, different levels of ontologies
exist [343]: 'Ontologies of the first level “standardize characters for unit symbols and operators”.
On the second level they “additionally represent the concepts of unit and dimension” and “support
the operations of unit conversion and unit conformance”. On the third level they “additionally
include the concept of quantity and system of quantities”. On the fourth level they additionally
provide a “full descriptions of quantities, prefixes, ordinal and nominal measurement scales, and
systems of quantities and units”. On the fifth level they “also incorporate the concepts (precision,
accuracy, distribution etc.), relations and operations associated with calculating and representing
measurement uncertainty”’ [343|. Depending on what needs to be expressed explicitly and what
shall be supported automatically, a different level of ontology is necessary.

The development of an ontology involves defining classes in the ontology, arranging the classes
in a taxonomic (subclass—superclass) hierarchy, defining attributes and describing allowed values
for these attributes, and filling in attribute values for class instances [344]. Moreover, it usually
involves mapping to a top-level ontology, such as the Basic Formal Ontology (BFO), and encoding
in a format such as RDF (Resource Description Framework) or OWL (Web Ontology Language).
Developing an ontology, therefore, is a challenging and time-consuming task. Increasingly, natural
language processing and machine learning may move the field of ontology development in modeling
and simulation forward [345]. Advancements in automatic literature sweeps, extraction of core
concepts and inferring their relations will become crucial in ontology construction, as well as the
implementation of these functionalities in a ready-made tool. But in addition to the challenge
of collecting and organizing all this knowledge, various other issues need to be addressed. For
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instance, methods need to be developed that will actually use these ontologies, relate ontologies
to each other, and do this automatically [264].

4.2.2 Case Study

A conceptual model is built for the simulation study of Wnt signaling in human neuronal
progenitor cells during early differentiation, following the storyline of Haack et al. (2015) [31].
The case study shows how the conceptual model can assist in developing the simulation model
and implementing it in ML-Rules.

Furthermore, it shows how the conceptual model assists in conducting simulation experiments
(using SESSL). In particular, based on the conceptual model, a validation experiment can be
generated automatically. In this validation, the model output is compared against wet-lab data
in a statistical model checking.

In the validation results, it is observed that the given qualitative model and the assumptions
do not suffice to reproduce the experimental results. In detail, the S-catenin concentration is
increased at certain time points despite the disruption of the lipid rafts, which means that the
requirement associated with the research objective cannot be met by the simulation model.

This indicates necessary revisions in the conceptual model, e.g., by further experimental mea-
surements, additional literature research, and possibly the definition of additional requirements.
Indeed, in the follow-up study by Peng et al. [228] it is shown how the simulation model was
successively composed to resolve the problem, and finally validate the model.

The following section discusses the explicit representation of the conceptual artifacts, e.g.,
the requirements as temporal logic formulas, and what role this plays in generating the said
validation experiment.

4.2.3 An Integrated Conceptual Model Definition

The aim of this section is to integrate all the different conceptual aspects and to make them
explicit into a data structure. At the same time, the developed approach should support both
formal and informal specifications, as both are crucial for the conceptual modeling phase and

can serve different purposes when defining the different early-stage artifacts.

The proposed definition of the conceptual model encompasses the main artifacts research
question rq, requirement r, qualitative model ¢m, assumption a, methodology m, and data or
information source sre. Using an EBNF-style notation [270], the conceptual model e¢m is defined
as a tuple that comprises lists of zero, one, or many (denoted by *) of the different artifacts:

cm = (rq*, r*, qm*, a*, m", src*)

In the following, the artifacts are defined and for each, examples from the case study are
discussed.

Research Question

A simulation model is built for a system and some experiments to answer specific questions about
the system [15]. These questions (or research objectives) determine when a suitable abstraction
of the system of interest has been achieved. The research question rq is defined as a tuple that
may integrate several objects for description (d) of the overall objective and its context. This,
typically informal, specification of the research objective may be further substantiated by specific
subgoals, called requirements. Thus, the research question may contain links (denoted by @) to
requirement artifacts r that express precisely what observed phenomena shall be reproduced by
the simulation model. There may be a list of zero, one, or many related requirement artifacts
(denoted by *). This approach is prominent in areas where the simulation models are built for
explanation rather than prediction. In addition, the research question is assigned an identifier
(id) represented by a unique string. Identifiers are used to distinguish pieces of information in
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the conceptual model. They are therefore required (denoted by !) when specifying an artifact.

rqg = (id!, d*,@r")

id = unique text

A description d is defined as multimedia object consisting of a type dType (the alternatives
such as ’text’, ’image’, or 'video’ are terminal symbols of the definition and are delimited by
| ), as well as a format and a tool for handling a description of that type given as text. And
finally, it contains the actual specification (spec), which may be given either by text or by a
reference to a file. A special case is the description via the type ’ontology’. This allows linking
the artifact to an external knowledge base via an ontology tag. The information fields format,
tool, and spec (specification) will also be used in the definitions of the other artifacts. Moreover,
each artifact will have a type; however, the type options will differ between the artifacts. All
these aforementioned properties, when instantiating the definition, can be specified zero or one
times. Furthermore, links to src artifacts allow setting artifacts into context, e.g., if the research
question of the current study builds on previous work. The description will be part of all the
different ingredients of the conceptual model, and thus add flexibility by allowing the use of
different communicative forms as proposed in Balci’s definition of the conceptual model |[2].

d= (dType,format, tool, spec, @src*)
dType = "text’ | ’image’ | 'video’ | ’ontology’ | ... | "other’
format = text
tool = text

spec = text | Qsre

Case Study: At the beginning of the Wnt simulation study, the focus is laid on membrane
dynamics, and lipid rafts in particular. Lipid rafts are small domains in the membrane (mi-
crodomains) with high local concentration of cholesterol, sphingolipids, and protein receptors.
Therefore, the research objective is defined as: “What is the role of membrane lipid rafts on
canonical Wnt signaling in human neural progenitor cells?” Instantiating the definition of the
research question (rq), the data structure of this artifact looks like this:

(id = Main Objective,
d = [(dType = text,
spec = What is the role of membrane lipid rafts on canonical Wnt signaling in

human neural progenitor cells?)],
r = |@Req1])

Since a research question is typically not given formally, it will not directly be used for
automatic experiment generation (but the associated requirements will). However, the research
question is relevant for interpreting the results of the validation and conducting the next model
building steps. In particular, following the failed validation experiment, additional information
and data about LRP6 and its interaction within the Wnt signaling pathway need to be collected.

Requirement

Requirements usually refer to the output and thus the behavior of the simulation model. If the
expected behavior is expressed formally as a logic formula (e.g., the temporal logic MITL [167]),
it can be checked automatically via statistical model checking [159] in a tool like SESSL [36].
The definition of a requirement artifact therefore contains, in addition to an identifier and a
multimedia description as defined above, information about the temporal logic used, i.e., the
type of logic, a tool for interpreting the logic specification, and the actual specification of the
formula. Note, that no specification format may be necessary, since the syntax used to express
temporal logic formulas typically depends on the tool at hand. Therefore, often format and tool
will be redundant information, and providing only the name and version of the tool would suffice.
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Having exact information about the tool used for specifying and evaluating a temporal logic
formula is also crucial for being able to reproduce the simulation study, since different model
checkers may use different interpretations of the same formula [97].

Another type of behavioral requirement is to reproduce data, i.e., the requirement is directly
linked to a data source (src) that describes the intended behavior. The check, whether the output
of the simulation model is sufficiently close to the expectation, is often done by applying face
validation or by calculating the mean squared error.

In addition to expectations regarding the model’s behavior, requirements might also be more
fundamental and refer to non-functional properties of the simulation model and its implementation.
They may refer, e.g., to the performance of the simulations, or to the choice of the modeling
and simulation approach [307]. For example, if spatial resolution plays a role, the modeling and
simulation approach should take space into account [346]. If small numbers of entities need to be
considered, a stochastic approach based on the Gillespie algorithm [37] might be more suitable
than a deterministic one. Also, for some simulation studies the methodology is determined at
the project start due to other constraints, and may be represented explicitly by a methodology
artifact m.

Furthermore, to create a knowledge graph that allows tracing the origin as well as the usages of
an artifact, a requirement can be linked to the research questions it refers to. In many simulation
studies there will be only one objective, however, for larger projects multiple independent
objectives could be formulated.

In summary, the definition of the requirement artifact looks like this:

r= (id!, d*, rType, @rq*)
rType = behavioralR | Qm | ...
behavioralR = temporalLogic | Qsre | ...

temporalLogic = (format7 tool, spec)

Case Study: To refine the rather general research question, a first behavioral requirement (Reql)
of the membrane processes can be defined. For instance, lipid rafts typically cover 25 — 30% of
the membrane, and therefore the concentration of homogeneously distributed LRP6 (Low-density
lipoprotein Receptor-related Protein 6) within lipid rafts should stay between 25% and 30% of
total LRP6 within any given time interval, whereas the concentration of the membrane-associated
protein CK1y should stay between 75% and 85%. This requirement can be specified in the time
interval of 60 to 720 minutes using Metrical Interval Temporal Logic (MITL) [167] as supported
by the statistical model checking module of SESSL [36]:

¢1 = G(60,720)((OutVar(d_1lrp6) >= OutVar(lrp6) * Constant(0.25)) and
(OutVar(d 1rp6) <= OutVar(lrp6) x Constant(0.3)))

¢2 = G(60,720)((OutVar(d_ckly) >= OutVar(ckly) % Constant(0.75)) and
(OutVar(d_ckly) <= OutVar(ckly) * Constant(0.85)))

After adding a textual description as well as an information source, the definition of the
requirement artifact is given by the following tuple:
(id = Reql,
d = [(dType = text,
spec = Between 25 and 30% of total LRP6 should reside within lipid
rafts, as well as 75-85% of total CKly.,

sre = |@Sakane et al. (2010)])],
temporalLogic = (format = MITL,

tool = SESSL,

spec = ¢1 A pa),
rq = |@Main Objective])

82



4.2 Making Early-Stage Products Explicit

Based on this requirement artifact, a statistical model checking experiment can be set up.
The temporal logical formula is inserted as the model property to be checked. In the simulation
observation, LRP6 and CKlyare added as observed species, until the time ¢ = 720. Additionally,
as SESSL is given specifically as a tool, the concrete syntax for experiment generation is known.

Qualitative Model

The qualitative model is what nearly all literature about conceptual models expect from it: a list
of variables and the causal relations between those. The qualitative model ¢m could be provided
simply as a sketch, in a simple rule-based formalism, or as a Boolean model using suitable file
formats and tools. In addition, the definition below provides a means to make the important
parts of the qualitative model such as entities, their attributes, and activities they participate in
explicit. This allows us to reference model structures in other parts of the conceptual model, e.g.,
as part of assumptions and methodologies, or map them to a specific data source. The definition
of the gm follows the epistemological hierarchy of systems [347]:

gm = (id!, d*, gmType, format, tool, spec, Qqm™, Qent™, Qact”™,
Qparam™, @a*, @m*, Qsrc*)
gmType = ’text’ | ’sketch’ | 'rule-based model’ | ’boolean model’ | ... | ’other’
ent = (id!, d*, value, unit, Qatt™, Qent™, Qact™, Qm™*, Qa™, @src*)
att = (id!, d*, attType, Qm™, Qa™, @src*)
attType = text
act = (id!, d*,Qent*, Qparam™,Qm™*, Qa*, @src*)
param = (id!, d*, value, unit, Qact™, Qm™, Qa*, @src*)
value = text

unit = text

In particular, the ¢gm may be structured into a set of submodels, which is essential, e.g., for
multilevel [35] or multiscale modeling [348]|. Each submodel is also a qualitative model (¢gm), i.e.,
a recursive definition is allowed. Entities ent are specified such that they may be either simple
variables (i.e., able to hold a single value), or structured entities that may contain subentities
and have attributes att (to be used in a compartment- or agent-based modeling metaphor), and
each attribute having a type (usually one of the standard data types, such as integer, double or
Boolean). Thus, an entity is characterized by an identifier, a description, a value and unit for
the initial concentration, a list of attributes, and a potential list of subentities. Activities act
describe how the entities interact and thus the dynamics of a system. An activity refers to one
or more entities, and model parameters (param) such as rate constants. When specifying the
parameters, like with the entities, we allow the inclusion of quantitative information, represented
by a value and a unit, since input of the model is considered a crucial part of the conceptual
model [27]. Thereby the definition can bridge between the qualitative model and, e.g., parameter
tables collected as part of the data sources.

For the qualitative model, also a format or tool can be chosen in case a more complex
formalism is needed that, e.g., supports the specification of the interaction type, attribute types,
stoichiometric matrices, or to make the initial states explicit. Again, the specification may be
included directly within the qualitative model, or a reference to a file (src) may be provided. In
addition, the various parts can be linked to assumptions to express additional constraints when
building the model, or to methodologies to decide how these model parts should be specified.

Case Study: Based on the defined research question and requirement, a diagram identifying
the main structures and reactions of the Wnt model is sketched. The diagram is depicted in
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Figure 1.2 of Chapter 1. A reference to this figure (WntModel.png) is stored in a qualitative
model artifact, where also the names of submodels, entities and parameters are made explicit:

(id =  QM1,
d = |(dType = text,
spec = Diagram of the submodels, entities, and reactions)],
qmType = sketch,
format = PNG,
tool = -
spec = WntModel.png,
qm = |[@Membrane Model, @Axin/B-cat Model],
ent = |@LRP6, QLRP, @QCK1y, @Beta-cat, ...],
act = |@R1, @R2, @RS, ..|,
param = |@w, ..,
a = 1l
m !
sre = 1))

Further information about the components of the model can be made explicit, including the
corresponding, attributes, reactions and information sources of each entity. For example, consider
the entity LRP6, which possesses a phosphorylation site and participates in two biochemical
reactions:

(d = LRPS6,
d = |(dType = ontology,
spec = UniProt:075581)],
value = 4000,
unit = -
att = | @Phos]|,
ent =[],
act = |@R1, @GR2],
m - []7
a =l

SIC

|@Sakane et al. (2010), @Bafico et al. (2001)])

It is described by an entry in the UniProt database, and further literature can be found in the
referenced publications. Literature and other sources that the model components are based on
can be specified within the information source artifacts (see below).

For generating simulation experiments, in particular, the parameter values and initial con-
centrations of variables specified in the qualitative model are of interest. For instance, in the
validation experiment, a line is generated that sets the initial value of LRP6 to 4000.

Assumption

While requirements look at the expectations we have referring to the simulation study, and thus
typically focus on the output, assumptions describe the starting point of a simulation study, its
scope, and simplifications that are made. Assumptions therefore determine how the simulation
results might be interpreted. Assumptions a can be stated more generally in the form of text,
or specifically using mathematical formulas, which could be provided in a specific format and
interpreted by a specific tool. The description of an assumption artifact can provide further
meaning and could include complete information about how the assumption was (formally)
derived. Assumptions may be derived from data or literature, and thus links to data and
information source artifacts can be included.
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The formulated assumptions may be related directly to individual entities and causal relations
of the system of interest. Therefore, the definition integrates links to the various parts of the
qualitative model specification. For example, in a chemical model one could assume that the
overall number of phosphorylated entities remains constant during the simulation, or one could
make an assumption about the distribution of a parameter or attribute.

The definition of the assumption artifact looks as follows:

a= (id!, d*, aType, format, tool, spec, Qsrc*, Qgm™, Qent™, Qatt*, Qact™, @pamm*)

aType = "text’ | formula’ | ... | ’other’

Simplifications can be specified similarly to an assumption, and thus will be included in the
above definition. However, they serve different purposes in the simulation study: Whereas
assumptions are about filling in gaps or uncertainties in the knowledge about the world, sim-
plifications are a choice to model the world more simply to improve transparency and rapid
development and execution of the model [27]. For instance, simplifications often refer to the
aggregation or omission of model elements. Therefore, they may be treated as individual artifacts.

Case Study: As the Wnt model is an extension of the model by Lee et al. [32], it inherits
most assumptions and simplifications from this earlier model. For example, Lee et al. (2003)
assumed that the autocrine Wnt signal W can be modeled as a negative exponential process.
This statement can be expressed formally, and included in the following assumption artifact,
together with some metadata about the publication and the related model parameter:

(id = Al
d = [(dType = text,
spec = Autocrine Wnt signal modeled as negative exponential process)|,
aType = formula,
format = -,
tool = -

0 , for t <ty
spec - W= e Mt=to) fort >¢,
sre = |@Lee et al. (2003)],
qm =
et =
att = I
act = I
param = [@W])

This particular assumption refers to the model logic (the dynamics of W). Thus, the assumption
is used immediately during model building, and is not needed for generating the statistical model
checking experiment.

Methodology

Methodology artifacts may refer to different types of methodologies. One type of methodology is
the modeling metaphor, such as agent-based or reaction-based. These kinds of artifacts refer
to the syntax of the model [349]. They may also refer to the execution semantics that are
deemed most adequate to capture the dynamics of the system such as discrete-event-based,
discrete-stepwise, continuous or hybrid simulation [350]. If the system at hand exhibits spatial
behaviors, a suitable spatial modeling approach has to be selected. Sometimes, also decisions
about specification formats or the modeling tools, like NetLogo for agent-based modeling and
simulation [282], have to be made at the conceptual level. Similarly, analysis approaches such
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as experiment designs [120] have to be carefully selected beforehand. This is important also for
simulation studies that use models for prediction.

In a hybrid modeling and simulation setting it is especially important to make explicit which
parts of the simulation model each methodology applies to. Therefore, the definition below
includes links to the different parts of the qualitative model, i.e., the submodels (gm), entities
(ent), attributes (att), activities (act), and parameters (param).

And again, a description can be added to explicate and justify the choice of methodology as
well as the rationale behind it:

m = (id!, d*, mType, spec, Qr, Qgm*, Qent™, Qatt*, Qact*, Qparam™, m*)
mType = 'metaphor’ | "dynamics’ | ’spatial’ | "format’ | ’tool’ | ’analysis’ | "traceability’ |

... | ‘other’

Since the reproducibility crisis of science, thinking about how to make the own research
reproducible and well-documented has become an important task in the modeling and simulation
community [351]. Therefore, approaches used for traceability should be selected at the beginning
of a simulation study to allow a documentation of the entire model building and experimentation
process. Hence, traceability is another type of methodology in the above definition. Approaches
for traceability include reporting guidelines like STRESS [246] and ODD |[75], scientific- [352]
and artifact-based workflows [223], and provenance [28|.

Some specified methodologies are related to requirements, i.e., they are mandatory with respect
to a research objective or other project requirements. Those requirements may refer to the
semantics of the simulation approach, e.g., that a continuous-time Markov chain is required. This
still leaves the decision open, e.g., whether to apply a stochastic process algebra or a stochastic
Petri net for modeling. In return, if a specific format or tool is requested, still different formalisms
may be used. Therefore, the definition of a methodology artifact may relate to other methodology
artifacts, making conrete, e.g., what the particular combination of modeling metaphor and tool
will be for this simulation study.

To support the choice of modeling approaches, formats, tools, etc., an ontological classification
will be required that structures the general concepts of modeling and simulation [258]. Instead
of a textual specification of the methodology, a reference to an ontology term may be used.
Currently, for instance, the ontologies KiSAO for simulation algorithms [335|, and DeMO for
discrete-event modeling concepts [266] exist. Uniquely identifying each concept with an ontology
tag would facilitate an automatic exploitation of the conceptual model, as well as exploitation of
the simulation models and experiments that were based on it.

Case Study: The choice of modeling language and the corresponding modeling tool is closely
intertwined with the development of the qualitative model. From the qualitative model of the
Wnt model, it becomes clear that a hierarchical, attributed modeling approach should be used.
In particular, nested entities are needed to represent the structure of the cell and the separation
of the membrane into individual lipid rafts; attributes are needed to account for the various
binding and activation (phosphorylation) states of proteins, such as the receptor LRP6. The
rule-based modeling language ML-Rules supports all the desired features [35]. In a methodology
artifact, the choice can be made explicit:
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(id = MI,
d = |(dType = text,
spec = A modeling language is required that allows using nested entities

with attributes. Ideally, a rule-based representation should be
supported.)|,

mType = tool,

spec = ML-Rules,

r =

qm =l

ent = ],

att = 1],

act = ],

param = [],

m = 1)

The information provided in this methodology artifact is crucial for the automatic generation
and execution of the experiment, ensuring that the correct simulator is chosen for running the
model.

Data and Information Source

Data plays a central role for simulation studies. Data can comprise input data, i.e., referring to
the input parameters of the model such as rate constants, initial concentrations, etc. It can be
used for validation or calibration of the simulation model, to establish a theory, or for illustration
of a problem or process.

Data may be experimental data, i.e., obtained from real measurements, or data generated by
other simulations, used to support calibration or (cross-)validation.

But data that are helpful in conducting the simulation study may also be of a more general
nature, and thus called information source (src). These can reference, e.g., scientific literature or
scientific notebooks [251]. The description may provide additional information about the source,
e.g., why a publication was selected, or how a data set was created.

As seen in the above definitions, data and information sources can be linked to the other parts
of the conceptual model, e.g., a methodology, an assumption, or specific entities or parameters of
the qualitative model. The sources thereby provide meaning to these other artifacts as outlined
in the previous subsections. In particular, each source artifact can be resolved to a unique source
ID such as a DOI or URL. Alternatively, a local file can be uploaded, e.g., if data have just been
produced in own wetlab experiments, and therefore have not been published yet.

To support the analysis or display of the data and information sources, the specification of
an appropriate file format or tool is also included. The choice of an appropriate tool for a
specific file format may again be further supported by ontologies and other knowledge bases.
However, the formatting of data and information is a research topic of its own, e.g., how to
express observational data and their semantics using standard formats.

The definition of the source artifact is outlined as follows:

sre = (id!, d*, srcType, srcRole, srcld Type, srcldSpec, format, tool, Qrg*, Qr*, Qm™*, Qa*,
Qgm™, Qent™, Qatt™, Qact™, @pamm*)

srcType = ’experimental data’ | ’simulation data’ | 'literature’ | 'notebook’ | ... | ’other’
srcRole =’input’ | ’validation’ | ’calibration’ | "theory’ | ’illustration’ | ... | "other’
srcldType = ’DOT’ | "URL’ | 'ISBN’ | ... | ’other’

srcldSpec = text
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Case Study: When developing the model, various resources are collected. Among those are
research papers that investigated the behavior of lipid rafts in the wet lab. One of them is the
publication by Sakane et al., on which requirement Reql was based on [353|. To make explicit
that this publication was used and that the requirement described by it will be used for validation
in the simulation study, an artifact can be specified in the conceptual model as follows:

(id = Sakane et al. (2010),
d = [(dType = text,
spec = LRP6 is internalized by Dkk1 to suppress its phosphorylation
in the lipid raft and is recycled for reuse)]|,

srcType = literature,

srcRole = validation,

srcldType = DOI,

srcldSpec = https://doi.org/10.1242/jcs.058008,
format = -

tool = -

rq = I,

T = |@Req1],

m = I

a = I

qm = 1l

ent = |@LRP6, @Dkk1, QCK1y),
att .

act = 1,

param =[]

The simulation study also relies on two existing simulation models [32, 41], thus, two additional
source artifacts can be created for the conceptual model for Lee et al. (2003) and Mazemondet et
al. (2012). Both are of type literature and their role can be specified as “model used for extension
or composition”. For brevity these are not shown here but can be specified analogously to the
above.

Also, a variety of data have to be collected to pursue the initially defined research question
in-vitro and in-silico (see Figure 4.2) and to calibrate and validate the defined model structure.
The data collection process is guided by the information already specified in the conceptual
model (particularly the qualitative model). First, fluorescence microscopy data of in-vitro neural
progenitor cells, e.g., confirms the existence of lipid rafts, and a partial localization of the receptors
within these membrane structures (Figure 4.2A). A second prerequisite and important data set
for model calibration is obtained by analyzing the protein concentration of S-catenin through
immunohistochemistry (Figure 4.2C). These in-vitro data confirm that disruption of membrane
lipid rafts in neural progenitor cells attenuates canonical Wnt signaling. Apart from conducting
these two experiments in the lab, a variety of literature is consulted, and various conceptual
material is collected, such as parameter values from Mazemondet et al. [41] (Figure 4.2B), and
the distribution of LRP6 and CK1y from Sakane et al. [353| (Figure 4.2D). In the conceptual
model, for each of the data sets a new source artifact is created, e.g., the information about the
B-catenin data (Figure 4.2C) looks like this:
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Beta Catenin Data,
[(dType = text,
spec = Analysis of the protein concentration of 3-catenin through
immunohistochemistry)],
experimental data,
calibration,
DOI,
https://doi.org/10.1371 /journal.pcbi.1004106.s010,
CSV,

[]7
[,
[]7
[,
[,
| @Beta-cat],
[,
[,
)

For generating the statistical model checking experiment, these source artifacts are not of
immediate relevance. However, there may be other behavioral requirements, given by data. In
such cases, the relevant trajectories from the data source artifacts must be incorporated into the
experiment specification for comparison with the simulated data.
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Figure 4.2: Fluorescence microscopy data of lipid rafts (A) collected by Haack et al. [31], parameter
table of the intra-cellular Wnt model (B) adopted from Mazemondet et al. [41], relative
protein concentration of $-catenin (C) experimentally determined by Haack et al. [31],
and distribution of LRP6 and CKly in membrane lipid rafts (D) as depicted in

Figures 1A and 2C of Sakane et al. [353].

Reprinted from Wilsdorf et al. [83].

(©) 2020 IEEE.
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4.2.4 Implementation

The proposed definition of the conceptual model is exemplarily realized in a prototypical imple-
mentation based on Media Wiki3®. Wikis are a popular means for collecting, structuring, and
sharing knowledge of all kinds. Media Wiki is a free and open-source wiki engine, which allows for
simple web-based editing of information with a well-known markup language. Extensions provide
additional features, e.g., Semantic Media Wiki enables semantic annotations of the knowledge
graph [354], and Page Forms*° allows for easy page creation and data insertion via forms.

First, after setting up a wiki named Conceptual Modeling Wiki (CMoWiki), the data structure
has to be established. Therefore, categories are created for each artifact type and other substruc-
tures such as the conceptual model as a whole (¢m), the research questions (rg), requirements
(7), descriptions (d), etc. Next, the properties for each individual input are created, e.g., format
and tool. In addition, the input types need to be defined, e.g., Text, Image, or Page for links
to other artifacts. Thereafter, templates are created, which relate inputs to the categories, and
define the page layout. Based on the templates, forms can be created, allowing users to edit
pages in a graphical dialogue. After these preparatory steps, users can start creating pages and
adding data with the CMoWiki. For example, the user can add a new page of the category
Conceptual Model using the corresponding form.

Figure 4.3 shows the main page of the Wnt Simulation Study, which contains individual sections
for the different artifacts of the conceptual model. In the first section, a research question called
Main Objective has been created, and further specified on the corresponding page, i.e., by adding
a description. Also, a link to a requirement has been added to refine the objective. Since in this
snapshot the requirement page of Reql has not been specified yet, the link is presented in red.
By clicking on the red link, the modeler is directed to the Create Requirement: Reql form to
enter information about the requirement.

The wiki, including the Wnt case study, is publicly available for illustration and allows the
interested reader to export its pages to set up their own wiki*!.

The idea of using a wiki for implementing the conceptual model has various advantages. First,
it provides a “GUI” and “language” that are familiar to most scientists and non-scientists. Second,
with choosing a wiki, the compromise between formal and informal specification is emphasized,
as it grants users the flexibility of using verbal narratives, mathematical formulae, other media,
or a combination thereof, as they see fit. Third, it allows for collaborative development of the
conceptual model. This is crucial, as the information collected and used during a simulation
study is manifold and may need to be clarified and exchanged among modeling experts, data
analysts, domain experts, and stakeholders. Last but not least, although the wiki can function as
a stand-alone application, it also offers a REST API. This API enables modeling and simulation
frameworks to seamlessly write information into the wiki and retrieve information from it as
needed, such as during the creation of a simulation experiment. Furthermore, the data model
presented here may be easily integrated into other standards or applications, such as provenance
editors.

Using the wiki implementation, a conceptual model was built for the simulation study of Wnt
signaling by Haack et al. (2015) [31], as discussed in Sections 4.2.2 and 4.2.3. The presented
approach to conceptual modeling has also been applied in the area of self-adaptive software
systems [355]. The conceptual model definition was integrated into the life cycle of self adaptive
systems (SAS), as a means for determining the components of the systems, and making simulation
requirements and assurance claims explicit—all of which are crucial in assessing the reliability of

the SAS.

nttps://wuw.mediawiki.org, last accessed 19 July, 2024.

“Onttps://wuw.mediawiki.org/wiki/Extension:Page_Forms/en, last accessed 19 July, 2024.

4 Conceptual Modeling Wiki (CMoWiki), https://cmowiki.informatik.uni-rostock.de, last accessed 19 July,
2024.
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Figure 4.3: The Conceptual Modeling Wiki (CMoWiki) for creating, editing, and linking artifacts.
Reprinted from Wilsdorf et al. [83]. (©) 2020 IEEE.

4.2.5 Discussion

In this section, the various definitions of the conceptual model, found in the modeling and
simulation literature, were integrated. The presented integrated definition provides an approach
for making the diverse early-stage products of a simulation study (i.e., research questions,
requirements, qualitative models, assumptions, methodologies, data and information sources)
explicit. Relations between individual artifacts can be made explicit as well by creating references.
The approach advocates a broad interpretation of the conceptual model in modeling and simulation.
It supports managing the documentation of context and automation during the simulation study
in a structured manner, and facilitates later assessment and reuse of a simulation study and its
results.

Each early-stage product is captured by 1) some form of multimedia description, 2) the
“product” itself, using formal languages for specification where applicable, and 3) further means
that help interpreting the product. Thus, in the ideal case, products ship not only with a formal
syntax but with a semantics that enables an automatic interpretation by respective tools for
acting upon this semantics.

Furthermore, if detailed information is made explicit, structured, (partly) formalized, and
assigned with semantics the artifacts of the conceptual model can be computationally exploited
to support modelers in their simulation study. In particular, the possibilities for automatic
experiment generation were discussed. In the case study, the conceptual model with formally
specified requirements was pivotal for automatically generating and executing a statistical model
checking experiment. Another example would be the unambiguous documentation of model
parameters, which may be used for automatically setting up a sensitivity analysis [220]. Moreover,
the conceptual model can be crucial in automatically deciding which type of experiment to run,
and also to adapt a previously executed simulation experiment for a given situation, which will
be described in detail in Chapter 5.

Recording, maintaining and exploiting the different aspects of the conceptual model promises
to be particularly useful if various simulation models shall be developed. It reveals implicit
relations, as well as similarities and differences between the early-stage products of the individual
studies. Therefore, sharing conceptual models, e.g., through a wiki, can improve collaborative
development and community reuse of artifacts.

However, the question remains whether conceptual modeling itself can also be automated.
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Recently, systems for automatic code documentation have significantly advanced and allow
generating documentations including code examples, tutorials, and block and inline comments by
utilizing various techniques for natural language summary generation [356] as well as transformer-
based large language models (LLMs) [357]. In M&S, LLMs have been used to generate executable
simulation models from natural language descriptions [358|. In the near future, similar approaches
could be investigated for conceptual models so that wikis, diagrams of qualitative models, or
reporting documents would be generated instead of manually created. However, it is unclear
what the precise input of such a procedure would be, and whether not conceptual modeling will
remain the one key part of the M&S life cycle that needs to be driven by humans.

Most importantly, conceptual modeling is essential for defining the domain and scope of the
problem, specifying project requirements, providing context, and planning the modeling and
analysis steps ahead. It thus is an essential part of the iterative modeling process (as defined
in Section 2.1), as it guides or even prescribes the actions to come but also is refined by those
actions. Furthermore, the conceptual model can be seen as a “thinking tool” for developing
understanding of a domain or a particular problem. To ensure that the conceptual model can
fulfill its role as a core artifact of a M&S study, additional user support for conceptual modeling
is essential.

The current implementation of the broad and formalized definition in a wiki provides flexibility
to modelers, offering guidance based on a defined structure for the different types of artifacts.
However, to maximize the value of explicit conceptual modeling for users, additional support
may be required, including an integration with existing modeling and simulation software. This
integration is also crucial for collecting practical experiences and further case studies that help
to refine the definition of the conceptual model, probe additional methods for formalization, and
evaluate their implications for conducting a simulation study more systematically and effectively.
In addition, to motivate a more widespread adoption of explicit conceptual modeling and the
development of appropriate tools, the broad and (semi-)formal approach for conceptual modeling
needs to be integrated with other approaches for supporting simulation studies. For instance, it
can serve as a data model for tracing provenance during the simulation study [28], and as input
for automatic experiment generation.

4.3 Making Relations between Products, Activities and Studies
Explicit

Developing a valid simulation model to explain, analyze or predict real-world processes (e.g., of
a cell biological system) is an intricate task. This task is growing in complexity as it involves
the extension and composition of models, utilization of various input data, and the execution of
various simulation experiments needed to calibrate, validate and analyze the model.

So far, this chapter has examined how to make various artifacts of a simulation study explicit,
with particular focus on the conceptual model. However, this alone does not suffice for enabling
a comprehensive understanding of the entire story behind a simulation study, and for supporting
the reusability of artifacts for generating simulation experiments. Equally crucial is making the
relations of the main products explicit, and explicitly documenting how the different artifacts
were produced or used by activities during a study. During experiment generation, e.g., the
following questions about the relations in a simulation study need to be answered automatically:

e How was the model developed and based on what assumptions?
e What analyses were conducted with the different model versions?
e What data was involved in model calibration or validation?

e How and when was the model curated?
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e Who and what tools were involved in which steps?
e How is the model related to other simulation studies?

Consequently, approaches are in demand for documenting the entire simulation study from
beginning to end, and all the activities that contributed, while also ensuring that the information
is machine-accessible and queryable.

The wiki presented earlier in the context of conceptual modeling already represents a knowledge
graph for relating artifacts to each other. E.g., it allows expressing what parts of the qualitative
model are mentioned in an assumption, or what approach a simulation model refers to. However,
to comprehensively trace the modeling and analysis steps in which these artifacts were involved
or by which they were produced, a different perspective is required.

Documentations via reporting guidelines are not suited to meet this challenge, as they typically
focus on the “final” product (i.e., a simulation model) of the simulation study rather than
describing the steps taken to reach that endpoint. Workflow systems, on the other hand, can
support the process of creating the various artifacts by planning the steps ahead according to
some life cycle definition. However, without additional mechanisms for provenance capture, their
“prospective” approach is inadequate for capturing the actual occurrences during the simulation
study and the precise relationships between the products and activities.

In contrast, retrospective provenance via provenance graphs has been introduced to formalize
the relations between different kinds of products and activities explicitly. Provenance, in
general, refers to the “information about entities, activities, and people involved in producing
a piece of data or thing, which can be used to form assessments about its quality, reliability,
or trustworthiness” [359]. The provenance data model (PROV-DM), in particular, provides a
formal, graph-based representation, which facilitates the visualization and formal analysis of how
products evolved.

However, various challenges are associated with provenance, such as how to integrate it
with other forms of model documentation, how to integrate provenance with existing tools for
conducting and managing modeling and simulation studies, and how to acquire the provenance
information.

A recent effort towards combining provenance graphs with another form of model and study doc-
umentation is ODD+P [360]|. There, protocols based on the reporting guideline ODD (Overview,
Design concepts and Details) for agent-based models were enriched with provenance information
following the Open Provenance Model (OPM). In terms of integrating and sharing provenance
with existing research infrastructure, provenance can be integrated as part of research articles or
their supplementary materials. In terms of integration with modeling and simulation software,
provenance is often paired with workflow systems, where provenance traces are automatically
recorded as users move through the stages of a workflow [361, 299]. Other approaches have looked
at extracting provenance without an explicit workflow, emphasizing the growing demand for
provenance documented in a standard like PROV-DM. These techniques include the automatic
capturing of provenance graphs from scripts based on the structure of the code and execution
logs [362], user annotations [363], or analyzing the structure of electronic lab notebooks [364].
First approaches also used manual extraction of PROV-DM graphs from scientific publications
to reveal the relations between a family of simulation models [43].

In practice, the artifacts of a simulation study often live in different (online) repositories, such
as GitHub, or are published in a model database. Therefore, repositories and model databases
need to be considered when looking at provenance as they already contain an ample collection of
source files and reports, accompanied by metadata. However, the way information is currently
presented has certain limitations regarding what information can be exploited automatically, and
how the design of repositories and databases can be tailored to the demands of an automatic
experiment generation. The integration of PROV-DM with model databases therefore would be
a substantial addition to the state of the art, as it would allow for the story of a simulation study

93



4 Making the Context of a Simulation Study Explicit

to be documented according to the FAIR (findable, accessible, interoperable, reusable) principles,
and for the provenance graphs to be computationally assessed. Moreover, model databases are
widely used in their respective modeling communities, and thus integration with provenance
graphs could boost reproducibility and reusability for a plethora of existing and future models.
BioModels [42], for instance, is currently the largest database of models in systems biology, and
the largest database of curated computational models overall.

This section first discusses the state of the art regarding approaches that allow making the
relations between artifacts, activities and studies explicit. It then introduces a case study
involving the BioModels database and a family of cell signaling models. In the main part, using
illustrating examples from the case study, it is investigated how the information contained in
a model database like BioModels can be represented using PROV-DM to make the relations
accessible and how the simulation model(s) was(/were) developed and analyzed. The central
question is, how the model database can conform to PROV-DM and what steps and modifications
are necessary to create these formal provenance representations automatically. Finally, the
generated provenance graphs are explored based on graph queries to gain additional insights into
the simulation studies and to automatically generate simulation experiments. The case study
demonstrates the value of provenance representations in enhancing the automatic interpretation
of studies while also elucidating the connections between studies. Especially the involved sources
can be more easily identified and consistency checks can be carried out. Furthermore, the relations
between different models as well as the model iterations and curation history will be illuminated
by provenance.

Implementing the suggested automatic procedure for creating provenance graphs as additional
views within different model databases would immediately expand these benefits to numerous
modeling communities. This would enable them to establish connections between their models
more easily, even when dealing with “legacy” simulation studies, a term referring to simulation
studies that have already been published without explicit provenance information.

This section has been adapted with modifications from the publication [302]. It was extended
by a discussion of the state of the art in making the relations of artifacts, activities and studies
explicit and accessible. In addition, a case study of cell signaling models was moved into focus,
queries were introduced to illustrate how the provenance graphs can be explored both interactively
and automatically, and further discussions were added. Furthermore, a software prototype is
provided.

4.3.1 State of the Art

Various approaches exist that allow making the relations of artifacts, activities and studies
explicit and accessible. These include reporting guidelines, workflows, provenance, and model
repositories and archives.

Reporting Guidelines

In the previous section (particularly Section 4.2.1), a variety of reporting guidelines were discussed
with respect to the (early stage) products and metadata of the simulation study they consider.
Most of them focus on the documentation of a single (“final”) simulation model and the context
in which it was built, and therefore do not request making the relations between products,
activities, and multiple model iterations and studies explicit. The purpose of ODD, for instance,
is specifically not to show the evolution and relation of products. Grimm et al. state that “[t|here
certainly is also the need to describe a model’s underlying story, or narrative, but ODD is not
the place for this” [75].

Examples of documentation guidelines that partly aim at documenting all the essential
steps, sources, and products of the modeling and simulation life cycle, are TRACE [236] and
STRESS [246].
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Table 4.2: Structure and contents of TRACE documents (elements 5-8), verbatim from Grimm
et al. [236]. For elements 1-4, refer to Table 4.1.

TRACE element This TRACE element provides supporting information on:

5. Implementation verification (1) Whether the computer code implementing the model has been thoroughly
tested for programming errors, (2) whether the implemented model performs
as indicated by the model description, and (3) how the software has been
designed and documented to provide necessary usability tools (interfaces,
automation of experiments, etc.) and to facilitate future installation, modifi-
cation, and maintenance.

6. Model output verification (1) How well model output matches observations and (2) how much calibration
and effects of environmental drivers were involved in obtaining good fits of
model output and data.

7. Model analysis (1) How sensitive model output is to changes in model parameters (sensi-
tivity analysis), and (2) how well the emergence of model output has been
understood.

8. Model output corroboration How model predictions compare to independent data and patterns that were
not used, and preferably not even known, while the model was developed,
parameterized, and verified. By documenting model output corroboration,
model users learn about evidence which, in addition to model output verifica-
tion, indicates that the model is structurally realistic so that its predictions
can be trusted to some degree.

TRACE structures the documentation according to crucial activities in conducting a simulation
study, including problem formulation, model description, data evaluation, conceptual model
evaluation, implementation verification, model output verification, model analysis, and model
corroboration. It thus focuses not only on the simulation model as the main artifact, but also
on what the conceptual model entails. It also goes beyond early stage products (which were
presented earlier in Table 4.1) by documenting how those are used in simulation experiments and,
in particular, how the various products were obtained and evaluated. It contains elements for
describing simulation experiments and their contexts, see Table 4.2: Element 6 refers to model
calibration, whereas element 7 refers to model analysis and element 8 to model validation. Also
element 5 (model verification) may involve simulation experiments.

STRESS also includes descriptions of the modeling and simulation process. Central points on
their checklist are how data was prepared, how simulation experiments were conducted and what
the aim of experimentation was, and how the model was actually implemented.

Another example is the documentation framework for agent-based models by Triebig and
Kliigl [365]. The format they propose aims to guide the structuring, efficient search, and
navigation of the documentation. It consists of documentation blocks referring to the model
development cycle. The blocks comprise A) model metadata, B) model description, C) model
content, D) expectations on model output, E) experimental frame, and F) passed tests. These
blocks serve different purposes within the documentation, i.e., description of the analysis of
objects, model concept development, model implementation, model calibration and testing,
and deployment runs. For instance, blocks A), D), E), and F) together fully describe a model
calibration. This emphasizes the aim of the reporting guideline to also describe the relations
of products and steps depending on their role in the modeling and simulation life cycle. An
XML-based structure is proposed to capture the different blocks and their metadata.

Regarding the reporting of simulation experiments, MIASE specifies Minimum Information
About a Simulation Experiment [247]|. This includes the precise settings applied when executing
the model, including all parameters, algorithms, and post-processing of the output. In addition,
MIASE allows experiments to be explicitly linked to the respective model specification they
execute, and to reference ontologies that clarify which settings were used. It thus focuses on
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the role and relations of a particular simulation experiment within the simulation study. The
external domain-specific language SED-ML implements the MIASE reporting guidelines, thereby
helping modelers in adhering to these guidelines [193].

Further guidelines that focus on reporting simulation experiments and their context are MSRR
and PSRR [245]. The former comprises the experiment specification as well as pre- and post-
processing of data, whereas the latter adds information about sensitivity analysis and model
uncertainty. This is augmented by the Minimum Optimization Reporting Requirements (MORR)
and Preferred Optimization Reporting Requirements (PORR), guidelines specifically designed
for the documentation of optimization experiments. While those reporting guidelines do not
explicitly provide means for linking and telling the whole story of a simulation study, they may
present important building blocks of an all-encompassing documentation, which may involve the
use of various reporting standards in combination.

Other reporting guidelines also focus on specific aspects of a simulation study, such as the
collection of empirical data with STROBE (Strengthening the Reporting of Observational Studies
in Epidemiology [366]) or the usage of data with RAT-RS [324]. The RAT-RS guideline explicitly
provides a set of questions that encourages describing the narrative of the entire simulation study.
For instance, the modeler is asked what previous models were used and how, what data was used
during the modeling process and for what purpose, what types of experiments were run, and how
the output data did support the research question?

Overall, different reporting guidelines cover different aspects of a simulation study. Some focus
solely on the documentation of artifacts, while others also ask for detailed descriptions of how these
where developed or used. These detailed descriptions may even discuss the interdependencies
of the various products, activities, and other studies. However, the reports often exhibit the
typical shortcomings associated with reporting guidelines. They require substantial effort from
the users and result in lengthy documents. Moreover, these reports predominantly consist of
verbal narratives, assisting human readers in deepening their understanding of a study but
preventing easy automatic exploitation of the contained information. Therefore, combining
reporting guidelines with structured, and ideally formalized, documentation approaches would
prove valuable. A promising approach in this direction is ODD+P, which enriches ODD documents
by means for formally specifying the relations between artifacts and activities in a standardized
provenance model. It thus explicitly caters to the question of “how” simulation models and their
related artifacts were developed [360], and makes reporting guidelines (at least partly) exploitable
for automatic experiment generation.

Workflows

Workflows present reusable blueprints for sequences of tasks that can be carried out by a user or
system. Workflows can provide various benefits, e.g., they allow easy and frequent execution of
the same or a similar sequence of steps, which may also be shared with and re-run by collaborators
or reviewers [367]. In addition, workflows play a crucial role in expanding the scalability of
tasks in distributed environments and in facilitating their semi-automated execution. Valuable
applications of workflows can be found in the business domain and the scientific domain [368|.

Business workflows are a long-standing research field, with a history extending over two decades.
These workflows are defined as “the automation of a business process, in whole or part, during
which documents, information or tasks are passed from one participant to another for action,
according to a set of procedural rules” [368]. These tasks may refer to the complete sequence of
steps required to process a purchase order or internal enterprise tasks like bookkeeping. Standards
for business process management include the Business Process Modeling Notation (BPMN) [369]
and the Business Process Execution Language*? (BPEL).

42Web Services Business Process Execution Language (WSBPEL) version 2.0, 2010. http://docs.oasis-open.
org/wsbpel/2.0/0S/wsbpel-v2.0-0S.html, last accessed 19 July, 2024.
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These concepts from business process management have also been transferred to the scientific
domain. Scientific workflows have been established to streamline a wide range of data processing
tasks and intricate calculations [367]. Notable examples of existing workflow management systems
designed for defining and executing these data-centric scientific workflows include Kepler [370]
and Taverna [371].

Scientific workflows as well as business workflows are often realized as imperative workflows. In
imperative workflows, all possible paths through the workflow are explicitly specified by activities
and control structures. Thus, imperative workflows are most suitable for processes where only few
deviations from the default execution exist [372]. In simulation studies, those activities may refer
to distributed computing, executing the steps of an individual simulation experiment, running
multiple replications of a simulation, and the processing of input or output data [223]. Relations
between artifacts and activities are therein specified implicitly by the order of the imperative
statements and the data the workflow uses and produces. The procedural rules, however, are
usually tailored to the particular project and data, and do not allow for flexibility in the processes.
In business workflows, thus, a second type of workflow has been introduced.

Declarative workflows, such as artifact-based workflows based on the Guard-Stage-Milestone
model [373], describe possible activities that can be taken by a user (known as stages), their
preconditions (known as guards), and postconditions (known as milestones) to be achieved, and
are a common approach in modeling business workflows [374]. In contrast to their imperative
counterparts, declarative workflows usually follow an open world assumption, meaning that
everything is allowed unless it is explicitly prohibited by the guards [372]. This provides
additional flexibility in the processes to be supported, as it only is meant to prevent the users of
the workflow system to do something wrong but not restrict them generally in what they do or
how.

Like many business processes, simulation studies consist of such loosely coupled tasks where
modelers are going back and forth between the steps of the M&S life cycle. Thus, declarative
workflows allow supporting entire simulation studies [223]. By their preconditions and postcondi-
tions, these workflows can relate the artifacts and activities of a simulation study to each other.
Additionally, the artifact-based paradigm allows references to related artifacts to be explicitly
stored in the information models of the respective workflow artifacts. Previously, Ruscheinski et
al. used these conditions (guards and milestones) and relations to re-run simulation experiments
for re-validation or re-calibration [223].

The declarative workflow design also facilitates the extension to domain-specific specializations
of the workflow, e.g., for finite element simulation studies [52]. The domain-specific information in
the information models can aid in generating simulation experiments, e.g., if specific information
about error bounds is given [52]. An example of this was shown in Section 3.5.4.

Workflows generally (business or scientific, imperative or declarative) can be considered
“prospective provenance”. This type of provenance prescribes what should or should not be done
during a simulation study and plans the steps ahead [375|. In contrast, retrospective provenance
is concerned with how a simulation study was conducted. It requires precisely recording the steps
taken and artifacts used or produced during the simulation study (with or without workflow
execution). Retrospective provenance therefore is suited for making the story of an entire
simulation study explicit, which will be discussed next.

Provenance

Retrospective provenance (in the following just referred to as “provenance”) is described by the
W3C Provenance Working Group as the provision of “information about entities, activities, and
people involved in producing a piece of data or thing, which can be used to form assessments
about its quality, reliability, or trustworthiness” [359]. Referring to simulation studies, the term
“provenance” subsumes, among other information, process details about the construction of the
conceptual model, the development, extension, and composition of submodels, as well as the
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Figure 4.4: PROV-DM graphical notation, adapted from Belhajjame et al. [377].

calibration and validation experiments conducted. Provenance therefore is crucial in making the
context and the entire story of a simulation study explicit, revealing how the different artifacts
evolved over time.

Similarly to the Open Provenance Model (OPM) [376], the provenance data model (PROV-DM)
of the PROV family of standards allows representing provenance information in terms of the
types entitiy and activity [377|. Entities and activities can be connected via relations, with
used and wasGeneratedBy being the most common relations. Figure 4.4 depicts these core
provenance types and the relations between them. In addition to those, entities and activities
can be associated with agents to indicate, e.g., responsibilities of different scientists during the
project or “software agents”.

The general nature of these provenance types allows for PROV-DM to be applied to and
specialized for a wide range of application fields in computer science and beyond, e.g., to model
information diffusion in social media [378] or to analyze traffic on the internet of things [379].

With respect to simulation studies, PROV-DM has been customized using the entity types
simulation model, simulation experiment, wet-lab data, and simulation data [28, 380]. This
specialization was further refined with simulation models of signaling pathways in mind [43| and
based on discussions about the role of conceptual modeling in simulation studies [83]. In this
refined “provenance ontology”, the entity types encompass early-stage products of the conceptual
model, such as research questions (RQ), assumptions (A), requirements (R), and qualitative
models (QM), in addition to simulation models (SM), simulation experiments (SE), wet-lab
data (WD), and simulation data (SD). Activities are also refined and refer to building (BSM),
calibrating (CSM), validating (VSM), and analyzing (ASM) the simulation model. Further
extensions exist for social [301] and ecological [381] simulation studies. In the former, for instance,
participant information, preregistration, and ethical approval are included as crucial entities
during primary data collection, whereas for the ecological modeling and simulation studies, field
data and visualizations have been included as well as some domain-specific metadata.

In all the aforementioned data models, agents are neglected since modeling projects are often
conducted by a single individual. However, in the case of large collaborative studies, where
different parts of the study may be conducted by different researchers or even teams of researchers,
including agents in the provenance graphs can prove useful. In the following sections, agents
are also not explicitly represented in the provenance graphs as this information can be easily
integrated in the metadata of the entities and activities. However, if further agent roles (e.g.,
laboratory technician, data analyst, simulation specialist, or visualization expert) are added in
the future, this decision can be reconsidered. Similarly, if software agents play an increasing role
(e.g., if automatic experiment generators act as autonomous agents in the simulation study),
these may be included as well.

PROV-DM provides an intuitive graphical representation, where entities and activities are
represented by oval and rectangular shapes, respectively, and the relationships are represented
by directed edges, see Figure 4.4. This facilitates exploring the simulation studies manually, and
visualizing them via web tools. Figure 4.5 (top layer) shows an exemplary provenance graph of a
small simulation study. Reading the graph from left to right with the arrows showing back in
time, it first contains a “building simulation model” (BSM) activity that was based on a research
question, an assumption, and a qualitative model description. This is followed by a “calibrating
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simulation model” (CSM) activity that uses a requirement to fit the model and produces a
simulation experiment, simulation data, and a calibrated model.

Under the hood, provenance recorded according to PROV-DM forms a directed acyclic graph,
where entities and activties are nodes and relationships represent the directed edges. This formal
representation enables provenance to be analyzed automatically by graph algorithms and graph
queries. For instance, if the provenance graph is stored in a graph database, such as Neo4j [382],
a query language (e.g., Neo4j’s Cypher [383]) can be used to extract interesting subgraphs,
providing insights into the process and possibly detecting inconsistencies. Using Cypher, for
instance, specific paths, individual nodes, or metadata of nodes can be queried and filtered by
properties, types, or patterns. Matched results can be bound to variables and compared or
returned by the query.

Various insights can be gained by navigating and querying provenance graphs. Overall, Herschel
distinguishes seven purposes of provenance [384]. In the context of simulation studies, those can
be summarized as follows: Collaboration: In collaborative simulation studies, provenance enables
modelers to synchronize their work effectively. Presentation: It enhances the presentation of
information, making it easier to visualize relationships between products, activities, and, when
necessary, agents in a simulation study, thus improving overall understandability. Attribution:
Provenance clarifies authorship and ownership of the various parts within a study, helping
to identify individuals responsible for products and their content. Recall: Provenance serves
as a kind of logbook, allowing modelers to recall their steps and track the evolution of their
work. Replication: Independent researchers can utilize provenance for replicating study results,
improving traceability and credibility of the research. Process quality: Provenance plays a crucial
role in assessing the quality of a simulation study, referring to the correctness of the performed
activities. Provenance can also assist in the design of future simulation studies and thereby
improve their quality. Data quality: Provenance also allows assessing the quality of the data used
or produced by the simulation study, e.g., w.r.t. completeness, accuracy, and trustworthiness of
the source.

To serve these diverse purposes, metadata stored inside the provenance nodes is just as crucial
as the information encoded in the graph structure itself. Metadata is indispensable for interpreting
what a product and its contents are about. For instance, in the case of a simulation model,
metadata includes a reference to the model specification. Similarly, a simulation experiment
entity includes a reference to the file(s) containing the experiment specification, in addition
to details about the used experiment type. The metadata of conceptual entities, on the other
hand, can be based on definitions of the conceptual model (as discussed in Section 4.2, and prior
works [43, 83]). Assumptions, for example, can be characterized by the language in which they
are defined, along with associated domain-specific ontology terms.

The practical value of provenance comes from the tools designed around PROV-DM. Various
web editors and graph databases are available for editing, storing and exporting provenance
data [385]. Additionally, the integration of provenance with version control systems like Git has
been discussed, especially concerning the management of source code across different versions [28|.
Moreover, the usefulness of provenance is determined by its level of detail. Different granularities
have been explored as well as aggregation- and sequence-based abstractions [386, 299]. The
most fine-grained level of provenance provides information about each minor modification (e.g.,
each time the model specification was saved), whereas the top level provides a bird’s eye view
of the major milestones in model building, validation and calibration. These aggregation levels
are illustrated in Figure 4.5. The bottom layer shows sequences of changes recorded in the
working environment of the user. These may be as small as simply tweaking one model parameter,
renaming a model entity, or selecting the type of requirement. Higher-level, aggregated provenance
views can be derived automatically from this [299]. At the highest level, on the other hand, a
bird’s eye view of the study is provided, showing “only” the major steps in terms of when a
model was refined, calibrated, validated, or analyzed. The choice of granularity depends on the
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Figure 4.5: Various views on an exemplary provenance graph of a simulation study in the PROV-
DM graphical notation. The bottom layer shows fine-grained provenance as, e.g.,
recorded by an artifact-based workflow system or by observing a modeler in their
working environment. It shows sequences of creating, specifying, and interlinking
the various entities of a simulation study (including RQ — Research Question, QM —
Qualitative Model, A — Assumption, R — Requirement, SM — Simulation Model, SE
— Simulation Experiment, SD — Simulation Data). Thereby, various intermediate
versions of the entities are produced. The top layer shows a bird’s eye view depicting
aggregated activities related to building the simulation model (BSM) and calibrating
the simulation model (CSM) and their respective inputs and outputs.

intended use of the collected provenance information. In this dissertation, a rather coarse-grained
provenance model will be the foundation for automatically generating simulation experiments.
This level of detail is sufficient for conveying the story of a simulation study, and for reasoning
about subsequent or alternative model versions as well as the calibration, validation, and analysis
experiments conducted. Furthermore, the used provenance model is suitable for elucidating the
context in which those various activities were conducted, and also the relations between a family
of simulation models [43]. All of this information is crucial for automatically making decisions
about when to conduct which simulation experiments and how.

Numerous methods exist for capturing provenance, with many of them originating in the
context of scientific workflows [387|. In imperative scientific workflow systems, such as Kepler
and Taverna, provenance information is captured implicitly via event logs [361, 388]. Another
essential technique involves code annotation, where tools like YesWorkflow enable modelers to
annotate specific statements in their scripts to be tracked [363]. Other methods operate on the
level of the working environment or operating system without requiring annotations from the user.
For instance, NoWorkflow is a provenance capturer that employs techniques such as abstract
syntax tree analysis, reflection, and profiling, and therefore does not require users to modify their
scripts [362]. Similarly, Starflow uses code introspection to inspect scripts for specific keywords,
employing both static code analysis of the control flow, and dynamic analysis by tracing function
call stacks and I/O operations [389]. In the context of declarative, artifact-based workflows,
provenance can be captured through patterns [299]. Recent advances allow capturing provenance
transparently and non-intrusively by observing the modelers in their familiar environment, and by
observing function calls and system calls [300]. However, it is important to note that provenance
comprises information of conceptual nature, such as assumptions and requirements. These
aspects of the conceptual model are notoriously difficult to track automatically if users do not
document them explicitly [300]. Therefore, for comprehensive provenance recording of the entire
modeling process, there will always be a manual component. Nevertheless, this can be supported
by dedicated software with an editor capable of requesting these conceptual artifacts and their
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associated metadata on-demand through an easy-to-use (web) interface [300].

Model Repositories and Archives

Automatically generating simulation experiments requires the artifacts of a simulation study to
be available and machine-accessible. First, they are needed as context to inform and steer the
experiment generation. Second, existing experiment specifications need to be reused and adapted
to the given context.

Recently, the FAIR (findable, accessible, interoperable, reusable) principles for open re-
search (250, 390] have gained increasing attention and have been adopted across various scientific
communities. Their commitment to FAIR research also aligns with good modeling practices, and
the goals of reproducibility and reusability—all of which are increasingly recognized and valued
by academic journals, including PLOS Computational Biology*® and the ACM Transactions on
Modeling and Computer Simulation®?.

Model repositories and archives can contribute to implementing the FAIR principles for
simulation studies. In particular, they allow making artifacts findable (F) and accessible (A),
which is crucial for automatically exploiting information. But they may also assist in improving
the interoperability (I) and reusability (R) of studies, depending on what kind of information is
represented in these databases and how.

So far, online repositories for modeling and simulation, like many model documentation formats
and guidelines, focus primarily on the simulation model. Those comprise the BioModels [42]
database, which specializes in mathematical models in systems biology and currently contains
over 2500 models, and the CoMSES* model library, formerly known as OpenABM, which
is a repository originally designed for agent-based models and hosts a collection of over 1000
published models. Examples also include the NetLogo Model Library*®, which is maintained
by the NetLogo agent-based modeling community, and a fairly recent attempt aiming to share
so-called Reusable Building Blocks?”, i.e., components with a specialized functionality that may
be useful within a multitude of models.

Besides publishing the simualtion models and analysis scripts, open scientific libraries have
played a pivotal role in sharing a wide range of other scientific resources. Notable examples
include the GeneLab Data Systems (a platform dedicated to sharing of vast “omics” data sets,
encompassing genomics, transcriptomics, proteomics, and metabolomics) [391|, OpenNeuro (a
platform specifically designed for sharing neuroscience data, including MRIs [392]), governmental
initiatives towards open data (e.g., various COVID-19 datasets compiled by the USA’s National
Center for Health Statistics*®), or myExperiment (a platform that serves as a hub for sharing
scientific workflows [393]).

Research artifacts may also be made available using general purpose repositories, such as
GitHub® and ZENODO?, or via the supplementary material of an open access publication in a
scientific journal. The latter two generate digital object identifiers (DOIs) that allow referencing
the artifacts persistently.

More specifically tailored to scientific artifacts of a particular domain are certain containers
and archives [253]. Through the bundling of artifacts and metadata, they allow partly making
the relation of artifacts explicit as well as their role during the simulation study. COMBINE
(COmputational Modeling in Blology NEtwork) archives, for instance, are standardized containers

“*https://journals.plos.org/ploscompbiol/, last accessed 19 July, 2024.
“nttps://dl.acm.org/journal/tomacs, last accessed 19 July, 2024.
https://wuw.comses.net/, last accessed 19 July, 2024.
“nttps://ccl.northwestern.edu/netlogo/models/, last accessed 19 July, 2024.
4Thttps://www.rbbdabm.com/, last accessed 19 July, 2024.
Bhttps://wuw.cdc.gov/nchs/covidl19/, last accessed 19 July, 2024.
“nttps://github.com/, last accessed 19 July, 2024.

*Onttps://zenodo.org/, last accessed 19 July, 2024.
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for bundling files related to a simulation study in computational biology. They require the original
publication, the (final, published) simulation model, the analyses, as well as metadata to be
provided using standardized domain-specific formats. To those formats belong SBML for the
model specification [283], SED-ML for specifiying the analyses [193], and metadata describing
the provided files using the Open Modeling EXchange format (OMEX) [253]. Another approach
present the reproducible Workflow Research Objects (WRO) that encapsulate scientific workflows
and all associated context information, scripts and other resources [254]. In addition, provenance
traces, e.g., produced by YesWorkflow, may be included. Alternatively, computational notebooks
like Tellurium can compile different artifacts in an executable manner [394]. As Tellurium
notebooks align with the standards required by COMBINE, it is possible to create COMBINE
archives from these notebooks.

However, despite sharing collections of artifacts, there is no guarantee that these resources can
fully reproduce the study’s results, often due to erroneous scripts, missing dependencies, and
other factors. For this reason, BioModels and CoMSES offer peer review processes conducted
by independent researchers, allowing for a thorough examination of the artifacts’ quality and
reproducibility. In addition, badges may be awarded for accrediting quality to the published code.
The ACM, for instance, offers reproducibility badges® to state that the artifacts published with
a journal article or conference paper are functional, reusable and available, and that the main
results of the paper could be reproduced. The Open Code badge®?, as employed by CoMSES,
poses another option for rewarding researchers if their artifacts meet certain criteria. Furthermore,
the Open Data® badge issued by the OSF (Open Science Framework) may be assigned to the
various datasets and materials.

When it comes to publishing entire simulation studies, model databases and archives mainly
contribute by making artifacts findable and accessible. Their capabilities (also with respect
to experiment generation) are currently limited by the fact that the relationships between
artifacts, activities, and studies are only partially made explicit. For example, understanding the
connections between different model versions and the analyses performed with them, as well as
the order in which they were executed, may not be apparent when individual artifacts are shared.
Furthermore, these repositories and archives typically do not make activities explicit, except in
cases where scientific workflows are shared. Moreover, while simulation studies may be related to
one another through semantic tagging or explicit linking of web pages (in the metadata), there is
often a lack of explicit information on how this related information is utilized.

Therefore, to capture entire simulation studies and the information necessary for automatic
experiment generation, it is imperative to bridge model databases with other forms of documenta-
tion, as they can provide complimentary information. By integrating the various documentations,
different views of a simulation study may be offered depending on the needs of the user or
software accessing it. For instance, referring to reporting guidelines, organizations like CoOMSES
already encourage modelers to provide ODD reports alongside their artifacts®*. Also, for small
recurring tasks, such as data processing, the combination of (scientific) worfklows and online
repositories has been explored [393]. Provenance graphs, however, have not yet been integrated
within model databases as a central form of information representation.

Therefore, an interesting challenge ahead is to seamlessly integrate provenance based on PROV-
DM with the models, experiments, data, code and other sources stored in model databases. The
following subsections will explore the potential of this combination to automatically gain insights
into a simulation study and to generate simulation experiments. The utility of provenance graphs
in making the relations between artifacts, activities and related studies explicit and exploitable
will be demonstrated via a case study.

"'https://www.acm.org/publications/policies/artifact-review-and-badging-current, last accessed 19
July, 2024.

S2https://www.comses.net/resources/open- code-badge/, last accessed 19 July, 2024.

®https://osf.io/tvyxz/wiki/1.%20View%20the%20Badges/, last accessed 19 July, 2024.

*https://www.comses.net/resources/guides-to-good-practice/, last accessed 19 July, 2024.
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4.3.2 Case Study

Analyzing and understanding complex biological processes of interacting subsystems requires
simulation models to be available for reuse by other researchers. BioModels is a platform
that facilitates the sharing of FAIR simulation models [42]. The database is free and openly
accessible”.

Most models in BioModels are ordinary differential equation models, but recently also other
model types, e.g., logic-based or constraint-based models, are supported. Models have to be
encoded in standardized formats such as SBML [283] or CellML [395]. From the model files,
reaction network diagrams can be generated to be also made available. Increasingly, also the
simulation experiments are shared in separate formats, e.g., using SED-ML [193] or COPASI [194].
The COMBINE community initiative coordinates the development of the various standards and
their combination, e.g., to bundle all information needed to reproduce a simulation experiment,
such as data, simulation model, or simulation experiment specification in an archive [253].

Models submitted to BioModels must adhere to the MIRIAM (Minimal Information Requested
in the Annotation of Models [320]) reporting guidelines. MIRIAM requires modelers to include
several pieces of metadata with at least a unique name, a citation associating the model to a
publication, contact information for the model authors, the date and time of model creation and
last modification, and the terms of distribution. Beyond that, to unambiguously identify the
model components, models can be semantically annotated and linked to ontologies and other
databases like the NCBI Taxonomy [396], the Gene Ontology [397], or KEGG [398]. Furthermore,
they can be cross-referenced with other models.

The models submitted to BioModels are independently curated to ensure that they are consistent
with the referenced publication and that they produce the described numerical results. Over
the past years, BioModels has become the world’s largest repository of curated computational
models. Currently (as of July 2024), the database counts over 2500 published models, of which
more than 1000 have been manually curated.

To illustrate the concept of combining model databases with explicit context information about
a simulation study in the form of provenance graphs, a family of cell signaling models is used
as a running example. This includes at its center a simulation study of the ERK, PI3K/Akt
and Wnt signaling network by Padala et al. [399]. The model can be found in the BioModels
database under the identifier BIOMDO0000000652%6. It represents a signaling network, i.e., a set
of molecular reactions that control cell functions such as cell growth and cell death. Disruptions
in this signaling network can cause malfunctions of the cells, leading to cancer growth. In
their simulation study, Padala et al. aimed to understand the exact mechanisms that lead to
cancerous cell function, and to quantify the impact of various perturbations of this network. In
this endeavor, their study is linked to various other simulation studies, forming a family of cell
signaling models. Results and experiences from the related simulation studies are of particular
interest for simulation experiment generation.

Figure 4.6 shows the BioModels page of this model. It comprises five areas: “Overview”
provides a description of the model as well as semantic annotations via domain-specific ontologies.
“Files” shows all the files that were uploaded, preferably in standard formats of the systems
biology community. “History” allows accessing earlier versions of the database entry, including
their files and metadata. “Components” lists the central species and reactions, as well as initial
concentrations and parameter values. And “Curation” provides information about what figures
of the corresponding research paper could be reproduced by an independent reviewer using the
provided source files.

The following first discusses how provenance graphs are constructed from the information
given in BioModels, detailing the available provenance entities, activities, and metadata that

Shttps://www.ebi.ac.uk/biomodels/, last accessed 19 July, 2024.
*Shttps://www.ebi.ac.uk/biomodels/BIOMDO000000652, last accessed 19 July, 2024.

103


https://www.ebi.ac.uk/biomodels/
https://www.ebi.ac.uk/biomodels/BIOMD0000000652

4 Making the Context of a Simulation Study Explicit

+ I -
€« c 08 ebi.acuk B la% ¥

# Home D Browse *| + Submit | = Curation ~ © Aboutus v | = Contactus | sBEeedback  #3Llogin 4, Register
Padala2017- ERK, PI3K/Akt and Wnt signalling o’
network (PI3K mutated)

View the 2017-09 Model of the Month entry for this model »

A Overview = Files History = Components Curation
Model BIOMD0000000652 Metadata information
Identifier
Short padala2017- ERK, PI3K/Akt and Wnt signalling network (PI3K mutated) isDerivedFrom (3 statements)

BioModels Database BIOMD0000000623
BioModels Database BIOMD0000000033
BioModels Database BI

description  Crosstalk model of the ERK, Wnt and Akt signalling pathways with
mutated PI3K.

This model is described in the article:

Cancerous perturbations within the ERK, PI3K/Akt, and Wnt/?-catenin
signaling network constitutively activate inter-pathway positive feedback
loops.

Padala RR, Karnawat R,

Mol Biosyst 2017 May; B
Abstract:

Files History Components Curation
Hame Description Size Actions

Perturbations in molecu
epigenetic alterations, 1
Despite cellular robustr
gene can trigger a casc
cell signaling pathways
cellular robustness has

SBML L2VA repressntation of Padala2(17- ERK, PIIK/AKt and

BIOMDO00000D8E?.u xi
P i Wit signalling network (P13K mutated)

30865K8  Presiew | Download

Additional files

0652-biopax2.awl Preview | Download

Model files ‘
Auto-generated BioPAX (Lovel 2) 1620 K8 ‘

feedback and feedforwe
feedback loops causes
activated state and res
represents the mathemr
and Wnt/?-catenin sigr

52-biopaxd owl
BIOMDO00

BIOMDO0OK

EIOMOD000K
BIOMDO00DDDOES2 svg

BIOMDO0000D0E52 v

Auta-generated BioPAX {Level 3)
Auto ganerated Octavs fle

Auto-g Reaction graph (PNG)

Auto-generated Scilal
Auto-ganerated Reaction graph (SVG)

Auto-generated VOML fle

196.26 KB
3976KB
89137 KB
17.66 KB
16232 KB

948.00 Butes

Preview | Download
Proview | Download
Preview | Downlosd
Preview | Download
Preview | Download

Preview | Download

Figure 4.6: The BioModels page of the simulation study by Padala el al. [399] as of July 2024:
A) overview of the model, B) list of files uploaded.

provide context about the simulation study. Next, it is demonstrated how an explicit context
(encompassing the relationships among all these elements) enables the generation of simulation
experiments.

4.3.3 Representing Model Databases as Provenance Graphs

As depicted in Figure 4.6, model databases already contain a wealth of information. However,
using the current representation, crucial aspects are not accessible for automatic exploitation
and interpretation since it focuses primarily on the final model version. This limitation prevents
software for automatic experiment generation from interpreting the context of the study and
answering questions about what was the process of developing the model, what analyses were
conducted, how and when the model was curated and by whom, and how the model is related to
other simulation studies. However, those are crucial for supporting the conduction of simulation
experiments during the entire simulation study. Representing the simulation study as a prove-
nance graph may allow software for automatic experiment generation (but also modelers in a
manual fashion) to easily navigate and query said information about the entire simulation study.
In particular, the standard PROV-DM provides a structured, visual, and machine-accessible
approach.

As discussed above in the state of the art, the various forms of documentation can serve different
purposes. Thus, combining these documentations promises to provide all the information necessary
for reusing the different artifacts and generating simulation experiments. As one example for
integrating approaches, this section provides an in-depth discussion of the key considerations
when bridging provenance graphs and model databases. It investigates the extent to which
provenance pertaining to the overall story of the simulation study is currently included in the
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BioModels database, and how this information can be transformed. A subsequent application
to a family of cell signaling models shall then demonstrate the advantages of the explicit and
accessible provenance graphs regarding automatic experiment generation. Various navigation
and querying capabilities are showcased.

When combining provenance graphs and model databases, two cases have to be considered. In
the case of new simulation studies, provenance needs to be captured immediately while conducting
the simulation study (using one of the techniques listed in Section 4.3.1), and incorporated
directly into the model database. Here, the challenge lies in connecting the “model-centric” view
with a provenance view, potentially enabling automatic transformation between them. In the case
of legacy studies (i.e., entries already existing in the database), a conversion procedure is needed
that automatically generates queryable provenance graphs and connects them to provenance of
earlier simulation studies. These initial, generated provenance graphs can then be further enriched
manually, ideally by the original authors of the study, or automatically by using knowledge
extraction techniques [400]. The following focuses on the latter problem: representing existing
entries of a model database using PROV-DM. However, investigating the relationship between
model databases and provenance will also benefit the former challenge.

There are four main tasks when creating PROV-DM graphs from a model database: 1) rec-
ognizing the provenance entities, 2) extracting the metadata, 3) deriving the activities and
relationships, and 4) connecting to related studies, with 3) and 4) being the distinguishing
features of provenance. In addition, as a preliminary step (0), a suitable data model needs to be
defined. The following discusses these steps in detail.

0) Defining a Data Model

The first step before building provenance graphs from entries in a model database is defining
a suitable provenance data model. Looking at the PROV-DM ontology for simulation studies
described in Section 4.3.1, a translation to the provenance entities Simulation Model (SM),
Simulation Experiment (SE), Simulation Data (SD), and the provenance activities Building
Simulation Model (BSM) and Analyzing Simulation Model (ASM) can be provided. With respect
to further entities and activities, however, the data model needs to be adjusted to fit the data
extractable from current model databases, such as BioModels and CoMSES. Since different data
used as input cannot be distinguished, such as wet-lab data (previously denoted as WD) or
field data, the type Input Data (ID) is introduced to capture various kinds of data. Moreover,
since the curation of artifacts is an integral part of various model databases, three additional
types are introduced, i.e., the Curation Data (CD) entities, the Curating Simulation Model
(C) activities, as well as the Publication (P) entities against which the uploaded artifacts are
compared. Furthermore, the conceptual model plays a crucial role in every simulation study.
In contrast to the earlier data model, the activity type Building Conceptual Model (BCM) is
introduced to capture also the development of the conceptual model entities (from one model
version to the other). With respect to the entities of the conceptual model, information in the
model databases currently is sparse. Therefore, the following focuses on the qualitative model
(QM) to capture the content and context about the modeled system. Entities of type Assumption
(A) and Methodology (M) are also briefly discussed. Other entities of the conceptual model,
such as research questions, requirements, or simplifications, currently cannot be derived from the
information given in model databases. Also, more fine-grained information about the assumptions
and methodologies is not available. In addition, calibration and validation activities are not
distinguishable from the more general “analyzing” experiments. Explicit annotations would be
required to distinguish those.
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1) Recognizing the Provenance Entities

Each database entry contains valuable information that can be used to derive the nodes of the
provenance graph, and to later fill them with metadata and connect them via activities. In the
BioModels database this information is described in different tabs (i.e., Overview, Files, History,
Components, and Curation as shown in Figure 4.6).

To identify all provenance entities, one has to go through the different model revisions one by
one (given in the History tab) and analyze the information provided, e.g., the uploaded files (via
the Files tab). Model databases usually show the latest public version of a simulation study, and
previous revisions can be accessed via the menu. However, there may also exist private versions,
i.e., versions only visible to the contributors. This is the case when the numbering from version
1 to n (current version) is not consecutive or a version is marked as closed access. The closed
(private) versions are ignored in the provenance graphs as no metadata is available for them. For
the simulation study by Padala et al., there are three public model revisions available, for which
several entities can be created (see Table 4.3). The entities are named according to their entity
type (e.g., “SM” for simulation model) and their version number.

Sometimes, files are bundled and uploaded as an archive. In that case, the archive has to be
extracted first before the files can be analyzed. E.g., COMBINE archives encoded in the OMEX
format [253] are frequently used in the context of BioModels.

Entities of the Conceptual Model: Here the conceptual model will primarily refer to infor-
mation about the Qualitative Model, which describes the contents of the simulation model
unambiguously. For each revision, at most one qualitative model entity can be added. This is
the case if ontological annotations exist that provide context about the modeled system (e.g., the
biological processes of a specific cell signaling pathway), or if files containing a conceptual diagram
(e.g., a reaction network given as SVG) exist. Consequently, the Overview and Files tabs of
BioModels need to be searched. An Assumption may exist, e.g., given by ontological annotations
about the modeled organism or cell line. Additionally, an entity of type Methodology may exist,
i.e., if information about the modeling approach is given. However, in the following case study
graphs, assumptions and methodologies will be neglected as they can rarely be filled with further
explicit metadata for existing simulation studies in BioModels. As the database is extended in
the future, new studies may adopt a broader and partly formalized definition of the conceptual
model, such as the one proposed in Section 4.2.3. Then, assumptions or methodologies may be
filled with more metadata. And other entities, such as requirements, may become part of the
data model used here.

Simulation Model: Simulation models can be recognized by their file extensions (Files tab) or
format specified in the metadata (Overview tab). What format the simulation model may be
specified in depends on the model database at hand. In the case of BioModels, the simulation
models are usually given in SBML [283] or CellML [395]. Currently, each revision must contain
exactly one simulation model entity. However, as the database evolves to represent entire
simulation studies and the process of conducting them, snapshots of the simulation studies may
also involve multiple simulation models. Those can, e.g., represent alternative hypotheses that
are analyzed, or submodels to be composed.

Simulation Experiment: A similar approach can be taken for recognizing simulation experiments.
Here the list of files is the main source of information. The simulation experiments in BioModels,
for instance, are typically provided in COPASI [194] or SED-ML [193] files. As a general rule,
a new entity is created for each experiment file found. However, database-specific corner cases
have to be considered. For instance, in BioModels often both a COPASI and a SED-ML file
are provided for the same experiment. To clearly distinguish which files belong to which entity,
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Table 4.3: The provenance entities recognized for the different versions of the model by Padala et
al. QM—-Qualitative Model, SM—Simulation Model, CD—Curation Data, P-Publication.
Adapted from Wilsdorf et al. [302].

Version Entities Change

1 SM1, P1, CD1 Initial upload

2 QM2, SM2 Major update and independent curation
3 QM3, SM3 Minor update

the file names or descriptions can help, as they might contain hints such as “COPASI file of
experiment xyz” or “SED-ML file of experiment xyz”.

Simulation Data and Input Data: The entities of type simulation data and input data can be
detected analogously, e.g., by finding CSV files containing raw data, or visualized data as PNGs.
Whether a file refers to simulation data or input data currently needs to be derived from the file
description. As model databases and provenance get more integrated, the entity types may be
annotated explicitly for each file.

Entities referring to the Curation: If curation information exists (e.g., in the Curation tab of
BioModels), a curation data entity representing the figures that were reproduced can be created.
This entity refers to the output of the curation. In addition, an entity needs to be created for the
reference publication (i.e., the curation input) against which the model is curated. Note that in
model databases, such as BioModels, currently for each database entry only one (i.e., the latest)
curation is shown, even if there have been multiple attempts. Therefore, only one Curation
Data and one Publication entity can be extracted. Nevertheless, those entities have to be
assigned the correct version number. In BioModels, for instance, the model version used in the
curation may not be the latest uploaded version. Therefore, part of this step is to assess based
on which revision the curation was carried out. It can be derived by comparing the timestamp of
the curation (“last updated”) with the timestamps of the different revisions. The model revision
with maximum time stamp less than the curation time stamp will be used. For the Padala et al.
simulation study, it can be derived that the independent curation was carried out based on SM2,
and thus the curation data and publication entities are added to version 1 (see Table 4.3).

2) Extracting the Metadata

The result of the previous step are a set of entities for each version. These entities can then be
refined with metadata. The following section discusses an example mapping of the attributes of
provenance entities to the information fields in the current release of BioModels, using examples
from the simulation study by Padala et al.

In addition to the discussed attributes, each entity is also assigned an entity name (derived
from the entity type and the version number, e.g., “SM3”) and a study name (e.g., “Padala et al.
(2017)7).

Entities of the Conceptual Model: So far, in BioModels the conceptual model is primarily
given by the qualitative model. Figure 4.7 illustrates how the definition of the qualitative
model from Section 4.2.3 can be instantiated with metadata from BioModels. The description of
the entity QM3 can be extracted from the Short description of the model given in the Overview
tab. To specify the type of qualitative model, its format, specification tool, and file containing
the specification, the Files tab is consulted. The URLs to these files can be extracted and added
as references to the respective qualitative model entity, and their format can be added as well
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(id=Qm3, < Assigned by provenance builder

d = [(dType = text, < Overview/Short description
spec = This work represents the mathematical and quantitative /
modeling of ERK, PI3K/Akt, and Wnt/\textbeta-catenin

signaling crosstalk...)],

gmType = skeich, <« Files/Additional files
format = svg, 4~//

tool = —, Overview/isVersionOf,
spec = BIOMDO0000000652.svg, Overview/isHomologTo,

gm = [@MAPK Signaling Pathway, @WNT Signaling Pathway, ...], ¢ Overview/hasPart
ent = [@Raf1, @Rap1, @Ras, @RasGap, @SOS, @TCF, ..], «—— Components/Species/Species

act = [@Reaction1, @Reaction2, @Reactiong3, ...], < Components/Reactions/Parameters
param = [@KmSb, @W, @k9b, ...], < Components/Reactions/Parameters
a = [@Homo Sapiens], « Overview/hasTaxon

m = [@ODE], = Overview/Modelling Approach(es)
src=1[])

Figure 4.7: Filling the definition of the qualitative model given in Section 4.2.3 with metadata
extracted from the BioModels database. Metadata (orange) are exemplified using
the study by Padala et al. The exact place in BioModels from where it was extracted
is annotated in blue.

(typically in BioModels this will be a reaction diagram showing all the participating model species
and the types of reactions between them in PNG, SVG or verbal description in PDF).

To specify the contents explicitly, such as the submodels covered, various annotations at the
Overview tab can be used. These include annotations regarding which biological processes (Gene
Ontology [397]) or which diseases (Human Disease Ontology [401] were modeled. In addition,
the qualitative model may be enriched with explicit lists of the model entities, reactions and
parameters, all extracted from the Components tab of BioModels.

Furthermore, the qualitative model may be linked with explicit assumptions made when
modeling, e.g., the organism considered (annotations based on the NCBI Taxonomy [396]), or
which cell line the data was based on (BRENDA Tissue Ontology [339]). In BioModels, the
ontology tags are given using various qualifiers. For instance, Overview/hasTazon refers to the
field named hasTaxon in the tab named Overview of the BioModels database, which may be
linked to the concept Homo Sapiens of the NCBI Taxonomy [396].

Additionally, the qualitative model may refer to the modeling methodology to implement it,
annotated using the Mathematical Modeling Ontology [323]. For the models in BioModels, these
are typically ordinary differential equations (ODE).

Simulation Model: The simulation model entities contain essential information such as a short
description, including the abstract of the corresponding scientific publication(s) and instructions
for reproducibility (all from the Overview tab). In addition, the specification format (typically
SBML or CellML) can be stored together with the actual file containing the executable model
specification (provided by the Files tab). Some models may be given in multiple formats. For
instance, specifications in the OWL-based BioPAX exchange format [402] or Scilab [403] may
be autogenerated by the Systems Biology Format Converter [404] from an SBML specification
(often done in older database entries). Metadata of the simulation model also includes version
timestamps and submitter names. For instance, Padala et al.’s latest model submission was on
March 21st, 2019 (extracted from the History tab).

Simulation Experiment, Simulation Data, Input Data: References, the file formats, and
possibly descriptions can be extracted and added to the recognized simulation experiment, input
data or simulation data entities, in a similar fashion to the extraction of the simulation model
and the qualitative model. In case of the Padala et al. simulation study, no files belonging to
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experiments or data can be found. For other models, however, a COPASI or SED-ML file may
be included as part of the simulation experiment. What formats are available depends on the
database and what formats are currently supported or rather were supported at the time the
model was uploaded.

Curation Data: Metadata of the curation data (extracted from the Curation tab) includes a
short description, the software version used for simulation or plotting, the date and time of the
curation, as well as the format and references of the reproduced figures. E.g., for the Padala et al.
model Figures 5C and D were reproduced using COPASI 4.19 (Build 140). The information is
typically added to the database by the curator in a short comment. In the future, this comment
could be further expanded to explicitly annotate which parameter settings were required to
successfully reproduce the data or figures from the publication, and to represent this information
in a more structured manner.

Publication: With respect to the curation, metadata about the publication to which the
simulation results are compared to have to be added. This information is usually given as a URL
or DOI in the database entry (Overview tab) that references the journal article or conference
paper in which the model was published.

3) Deriving the Activities and Dependencies

Provenance graphs are more than just information about individual entities. Once the entities
have been identified and filled with metadata, they can be connected by activities and relationships.
Table 4.4 provides an overview of the different activity types and the types of entities they use or
generate. Those “activity patterns” assist in identifying what type of activity was conducted.
Version by version, the available entities are taken into account to derive the necessary activity
and dependency types as follows.

1. If conceptual model entities (e.g., a qualitative model) exist, a Building Conceptual Model
(BCM) activity is created, with the conceptual model entities as its outputs, and the
preceding conceptual model entities (if available) as input.

2. If a simulation model entity exists, a Building Simulation Model (BSM) activity can be
created, using the previous simulation model and entities of the conceptual model (if
available) as input, and the new simulation model as output.

3. For each simulation experiment entity that exists, an Analyzing Simulation Model (ASM)
activity is added, with the simulation model and possibly data as input, and the simulation
experiment, and (if available) corresponding simulation data as output.

4. If curation data and publication exist for the current version, a Curating Simulation Model
(C) activity is created, taking the publication as input, as well as the simulation model
and possibly a simulation experiment and input or simulation data, and generating the
curation data.

5. Connecting a curation activity to the right versions of inputs and outputs is particularly
tricky. In the special cases, where there is no public model version that can be used as
input to the curation, closed versions will be added as proxy entities within the provenance
graph. With respect to the outputs, the curation activity may have immediately produced
a new version in the database. Thus, all entities of this subsequent version (including
qualitative model and simulation model) can directly be added to the provenance graph as
outputs of the curation—and the version is skipped by the provenance extractor. To assess
if the curation process changed the entities, the timestamp of the revisions and curations
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Table 4.4: Types of provenance activities, what inputs they use, and what outputs they generate.

Activity Used Generated
Building Conceptual Model Entities of the Conceptual Model Entities of the Conceptual Model
Building Simulation Model Entities of the Conceptual Simulation Model

Model, Simulation Model

Analyzing Simulation Model

Simulation Model, Input Data

Simulation Experiment, Simula-
tion Data

Curating Simulation Model Publication, Simulation Model, Curation Data, Simulation
Simulation Experiment, Input Model, Simulation Experiment,
Data, Simulation Data Entities of the Conceptual

Model

can be compared. As a heuristic, the difference between the two dates is used: if it lies
approximately within a day, a causal relationship between the curation process and the
creation of new (functional and reproducible) versions of the entities can be assumed (e.g.,
some errors were spotted and fixed immediately). For instance, in the simulation study
by Padala et al., the curation activity C1 was based on SM1 and produced the entities of
QM2 and SM2, see Figure 4.8.

4) Connecting to Related Simulation Studies

Finally, the database page may provide links to previous models based on which the model at
hand was developed. In BioModels, e.g., the related models are referenced via the isDerived From-
qualifier. These relationships are of particular interest when creating provenance graphs to tell
the tale about a family of models [43].

Depending on whether a database entry exists for the related model or only the publication is
referenced, either the same procedure as described above is then applied for the related studies
recursively, or a single entity is added as proxy for the related model. To connect two studies, a
used-relationship is drawn from the first Building Simulation Model activity of the current study
to the last version of the related model (or the related model proxy).

In the running example, the study by Padala et al. is related to several other simulation
studies. Three of them are explicitly given in BioModels and provenance graphs for those can be
created as well, as shown in Figure 4.8. Some of these studies are based on other models too,
and thus the provenance graphs can be interlinked further.

4.3.4 Implementation

As proof-of-concept of the presented approach, a web crawler was implemented as a first prototype
using Java 8 and the jsoup HTML parser. This tool enables the extraction of provenance
information, which can be exported to JSON, a format compatible with provenance editors such
as WebProv. It effectively implements the four-step procedure described above for creating a
provenance graph from a given BioModels database entry.

The prototype is openly available in a GitLab repository®”. The repository also contains visual
representations of the provenance graphs generated during the case study.

The tool’s primary purpose is to facilitate the transformation of legacy simulation studies from
the BioModels database into detailed provenance graphs. It also serves in making explicit the
relationship between BioModels and provenance graphs of simulation studies in the PROV-DM
standard. In the future, those considerations may aid in seamlessly integrating provenance

*"https://git.informatik.uni-rostock.de/mosi/biomodels-provenance, last accessed 19 July, 2024.
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Orton et al. (2009)

Q Entity QM Qualitative Model ID  Input Data BSM Building Simulation Model
D Activity SM  Simulation Model CD Curation Data ASM Analyzing Simulation Model
SE Simulation Experiment P Publication C  Curating Simulation Model
@—D used-Relationship SD Simulation Data BCM Building Conceptual Model

D—Q wasGeneratedBy-Relationship

Figure 4.8: Provenance graph(s) created from the BioModels entry BIOMD0000000652, i.e., the
Padala et al. study (nodes and edges highlighted in blue) and its related studies.

graphs with BioModels and similar databases. Furthermore, they may facilitate sanity checks for
ensuring consistency between provenance graphs and other metadata of newly submitted models.
The created provenance graphs may be visualized using a provenance editior, enabling users to
easily enhance the information by adding, e.g., more versions, experiments, or additional details
about the conceptual model. The provenance graphs created through this software prototype
thus provide an excellent starting point for users seeking to enrich their (BioModels) records.
The prototype was tested to be compatible with the BioModels build of July 2024. Looking
forward, the concept would ideally be integrated directly within BioModels. This would not only
provide superior support for the users of BioModels but also ensure continuous maintenance of
the database-provenance relationship. Furthermore, integrating provenance with other databases
would extend the scope of automatic experiment generation to additional information sources.

4.3.5 Exploring and Exploiting the Generated Provenance Graph

By applying PROV-DM and the outlined procedure to the case study and its related cell signaling
models, the provenance graph shown in Figure 4.8 can be constructed. The provenance graph
formalizes the model building and curation process of the Padala et al. simulation study [399],
highlighted in blue, and its related simulation studies, and allows visualizing it. Reading the
provenance graph from left to right with the arrows showing back in time, the model building
and curation process was as follows: after uploading the simulation model (SM1) to BioModels,
it was curated (C1) against the reference publication (P1), which resulted in an auto-generated
reaction network as part of the qualitative model (QM2), an updated simulation model (SM2),
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Figure 4.9: Query result showing all the simulation model versions of the Padala et al. study
and the activities that produced them.

and curation data (CD1) referring to Figures 5C and D of the publication. The qualitative model
was later enriched with various context information about the variables and parameters (BCM3,
QM3), and the simulation model was updated (BSM3).

Analyzing a large provenance graph like this, containing multiple connected studies, requires
means for zooming into and out of different subgraphs to effectively explore and exploit the given
information. Assuming that the provenance is stored in the graph database Neo4j, it can be
queried in the Cypher language. In the following, various types of queries are discussed and their
role for automatic experiment generation.

To extract all nodes belonging to a particular simulation study, e.g., Padala et al. (see blue
nodes and edges in Figure 4.8), the following query can be used:

1 MATCH (s:Study {label: ’Padala et al. (2017)’}), (n {studyId: s.id})
2 RETURN n

This query can be refined into a path query, to zoom further into that study, and extract a
path describing all iterations of building the simulation model and showing all associated model
versions:

1 MATCH (s:Study {label: ’Padala et al. (2017)’}), (n {definitionId:
’Simulation Model’}) -[]->(a {studyId: s.id})
2 RETURN n,a

Knowing about the model building steps and the status of the model versions (e.g., if they have
been validated) is crucial for automatic experiment generation. From the query result (depicted
in Figure 4.9) one can see immediately that three versions of the model were published in the
model database. A first version, SM1, was built in a Building Simulation Model activity. Then,
a second, curated version (SM2) was produced during the Curating Simulation Model activity
C1. Later, a third version (SM3) was created.

It is observed that the curation was conducted using the initial version of the simulation model
(SM1). This prompts the question of whether the validity of the third model (SM3) remains
intact or if it necessitates another round of curation after model building BSM3. If so, simulation
experiments would need to be generated for the curation process. The subsequent query provides
a means to inquire about all inputs and outputs of curation activity C1:

1 MATCH (s:Study {label: ’Padala et al. (2017)’}), (n)-[1->(a
{definitionId: ’Curating Simulation Model’, studyId: s.id})-[]1->(m)
2 RETURN n,a,m

The outcome of the query is presented in Figure 4.10. To further interpret the extracted
activities and entities, as well as to determine the actual changes made between different versions,
metadata of the entities needs to be considered. In contrast to model databases and their current
implementations, provenance offers the advantage of structured metadata organized by entity
type. This structural organization facilitates the use of queries to extract specific metadata. The
following Cypher query, for instance, returns the software used for reproducing the data.
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Figure 4.10: Query result showing the curating simulation model activity of the Padala et al.
study and all the entities involved.

1 MATCH (s:Study {label: ’Padala et al. (2017)’}), (n {label: ’CD1’,
studyId: s.id})
2 RETURN n.software

The query returns “COPASI 4.19 (Build 140)” as the simulation tool and Matlab R2014b as the
tools for obtaining the plots. Thus, when automatically repeating the curation, it is necessary to
check for software bindings to these (versions of the) tools or, if required, adapt the code for a
more recent version of the software.

Zooming back out, provenance assists in elucidating the relationships between simulation
studies, and therefore the bigger picture of a research field, here specifically a family of cell
signaling models (including the Wnt signaling pathway). This query aims to identify the different
model building activities wherein a simulation model was built by extension or composition of
other models:

1 MATCH (n {definitionId: ’Simulation Model’})-[]->(a)-[]->(m
{definitionId: ’Simulation Model’})

2 WHERE n.studyId <> m.studyId

3 RETURN n,a,m

Figure 4.11 presents the result of this query. By tracing the relationship-arrows back in time, it
becomes evident that the model by Padala et al. was constructed by extension and composition of
three other models. Further examination reveals that these models themselves have associations
with other models. For instance, it is apparent that both Padala et al. and Orton et al. models
were developed upon the model by Brown et al. Additionally, the model by Kim et al. was built
by composition of two other models, namely Lee et al. 2003 and Cho et al. 2003, although it
should be noted that there are no existing BioModels entries for these two models. Extracting this
information about model extension and composition is a crucial step in experiment generation.
It helps to identify points in the simulation studies, where cross-checks between models should
be conducted, e.g., by validating if requirements or data from the previous studies can still be
reproduced or by testing the impact certain inherited assumptions have on the new model.

Last but not least, the provenance graph assists in quickly identifying simulation experiments
to automatically reuse and adapt within the same or in a continuing simulation study. Consider,
for example, the following query:

1 MATCH (n)-[]1->(a {definitionId: °’Analyzing Simulation Model’2}) -[]->(m)
2 RETURN n,a,m

Its result comprises all analyzing simulation model activities that yielded simulation experiment
entities, as shown in Figure 4.12. The query, however, also helps in identifying possibly missing
information. Notably, it can be seen that only few simulation experiment entities were made
explicit in those studies. For instance, in the study by Orton et al., only two experiment
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Figure 4.11: Query result showing all simulation model extensions and compositions.

specifications were provided, while in the remaining studies, none were identified by the query—
although explicit simulation experiments are integral for the reproducibility and reusability of a
simulation study. Thus, in studies where information about experiments is sparse, the modeler
could specifically be asked to provide additional information, or one could try to reconstruct
information automatically from other sources.

In conclusion, the case study underlined how provenance reveals the intricate relationships in
a simulation study. It reveals crucial aspects such as the accessibility of individual entities, the
context in which they were produced, the relationships between entities, activities and studies, as
well as the presence of rich metadata. Based on graph queries, this information can be extracted
and reused for automatic experiment generation. Having the provenance graphs stored as part of
online repositories ensures accessibility of the information.

However, in the current state, the provenance graphs that can be generated from BioModels
only rarely include the entities of the conceptual model (especially those other than the qualitative
model) and simulation experiments. If provenance is eventually captured from the beginning
and recorded alongside each activity conducted in the simulation study, more comprehensive
provenance graphs can be achieved, such as the one illustrated in Figure 4.13. There, the
conceptual model is further resolved into the different research questions, qualitative models,
assumptions, and data. Those entity types can then be explicitly linked to the various kinds of
simulation experiments, including calibration, validation, and analysis. Moreover, this approach
allows for a more fine-grained connection between related simulation studies, e.g., by displaying
the various instances in which wet-lab data or an assumption was reused.

Figure 4.12: Query result showing all analyzing simulation model activities conducted in this
family of models.
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Figure 4.13: Provenance graph of the Wnt signaling simulation study by Haack et al. [31],
including a research question, assumptions, qualitative models, wet-lab data, and
various simulation experiments and simulation data. Adapted from Budde et al. [43].

4.3.6 Discussion

Documenting the provenance of a simulation study’s main products plays a crucial role in
improving the understanding of simulation models as well as their reproducibility and reusability.
The increasing requirements regarding the reproducibility and reusability of models necessitate
explicit, formalized information about how a simulation model was developed and used, including
information about the conceptual model and simulation experiments.

Provenance, particularly the PROV-DM standard, has been introduced as a valuable solution.
Furthermore, integrating provenance with various other software for supporting and documenting
simulation studies has become an essential goal. While integration with workflows, for instance,
has been extensively discussed, the potential synergies between provenance and model databases
have not yet been explored. However, making provenance information computationally accessible
and exploitable (e.g., in a model database) is crucial for developing tools for (partly) automating
simulation studies, such as by automatic experiment generation.

Within model databases already an ample collection of simulation models exists, including
metainformation and source files. This section was dedicated towards bridging the gap between
this information contained in model databases and the PROV-DM provenance standard, which
facilitates making the diverse products and their relationships formally explicit. A four-step
procedure was devised for creating provenance graphs from entries in a model database—an
approach that can benefit databases that want to introduce provenance for existing records
and also link it to newly recorded provenance. The steps comprise setting up a data model,
recognizing the entities, extracting metainformation about these entities, deriving the activities
and relationships, and connecting them to related simulation studies. The concept is illustrated
using the BioModels database and various related cell signaling models as a case study.

The resulting PROV-DM representations constitute a valuable addition to model databases
like BioModels by making the development, curation, and analysis process of a model transparent.
The provenance graphs provide a structured, formalized, and machine-accessible view on the
simulation studies, their products, and metadata. Graph queries allow extracting the various
entities and activities that played a role in producing the study results and reveal the dependencies
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between related studies. The results of the graphs queries can be automatically interpreted
and reused to inform and steer the generation of simulation experiments. Furthermore, the
generated PROV-DM graphs can be a starting point for collecting more information about all
the model building and experimentation steps that have not initially been shared but would be
required to fully understand and reuse the various artifacts. This includes making the experiment
specifications explicit.

In future work, the various means for capturing, managing and navigating provenance may be
enhanced. Those may include new provenance editors or user-friendly query languages. As part
of this effort, it will be crucial to customize the provenance data model for the specific model
database and its application domains. Currently, not all types of entities (such as Simulation
Data, Input Data, or Assumptions of the conceptual model) are universally documented and
published for all models. Consequently, they cannot be transformed into provenance graphs by the
presented approach. However, with the increasing awareness for reproducibility, publishing these
entities will become more common. For larger simulation studies, it could also be interesting to
add agents and roles to the provenance graphs to make explicit who contributed during modeling,
analysis, or curation.

Naturally, for studies already present in the model database, the generated provenance graphs
are limited in scope and focus primarily on the curation history since those models are typically
uploaded to the database after they have been published in a journal and therefore only minor
changes after publication can be tracked. To get a more comprehensive picture of the simulation
study, the curation history (after publication) could be integrated with the development history
(before publication). This may be extracted from GitHub commit logs [405]. In contrast, for new
simulation studies, it is recommended to capture provenance transparently and right from the
beginning to get the entire story of how the different products came into being.

In either scenario, the created provenance views on top of model databases will assist scientists
and software tools in better understanding the simulation studies, both manually and auto-
matically. Provenance also enables them to uncover mistakes as well as inconsistent or missing
documentation. For example, the provenance representation can help to identify whether or when
a curation needs to be repeated after updates on the central entities, such as simulation models
or simulation experiments, allowing the respective simulation experiments to be automatically
reused and adapted accordingly. Additionally, provenance can help users and software tools to
trace back the reasons why models do not produce the same results as in the corresponding
publication, ultimately improving the quality and reproducibility of studies.

For now, the provenance graphs are created by a tool developed as proof of concept (see
Section 4.3.4). In the future, however, the presented approach can be implemented as an integral
part of the various model databases to automatically create provenance graphs for submitted
models, and therefore not to burden the modelers with this task. Also, drawing sophisticated
conclusions from the graphs can be supported by tools that, e.g., automatically interpret the
changes between different versions of the simulation models [406] or other entities. But correctly
interpreting changes in computational models is a difficult problem and will need to be investigated
further [407].

Although the concept was illustrated and tested specifically for the BioModels database, the
general procedure can be transferred to other model databases, e.g., the CoOMSES Model Library
for computational models in social and ecological sciences [256]. The CoMSES Model Library
offers features that are key to the presented approach, including model revisions, peer review, file
uploads, and annotations. However, there are some fundamental differences between BioModels
and CoMSES that would need to be addressed. First of all, the scope of BioModels is reserved
for models from systems biology and biomedicine, typically specified as ODE systems. This
well-defined domain provides numerous ontologies and standardized formats that can be exploited
to extract provenance entities and metainformation. CoMSES, on the other hand, focuses on
agent-based models but is open to a wide range of application fields. While models can be tagged
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with keywords, ontologies or structured vocabularies rarely exist for these domains. Furthermore,
in agent-based modeling frameworks, such as NetLogo [282], often no clear separation of concerns
between simulation model and simulation experiment exists, which limits the types of provenance
entities and activities that can be applied. However, with wider adoption of specification languages
and frameworks for reproducible simulation experiments like the NLRX R package [192| this gap
can be overcome.

Another interesting aspect worth further investigation is the relation between provenance
and other forms of documentation. This may include narrative-based reporting guidelines like
ODD that are increasingly published as supplements to the simulation models, along with the
use of semantic annotations through ontologies. An initial comparison was already made in
Section 4.3.1. However, additional work is needed towards effectively integrating these approaches
such that the strengths of each can be leveraged.

Finally, provenance graphs serve as an enabling factor for the automatic support of simulation
studies by making the central products and their relationships explicit and therefore machine-
exploitable. The following Chapter 5 will explore the automatic generation of simulation
experiments based on provenance graphs. In this approach, important structural patterns and
metadata are identified and queried to extract the necessary information for experiment reuse
and adaption.

4.4 Summary

Contextual information about simulation studies is essential as it lays the ground for the entire
process of model building, model analysis, and results interpretation. Context includes various
artifacts of the conceptual model, which encompass research objectives, requirements, approaches,
assumptions, simplifications, qualitative models, as well as data and information sources.

In addition, understanding how these different artifacts relate to each other is crucial context
information. This involves details about how the simulation model was successively refined and
analyzed and how the conceptual model, along with various data, contributed to this process. Of
equal importance are the relations to other simulation studies. Identifying which previous models
have been extended or composed, and which data or experiments were reused for calibration or
validation, provides valuable insights.

In this chapter, two approaches have been presented to make contextual information explicit
such that it can be exploited for improving the process of conducting a simulation study, e.g., by
automatic experiment generation. First, a comprehensive and partially formalized definition of
the conceptual model has been proposed. This integrated approach allows specifying the contents
of various artifacts and establishing references between their data models. An implementation as
a MediaWiki facilitates easy specification and browsing of artifacts, illustrated by the conceptual
model of the Wnt simulation study (Haack et al., 2015). The case study also emphasizes the
role of these artifacts during simulation studies and highlights the importance of explicit and
formalized representation. Second, the combination of provenance graphs and model databases
was leveraged to tell and share the entire story of a simulation study: PROV-DM graphs relate
activities and artifacts even across simulation studies while model databases enable sharing and
managing provenance information within a modeling community. A case study of a family of
cell signaling models from the BioModels database (Padala et al., 2017 and related models)
demonstrates how structured, formal, accessible, and queryable representations of provenance can
uncover missing information or inconsistencies in the simulation studies. Moreover, the context
in which a model was developed may be explored and exploited semi-automatically to support
modelers in conducting their simulation studies.

Although both presented approaches can already be supplemented with tags from domain-
specific ontologies, future work should further address domain-specific constraints in making
choices about modeling and analysis, and develop further ontologies where necessary. Additionally,
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rules about methodological interrelations may have to be specialized for specific domains, as
different domains may require particular workflows or state-of-the-art methods for their simulation
experiments. Further investigation is needed to explore these differences, particularly concerning
the usage of different experiment types, such as optimization, statistical model checking, etc.,
and to determine the necessary context for making informed decisions about the next steps in
building and analyzing the simulation model.

In terms of collecting the vast context information, future work needs to consider and explore
new avenues. For instance, natural language processing and process mining techniques may be
employed for extracting and organizing relevant information from the scientific literature and
code repositories. Advanced approaches for transparent and seamless provenance capture should
also be explored. Moreover, conducting large-scale surveys among modeling experts and domain
experts may yield valuable insights. Regarding the formalization of context, formal languages
for specifying the metadata contained in the artifacts of the conceptual model as well as other
provenance entities may be investigated further. For instance, specialized DSLs for specific
kinds of requirements may be developed. Last but not least, promoting the adoption of these
approaches in various communities is crucial. This can be achieved by showcasing the advantages
of making context information explicit, and by developing means for (quantitative) evaluation to
provide evidence of their effectiveness. Integration with established platforms, such as various
model databases, will also play a key role in facilitating widespread adoption.

The case studies shown in this chapter have already demonstrated the practicality of the
approaches for making context of a simulation study explicit (including their artifacts, activities,
and relations), revealing their potential for supporting entire simulation studies automatically.
Chapter 5 takes this explicit context given by provenance graphs and the conceptual model as
well as explicit experiment specifications (see Chapter 3) and combines them in a reuse-and-
adapt framework for simulation experiments. This framework allows automatically generating
simulation experiments in the context of current and previous activities of a simulation study
and their associated artifacts.
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Reuse and Adaption

5.1 Motivation

Simulation experiments reveal important information about the behavior of a model. Therefore,
a wide variety of simulation experiments are conducted during a simulation study [2, 3]. Au-
tomatically generating and executing simulation experiments allows simulation studies to be
conducted in an easier and more systematic manner. One option lies in the reuse of simulation
experiments. In [229, 228|, a regression testing approach was proposed in which statistical
model checking experiments [159] were reused to check whether the extension or composition of
simulation models still exhibits certain behavioral properties. The properties can be interpreted as
requirements [223] or hypotheses [219], specifying the expected output behavior of the simulation
model that needs to be tested during the development of the simulation model. In the area
of cardiac cellular electrophysiology, simulation experiments have been automatically reused
to compare different model variants specified in CellML to assess the underlying hypotheses
about the mechanisms (reflected in the structure of the models) and their validity [195]. Other
approaches focus on the reuse of a simulation experiment’s results (outputs) for settings in
which experiments are performed repeatedly with the same simulation model, e.g., with various
parameter configurations, and aim to increase computational efficiency by avoiding the execution
of simulation experiments [408|.

In the above approaches, the type of simulation experiment or the kind of simulation model
(including the modeling formalisms) have been constrained to support an automatic reuse of
simulation experiments in a specific setting. However, various simulation experiments tend to be
conducted repeatably with different variants of the simulation model during its development,
and thus the repetition of simulation experiments forms a salient feature of the modeling and
simulation life cycle. Moreover, having a first simulation experiment already specified gives
direction for the steps to come.

To approach the question of how to support the automatic reuse of simulation experiments
more generally during simulation studies, necessary ingredients and accessible information sources
need to be identified. A prerequisite for the reuse of simulation experiments is a clear separation
of concerns between model, simulator, and simulation experiment. In addition, simulation
experiments need to be explicitly specified to be accessible and reusable [212]. Over the last
two decades, various approaches have been developed that allow an explicit specification of
simulation experiments. To those belong model-based approaches such as [222], domain-specific
languages such as SESSL [36], or standardized formats such as SED-ML [193|. Only if simulation
experiments are explicitly specified, they can be automatically interpreted. Their interpretation
is facilitated by schemas [221] and metamodels [17] for the different types of experiments, possibly
complemented by ontologies about their various roles [223|, designs [120], and methods [238].

Also the past contains valuable information that can be exploited in a variation of Santayana’s
phrase “Those who cannot remember the past are condemned to repeat it”: Those who can
remember and interpret the past can effectively plan the steps ahead, which might include, in the
case of simulation studies, a deliberate repetition of steps. Provenance information about simula-
tion models reveals crucial information about a simulation model’s past in terms of how a model
has been developed and executed. This includes information sources as well as activities, such as
the conduction of simulation experiments that contributed to its development [28]. Provenance
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information may be used to relate information sources, activities, and generated entities, within
and beyond individual simulation models thus forming entire families of models [43].

In related work, provenance information from simulation studies has been exploited but
the motivation behind it was different. For instance, provenance about executed simulation
experiments was used to reduce the computational load of simulation platforms by avoiding
duplicate simulations [409]. Other approaches exploited provenance about previous workflow
runs to optimize workflow execution time by allocating the necessary computing resources [410].
In the following, the question will be pursued of how to automatically detect new experiments to
be reused based on what has been done before. The reuse of simulation experiments refers to the
reuse of a simulation experiment specification, which is then adapted and executed.

As the central building block of the approach, typical patterns that can be observed in the
provenance graph’s of simulation studies are defined and associated with semantics. Based on
the patterns, rules are specified that automatically identify experiments to reuse, and then adapt,
generate, and execute a new experiment. Updates of the provenance graph function as triggers
to this process. The approach is implemented as the open-source Reuse and Adapt framework for
Simulation Experiments (RASE). The utility of the framework is demonstrated in two simulation
studies from demography and cell biology, respectively: one aimed at developing a simulation
model to study the impact of information flow on migration, the other aimed at revealing crucial
mechanisms of a central signaling pathway. The case studies show that simulation experiments
as well as other provenance entities can be effectively reused and exploited for automatically
generating a simulation experiment. Finally, the special case in which only information about
context is reused without an earlier experiment as blueprint is discussed.

This chapter is based on the publication [237], which introduced the RASE framework. The
ideas from [19] about generating simulation experiments from scratch have been incorporated in

Section 5.8. Other publications that are loosely related to the work of this chapter are [220, 43,
252].

The approach presented in this chapter now aims to assemble the various concepts for making
simulation experiments and their context explicit, which were discussed in Chapters 3 and 4. The
provenance graphs are the central methodology for expressing knowledge about the relationship
between different kinds of activities and available entities in the form of patterns and rules.
Section 4.3.1 discussed the idea of provenance and described a provenance model for simulation
studies. In addition, several approaches for capturing provenance graphs automatically during a
simulation study were discussed, as well as means for representing and distributing provenance
graphs via model databases (Section 4.3.3). The experiment metamodels and the MDE pipeline
for simulation experiments presented in Chapter 3 are now used within RASE for facilitating
the code generation and adaption. Parsers and generators for domain-specific languages are
required for handling existing simulation experiment specifications in a simulation backend of the
user’s choice. In the adaption of simulation experiments, ontologies are essential in interpreting
changes and disambiguating the information given. Ontologies are also crucial for choosing and
parameterizing the right method for a simulation experiment in alignment with literature and
common practices (see excursus in Appendix B). Currently, the step of selecting the right method
is not considered in this reuse-based approach, but in Section 5.8 the challenges of generating a
simulation experiment from scratch and the integration of ontologies are discussed. And lastly
but equally importantly, provenance information with rich and partly formalized metadata (e.g.,
based on the broader definition of the conceptual model presented in Section 4.2) is crucial in
automatically reusing simulation experiments, determining how the next experiment looks like,
and performing the necessary adaptations automatically. Even more detailed information is
required if simulation experiments shall be generated from scratch.
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5.2 State of the Art

Due to the ongoing reproducibility crisis [243], changes in how simulation studies are conducted
(and thus how simulation experiments are carried out) have been required. Therefore, in recent
years, simulation researchers investigated the reuse or generation of simulation experiments or
parts thereof. Table 5.1 summarizes the state of the art on reusing or generating simulation
experiments with regards to their overall objective, the central methodology applied, the context
information used, the experiment types and the simulation tools supported, and the scope of
the automation (i.e., how the generation process is initiated, and whether the approach can be
used within or across simulation studies). These are compared to the features of the approach
presented in this chapter, i.e., the Reuse and Adapt framework for Simulation Experiments
(RASE).

Hillston et al. [411] and Hillston [241] describe the Experimenter tool as part of the Integrated
Modelling Support Environment (IMSE). It is a tool for creating and running experiments for
performance evaluation and validation of systems. It features both a textual and a graphical
interface that guide the user in planning their experiments. The user can express which workloads
to simulate (input) and what results they are interested in (output), and how the model is to
be executed (control). The Experimenter tool allows for the creation of an experimental plan
that clearly defines the necessary model executions and subsequent analysis of results. This
plan can consist of multiple experimental frames [240], which are small subexperiments with a
common objective (e.g., individual model executions within a parameter scan). There are also
generic, parameterizable plans (templates) that can be tailored to specific needs. This is related
to the concept of using schemas or metamodels to represent the ingredients of an experiment (see
discussion in Chapter 3). Moreover, the planning tool can support experimentation independently
of modeling paradigms and formalims. The experimental plan executor can then automatically
execute the plan, invoking the paradigm-dependent execution engine. As context for the execution,
explicitly defined dependencies between parameters and variables of the simulation model are
used to constrain the search space in the generated parameter scan.

Work by Birta and Ozmizrak discusses the use of pre-structured knowledge for the validation
of simulation models [412]. The objective of their theoretical framework is the generation of
efficient experiment designs for checking behavioral requirements. The approach uses a “validation
knowledge base” that contains the expected behaviors of the simulation model. These may be
quantitative or qualitative requirements.

The model-driven engineering (MDE) based approach by Teran-Somohano et al. [222] targets
the generation of factorial experiment designs for single simulation experiments anywhere in the
life cycle of a simulation study. The experiments are generated based on user inputs submitted
via a GUI, without considering provenance or other context information. Repast is used as the
modeling and simulation tool. However, due to the MDE-based design, other tools could be
interfaced.

Yilmaz et al. demonstrate the potential of MDE for generating experiment designs for
hypothesis testing as part of a goal-hypothesis-experiment framework [227]. The framework does
not automatically target specific steps in the modeling and simulation life cycle; instead, and the
experiment generation has to be triggered by the user by inputting formal hypotheses (derived
from the overall research goals). Consequently, the use of a domain-specific language (DSL) for
the specification of hypotheses is central in this approach. As the framework is merely theoretical,
presently no concrete implementation exists.

In a similar approach, Lorig also uses a DSL for hypothesis specification, and passes the formal
specifications as context information to the experiment generation [219]. From the hypotheses,
hypothesis tests are generated in NetLogo but other agent-based modeling and simulation tools
are discussed as well.

The approach by Peng et al. targets the reuse of statistical model checking experiments
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after model extension [229] and composition [228] to check whether the extended or composed
model still exhibits the expected behavior. In both cases, experiment specifications need to
be adapted to the extended/composed model, whereas the latter case also requires syntactic
and semantic composition of formal hypotheses. Hypotheses are formalized as logic formulas
in Metric Interval Temporal Logic (MITL) [167]; simulation experiments are generated in the
specification language SESSL. The approach bears similarities to RASE, however, the reuse
and adaptation must be triggered by a user, providing the original model(s) and experiment(s),
adaptation information (i.e., a list of changes to be applied), result expectation (logic formulas)
and the extended/composed model as context.

The cardiac electrophysiology web lab, designed by Cooper et al., targets the comparison and
validation of simulation models [195]. Similar to RASE, all models, experiments, and data are
stored in a database. When a user uploads a completed model via the web interface, it can
be automatically cross-checked with other models by running all available experiments on the
new model. A domain ontology assists in selecting the relevant models and experiments from
the database. Due to the limitation to the domain of cardiac electrophysiology, and the use
of well-defined formats and naming conventions, a high degree of automation can be achieved.
However, the process of developing a model, including the various iterations of model building,
calibration, and validation, is not supported.

Ruscheinski et al. [220] also do not incorporate the process of conducting a simulation study,
but aim to generate simulation experiments from scratch using a static documentation. Their
approach is based on templates defined in a template language. Variables of the templates can
be filled with information provided in the model documentation. Specifically, formally specified
requirements in MITL and parameter tables from within the same simulation study are exploited.
To generate an experiment, user inputs are passed to the template engine together with inputs
extracted from the user-provided documentation. The template engine fills in the SESSL code
given by the templates accordingly. Supported experiment types, thus far, are statistical model
checking and local sensitivity analysis.

The artifact-based workflow by Ruscheinski et al. can guide users through the various steps
of a simulation study, and to re-visiting the calibration and validation stages of the simulation
model if certain milestones are achieved or invalidated [223]. Thus, artifacts, their information
models and milestones serve as context, including the conceptual model, requirements, simulation
models, simulation experiments [223], and data [52]. When the validation stage is visited, all
experiments with role validation are (re-)executed in the workflow. The concept of toolboxes
enables the flexible use of different simulation tools and experiment types inside the workflow.
However, the experiments are not automatically specified, adapted and executed by the workflow
but information about artifacts needs to be submitted by the user through the workflow GUI. In
the future, the artifact-based workflow may be combined with RASE: the artifact-based workflow
would function as a provenance recording tool, and RASE would automatically evaluate the
provenance information to generate the next simulation experiment.

In contrast to the existing research, RASE provides a provenance-based mechanism for
automatically reusing, adapting, and executing simulation experiments during the simulation
study. Exploiting provenance information of the simulation study given in the provenance standard
PROV-DM allows RASE to reason about the various model building and experimentation
activities, the entities used and produced, and the precise relationships between them. In the
inference rules, activities can serve as triggers to the experiment generation, and for automatically
selecting suitable simulation experiments to reuse. Thus, the approach is not restricted to specific
settings, i.e., it uses provenance patterns to recognize whether a calibration, validation, or analysis
experiment is needed. In addition, it can cover any experiment type, be it factorial scan, statistical
model checking or optimization. Furthermore, provenance contains valuable information about
the context of the simulation experiments that allows for an automatic adaption of the reused
experiment specifications. Provenance used by RASE includes at least the research questions,
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assumptions, requirements, qualitative models, simulation models, simulation experiments, and
data. Other entities may be added on demand. In contrast to Peng et al., where the adaption
information needs to be provided by the user specifically for each experiment generation, this
information can now be automatically extracted from the provenance of the simulation study.
Integrating this with an MDE approach for generating and translating simulation experiments
allows RASE to flexibly support a variety of experiment types and a variety of modeling and
simulation tools. In contrast to Ruscheinski et al. [223], the built-in MDE pipeline also facilitates
automatic reuse across simulation studies, even if they use different tooling, as experiment
specifications can be translated automatically.

5.3 Typical Reuse Scenarios in Simulation Studies

According to the International Vocabulary for Metrology [413], there are different levels of reuse.
These definitions have also been adopted by the ACM (Association for Computing Machinery),
in agreement with the National Information Standards Organization (NISO), for their artifact
reviewing process®®.

The first level is repeatability, which refers to the repetition of an experiment within the same
simulation study, typically by the same investigators with the same experimental setup. The
second level is reproducibility, i.e., repeating an experiment outside the simulation study, but
with the same experimental setup. The third level is replicability, i.e., enabling the reuse of a
simulation experiment in a different study with a different experimental setup. This includes,
e.g., using another language or tool to specify and run the experiment, or using a different set of
validation data. Finally, ACM also recognizes that simulation studies should be “documented and
well-structured to the extent that reuse and repurposing is facilitated”. Therefore, repurposing
can be seen as a fourth level of reuse, where the products of a simulation study are reused outside
of the original context with a new intention.

The following subsections describe various scenarios in which the proposed framework, RASE,
could be of assistance. Although all of these scenarios can be associated with one or more of the
four reuse levels, the distinction is not so clear and depends on the given context, as in the case
of re-validation (see Section 5.3.1). The re-validation scenario could be interpreted either as a)
repeating if the experiment is reused in the same study and the input and configuration of the
experiment were not affected by the last model refinement, b) reproducing if the experiment is
reused in another study but with the same configuration, c) replicating if, e.g., new data are
used as a reference for the validation, or d) neither of those if different experimental setups are
assessed inside the same simulation study. Furthermore, in practice these terms are often used
interchangeably.

Therefore, this chapter will not use the above definitions but merely refer to either the reuse of
simulation experiments and other products within the same simulation study, or the reuse across
studies, i.e., the reused entities are taken from another related simulation study, presuming that
the provenance graphs of the two studies are connected. In both cases, simulation experiments
are repeated and data are reproduced with regard to the current situation and the context of
the reused entities. Note also that the following scenarios apply to simulation studies where
the development of a valid simulation model is the focus. In these kinds of studies, the reuse
of simulation experiments is typically evoked by the creation of a new simulation model or
simulation model version.

As discussed in Section 2.2.1, there is some literature that argues for distinguishing the role of
a simulation experiment between calibration, validation, and analysis. All of these may pertain
to various types of simulation experiments, e.g., a sensitivity analysis experiment for analyzing
the simulation model (cf. Section 2.2.3). The approach pursued in RASE and the supported

"®https://www.acm.org/publications/policies/artifact-review-and-badging-current, last accessed 19
July, 2024.
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5.3 Typical Reuse Scenarios in Simulation Studies

scenarios will be structured accordingly, referring to the reuse of simulation experiments for
calibration, validation, and analysis.

5.3.1 Repeated Model Validation after Model Extension and Composition

Validation is an important task in the modeling and simulation life cycle. It is the process of
substantiating whether the model behaves consistently with the modeler’s expectations, e.g.,
regarding data that has been measured in the real system [100]. However, the model development
is usually not completed after the first validation. Further model features are added, and the
modeler moves again through the phases of the modeling and simulation life cycle. Making
changes to the simulation model then requires re-validating it, as manifested in the artifact-based
workflow by Ruscheinski et al. [223] and the reuse of simulation experiments for model extension
by Peng et al. [229]. In software engineering, successive validation is known as regression testing:
“Regression testing is performed between two different versions of software in order to provide
confidence that the newly introduced features of the [system under test| do not interfere with the
existing features” [414]. For the scientific community, also test-driven model validation procedures
have been proposed [415].

A special case of this regression testing occurs in model composition. Frequently, models
are not built from scratch but are created by composition of existing models. The composed
models may have been developed as separate modules during the same simulation study or
may originate from different, previously conducted simulations studies. For instance, during
the COVID-19 crisis, the composition of modules previously validated against independent data
enabled the rapid development of a model to inform policy decisions in Austria [416]. Once two
or more (validated) models have been merged, it should be evaluated if everything still behaves
as expected [228]. Thus, validation experiments that were conducted with the individual models
are typically repeated with the composed model. This process applies independently of the used
tools and formats, and for true composition as well as model fusion. In composition, models are
constructed from interacting submodels, whereas in fusion, models are combined irreversibly and
the identities of the submodels vanish [417]. In multi-disciplinary studies, the composition might
also refer to a co-simulation [418], where after orchestration of the simulation units, requirement
checks are repeated on the global level before the partial solutions are combined.

5.3.2 Repeated Model Calibration

Calibration, also called model fitting, is the process of finding a parameterization of the model that
can reproduce observed behavior of the real system [100]. While calibration and validation both
typically relate to real data, the conclusions drawn from them are essentially different. Whereas
calibration refers to adjusting the input parameters such that the resulting agreement of the model
output with a chosen set of experimental data is maximized, the goal of validation is to establish
confidence in the model predictions [151]. Therefore, if previous calibration experiments exist in a
simulation study, they should be repeated before the validation experiments. Consequently, when
a new model version is produced, calibration experiments are repeated. Only if the calibration
was successful, can the validation be attempted. If the model cannot be calibrated such that it
reproduces the data with sufficient accuracy, further model revisions are necessary.

5.3.3 Repeated Model Analysis

In simulation studies, many experiments are conducted that do not serve as validation or calibra-
tion. Nevertheless, they still reveal important information about the model, e.g., via parameter
scans, optimization, sensitivity analysis, perturbation analysis, or time course analysis [43]. It
could be argued that all experiments contribute to the validation of the simulation model as they
increase the trust that the right model has been built. In the context of this work, it is assumed
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that validation experiments are experiments that are distinguished as such by the modelers, and
whose outcome can be evaluated as a success or failure, see also [223]. Especially sensitivity
analysis is increasingly becoming an integral part of simulation studies as it allows quantifying
how the parameters contribute to the uncertainty in the model output [419]. It is becoming good
practice to attach each model version with uncertainty and sensitivity information. Therefore,
automatically reusing and repeating sensitivity analysis experiments after each major model
version is instrumental in enhancing the quality of simulation models.

5.3.4 Cross-Validation with Related Simulation Studies

Cross-validation, or model alignment, is the process of comparing a simulation model with
another, independently developed model [420]. In particular, models that deal with a similar
research question should be able to reproduce each other’s results. By comparing (i.e., validating)
simulation models with other, already calibrated and validated models, a “domain validity” can
be achieved and overall confidence in the models can be established. To facilitate cross-validation,
simulation experiments conducted with related, validated models should be reused and adapted
in the validation activities of the current simulation study.

5.3.5 Comparison of Alternative Implementations

Usually, there is not just one way of modeling a system. From the same conceptual model different
computerized models can be built. For example, the same model can be simulated using discrete
event simulation (based on continuous-time Markov chains) or using system dynamics (based on
ordinary differential equations), and with or without spatial features. Comparing alternative
modeling and simulation approaches is crucial, e.g., to uncover discrepancies in simulation results,
or to find a more efficient implementation in terms of simulation runtime.

The comparison is done by reusing and reapplying simulation experiments that were conducted
with the other model implementation. Sometimes this comparison is done as part of the same
simulation study, e.g., when switching to a different platform to improve performance. However,
the re-implementation of a previous model could also be the primary goal of a simulation study
to gain a better understanding and confidence in the results [421]. In this case, simulation
experiments have to be reused across simulation studies.

5.3.6 Synchronization of Concurrently Developed Models

In large simulation studies, often numerous models, e.g., candidate models or submodels, are
developed concurrently. This can be either the work of a single modeler or multiple modelers
in a collaborative simulation study. In collaborative workflows, the sharing and reusing of
data and other products between peers is crucial to keep the work on the different branches
synchronized [422|. For instance, when one modeler completes a calibration in one branch, this
could trigger new experiments for the other submodels based on the calibration results.

5.4 Reuse and Adapt Framework for Simulation Experiments

To automate the reuse of simulation experiments as in the scenarios described above, the Reuse
and Adapt framework for Simulation Experiments (RASE) is proposed. The framework presents a
provenance-based mechanism for reusing simulation experiments either within or across simulation
studies. It exploits the observation that certain user activities of the modeling and simulation
life cycle produce characteristic patterns in the provenance graphs. Based on such patterns, the
production rules of a graph transformation system can be constructed. In the following, first
the architecture of the framework is introduced. Next, the provenance graph transformation
system is defined, which allows producing new experiment activities based on patterns of the last
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Figure 5.1: Overview of the reuse and adapt framework for simulation experiments (RASE).
Adapted from [237].

modeling activity and previously conducted simulation experiments. The section concludes with
the question of how to adapt simulation experiment specifications by taking context information
about the latest model building activity into account.

5.4.1 Architecture

Figure 5.1 provides an overview of the framework’s architecture. The entry point is the application
programming interface (API) that allows submitting provenance from a variety of applications,
ideally on-the-fly while the modeler works on the simulation study. The provenance recording
applications may be stand-alone GUIs or workflow systems that capture provenance while the
users run through a number of workflow stages. The recorded provenance is stored in a graph
database. RASE observes the database and recognizes when a new activity is committed. Each
newly added activity initiates the evaluation of the provenance graph transformation rules. When
a rule can be applied, and thus an experiment shall be reused for a new simulation model, the
graph transformation system coordinates with the adaption and generation component. This
component is required to transform the old experiment specification to the context of the new
simulation model. The adaption is based on a model-driven engineering (MDE) approach that
uses metamodels for automatically identifying and accessing the parts of experiment specifications
that have to be adapted based on new provenance information. In some cases, however, it might
be necessary to interact with the user during this step as they may carry relevant yet implicit
knowledge about the simulation study. For example, via the API the modeler may be asked to
specify a requirement in a formal manner or to review the adapted experiment design. After the
adaptions, the MDE component generates experiment code for a specific modeling and simulation
tool called backend. The code can be automatically executed using a backend binding. When
the experiment terminates, the simulation results are returned to the graph transformation
component and added to the provenance graph, as they contain valuable new information about
the simulation study that needs to be documented. The new provenance created by the rule
evaluation can be displayed to the user via the APIL.

Note that for now, the framework expects a provenance model that provides a macro-level view
on the provenance (see also discussion in Section 4.3.1). This allows it to efficiently interpret
the intention behind an activity (e.g., calibration vs. validation). If provenance is recorded on a
more fine-grained level, aggregation methods are used to obtain the required provenance view.
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However, in the future, this framework could work on arbitrary provenance views if adequate
patterns and rules were specified. The configuration of the rules and patterns can be done by
any user of the framework via the API.

5.4.2 Experiment Reuse by Provenance Graph Transformation Rules

The framework is driven by rules made up of provenance patterns, which form a graph transfor-
mation system that, based on a given provenance graph, extends this graph with new simulation
experiments.

Provenance Patterns in Simulation Studies

Provenance patterns are the central building block for RASE. A provenance pattern defines
an interesting subgraph of a provenance graph in terms of the contained types of nodes and
relationships as well as metadata. Associating provenance patterns with semantics of modeling
and simulation enables RASE to interpret what happened during the simulation study. In
particular, patterns are used in four ways.

1. Trigger patterns initiate the reuse, adaption, and execution of certain experiments. In the
dissertation at hand, the focus is on experiment reuse after changes in a simulation model
have been detected. A trigger pattern, thus, always denotes a provenance activity that
produces a simulation model. Once a trigger pattern matches in the current provenance
graph, all the involved provenance nodes and relationships are retrieved as context for the
experiment generation. Note that, especially if more fine-grained provenance information is
available, other triggers that do not produce a simulation model might be possible (e.g.,
the successful or failed execution of an experiment or the specification of a behavioral
requirement).

2. Ezxperiment patterns are used to identify previous simulation experiments. They describe
either a provenance activity with a specific role w.r.t. experimentation, e.g., model
calibration, validation, or analysis [43], or an activity that produces an experiment of a
specific type, such as sensitivity analysis or statistical model checking. If a pattern matches,
the respective nodes and edges are retrieved as context for the experiment generation.

3. Eventually, from the retrieved provenance information a new activity as well as new entities
for the adapted simulation experiment and its results will be generated. For this, experiment
patterns are used as blueprints for creating the respective nodes in the provenance graph
and connecting everything correctly.

4. Condition patterns represent the relationship between the trigger patterns, experiment
patterns, and the rest of the provenance graph. They are particularly important when
expressing rules for complex use cases that need to incorporate further context of the
activities.

In the following, various types of trigger patterns, experiment patterns, and condition patterns
are predefined based on experiences with simulation studies (from cell biology) where the
development of a valid model is in focus and thus multiple model iterations are produced [43].
These patterns cover the scenarios described above in Section 5.3 and are illustrated in Figure 5.2.
However, this list is not exhaustive and there may be special use cases and patterns from other
domains. The modular architecture of the framework allows users to add custom patterns and to
use them in defining new rules.

128



5.4 Reuse and Adapt Framework for Simulation Experiments

Refining Simulation Model Creating Simulation Model Re-implementing Simulation Model

@ — @ Trigger Patterns |

SD.status =
success |
failure

» » e SD.status =
success |

failure

Composing Simulation Models Calibrating Simulation Model Validating Simulation Model

R OO ZESOF
Oy o F w

isBasedOn(Simulation Model,

Analyzing Simulation Model I
Simulation Model) nalyzing Simulation Model Sensitivity Analysis

! isBasedOn(SM', SM*) &
! isBasedOn(SM", SM')
<_@ SM.id = SM".id

SD.status =
haveSameOrigin(Simulation Model, areEqual(Simulation Model, success
Simulation Model) Simulation Model)
O Entity Q‘—D Activity used entity SM:  Simulation model D: Data
SE: Simulation experiment R: Requirement
[ ] Aotivity [}« ) Enity was generated by activity SD:  Simulation data X: Wildcard

Figure 5.2: Provenance patterns for interpreting changes in the simulation models (trigger pat-
terns), finding suitable simulation experiments to reuse (experiment patterns), and
expressing the relationship between trigger pattern, experiment pattern, and the rest
of the provenance graph (condition patterns). The patterns show what entities are
required as inputs and outputs for a certain type of activity. The multi-entities (X)
are used as wildcards to capture all remaining inputs, however, they must not contain
entities of the type simulation model (SM). Different entities of the same type are
denoted by the prime symbol (’). Adapted from [237].
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“Refining Simulation Model” Pattern: Model refinement or extension is the typical model-
building step during a simulation study. It involves a single simulation model and produces a new
one. Usually, a variety of other entities are used during a model building step such as research
questions, qualitative models, theories, assumptions, requirements, and data. If the used model
entity belongs to a different simulation study than the generated model, the pattern describes
the extension or refinement of an existing, typically already validated model.

“Creating Simulation Model” Pattern: When a simulation model is created from scratch no
simulation model is used. However, analogously to the refining pattern, various entities can
be used: research questions, qualitative models, theories, assumptions, requirements, data, or
other information sources. The output of the “creating simulation model” activity is an initial
simulation model that is either entirely new or just has not been linked to another study yet.

“Re-Implementing Simulation Model” Pattern: Sometimes models are not refined or extended
but re-implemented using other tools or languages. When re-implementing a simulation model,
the provenance graph reflects this as a model-building activity, i.e., a simulation model is used,
and another simulation model is generated by the activity. But in contrast to extending or
refining, no new conceptual materials (such as a qualitative model, or input data) are used.

“Composing Simulation Model” Pattern: The composition pattern involves two simulation
models as input to an activity (used-dependency). These are fused into a composed model, i.e.,
the output of this activity. Similar to the “refining or creating simulation model” pattern, further
entities can be used that deliver context information about why and how to combine the models.
Moreover, the used models and the composed model may belong to different simulation studies.

“Calibrating Simulation Model” Pattern: In a calibration experiment, the model parameters
are fitted with the help of additional context data. Thus, the input of the “calibrating simulation
model” pattern consists of a simulation model as well as data, or alternatively a requirement entity
(if the requirement, e.g, expresses properties of the target trajectory and a distance measure). The
output of a calibration activity is a simulation experiment containing the experiment specification,
a data entity containing the simulation output and the calibration status (success/failure), as well
as a modified (fitted) simulation model. Of course, further entities are allowed as input to the
calibration, e.g., assumptions, theories or input data, but these are not required. Also, simulation
experiments may be used as input to a calibration. This indicates that the new experiment was
created by reusing a previous experiment.

“Validating Simulation Model” Pattern: The “validating simulation model pattern” looks in
large parts similar to the calibration patterns. Here, also either a data or requirement entity is
needed. As in the case of calibration, other entities can be used, e.g., to input data containing the
initial configuration, or a reused simulation experiment. Products of the validation activity are a
simulation experiment and simulation data indicating the success or failure of the validation. In
contrast to calibration, no new simulation model is generated.

“Analyzing Simulation Model” Pattern: An “analyzing simulation model” activity uses a single
simulation model as input, produces a simulation experiment and simulation data. In contrast to
calibration and validation activities, they do not require specific input entities and their results
are not interpreted as success or failure.

“Sensitivity Analysis” Pattern: The patterns for calibrating, validating, and analyzing the
simulation model may be refined to match experiments of a particular type. Experiment types
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usually cannot be distinguished by a specific pattern structure but rather by the metadata of
the involved entities. For example the analyzing simulation model pattern can be refined to a
“sensitivity analysis” pattern by checking the information model of the experiment entity for a
specific attribute value. This, of course, assumes that the experiment type was made explicit in
the experiment entity’s metadata.

“areEqual”’ Pattern: This pattern takes two simulation models. The two models are considered
to be equal if their IDs, contained in the information models, are equal. This pattern can be
applied to ensure that the used trigger pattern and experiment pattern match the same simulation
model entity. It is applied in the case study, see the rule depicted in Figure 5.7.

“isValidated” Pattern: This pattern is used to describe that a simulation model is validated. A
simulation model is considered to be validated if a simulation experiment exists that was executed
with this model, and the corresponding data entity shows the validation status “successful” in its
information model. In the case study, this pattern is applied in the rule depicted in Figure 5.8.

“isBasedOn” Pattern: This pattern relates two simulation models. A simulation model SM’ is
said to be based on another simulation model SM if a directed path exists in the provenance
graph from SM’ to SM. In the case study, this pattern is applied in the rule depicted in Figure 5.8.

“haveSameOrigin” Pattern: This pattern is used to express that two simulation models (SM’
and SM”) have a common predecessor model from which their development started. This is the
case if there exists a third simulation model SM to which from both SM’ and SM” exists a path,
and SM’ is not based on SM”, and SM” is not based on SM’. This pattern may be applied when
generating simulation experiments for analyzing alternative model variants (i.e., implementations
in different modeling languages or models capturing different hypotheses about the mechanisms
of the modeled system).

Construction of the Rules

The reuse of simulation experiments will be based on a graph transformation system that produces
new simulation experiments and associated nodes and edges in the provenance graph based on
patterns of the last modeling activity and previously conducted simulation experiments. The
graph transformation system is given by a set of production rules R, the so-called reuse rules. A
reuse rule is given in the form (T, E, f) — Egepn, where the left-hand side of the rule consists of a
trigger pattern T', an experiment pattern E, and a condition function f relating the two to each
other and the rest of the provenance graph.

A pattern in RASE can be represented as a set consisting of different “provenance objects”, i.e.,
entity nodes, activity nodes and relationships. A trigger pattern is a provenance graph that is
currently considered to contain exactly one activity node and one entity node of type simulation
model that was generated by that activity (i.e., a relationship of type wasGeneratedBy exists
between the simulation model and the activity). This definition may be extended but currently
experiment reuse is assumed to occur only after changes in the simulation model. Defined
similarly, an experiment pattern is considered to contain exactly one activity node, however,
it must also contain one entity node of type simulation experiment with a wasGeneratedBy
relationship to the activity.

Besides trigger patterns and experiment patterns, additional patterns are needed to express
conditions on the relationship between trigger pattern (including the most recent simulation
model) and experiment pattern (including the experiments to be reused), or to provide constraints
for either of these patterns and how they relate to the rest of the simulation study. Consequently,
a condition pattern C' is an arbitrary provenance pattern that overlaps (i.e., shares some nodes or
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relationships) with either the trigger pattern T', experiment pattern E, or both, i.e., CN(TUE) # ().
To combine multiple conditions within the same rule, each rule is assigned a condition function f,
which is a Boolean function composed of predicates and logical connectives. Each predicate refers
to a condition pattern, e.g., one of the predefined patterns in Figure 5.2. There, the predicate
p1 = isBasedOn(Simulation Model, Simulation Model) is given by a pattern describing a path
from one simulation model to the other. Similarly, ps = isValidated(Simulation Model) refers to
the pattern of an activity, in which some data has been successfully reproduced or a requirement
has successfully been checked. A predicate will evaluate to true if matching instances of the
condition pattern are found in the provenance graph. An example of condition function f then
would be, e.g., to express that, given the predicates p; and pg, that one condition should match
while the other should not (p1 A —p2).

The right-hand side of a rule then describes how the provenance graph defined on the left-hand
side is transformed. The transformation involves creating an extended provenance graph with
a new activity, new entities, and relationships between those. The extension is based on an
experiment pattern E’, resulting in an extended provenance graph defined as Ege,, = TUE U E'.
E’ can be an experiment pattern either of the same kind or different kind as E. This way the
new experiment activity can be generated and later be recognized and reused in future model
development cycles. Moreover, it makes explicit which nodes of the trigger or experiment pattern
will be used within the new activity. Note that thereby rules that modify or delete existing nodes
are not allowed—the transformation rules solely extend the provenance graph.

For the framework, a set of rules are predefined that map to the scenarios from Section 5.3
using the patterns from Section 5.4.2. However, there might be domains where these patterns and
rules do not apply. Therefore, the framework is designed such that the rule set can be customized
by enabling or disabling rules depending on the user’s level of expertise. Furthermore, custom
rules can be created for specific settings by combining trigger patterns, experiment patterns, and
condition patterns as needed. Also, new patterns can be defined.

5.4.3 Rule Matching

The following describes a rule matching algorithm designed to generate a new simulation
experiment and transform the provenance graph accordingly. This procedure involves matching
the defined patterns within the given provenance graph. Practically, this is accomplished using
graph queries. After presenting the rule matching algorithm, two specific queries are introduced.
These queries are essential for the algorithm, as they extract all matches from the left-hand side
of the rule for reuse and adaptation.

Rule Matching Algorithm

The rule matching procedure is given in Figure 5.3. It is started each time RASE recognizes
that a new activity including dependencies and newly generated entities was completed and
added to the given provenance graph. Thus, the algorithm takes as input the current provenance
graph G, the most recent activity node a, and the reuse rules R defined before. As a first step, it
initializes an empty provenance graph N for storing all entities, activities and dependencies that
are going to be generated (1. 1). Then, the algorithm iterates through the set of reuse rules R
(1. 2). For each rule, first, it tries to match the trigger pattern 7" at the most recent activity a in
G (identified by its id, see 1. 3).

If a match (i.e., an instance) ¢ of the trigger pattern 7" is found at the current activity (1. 4),
next the procedure checks for suitable simulation experiments to reuse and adapt. All occurrences
e of the experiment pattern F for which the condition function f evaluates to true in relation
to the matched trigger ¢ are collected in the set M (1. 5). Depending on the rules and the
provenance graph, often multiple reusable experiments will be found, for example, various
validation experiments where each checks a different behavioral property of the model given by a
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Input: a provenance graph G, a set of reuse rules R, the current activity a

1 N«
2 for each (T, E, f) = E4en, in R do

3 t < find match ¢ of T" in G where activity id of ¢ equals id of a
4 if t # NULL then

5 M < find all matches e of E in G where f(t,e) = true
6 for each e in M do in parallel

7 s < get experiment specification from e

8 s’ < adapt s based on t,e

9 d, m <+ execute s’
10 Epew < instantiate Egep,
11 add experiment specification s’ to Ejeq
12 add result data d to Ey ey
13 add simulation model m to Ejeq
14 N+~ NUE, ¢,

15 wait for all parallel tasks
16 G+ G+ N

Figure 5.3: Rule matching at a given activity a. Reprinted from [237].

requirement entity. These experiments can be reused, adapted, and executed in parallel, as the
results of experiments conducted with the same trigger model are independent of one another.
For the same reason, the rules do not have to be evaluated in a specific order.

For each of the matched experimentation activities e € M (1. 6), first the old experiment
specification s is retrieved from e (1. 7). Second, an adapted version s’ is generated taking the
context of ¢ and e into account (1. 8). Subsection 5.4.4 describes the adaptions in detail. Then,
the adapted experiment specification is executed with the new model, and the simulation data d
and possibly a new fitted model m are obtained (1. 9). The generation pattern Eg, from the
right-hand side of the rule provides the blueprint for creating the new entities, activities, and
dependencies. By instantiating this blueprint with actual nodes and edges, a new subgraph F¢,,
is created (1. 10). To complete the new provenance subgraph, the simulation results have to be
stored in the information model of the new simulation data entity, the generated experiment
specification has to be stored in the new simulation experiment entity, and if available, the
new model specification has to be stored in the new model entity (Il. 11-13). Finally, E,¢, is
temporarily added to the set N (1. 14).

When all rules have been evaluated, the collection of new subgraphs can be added at once
to the provenance graph, i.e., G = G + N (1. 16). Before that, however, the algorithm has
to wait until all experiment executions are completed (1. 15). This is necessary since a rule
might produce a new simulation model and thus would immediately trigger a new round of rule
matching. In case the next experiments to be generated depend on the results of the previous
experiments, the simulation results should be available before the algorithm proceeds.

The complexity of the matching procedure depends on the number of rules to be evaluated, the
size of the provenance graph and the provenance patterns to be matched. To support, e.g., the
scenarios described in Section 5.3, only seven rules are required (where the validation scenario
accounts for two rules: model extension and model composition). Further, the approach works
on aggregated provenance where only the macroscopic steps are viewed, i.e., model building,
model calibration, model validation, and model analysis. These high-level provenance graphs and
query patterns are easily manageable for state-of-the-art graph databases. Overall, in light of
the runtimes required to execute the experiments themselves, which can easily add up to several
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hours for a single simulation run, the time required for rule matching is negligible.

Pattern Matching using Graph Queries

A graph query language, such as Cypher [383], can be used to retrieve all subgraphs of the
provenance graph that match the defined patterns. A query allows selecting specific types of
nodes and relationships, searching for specific sequences, filtering based on certain conditions, and
grouping the nodes. Various illustrating examples for the syntax of the Cypher query language
were provided in Section 4.3.5. An example for pattern matching the left-hand side of a reuse
rule is given by the following queries. They refer to matching the rule 72 used in the case studies
(reuse of an analysis experiment for cross-validation after the model has been calibrated, see
Section 5.6). The first query represents the trigger pattern to match a model calibration:

1 MATCH (r)<--(a:ACTIVITY)<--(e:EXPERIMENT)

2 WHERE (r:DATA OR r:REQUIREMENT)

3 WITH r,a,e

4 MATCH (s:SIMULATIONMODEL)<--(a)<--(d:DATA)

5 WITH r,a,e,s,d

6 MATCH (a)<--(outs:SIMULATIONMODEL)

7 WHERE a.id = ’2CSM1°’ AND a.studyName = ’Haack et al. 2015’
8 RETURN s, r, a, e, d, outs

It matches an activity that takes data or a requirement and produces an experiment (1l. 1-2).
Like any simulation experiment activity, the activity also should take as input a simulation model
and produce simulation data (I1l. 3-4). Characteristically for calibration, in addition, a calibrated
simulation model should be produced (1. 5-6). To match only the latest simulation model of the
current simulation study, the result is filtered for the activity id (we assume that the experiment
generator is notified about any new activity) and the study name (1. 7). The query returns all
nodes belonging to this activity (1. 8).
The second query represents the experiment pattern to be matched for reuse:

1 MATCH (m:SIMULATIONMODEL)<--(a:ACTIVITY)<--(e:EXPERIMENT)

2 WHERE ((m)<-[*2..]-({id: ’SM1°})) AND NOT m.studyName = ’Haack et al.
2015’ AND m.isValidated = true AND NOT (a)<--(:SIMULATIONMODEL)

3 WITH a,m

' MATCH (y)<--(a)<--(d:DATA)

5 WHERE d.status = ’undefined’ AND NOT (y:SIMULATIONMODEL)

6 RETURN a, m, e, d, collect(y)

It matches an experimentation activity (characterized by the path defined in 1. 1) that meets
the following conditions (1. 2): 1. the model m used is a predecessor to the simulation model
matched by the trigger pattern (in the case study, this model has the identifier “SM1”). In other
words, SM1 is based on m, and the path between these models is at least 2 edges long; 2. the
analysis was part of a different study (i.e., not part of the current study named “Haack et al.
2015”); 3. the model used in the earlier experiment has already been validated. In addition,
experiments used for calibration and validation are excluded, i.e., the activity is not allowed to
produce a simulation model (see end of 1. 2) and the analysis data cannot contain a validation
status (1. 3-5). Thus, only “analyzing simulation model” activities will be part of the results.
The query returns all matches including the involved nodes (1. 6). This includes collecting all
entities—other than the simulation model—that were used as input. These are stored in the
variable y (Il. 4-6).

Note that building these queries can be rather complex. Therefore, the implementation of
the patterns (and thus the queries) is hidden from the users. Users typically only need to be
concerned with selecting predefined rules for supporting their study, or with constructing new
rules from existing patterns. Depending on the rule definition, RASE then can build the necessary
queries on demand from smaller building blocks, i.e., the predefined trigger patterns, experiment
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Table 5.2: Initial concentrations for variables in the Wnt signaling model by Lee et al. [32]. The
table is enhanced with ontology tags from the UniProt knowledge base (UniProtKB)
and the Unit Ontology (UO).

Name Value Unit

APC (UniProtKB:P70039) 100 nM (UO:0000065)
GSK (UniProtKB:Q91757) 50 nM (UO:0000065)
Axin (UniProtKB:Q9YGYO0) 0.02 nM (UO:0000065)

patterns, and condition patterns. Also, the study-specific information (for instance, “SM1” and
“Haack et al. 2015”) will be inserted on demand. Only when new patterns shall be defined and
used in a rule, new Cypher code needs to be implemented.

5.4.4 Adaption of the Experiment Specifications

As seen in the algorithm depicted in Figure 5.3 (1. 8), adapting the old experiment specifications
extracted via the experiment patterns is a crucial step. There are two reasons: First, they
may not be executable anymore with the current model (version) due to syntactic issues and
incompatibilities of formats and tools. Second, they may not correctly reflect the current model’s
contents and context (e.g., neglect an important parameter in a parameter scan). To evaluate
whether changes have to be made to the experiment specification, the contexts of the old and
new simulation model need to be taken into account. The term context subsumes all entities
that participated in the model building activities and other activities, such as a successful model
validation. The entities that are of particular interest for the adaption of simulation experiments
are the qualitative model, data and information sources, research questions, as well as the
assumptions and theories, which are part of the conceptual model [310]. The adaption component
of RASE traces these entities in the provenance graph and checks newer versions (i.e., since the
last experiment execution) for relevant information.

In a provenance graph, it is easy to detect whether the context of the model changed. Graph
queries allow extracting for which entities a new version was produced or when a new entity was
created (via an activity). However, identifying the exact change in context by examining the
information models of the involved provenance entities is more challenging. The more structured
and substantiated with formal expressions the information models are, the better they can be
exploited automatically. Chapter 4 discussed what the contents and structure of the various
entities are, and referred to work in the area of conceptual modeling [310], workflows [223|, and
provenance ontologies [43]. The formalization of metadata was also discussed, with domain-specific
languages and ontologies being the proposed approaches.

So depending on what and how information is stored, some changes can easily be detected
by simply comparing the information models. For instance, changes in the name of a model
or submodel (as given in the qualitative model) or changes in the role of data (e.g., from
calibration to validation) can be identified through simple text comparison. However, for other
types of information, a simple text comparison is not sufficient. For instance, if a new name is
identified in the list of parameters or list of variables of the new qualitative model, the question
remains whether this is an entirely new parameter/variable or a renaming of a previously used
one. Similarly, if a non-functional requirement requests a “stochastic simulation algorithm”, the
question is whether this refers to the same algorithm used in the previous experiment with the
earlier model or a different algorithm altogether. Also, if the unit of a parameter value changed,
without additional information, it is unclear what impact this has on the simulation experiment.
In these cases, ontologies can help to disambiguate and provide further the information. Pieces
of information can be annotated with tags from various ontologies. These can be domain-specific
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<listOfSpecies>
<species boundaryCondition="false" compartment="Cytoplasm" constant="false" id="Dsh_i"
initialConcentration="10@" metaid="COPASI3" name="Dsh_i">
<annotation>
<rdf:RDF xmlns:rdf="http://www.w3.0rg/1999/02/22-rdf-syntax-ns#" xmlns:dc="http://purl.org/dc/elements/1.1/"
xmlns:dcterms="http://purl.org/dc/terms/" xmlns:vCard="http://www.w3.org/2001/vcard-rdf/3.04"
xmlns:bgbiol="http://biomodels.net/biology-qualifiers/" xmlns:bgmodel="http://biomodels.net/model-qualifiers/">
<rdf:Description rdf:about="#COPASI3">
<bgbiol:isHomologTo>
<rdf:Bag>
<rdf:1i rdf:resource="http://identifiers.org/uniprot/P51142"/>
</rdf:Bag>
</bgbiol:isHomologTo>
</rdf:Description>

Figure 5.4: Excerpt of an SBML specification of the Lee et al. model ([32]) with references to
BioModels and UniProt.

(e.g., the Gene Ontology (GO) [321] and the Universal Protein knowledge base (UniProt) [297]),
identify an algorithm (e.g., the Kinetic Simulation Algorithm Ontology (KiSAO) [335]), or refer to
methodology of a specific modeling and simulation approach (e.g., the Ontology for Discrete-event
MOdeling and simulation (DeMO) [266]), see also the discussion in Section 4.3.1. Table 5.2
shows initial concentrations of the Wnt signaling model by Lee et al. [32]. The table, given in
the conceptual model, is enhanced with tags from UniProt and the Unit Ontology ® to help
interpret the specified names and units.

Sometimes, if not enough metadata is available in the entities of the conceptual model, the
simulation model specifications need to be analyzed and compared as well, e.g., to detect changes
in variable names and initial values. If the model is specified in a structured format, such as
SBML, and the format allows for semantic annotations, these can be exploited in a similar
manner to the qualitative model or assumptions. Figure 5.4 shows an excerpt of an SBML file
created in COPASI. A list of species is specified, which starts with a species named “Dsh i’
and its initial concentration. The species is annotated with the UniProt identifier P51142 using
the RDF%0-based annotation scheme of SBML. To indicate the relationship between the model
species and this identifier, an additional annotation with the BioModels qualifier “isHomologTo”
is used. The BioModels qualifiers are an ontology for describing the “relation between a model
component and the resource used to annotate it”6!.

Structured formats like SBML and CellML also allow for using specialized methods to charac-
terize and interpret changes in model files. An example of such as tool is BiVes, which analyzes
the hierarchical structure of XML-based simulation models [406]. It can identify and interpret
structural changes, such as the addition of a new entity and their corresponding reactions,
the removal of reactions, and other modifications. Additionally, methods for unambiguously
visualizing model differences may be convenient in cases where the differences cannot be correctly
interpreted automatically, and the user is needed as a tie-break [423|.

Otherwise, if no structured format like SBML is used, established version control systems such
as Git can be utilized to track syntactical changes in simulation model specifications |28| as
well as diff tools for highlighting these changes. These methods can generally be applied to any
artifact [28]. However, to be truly useful for automatic experiment adaption, the semantics of
the respective languages have to be computationally accessible, so that expressions and their
parts can be interpreted automatically and their implications for the simulation experiment can
be derived. For instance, when a difference in a requirement specification in MITL is recognized,
it is essential to identify the type of change: e.g., whether a new threshold was defined for a
species or whether some property was extended to a larger time interval. In the former case, if

*http://obofoundry.org/ontology/uo, last accessed 19 July, 2024.

59Resource Description Framework https://www.w3.org/RDF/, last accessed 19 July, 2024

S https://github.com/combine-org/combine-specifications/blob/main/specifications/qualifiers-1.1.
md#model-qualifiers, last accessed 19 July, 2024.
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Figure 5.5: Adapting and generating simulation experiments based on metamodels. The pipeline
and the metamodels were defined in [17]. Figure adapted from [237].

the experiment is a statistical model checking, simply the formula to be checked needs to be
replaced. In the latter case, the observation times for the simulation have to be updated as well.

After the exact changes in the context of the simulation model have been identified, the next
step is making the necessary adaptions to the experiment specification. But before any adaptions
can be made, all parts of the experiment specifications have to be made easily accessible. The
whole pipeline for experiment adaption is shown in Figure 5.5. It is based on the model-driven
approach presented in Chapter 3. The previous (concrete) experiment specifications are translated
into an intermediate representation—their canonical form—based on experiment metamodels.
The metamodels define the vocabularies for various simulation approaches (e.g., discrete-event
simulation) as well as experiment-type-specific vocabulary (e.g., sensitivity analysis or statistical
model checking). Thus, in the canonical form, each part of the experiment specification can
be assigned a quasi-standardized identifier, e.g., parameterValue for the value assigned to a
parameter and parallelThreads for the number of parallel threads with which to execute the
experiment. Using these metamodel-based identifiers, adaptions can be defined just once for a
given modeling and simulation approach or experiment type rather than the variety of different
tools with concrete specification languages. An adaption rule defines, depending on the various
recognized differences in the provenance (preconditions), how exactly to modify the canonical
experiment specification (postconditions). Here additional, external knowledge may be consulted
to decide on the exact modifications. After all applicable adaption rules have been executed,
the simulation experiment can be translated back from the canonical into a concrete form using
the metamodel and transformation rules to the desired backend. Which backend (and thus
experiment language) is used, depends on the models and experiments at hand. If experiments
are reused within the same simulation study, typically the same language and backend can be
used as with the original experiment. In contrast, when an experiment is reused across simulation
studies, it is likely that these studies use different tools, and thus the new simulation experiment
will be generated in a different language.

Currently, RASE implements several adaptions (as listed in Table 5.3). For each rule, the
changes in the provenance entities are specified, along with which properties of the experiment
specification need to be adapted and how. Some of the rules are relevant for the following case
studies. Others (see the last 2 rows of the table) are included as a discussion of possible adaptions
that might be needed during a simulation study. Note that these are just examples and further
adaptions can be defined in future extensions of RASE.
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Table 5.3: Automatic adaptions of the experiment specifications. The left column describes how
the context information given by the entities in the provenance graph changed. Based
on these changes the adaptions are evoked. The right column describes the effect
these adaptions have on the experiment specification using the vocabulary of the

metamodels from Section 3.5.

Change in the provenance entities

Adaption in the experiment specification

The file location of the simulation model changed from
a local folder to a public repository.

The property modelFile is updated accordingly. The
folder and fileName are removed, and instead the
reference to the repository is included.

The parameter list of the qualitative model contains a
change in both the name and the value of a parameter.
These changes may refer to rate constants or initial
concentrations.

In the experiment, the fields parameterName and pa-
rameterValue are adapted for the configuration of the
respective parameter.

In the qualitative model, the list of output variables
was extended with another species.

The observables are adapted with a new observation-
Ezxpression. Depending on what information is given
in the qualitative model, an observationAlias may also
be added.

A new assumption about the distribution of a param-
eter was included.

Depending on the experiment type (e.g., if a param-
eter scan or parameter estimation is generated), the
factorDistribution as well as the factorDistributionPa-
rameters are updated for the respective parameter.

There is a modified behavioral requirement in which
the temporal logic formula has changed to contain an
additional variable that must remain within certain
bounds over a specified time interval.

If the experiment is a statistical model checking, the
temporal logic formula (propertyEzpression) needs to
be replaced. In addition, the list of observables needs
to be extended with a new observationFExpression, and
the observationTime needs to be updated to include
the observationRange given by the formula.

A non-functional requirement was added that indicates
the availability of computational resources, i.e., the
number of CPU cores.

If the simulation model is stochastic, the experiment
specification is updated to include the parallelThreads
property, which specifies the number of parallel threads
to be used during experiment execution.

A new methodology is identified in the literature, e.g.,
for steady-state estimation.

The methodName and methodParameters of the ex-
periment need to be adapted.

An assumption now exists about the behavior of the
simulation model, such as assumed linearity of the
response surface.

Based on this assumption, more suitable methods
for conducting the experiment can be selected. For
instance, in the case of sensitivity analysis, a suitable
samplingStrategy and sensitivityIndex can be selected
(if knowledge about the different methods has been
made explicit, as shown in Appendix B).

5.5 Implementation

The implementation of RASE is openly available in a Git repository®?. All software components

were implemented using Java 8.

The API allows users to connect the framework to any application that produces provenance.
This can be done by creating different kinds of provenance nodes and relationships, and sending
them to the Prov Model Controller via Provenance Commits (see Figure 5.6). Currently, the
high-level provenance model introduced in Section 4.3.1 is assumed, which is implemented in
a separate module, and provides the classes Assumption, Data, Experiment, etc. as entity
types. Note that the provenance model shown in Figure 5.6 merely reflects the current state of
the implementation and may be extended in future work to accommodate new use cases. The
recorded provenance is stored in a Neo4j graph database [382]. Accordingly, the queries for the

5https://git.informatik.uni-rostock.de/mosi/exp-generation, last accessed 19 July, 2024.
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5.5 Implementation

Provenance Node Provenance Commit Prov Model Controller
* 1 . 1
Name Node List Commit Activity
Activity List
Study Name Provenance Relationship Y
Description 2 *{ Source * 1 | Add Provenance Node
4 Target Add Provenance Relationship

Provenance Entity Provenance Activity

Type

Assumption | Data Experiment Qualitative Model | Requirement | | Research Question | Simulation Model Theory | Other
Type Role State Variable List Reference Reference
Reference Type Parameter List Tool
Format Reference
Status Tool

Figure 5.6: API for capturing provenance. Various kinds of provenance nodes and provenance
relationships between two nodes can be created and grouped via provenance commits.
These can be sent to the graph database via a Prov Model Controller, which may
trigger some reuse rules to fire. Provenance nodes can be either activities or entities
and have to be filled with meta-data. For instance, the entity type Experiment
provides the fields Role (e.g., for calibrating or validating the simulation model),
Type (e.g., sensitivity analysis or steady-state analysis), Reference (i.e., the path to
the experiment specification), and Tool (i.e., the tool for running the experiment).
Reprinted from [237].

various provenance patterns are expressed in the Cypher query language [383].

Within RASE, a previously developed MDE-based toolchain [17] for adapting, generating,
and executing simulation experiment specifications is integrated. This allows RASE to handle
a variety of specification formats and simulation backends. As intermediate representation for
the experiment adaption, it uses JSON® documents based on metamodels defined in JSON
Schema [273]. For the automatic execution of simulation experiments, it already provides a
number of bindings to backends (previously described in Section 3.5), e.g., for SESSL [36] and
ML-Rules [40], which are used in the Wnt signaling case study. For the migration case study, an
additional binding was implemented for simulation experiments conducted with Julia [70] and

R [72].

Note that this chapter focuses on fully automated cases, i.e., everything from recording
provenance to executing the generated experiments is done automatically. However, often user
inputs are required to correctly adapt the experiment specifications. For this purpose, the
experiment generator includes a graphical user interface (GUI) based on JavaFX for presenting
the generated experiment specifications to the user and to allow them to make manual changes [17].
The graphical support feature can be enabled via the API. Furthermore, the API allows users to
customize the set of provenance patterns and reuse rules via abstract classes, analogously to the
implementation of the case studies, to receive the necessary level of support. For users with little
programming experience, the implementation of new rules can still be difficult. Therefore, a
crucial part of future work will be concerned with evolving the API’s usability and documentation.

53ECMA-404 The JSON Data Interchange Standard, https://www.json.org/, last accessed 19 July, 2024.
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Trigger pattern:
Model refinement

Trigger pattern:

Model refinement
SE'.type = Sensitivity Analysis

Conditions:
areEqual(SM', SM)

Conditions:
areEqual(SM', SM)

" New experiment: 7
Sensitivity analysis

r1:

Experiment pattern: SE.type = Sensitivity Analysis Experiment pattern: SE.type = Sensitivity Analysis
Sensitivity analysis Sensitivity analysis

Figure 5.7: The exemplary reuse rule r1 describes the repetition of a sensitivity analysis. The
left-hand side specifies model refinement as a trigger pattern 7', sensitivity analysis
as a pattern of a previous simulation experiment F, and an additional condition
pattern C to be evaluated to be evaluated as part of the condition function f. The
right-hand side (Eyep) extends the provenance graph by a new sensitivity analysis
experiment (shown in green). Reprinted from [237].

5.6 Case Studies

To demonstrate the usefulness of the approach, two different simulation studies will be conducted.
The first case study will show a repeated sensitivity analysis of a model of migration routes.
The second case study will reuse an experiment across simulation studies for cross-validation.
Afterward, the advantages of the approach in the fields of sociology and cell biology are discussed.
To reproduce the case studies, please refer to the accompanying Zenodo publication®. Since the
case studies can only show a selected set of rules and patterns at work, an additional, abstract
simulation study is provided as part of the source code to illustrate further reuse cases based on
a predator-prey model.

5.6.1 Configuration of the Rule Set

In RASE, so far, several rules are predefined to cover the scenarios described in Section 5.3. In
the case studies, two of these rules are enabled by the users. Figure 5.7 shows the first rule (r1),
which describes the generation of a sensitivity analysis. It takes a model refinement step as a
trigger (T') and the sensitivity analysis pattern for finding previous experiments (experiment
pattern E). As a condition (C) for searching in the provenance graph, the simulation model
used in the refinement has to be the same model that was used in the sensitivity analysis. From
this information, a new activity is generated that takes the latest simulation model (from the
trigger pattern), as well as other inputs from the previous experiment activity (accumulated
in the multi-entity Y). To denote that an experiment was reused during this step, also the old
simulation experiment SE is taken as input. The output of the new activity is a simulation
experiment entity with type sensitivity analysis. Moreover, a simulation data entity is generated.
The right-hand side of the rule (Eyey,) describes exactly how this extension relates to the current
state of the provenance graph (given by T" and FE).

The second rule (r2), shown in Figure 5.8, presents the cross-validation scenario. Here, model
calibration is used as a trigger activity. Calibration is allowed as a trigger (7") since it produces
a new (calibrated) simulation model. If a model was calibrated, suitable experiments to reuse
are identified using the analysis pattern (£). However, further condition patterns (C') have to
apply, i.e., the simulation model used in the trigger pattern has to be based on the simulation
model used in the analysis pattern, they have to belong to different studies, and the model
used in the analysis has to be validated. Joined by the logical connective A, these patterns

54https://doi.org/10.5281/zenodo. 6792024, last accessed 19 July, 2024.
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Figure 5.8: The exemplary reuse rule r2 shows the cross-validation scenario. The left-hand side
specifies model calibration as a trigger pattern 7', model analysis as a pattern of a
previous simulation experiment F/, and additional condition patterns C that, joined
by logical connectives, form the condition function f. The right-hand side (Egep)
extends the provenance graph by a new cross-validation experiment (shown in green).
Reprinted from [237].

form the condition function f for the rule. On the right-hand side (Egep), it is described how a
provenance graph that matches the left-hand side needs to be extended. The newly generated
activity, shown in green, corresponds to the validation pattern. It is linked to the simulation
model from the triggering activity, as well as the inputs, simulation experiment and simulation
data from the analysis experiment. In contrast to the generation part in r1, here the output data
of the previous experiment is taken as input to allow for comparison of the two models, which is
crucial for cross-validation.

5.6.2 Repeated Analysis of a Migration Model

The first case study refers to an agent-based model of asylum migration to Europe [69] focusing
on the formation of migration routes in response to spread of information. It aims to connect
individual decisions (information transfer) on the micro level to processes observed at the
macro level (variability and optimality of migration routes). Models are successively refined
and analyzed%® in response to developing theoretical lines of inquiry and the introduction of
different data sources, which presents various opportunities for the framework to automatically
reuse and generate simulation experiments. The provenance of the study was described in [73]
and [301]. Here, only the parts that focus on the modeling and analysis activities are shown
(Figure 5.9). Everything concerning psychological experiments and data processing is omitted.
Furthermore, the provenance graph was slightly modified to make the experiment specifications
explicit (SE1-SE4).

The simulation study begins with the creation of a model SM1, which already includes the
agents’ knowledge about the environment, social networks, and information exchange with
discrete-time behavior, and model SM2, which alters the simulated world from a grid-based
layout to a more general and less densely connected graph topography [68].

During the model building steps BSM2’ and BSM3, different versions of the originally time-
stepped model (SM2) are created to obtain more realistic time courses. Model SM3 then presents

65SM1-SM2: https://github.com/mhinsch/RoutesRumours, SM3-SMb5: https://github.com/mhinsch/rgct_
data, last accessed 19 July, 2024.

141


https://github.com/mhinsch/RoutesRumours
https://github.com/mhinsch/rgct_data
https://github.com/mhinsch/rgct_data

5 Generating Simulation Experiments by Reuse and Adaption

(O  Entity SM: Simulation model SR: Scientific report
l:l Activity SE: Simulati.on experiment NSR: Non-scientific report
SD: Simulation data BSM: Building simulation model
O<—(:| Activity used entity ID: Input data ASM:  Analyzing simulation model
RQ: Reseach question IR: ifyi i
D—O Entity was generated by activity M: Methodolggy Identifying research question

Figure 5.9: Provenance graph of the migration study published in [73] and [301]. Activities,
entities, and dependencies shown in green are generated automatically by the approach,
and refer to reused sensitivity analyses. Adapted from [237].

a continuous-time version of SM2, implemented in Julia [70]. With this continuous-time model
SM3, now first experiments are conducted.

In ASMI1, a parameter scan is used to reduce the 17 parameters to the 6 most influential
factors. Then, in ASM2 a sensitivity analysis is conducted on the selected parameters. The
analysis uses a Latin Hypercube sample to build Gaussian process emulators and carry out the
uncertainty and sensitivity analysis. In the original publication, the analysis was conducted with
the (GUI-based) tool GEM-SA [202]. For this case study, the same experiment was prepared as
R scripts to have the experiment specifications accessible to the approach5®.

Following the experiment, the next model version is developed to include additional empirical
data on information exchange and risk behavior, i.e., during the model refinement step BSM4,
the newly identified research question RQ2 and input data ID2 derived from psychological
experiments are used. This model refinement now triggers the rule matching of the approach.
Rule 71 (Figure 5.7) can be applied at activity BSM4 and the following match is found:

matchy = {SM' + SM3,X < {RQ2,1D2},SM" + SM4,
SM + SM3,Y + {M1,SD1},SE < SE2,SD «+ SD2},

where the left-hand side of the arrows represents the variable names given in the rules, and
the right-hand side represents the names of the matched entities from the provenance graph in
Figure 5.9.

Executing the rule generates a new activity ASM3, and used-dependencies are drawn to the new
simulation model SM4, the previous experiment SE2, and other input entities involved in ASM2,
i.e., the analysis methodology presented by Kennedy and O’Hagan (M1 [136]) and the simulation
data SD1. As output, according to the “sensitivity analysis” pattern, an experiment entity
SE3, and a simulation data entity SD3 are generated. When generating the new experiment
specification for entity SE3, the model name has to be adapted from “SM3” to “SM4”. In
addition, the list of parameters is updated to include also the factors concerning risk behavior.
Running the experiment produces main and total order sensitivity information, which is added
to the information model of SD3. Figure 5.10 shows the sensitivity data for SM3 (left) and
SM4 (right) for the output mean freq plan, which captures the proportion of time for which

5https://github.com/jasonhilton/screen_run, last accessed 19 July, 2024.
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Figure 5.10: Sensitivity indices calculated with the original experiment and model, and the
automatically reused experiment and model. Reprinted from [237].

agents are following their plan for transiting the space. In both model versions, the parameter
p_transfer info was identified as the key driver for planning behavior, indicating that information
transfer was crucial for plan choice. However, it is noticeable that the addition of risk behavior
in SM4 does not have any substantial influence on this particular output.

Following the experiment results, the simulation model is refined further. New data entities
and research questions are included in the next model refinement step, which produces the model
version SM5. Again, triggered by the refinement activity, the approach automatically repeats the
previous sensitivity analysis experiment. This time the activity BSM5 is taken as the anchor
point for matching the rule r1. The activity ASM4 is automatically generated including the
new entities SE4 and SD4, and new used-connections to the inputs M1, SD1, and the previous
experiment SE3.

5.6.3 Cross-Validation of two Models of the Wnt/B-Catenin Signaling Pathway

The Wnt/3-Catenin signaling pathway is a central pathway in the development and homeostasis of
cells [29]. Degenerated forms of this pathway are involved in a number of cancers and neurological
disorders [30]. The study by Haack et al. (2015) analyses the regulation of Wnt signaling in
the initial cell fate commitment phase of neuronal progenitor cells [31]. In-vitro experiments
indicated that raft- and redox-dependent signaling events play a crucial role in the regulation of
Wnt signaling during this phase. A previous simulation model of the Wnt signaling pathway by
Lee et al. (2003) [32]| does not contain the corresponding model entities to accurately represent
these regulatory mechanisms. Therefore the Lee model was extended with a membrane model
component as well as additional intracellular model entities and mechanisms. The extended
model was calibrated against new in-vitro data and subsequently cross-validated with simulation
data from the Lee study to ensure that the basic model behavior was not changed due to the
extension and (re-)calibration of the model.

Provenance for both simulation studies was documented by [43]. Figure 5.11 (left) depicts
the entire provenance graph of the Lee study. For the Haack et al. study, only the initial
phase with the first few activities (model building BSM1 and calibration CSM1) until the first
automatic experiment generation is shown. The connection between the models is shown by a
used relationship between SM2 of the Lee model and BSM1 of the Haack model. Following the
model extension, a calibration experiment is conducted. This is recognized as a trigger by the
approach®”.

5"The resources for the Wnt case study are provided with the main repository: https://git.informatik.
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Figure 5.11: Provenance graph showing the simulation study by Lee et al. (2003) and the initial
phase of the Haack et al. (2015) study. Both studies are related via the model
building activity BSM1. Following the calibration activity CSM1, cross-validation is
triggered for the new model SM2. Thus, a new validation activity VSM1 is generated
which reuses the simulation experiment SE6 and the simulation data SD6 from the
Lee study and produces an adapted simulation experiment SE3 and the simulation
data SD3. The automatically generated entities, activities, and relationships are
shown in green. Adapted from [237].

In particular, the cross-validation rule r2 (Figure 5.8) can be applied at CSM1. Note that
to save space, in Figure 5.11 activities of the same type are displayed in aggregated form (e.g.,
ASM1 of the Lee study aggregates four experiment activities). Thus, this yields four different
matches of the rule. E.g., match; matches SE5, SD5, and input wet-lab data WDS8 as suitable
candidates for reuse, and matche matches SE6 and SDG6:

matchy = {SM' < SM1,D + WD2,X «< (,SE' < SE1,SD’' < SD1,SM" «+ SM2,
SM «+ SM2,Y < {WDS8},SE < SE5,SD + SD5}

matchy = {SM' + SM1,D + WD2,X < 0, SE' <+ SE1,SD' < SD1,SM" < SM?2,
SM «+ SM2,Y < 0,SE < SE6,SD + SD6}.

Figure 5.11 exemplarily shows the generated validation activity based on SE6 and SD6 of the
Lee et al. study and the new model SM2 of the Haack et al. study. The simulation experiment
SE6 was specified in SED-ML and the corresponding model SM2 of the Lee et al. study in
SBML [283]. The files®® are available on the BioModels database [42]. As discussed in Section 4.3,
not only the artifacts but also entire provenance graphs of related simulation studies may be
available from model databases like BioModels in the future.

As the Wnt model by Haack et al. was specified using the rule-based modeling language
ML-Rules [40], and the experiments are conducted using the experiment specification language
SESSL [36], during the adaption and generation step, the experiment specification has to be
translated from SED-ML. During the translation, to receive an executable experiment specification,
it is checked whether the observed species are still known under the same name in the extended
model. Here, the qualitative models (both denoted QM1), based on which the simulation models

uni-rostock.de/mosi/exp-generation, last accessed 19 July, 2024.
5®nttps://wuw.ebi.ac.uk/biomodels/BIOMDO000000658, last accessed 19 July, 2024.
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5.6 Case Studies

Table 5.4: UniProt tags (prefixed by “UniProtKB”) are used to identify the species involved in
the Lee model, and to map them to species in the Haack model. Adapted from [237].

Lee Model Haack Model Ontology Tag

W Wnt UniProtKB:P31285 (WNT3A XENLA)
Axin Axin UniProtKB:Q9YGYO0 (AXIN1 XENLA)
Beta-catenin Bcat UniProtKB:P26233 (CTNB1_XENLA)

Dsh Dvl UniProtKB:P51142 (DVL2 XENLA)

were built, come into play. The qualitative models contain a list of species, each annotated with
proteome identifiers from the Universal Protein knowledge base (i.e., the ontology UniProt) [297].
Table 5.4 shows a mapping of selected model species from the Lee and Haack models. In the case
of Beta-catenin, which is the variable of interest in this experiment, a translation is required.

But also other aspects of the experiments or models might have to be considered when reusing
an experiment from a different simulation study. For instance, in this case study, the models
are subject to different time scales. This is because the parameters of the models were fitted
against experimental data from Xenopus egg extracts (Lee et al.) and human neural progenitor
cells (Haack et al.), two cell-biological systems with different time scales. Since differentiation
happens faster in human neural progenitor cells, the reaction rates of the Haack et al. model
need to be scaled to compensate for this difference [31]. Thus, the experiment specification needs
to apply a constant scaling factor to all parameter values of the model. To find the right scaling
factor (0.28) automatically, a simulation-based optimization needs to be performed, fitting the
output of the Haack et al. model to the data from the Lee et al. model.

After these adaptions, the new experiment SE3 is generated and can finally be executed.
Figure 5.12 shows the cross-validation results. It compares the trajectories of the key protein
B-catenin, an indicator of the pathway’s activity, produced by the Lee and the Haack model (with
and without adapted time scale) when stimulated with a transient stimulus. After applying the
correct transformation factor, that corrects for the varying time scales, the 3-catenin curves show
the same maximum at the same time. This means that the extended model developed by Haack
et al. still corresponds to the core dynamics of the Wnt signaling pathway modeled by Lee et al.

An alternative to the straightforward comparison of time series would be a cross-validation
using statistical model checking. In this case, the simulation experiment conducted by Lee et
al. would need to be automatically rewritten to adopt a different experiment type (statistical
model checking) and the required output data would need to be expressed, e.g., in terms of the
minimum and maximum values of 3-catenin in a specific time range. Listing C.1 shows generated
SESSL code for such an experiment.

5.6.4 Results

In both case studies, RASE could successfully demonstrate how provenance information can be
exploited in conducting simulation studies in a more systematic and effective manner. Changes
(or lack of changes) in the sensitivity of simulation outputs to parameters following substantive
alterations to the model provide important information about the mechanisms at work in a
simulated system. In the case of the migration model above, changes in the decision-making
process of agents did not hugely affect the output in question. The ability to automatically
identify the experiment needed for sensitivity analysis (and subsequently to trigger this experiment
following a change in the model) significantly shortens the modeling cycle and reduces the burden
on the modeler. This means that the focus can be on analyzing and interpreting simulation
results and considering additional modeling steps.

In addition to shortening the modeling cycle, automated experiment specification is also
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Figure 5.12: Results of the cross-validation experiment. Beta-catenin values are compared
between the Lee model and the Haack model before and after applying the scaling
factor. Reprinted from [237].

valuable to increase the models’ validity and reusability. For instance, in the Haack study, an
existing model was extended by further model components that significantly altered the structure
of the model. However, despite the changes, the model should still be able to reproduce basic
dynamics of the pathway that were either obtained in wet-lab experiments or by simulations of a
previous model version. The ability to automatically identify and reuse all experiments that are
necessary to establish the validity of a model allows for easier and more rigorous validation of
extended models.

5.7 Discussion

The approach implemented in RASE relies on two requirements: 1) on documenting simulation
studies as graphs following the provenance standard PROV-DM, 2) on executable simulation
experiments, simulation models, and input data as part of or referenced in the graphs, 3)
additional explicit context information about the simulation study to make the adaptions.

Referring to requirement 2, the last decades have seen increasing efforts of documenting
simulation studies and making the diverse artifacts, including the simulation experiments,
available to ensure the reproducibility and credibility of study results. These can now be
exploited automatically. The systems biology community, e.g., made substantial progress in
standardization [424, 425]. This includes languages for specifying simulation models [283] and
simulation experiments [193|. Moreover, standardization extends to the way the community
packages and shares simulation models and other artifacts: a COMBINE archive [253] is a single
file that can comprise separate model and experiment files as well as data, metadata, and images.
Also in the agent-based modeling community (executable) artifacts are shared, e.g., via the model
database OpenABM [256] and electronic lab notebooks [326].

Regarding requirement 3, knowledge about simulation approaches, application domains, and
methodologies needs to be encoded. Here, in particular, the use of ontologies was discussed.
The systems biology community is leading in the development of ontologies, having developed
various ontologies for the annotation of biological models, experiments, and data (e.g., [397, 297]).
However, other domains of simulation, such as logistics [426] or physics [267] also have developed
relevant ontologies. Despite these developments, what is often missing is explicit information
about the relationships between the concepts of different ontologies. Addressing this gap, and
thus further improving the automatic reuse and adaption of simulation experiments, requires
significant community efforts.
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Regarding requirement 1, the provenance standard PROV-DM comes with plenty of benefits,
such as improved visualization and analysis of the simulation study, but is currently not widely
used in simulation. However, provenance may also come in a different form. For instance,
documentations based on reporting guidelines, such as TRACE [236] and STRESS [246], provide
crucial information about a simulation study in the form of verbal narratives. They describe
the inputs, outputs, and versions of a model as well as the analyses conducted. Often they refer
to platforms such as GitHub, where the described artifacts are made available. To apply the
pattern-based approach to studies that use non-standardized provenance, two ways exist.

The first way would be to transform the provenance into the PROV-DM standard. Here,
recent approaches for automatically capturing provenance may be applied as a pre-processing
step to this framework. These include, e.g., the abstract syntax tree analysis and execution trace
analysis of scripts [362], the interpretation of electronic lab notebooks using ontologies [427], and
the extraction of facts from scientific articles [428].

The second way would be to recognize patterns in these documentations directly. In TRACE,
e.g., it is already annotated whether an experiment was run for calibration or validation,
which would facilitate the recognition. COMBINE archives, as another example, could be
interpreted as a single experimentation activity that can be reused to generate a new experiment,
i.e., a new COMBINE archive. Increasing efforts should be directed towards handling these
other forms of documenting simulation studies—outside of the provenance standard. Recently,
various provenance tools have been developed, e.g., for provenance management in data science
notebooks [429] or the visualization of provenance [430]. Thus, it can be anticipated that in
the future also helper tools for provenance transformation and provenance pattern recognition
will become available, which will make provenance pattern-based support even more feasible.
However, there are domains that use closed-source, all-in-one tooling, for which integration with
this framework would still be difficult.

Provenance of simulation studies, and thus the provenance patterns used, were so far centered
around the simulation models and simulation experiments. What happened before or in between
the model building steps and after the simulation experiments was not considered. For instance,
the data sets that were used or generated by the model building or experimenting activities
were treated as monolithic entities without an own generation process. In some studies, however,
how data was collected and processed or how hypotheses were formed is an integral part of
the research, and thus the modeling and simulation life cycle. This is especially the case with
data-driven or hypothesis-driven research, as in the social sciences.

In these studies, one can, for example, distinguish the processes related to primary data
(i.e., data collected specifically for the current simulation study through interviews, real-world
experiments, etc.) and secondary data (i.e., data collected not by the investigator of the current
study and for a different purpose, such as data collected by the government or organizations) [301].
The patterns associated with primary and secondary data collection are depicted in Figure 5.13.
For primary data collection, the design and implementation of the data collection process is in
the focus. Using secondary data, on the other hand, requires assessing and cleaning the data with
respect to biases and uncertainty. For the specification of the respective patterns, the underlying
provenance model needs to be extended by further entity types. The required entities for primary
data collection include methodology literature, data collection procedure, participant information,
preregistration documents, ethical approval documents, primary data, findings, and analysis
specification. Entities related to secondary data are the assessment framework, metadata, and
cleaned data.

With these and other additional activity patterns explicitly specified, it would be worth
investigating how a (semi-)automatic support for interlacing simulation experiments with real
life experiments and data collection procedures can look like. Especially the reuse of different
kinds of data entities (e.g., field data, wet-lab data or survey data) as well as metadata and
literature about those seem promising in this endeavor. Here, an earlier simulation experiment
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Figure 5.13: Provenance patterns for primary data collection (subfigure A) and secondary data
collection (subfigure B). The prime symbol (’) is used to denote versions of an entity.
Adapted from [301].

may not even be required, but the experiments may be generated from scratch solely based on
the data and context given. The following section presents first ideas and challenges concerning
the experiment generation from scratch.

Another caveat to consider in the rule-based approach is the cost of excessive automatic
reuse. Reasons may be too fine-granular updates in the provenance (e.g., every time the model
file is saved) or reuse of older experiments (beyond the most recent versions). Consequently,
the rules have to be carefully designed to lend enough support but so that the computational
load remains manageable. In addition, mechanisms can be installed that do not reuse and
re-run simulation experiments every time a rule matches, but instead prioritize and select a
few, most important simulation experiments. The experiments may, e.g., be prioritized based
on the expectation of how different the result of the modified simulation experiment will be in
comparison to the original one. This expectation may be explicitly provided by the modeler,
or based on a similiarity /difference score between the newly generated code and the previous
one [431].

5.8 Generating Simulation Experiments from Scratch

Thus far, RASE reused previous simulation experiments, which already gave direction towards
the actions to follow. A different approach would be to start from a clean slate, with fewer
constraints regarding what to do next, and viewing the generated simulation experiments as
possibilities rather than necessities.

However, when generating simulation experiments “from scratch” a myriad of challenges exist
that can only be remedied if further knowledge is made explicit about the context of this particular
simulation study, about the application domain, and about modeling and simulation in general
and the related methodologies. Chapter 4 of this thesis proposed some representations of this
diverse knowledge. In RASE, information about the artifacts and activities of the simulation
study was expected as a provenance graph based on a broad definition of conceptual model
and (partly) formalized metadata. Going one step further, one may also relax the constraints
regarding the form in which knowledge is provided, and instead extract relevant knowledge from
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unstructured or semi-structured texts. There, existing and constantly improving pre-trained
large language models may be facilitated [358], e.g., to derive the structure of the qualitative
model, or to identify behavioral requirements.

To support the generation of experiments from scratch, RASE would therefore need to be
extended by 1) another type of inference rule that does not expect a previous experiment, 2) access
to additional sources of knowledge about modeling and simulation studies, e.g., goal hierarchies to
identify when in the simulation study which types of experiments are necessary, and 3) methods
for knowledge extraction and pattern recognition in unstructured data.

Some of the following challenges have also been addressed in the case of reusing a simulation
experiment, however, when generating simulation experiments from scratch they become even
more important.

5.8.1 Central Challenges

What type of simulation experiment to execute? What type of simulation experiment to
generate depends on the provided context information. If parameters are given in the conceptual
model with a value range, a sensitivity analysis based on these parameters can be executed. If
behavioral requirements are defined in terms of data, the requirements can be used for calibration
or validation of the model. If the behavioral requirements are defined in formal logic and
the model is stochastic, verification or validation experiments using statistical model checking
are suitable next experiments. If a measure of fulfillment of the requirement can be defined,
calibration experiments are also possible.

Additional constraints may apply depending on the current life cycle phase, the properties of
the simulation model, and the next goals. If the behavior of a model needs to be explored, a
parameter scan might be suggested when at the beginning of a simulation study, whereas later
a sensitivity analysis may be conducted on a reduced parameter set. If the simulation model
has not yet been calibrated, a parameter estimation experiment will return not only parameter
values but also their distribution. However, whether parameter estimation with methods like
approximate Bayesian computation is applicable depends on the number of parameters to be
fitted as well as the time needed to execute a simulation run. Furthermore, if data has already
been used for calibration, the same data cannot be used in a simulation experiment with the
goal validation.

What method to apply for that experiment type? For each type of simulation experiment
different methods exist that impose specific constraints on their application. Only few of those
methods might be available in the current modeling and simulation environment. Also the
research objective of the simulation study can have an impact on the methods to be used. In
[75], for example, different sensitivity analysis approaches are suggested, depending on whether
the objective of the agent-based simulation study is more theoretical or more practical (and
thus data-dependent) in nature. Additionally, properties of the simulation model may be the
determining factor. For example, if there exists a linear relationship between the input factors and
the output, the partial correlation coefficient (PCC) can be used as a method for global sensitivity
analysis, whereas when the relationship is nonlinear but monotonic, an analysis based on the
partial rank correlation coefficient (PRCC) can be conducted. However, there is a limitation
to what can be done and known simply by looking at the simulation model specification and
the conceptual model. In the context of simulation-based optimization, it was stated that the
properties of the objective function determine which methods would be best, but these “are in
general only known a posteriori” [156]. Consequently, instead of selecting the best method, the
focus can be shifted to the problem of selecting a suitable method based on classifications (see
Appendix B, [238]).
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What parameters to choose? Even if, e.g., a sensitivity analysis experiment with a concrete
method has been selected, and thus it is clear how the metamodel of that experiment looks
like, still the different slots of the metamodel have to be filled with information. This includes
information about how to access the model, the modeling and simulation environment, how to
specify the time the simulation is run, the number of replications, or the confidence interval and
the key variable to be observed. How to automatically parameterize some of these general inputs
of a simulation experiment has already been discussed in Section 5.4.4. How to parameterize the
experiment type- and thus method-specific part requires additional knowledge about methods
and the meaning of their hyperparameters. In statistical model checking, for example, using the
sequential probability ratio test [159] as a method requires explicit specification of the p-value and
the indifference region ¢, whereas other methods aim to compute p or adjust ¢ on-the-fly [432].
In sensitivity analysis, to give another example, the Method of Morris requires the number of
levels per dimension as an input whereas others calculate those automatically given the total
number n of design points.

What tools to use? For each experiment type or method, there exist a variety of tools—from
free and open-source to proprietary, commercial software. Sensitivity analysis may, for example,
be conducted in a general purpose language like Python, in a language for statistical computing
like R, or a specialized tool such as GEM-SA, which uses Gaussian emulation and thus can
handle large parameter spaces [202]. Consequently, a practical challenge in automatic experiment
generation is selecting which tool or even combination of tools to use for specifying and conducting
the experiment. When choosing a suitable tool, several aspects have to be considered that restrict
the set of possible tools to use. Foremost, a tool is only suitable for generating the simulation
experiment if it supports the chosen experiment type and method, and, ideally, if a binding to it
has to be implemented in the experiment generator. Moreover, if the user has a preference for a
specific tool (which can be derived from previous projects), it is likely that the user expects the
same tool to be used again. Also, if the non-functional requirements of the simulation project
ask for a specific type of license (e.g., a permissive license like the MIT license®?), only a subset
of tools offering the desired methods are allowed to be used. Additionally, if non-functional
requirements demand runtime efficiency, benchmarks may be consulted to select the tool with
the most efficient implementation.

What information to use and how to represent it? For collecting and representing context
information about a simulation study, the definition of the conceptual model presented in
Chapter 4 together with the PROV-DM can serve as a starting point. However, it needs to be
inspected what information can be readily available for reuse during or across simulation studies,
and what information is, on the other hand, so specific to one particular method and experiment
that the modeler needs to provide it on demand. In the latter case, automating the generation of
simulation experiments is hampered as users need to be asked to specify information explicitly
and ideally formally. A balance has to be found that allows to generate as many simulation
experiments specification as possible and as completely as possible, but that does not burden the
modeler unnecessarily. To achieve this balance, inference rules need to be able to “read between
the lines” of imperfect knowledge. The challenge becomes even bigger if the simulation study is
conducted and documented in diverse, partly unstructured formats, and not as a provenance
graph with explicit entities, activities, and dependencies. In practice, this may easily be the case
if, e.g., the requirements, assumptions, etc. are described as semi-structured verbal narratives
either in separate files [300], on wiki pages [83], or by using reporting guidelines [236]. Ideally, the
experiment generation should adjust to the way and the environments in which simulation studies
are naturally conducted and documented (e.g., increasingly electronic notebooks are used [433]).
Thus, although the PROV-DM is recommended as a standard by the W3C, approaches for

%nttps://opensource.org/license/MIT, last accessed 19 July, 2024.
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generating simulation experiments from scratch have to remain flexible to exploit alternative
information sources and formats. In addition, they need to handle situations when there is no
documentation at all or only partial documentation.

How can information about related simulation models help? Although the goal is to generate
experiments “from scratch”, the simulation study never starts at zero and then builds all knowledge
from the ground up. Thus, one of the first things to consider are related simulation models.
These can be models that are from the same domain, i.e., modeling the same system or a similar
subsystem. If models are related with respect to the physical system they represent, simulation
experiments for the new simulation model can be generated based on data stored with related
models. Furthermore, there may be models related by the same modeling approach, language, or
tooling that provide inspiration for the new project. To find related models, the various model
libraries can be browsed and filtered by metadata about the content and semantics of the model
(compare Section 4.3). The more metadata there is about what data, parameters, components,
etc. were used to build the models, the better the (e.g., application-specific) constraints for their
reuse can be evaluated.

How can general knowledge about modeling and simulation help? To generate an experiment
from scratch, it is not sufficient to simply have the products of a simulation study available
and accessible. Knowledge is also needed about how these products are related to each other,
what the preconditions and constraints are for a simulation experiment, how this depends on
the role and type of experiment, the goals and subgoals of the simulation study, and so on. For
instance, general rules of thumb in modeling and simulation declare that calibration should
always come before validation, and that calibration and validation should never use the same
data. Furthermore, general knowledge of relevance to automatic experiment generation might be
guidelines for working with stochastic simulations, or what it means to have a robust simulation
model. Since this knowledge still lives mostly implicitly in the mind of the modelers and is passed
on by text books and survey papers, further efforts have to be directed towards making these
rules explicit in a computerized form.

How can application-specific knowledge help? Application-specific knowledge is instrumental
in interpreting what the products of the simulation study are about and understanding what
common challenges of that domain are. If the simulation model was, for instance, developed on a
different temporal or spatial scale, or if it used data from a different cell line, species, or habitat,
then additional simulation experiments will be required that ascertain the bias introduced by that
choice of abstraction or data, and to establish trust and validity of the model. Application-specific
knowledge (e.g., about recent findings, open research questions, or measurement data) may also
help in setting up concrete simulation experiment specifications: to identify interesting what-if
scenarios and to select the model parameters and outputs accordingly, or to suggest reasonable
default values for the simulation stop time and observation interval.

How to account for project- or user-specific requirements? Most constraints regarding what
to do next in the simulation study and what experiment to execute are based on provenance
of the same or related studies, general knowledge and best practices as well as the application
domain. Other constraints, however, may be motivated by the nature of the research project. If,
e.g., the project requires certain analyses (for instance, uncertainty and sensitivity analyses) to
be conducted for each model, and specific (possibly proprietary) tools for the analyses, or the
strict usage of a scientific workflow is compulsory, then this affects the simulation experiments
that can or need to be generated. On the other hand, modelers (i.e., users) of an experiment
generation software may have personal preferences regarding how the generated code should
look like, especially regarding what tools should be used. Furthermore, experienced users may
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Figure 5.14: The provenance graphs of the Wnt simulation study and the previously conducted
study by Lee et al. (top) relate different types of entities and activities. Four
possible simulation experiments (bottom) are suggested for the hypothetical activity
a2. For validation, a statistical model checking experiment based on a requirement,
a cross-validation based on simulation data from a previous study, and a sensitivity
analysis of wet-lab data could be conducted. In the case of model analysis, a
sensitivity analysis based on assumptions is a suitable option. Figure adapted from

Wilsdorf et al. [19].

have specific expectations for the methodologies to be used. E.g., what method to apply for
calibration may be determined by previous experiences or by what is believed to be the current
standard in the application domain. Thus, experiment generation should conveniently address
these requirements.

5.8.2 Scenarios for Generating “from Scratch”

Figure 5.14 illustrates four exemplary rules for generating simulation experiments from scratch.
The rules are again illustrated using the Wnt simulation study by Lee et al. [32] and Haack et
al. [31]. The simulation studies are shown in aggregated form with the model building, calibration
and analysis collapsed and with the artifacts of related simulation studies not depicted to keep the
focus on the experiment generation. The first three rules assume that the user’s intention is the
validation of the simulation model. Naturally, if the user’s intention was not model validation but
instead, for example, the exploration of the model’s behavior, sensitivity analysis, or predictive
analysis, other types of experiments would be generated. Rule number four describes a scenario
for sensitivity analysis.

The rules effectively exploit provenance information about previous, related simulation studies,
and knowledge and expectations about the science and art of modeling and simulation itself. These
expectations may refer to simulation studies more generally (e.g., to the role of requirements) or
to application-specific information (e.g., the use of data stemming from different cell lines).

Statistical Model Checking based on Requirements What to do next depends on the objective
of the simulation study, which is typically further substantiated by a set of requirements |2|. For
example, the Wnt simulation model SM2 by Haack et al. is expected to reproduce wet-lab data
(WD1). As part of the conceptual modeling, this wet-lab data was transformed into the formal
requirement (R1) specified as a temporal logic formula. The requirement expects the concentration
of f-catenin in the nucleus of the cell (Beat) to peak within the first 40 to 120 minutes, which
is reflected in the MITL [167] formula [Fg120) (Beat > 7500) A Gizg 4,41 (Beat < 6300) . Since
neither WD1 nor R1 have yet been used for calibration in the current study, the requirement
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can be used for validation. Leveraging an architecture like RASE, an experiment specification
for a statistical model checking experiment (assuming a stochastic modeling approach has been
chosen) can be semi-automatically generated and executed [237]. Thus, due to requirements
being explicitly and formally specified, it can be automatically checked whether the simulation
model fulfills or violates the requirements, e.g., with respect to data.

Cross-Validation with Data from Previous Simulation Studies Like many simulation models,
the stochastic Wnt simulation model SM2 has not been developed from the ground up. It reused
another simulation model developed by Lee et al. [32| and extended it by new submodules. If
further information about the building process of the previous simulation model is available and
requirements are formally specified, this information can be used to rerun experiments (e.g.,
from al, a2 of the Lee et al. study) as a kind of regression testing with the new simulation
model [229]|. Rerunning these experiments independently reveals whether there are discrepancies
in the behaviors of both models and provides valuable insights into the behavior of the new
(and sometimes also the old) simulation model (see Section 5.6). Without previous simulation
experiments accessible, further information about the preceding work on the Wnt signaling
pathway needs to be exploited to automatically identify data that is suitable for cross-validating
the simulation model. For instance, the simulation data SD6 may be reused from Lee et al.’s
study, and a new validation experiment for the extended model SM2 may be generated and
executed to compare the respective simulation data on S-catenin levels. This establishes a new
provenance relation between the two studies, which can be seen in the hypothetical provenance
graph of Figure 5.14.

Sensitivity Analysis of Wet-Lab Data from Previous Simulation Studies Based on the
application domain, further simulation experiments can be suggested. For example, if parameters
are taken as input from another model and that model, however, has been calibrated or validated
based on wet-lab data from a different cell line, it makes sense to run a sensitivity analysis
to assess the impact of these parameters on the simulation outcome. In our case, the model
by Lee et al. has been developed based on data from Xenopus egg extracts (WD3), whereas
the extended model has been based on data from human neural progenitor cells. Thus, a
sensitivity analysis experiment should be run on the reused parameters to check whether a
different parameter value derived from data for another cell line might have a significant impact
on the simulation results, e.g., the initial S-catenin concentration or basal degradataion rate of
[B-catenin. Based on provenance and metamodels for sensitivity analysis, again this can be done
semi-automatically [237].

Sensitivity Analysis based on Assumptions about Parameters Sensitivity analysis allows
assessing how the variation in the model output can be apportioned to the different sources of
variation, typically the input parameters. A sensitivity analysis experiment can serve different
roles in a simulation study. If, e.g., one of the project requirements is to build a highly robust
model, then sensitivity analysis would be conducted as part of the model validation. If, on the
other hand, there is a lack of experimental data and the approach used for parameter fitting
exhibits variability, an analysis experiment would be required to check the impact of the fitted
(but still uncertain) parameters. In the Wnt simulation model, a sensitivity analysis could
therefore focus on the six parameters that were introduced by the model extension and fitted
based on wet-lab data. Since all other parameters of the model were obtained from previous
model versions as well as from literature, these can be considered established. If the assumed
parameter distributions as well as upper and lower bounds were recorded as explicit assumption
artifacts in the provenance (A6-11) such an analysis could be generated semi-automatically [238].
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5.9 Summary

The repetition of simulation experiments forms a salient feature of the model development process.
Regression testing of successive model refinements within the same simulation study and cross-
validation of related models from different simulation studies are just some examples of this. In
this chapter, provenance information of simulation studies was exploited to automatically identify
suitable experiments to reuse depending on the last model development steps and to automatically
adapt the experiment specifications accordingly for the new model versions. The Reuse and
Adapt framework for Simulation Experiments (RASE) hence is the first approach for reusing
simulation experiments, in which historical context information is exploited and suitable next
actions of the simulation study are triggered automatically. The central methods of the approach
are the definition of provenance patterns and the construction of reuse rules. The collection of
patterns and rules captures knowledge about simulation studies explicitly and thereby contributes
to the conduction of more systematic and effective simulation studies. The applicability of the
approach was successfully demonstrated in the context of human migration models as well as cell
biology models. The software prototype of RASE is publicly and permanently available.

To expand the scope of the framework, it could be integrated, for example, with approaches
for automatically analyzing and interpreting the simulation output [434], or approaches for
experiment prioritization if limited resources are available, analogously to approaches for test
prioritization known in software engineering [431|. Another important step forward will involve
improving the API and adding (graphical) support for specifying new patterns and rules to
allow for easier usability and customizability of the framework. In addition, more fine-granular
provenance graphs may be required, if activities that go beyond the high-level goals of model
calibration and validation need to be supported. With a refined provenance model, RASE may
also be integrated more easily into current workflow systems [370, 52|.

So far, the framework concentrates on the reuse of existing simulation experiments. Another
interesting direction forward would be to exploit provenance for generating new experiments
from scratch, i.e., without reusing a previous experiment specification as a blueprint. This might
include incorporating more diverse, ideally standardized, formats for making context and other
information explicit.
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6.1 Summary

Simulation studies have long become an indispensable tool in both science and engineering.
Conducting simulation studies in an effective and systematic manner is paramount for their
success. However, specifying and executing simulation experiments is a complex task, in which
the modeler needs to consider multiple factors. These include the current goal, the modeling
and simulation approach being used, the application domain, the various experiment types,
available methods, the software tools at hand, and the available knowledge sources that supply,
e.g., theories and data.

A central question therefore arises: how can modelers be supported in conducting simulation
experiments for calibration, validation, and analysis of simulation models, and how can this
support be given automatically? One crucial strategy is the generation of simulation experiments
by reuse and adaption. In this dissertation, three key ingredients of such an approach have been
identified and studied.

The first key ingredient involves the explicit and semi-automatic specification of simulation
experiments. To facilitate this, a model-driven engineering (MDE) framework was developed.
This framework provides means for the specification and composition of metamodels, a metamodel
repository, a variety of tool bindings with bidirectional code transformations, and a graphical
user interface (GUI) as well as a command-line interface (CLI) for seamless interaction and
integration with the approach. The MDE-based framework improves knowledge structuring and
sharing within but also across the different simulation domains and approaches by establishing
a common language via metamodels. Metamodels play a crucial role in expressing the central
concepts for various modeling and simulation approaches and experiment types. The on-demand
composition of the so-called base metamodels and metamodels for the diverse experiment types
guides the modeler in specifying intricate simulation experiments. Thereby, the approach enhances
the productivity of modelers and the quality of simple and complex simulation experiments.
Furthermore, the framework facilitates the automatic reuse of simulation experiments and the
automatic generation and execution of simulation experiments as part of workflow environments.

The second key ingredient is context about the simulation study, and particularly simulation
experiments. Context is key in deciding which simulation experiment to execute, when, and how.
Various approaches for representing and exploiting context of a simulation study were explored.
A comprehensive and partly formalized definition of the conceptual model was introduced, which
encompasses early-stage artifacts of the types research objectives, requirements, methodologies,
assumptions, qualitative models, and data and information sources. The definition includes partly
formalized metadata for each artifact via domain-specific languages and ontologies. Additionally,
provenance aims to narrate the entire story of a simulation study by relating conceptual model
artifacts to primary artifacts like simulation models, simulation experiments, and simulation
data. The provenance data model (PROV-DM) relates artifacts via activities and directed
edges forming a directed acyclic graph. Various kinds of graph queries can be executed on this
representation to gain insights into the simulation study as well as its related studies, and to
extract the information required for enabling reproducibility and reusability. Moreover, open
model databases were investigated as a key means for distributing, editing, and interconnecting
provenance graphs and the conceptual model, ensuring their computational accessibility.

The third key ingredient is the Reuse and Adapt framework for Simulation Experiments
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(RASE). It integrates the explicit context information given by provenance and the conceptual
model, along with explicit experiment specification and model-driven code generation. For the
integration, a third ingredient is crucial: provenance patterns and inference rules defined based
on these patterns. They enable the automatic initiation of an experiment generator depending
on the last activities of a modeler, automatic identification of earlier simulation experiments
to reuse, and their adaption according to the context of a new simulation model. RASE thus
supports the salient iterative feature of the modeling and simulation life cycle in an automated
manner. Automatic regression testing of successive model refinements and cross-validation of
related models are just some examples of this. The extensibility and customizability of the
framework ensure that it can effortlessly accommodate a variety of scenarios, providing support
for a wide range of simulation studies.

The approaches presented in this dissertation support modelers in conducting their simulation
experiments, as well as their entire simulation studies, more systematically, effectively, and with
methodological rigor. At the same time, the user’s flexibility and control are maintained by
providing the necessary user interfaces and feedback loops. The various benefits were demonstrated
in open-source software prototypes and a variety of case studies from different application domains,
also using various modeling and simulation approaches. These included a stochastic discrete-event
simulation of a cell signaling pathway, virtual prototyping of a neurostimulator, finite element
analysis of electric fields, and agent-based simulation of human migration.

The results of this dissertation open up new avenues for further research towards the automation
of simulation experiments and simulation studies. Particularly, the central premises “the past
informs the future” and “from context comes the understanding of everything” are not only true
for the reuse and adaption of simulation experiments but may also be applied for generating new
simulation experiments from scratch, or in the bigger picture, even for generating simulation
models.

6.2 Outlook

Along the way, ideas for extending the proposed frameworks, various gaps in existing research,
and avenues for future work were identified in the chapter summaries. These can be grouped
into four research areas:

Automating the M&S Life Cycle This dissertation focused on the reuse and adaption of
simulation experiments. A considerable step forward will be the generation of simulation
experiments from scratch without directly building on top of previous simulation experiments
of the same or a related study. Here, the various experiment types and the different purposes
they have in the M&S life cycle need to be considered. So far, the focus was on experiments for
calibration, validation, and analysis of the simulation model. However, the approach may also be
used for generating simulation experiments for performance evaluation of different simulation
algorithms. Either way, the challenge will be to correctly recognize user intent to generate the
best simulation experiments for a given situation.

Extensions of the framework may also be applied for supporting the other stages of a simulation
study. For example, modelers may want automatic support in building the conceptual model, and
for making the next modeling decisions. Consequently, frameworks for automatically generating
simulation models, including the automatic reuse and composition of models, need to be developed.
In addition, explicit artifacts of the conceptual model, such as requirements and assumptions,
may be generated by taking into account other parts of the simulation study’s context. There
already exist approaches that can generate model equations that best fit some measurement
data using symbolic regression [435], or approaches that can generate software requirements from
verbal narratives [436].
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However, fully automating the M&S life cycle would require automatic interpretation of the
various artifacts, including the simulation data, and drawing consequences for the next steps
based on the knowledge, expertise, and preferences of the modeler. Therefore, scenarios where
the human modeler is kept in the loop seem promising. Research in digital twins, for instance, is
already addressing the problems of how to enable users to quickly understand the model outputs,
run predictions for specific scenarios, and quantify the level of confidence in the results [437]. In
addition, key questions are determining which level of autonomy to grant the digital twin and
identifying the cognitive tasks it should be responsible for.

Establishing Languages and Standards Efforts within the various modeling and simulation
communities have primarily concentrated on formal specification languages for simulation experi-
ments and simulation models [36, 35, 395|. The demand for domain-specific languages persists,
particularly for making the various artifacts of the conceptual model explicit along with their
metadata. For instance, despite the existence of formal approaches like temporal logics for
expressing requirements ([167, 170]), those still need to be tailored into internal or external
domain-specific languages for the diverse types of requirements used in simulation studies and
the various application domains. Furthermore, methods for specifying the qualitative model
may need to be tailored. For instance, domain-specific causal loop diagrams have recently
been discussed, which incorporate (ontological) annotations [438]. Additionally, languages for
describing assumptions necessitate further exploration.

Furthermore, formal representations are required for general methodological knowledge about
goals and subgoals, properties of experiment types and methods, metadata about tools, as well
as the overarching rules about the M&S life cycle. Moreover, to be intelligible and easy-to-
use, tailoring languages to the nuances of their specific application domains is crucial. Most
importantly, for ensuring the unambiguity of specifications, ontologies should be used for semantic
annotations, especially when concepts are employed across diverse application domains, simulation
approaches, and tools. Knowledge graphs are a powerful instrument for structuring the various
concepts, their attributes, and relationships [439].

Further standardization efforts will be required, but these need to be community-driven so
that all domain-specific intricacies can be taken into account. The standardization processes may
be accompanied by existing initiatives, such as SISO™®, COMBINE™, or OMF"2.

In addition to language development, enhanced tool support for specifying knowledge is
required, including means for integration with established frameworks and knowledge bases.
Finally, maintaining and improving the necessary tools should become a priority. This extends to
provenance, documentation standards, and open repositories. Their increasing role for modeling
and simulation studies was demonstrated and discussed in this dissertation.

Acquiring Knowledge and Integrating Sources Effectively generating simulation experiments,
models, or other artifacts depending on context requires an abundance of explicitly and unam-
biguously specified knowledge. Various categories of knowledge were discussed in this dissertation,
encompassing general knowledge about the M&S process, knowledge about methodologies and
tools, and the intricacies of the application domains. Unfortunately, most of this knowledge is
not explicitly and machine-accessibly available.

Consequently, approaches for knowledge acquisition will be crucial for building dedicated
support for simulation studies. Methods for manual collection include expert interviews in the
domains, literature studies, or large scale surveys. Automatic extraction of knowledge from
unstructured or semi-structured text may be facilitated by various natural language processing

"0Simulation Interoperability Standards Organization, https://www.sisostandards.org/, last accessed 19 July,
2024.

"' COmputational Modeling in Blology NEtwork, https://co.mbine.org/, last accessed 19 July, 2024.

"0Open Modeling Foundation, https://www.openmodelingfoundation.org/, last accessed 19 July, 2024.
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techniques, including recent generative artificial intelligence models [440]. Advances in machine
learning (ML) methods also seem promising, e.g., for mining process knowledge [441].

Additionally, further tool support is necessary to incentivize users to manually collect detailed
provenance information. Another option are automatic approaches that are able to capture
provenance in a transparent and light-weight manner that does not burden the modeler [300].
However, seamlessly integrating these approaches with the diverse working environments of
modelers remains a challenge.

The sources for automatic knowledge extraction include knowledge graphs, open databases,
research artifacts, code repositories, provenance graphs, and scientific literature. Typically, a
combination of these sources is required to address specific questions or tasks. Managing and
exploiting information from these diverse sources is an evolving challenge that has recently been
tackled by “data fabrics” [442], flexible software architectures that allow integrating heterogeneous
data sources. Similar architectures may be facilitated for integrating knowledge in modeling and
simulation.

Applying Machine Learning The rule-based and knowledge-based approach for generating
simulation experiments presented in this dissertation has several key advantages. First, various
knowledge that is of importance in successfully conducting simulation studies is made explicit, and
may be reused and extended in future endeavors to support simulation studies. Second, concrete
simulation studies are thoroughly documented, including explicit experiment specifications,
conceptual model, and provenance of the entire study. This will be advantageous for the various
scientific communities as it lends credibility, traceability, and reusability to their simulation
studies. Third, the defined patterns and rules enable consistency checks for a variety of simulation
studies.

As the framework grows in complexity, more applications shall be supported, and more data
become available, the various tasks of the experiment generator may be increasingly based on ML.
However, for ML approaches to be viable, data needs to be available and adequately represented
for training, testing, and validating the ML models. Currently, data are sparse, and widespread
usage of formal provenance models and open modeling repositories for telling the whole story of
a simulation study is just starting to become indispensable.

Nevertheless, in the pursuit of an intelligent M&S life cycle, ML methods have made progress.
But so far, the different tasks of a modeler have been targeted in isolation, e.g., using reinforcement
learning or decision trees for choosing the right methods for a simulation experiment [110], or
using deep neural networks and optimization for selecting hyperparameters [443|. Combining
and developing methods to support the bigger picture remains a topic of future research.

All in all, the methods developed in this dissertation contribute towards making the context of
simulation studies explicit and exploiting this information automatically to generate experiment
specifications in both tool-independent and tool-dependent manners. Automated situation-
specific reuse and adaption of experiments during the entire simulation study was achieved.
However, fully automatic reuse and adaption of simulation experiments beyond the supported
scenarios, as well as the fully automatic generation of experiments from scratch, can only be
realized with further explicit context information and suitable methods for its interpretation.
Therefore, progress in these four areas of future research will greatly benefit automatic experiment
generation and the broader automatic support of simulation studies. Addressing these topics in
the near future will also drive the field of modeling and simulation forward, positioning it at the
forefront of current developments in computer science, such as those in artificial intelligence.
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In Chapter 3, metamodels were introduced as the central approach for representing the ingredients
of diverse simulation experiments. First, base metamodels were employed to represent the
simulation experiments within a specific modeling and simulation approach. Subsequently,
experiment type metamodels were utilized to represent, for instance, the structure of global
sensitivity analysis. Through composition of these two types of metamodels, complex simulation
experiments could be constructed. The following tables present additional metamodels.

Table A.1 depicts the base metamodel for
e finite element analysis,

which was discussed in Section 3.5.1.

Tables A.2-A.9 show the metamodels for the experiment types
e steady state estimation,

° parameter scan,

local sensitivity analysis,

e parameter estimation,

optimization,

statistical model checking,
e what-if analysis,
e and convergence testing.

Note that these metamodels serve as an initial draft. They can be flexibly extended to support
additional, more specialized simulation experiments and methods.

In the tables, the same symbols as in Chapter 3 will be used. The rows describe the different
input properties of the metamodel. Sub-properties are indented. Properties of type Map consist
of a key (“k”) and values (“v”). Alternative metamodel parts are indicated by “|”.
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B Excursus: Ontology of Sensitivity Analysis
Methods and its Use for Method Selection

The broader context of a simulation study must consider the methodologies employed. This
entails assessing the types of experiments used, the reasons behind their selection, and how they
fit into the context of a given simulation model and its history. In particular, understanding
the properties of a model and its development process that allow for the application of specific
methods is vital for steering the next actions in a simulation study effectively.

Third, to address the challenge of selecting appropriate experiment types and methods within
a specific context, ontologies and best practice rules are defined and utilized. By explicitly
representing methodological aspects and relating them to characteristics of the simulation
study, semi-automatic decisions can be made. This section summarizes parts of the paper [238,
(©) 2021 IEEE.].

With regards to simulation experiments, which method to use is a frequently asked ques-
tion [445]. For instance, the automatic selection of methods in modeling and simulation has been
investigated with the goal of achieving more robust results or faster runtimes [110]. However, for
experiment types such as optimization, finding the best performing method proved difficult [156],
due to the fact that properties of the response surface are typically “not known a priori”. Another
problem is that, with regards to the applicability of a method, there may not be one best method
but rather various alternatives. Modelers may not be aware of them or their differences. Also,
methods are often applied without considering the context. A recent review on sensitivity analysis
(SA) found that approximately half of the conducted analyses were applied falsely [126]. This
makes it difficult to learn from previous cases.

Therefore, it is crucial that support for SA (as well as other critical experiment types) relies on
thoroughly collected knowledge based on theory instead of imitating previous applications and
carefully consider the context of the simulation study. Providing a knowledge base that can guide
the decision-making process by eliminating certain methods based on provided criteria, could
help to bundle expertise and automate certain steps, which eventually prevents fundamental
methodological mistakes and gives some guidance, especially for inexperienced users.

Here, ontologies are used to assign properties to methods, e.g., which types of models they can
or cannot handle, how computationally expensive they are, or which kinds of measures can be
calculated (e.g., first-order, second-order sensitivity indices). Listing B.1 shows an excerpt of
an ontology developed specifically for SA methods [238]. It is written in the Manchester OWL
syntax [446] and describes the properties of the Elementary Effects method, also known as the
Morris method. Given an ontology, a list of suitable methods can be extracted by building the
right description logic (DL) query.

For instance, one best practice about sensitivity analysis from the literature states: “Both
uncertainty and sensitivity analysis should be based on a global exploration of the space of input
factors, be it using an experimental design, Monte Carlo or other ad-hoc designs. |[...] local/OAT
methods do not adequately represent models with nonlinearities” [126]. This best practice promotes
the use of global SA methods over local SA methods, especially for nonlinear models. In the
case where the model response is assumed nonlinear or no such information is found, only global
SA methods are selected from the ontology, using the query: SAMethod and GlobalMethod. If
the model is assumed to exhibit linear behavior, also local one-at-a-time (OAT) methods are
selected: SAMethod and (GlobalMethod or LocalMethod).

Another best practice rule states: “When sensitivity analysis is performed, it should allow the
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relative importance of input factors and combinations of factors, to be assessed, either visually
(scatterplots) or quantitatively (regression coefficients, sensitivity measures or other)” [126]. The
following DL query can filter all methods that can be used for factor ranking and can calculate
the interaction effects between parameters: has Purpose some Ranking and hasSpecialty
Interactions.

Morris
SubClassOf:
SAMethod
GlobalMethod
hasComplexity some LowComplexity
hasPurpose some Ranking
failsWith some NonSmoothModelResponse

DisjointWith:
FAST, Sobol, SRCs, ...

O © 00O Ui Wi

—_

Listing B.1: Specification of the class “Morris” of the SA method ontology. Reprinted from [238].
(©) 2021 IEEE.

The developed SA ontology was implemented using Protégé [447|. Figure B.1 shows a
screenshot of the Protégé frontend displaying the classes of the SA ontology. It was based on
the categorizations obtained from two review papers [125, 127|. For the concrete methods, a few
methods were pre-selected that were found readily available in popular SA packages [448, 449|.
The ontology therefore currently focuses on the following methods: a simple two-level full factorial
analysis as a representative of local SA, and the following global methods: the Elementary Effects
method by Morris, Delta, Sobol, RBD-FAST, FAST, SRC, and PRCC. Note that this list is not
complete and that the ontology could be extended with additional methods.

To put the ontology to work in an existing framework for conducting simulation experiments,
it can be exported/imported via the OWL (Web Ontology Language) and queried, e.g., using
the OWL Java API [450]. Through this API, DL queries can be submitted, e.g., to the Hermit
reasoner [451].

Now given a simulation model and some context information, a query may generated to extract
all suitable methods from the ontology of SA methods that are applicable in the provided context.
Listing B.2 shows the generated DL query and the query result for a Wnt signaling model. Details
of the case study are given in [238].

1 Query: GlobalMethod and hasPurpose some Ranking and
2 hasSpecialty some Interactions
3 Result: FAST, Morris, Sobol

Listing B.2: DL query for finding all suitable SA methods for the current simulation model.
Reprinted from [238]. (©) 2021 IEEE.

In conclusion, automatically generating and executing simulation experiments holds the promise
of facilitating the conduction of more consistent, systematic, and efficient simulation studies. One
building block in this endeavor is choosing a suitable experimentation method for a particular
experiment type (e.g., sensitivity analysis, simulation-based optimization, etc.). However, which
methods are suitable, and how they have to be parametrized and executed largely depends on
the context in which the experiment is conducted.

So far, the knowledge about the various methods is extracted manually from literature reviews.
In the future, obtain the data (i.e., the ontologies and rules) via machine learning or based,
which, however, require huge amounts of training data. But with the recent emergence of large
language models, automatic ontology construction now seems in reach [452].
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<4 sensitivity-analysis-ontology (http://www.semanticweb.org/pw/ontc
File Edit View Reasoner Tools Refactor Window Help

¢ sensitivity-analysis-ontology (http://www.semanticweb.o

Active ontology x Entities x Individuals by class x DL Query >

Annotation properties Datatypes Individuals
Classes Object properties Data properties

Asserted -
v®owl:Thing
Complexity
GlobalMethod
Idea
Input
Interactions
LocalMethod
Method
DELSA
Delta
FAST
FractionalFactorial
Morris
PRCC
RBD-FAST
Sobol
-#SRC
Two-Level-Full-Factorial
OQutput
Purpose
SamplingStrategy

Figure B.1: Ontology of sensitivity analysis methods implemented with Protégé.
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C Statistical Model Checking Experiment in

SESSL

import sessl._

import sessl.mlrules._

import sessl.verification._
import sessl.verification.mitl._

// Minimum and maximum values of beta catenin (from Lee et al. 2003)
val maxR = 10000

val minR = 7500

// Observed time range

val startObsTime = 300

val stopObsTime = 420

// Statistical model checking
execute(
new Experiment with Observation with ExpressionObservation
with StatisticalModelChecking with ParallelExecution with CSVOutput {
// Set up the model
model = "../models/M2_2.mlrj"
// Set initial species count and experiment specific reaction rate coefficient
set("nWnt" <~ 300)
set("scalingFactor" <~ 0.28)

// Set up the simulator
simulator = SimpleSimulator ()
parallelThreads = 5

// Set up the observation

stopTime = stopObsTime
observeAt (range (startObsTime, 10, stopObsTime))

val bCat = observe("bcat" ~ count("Cell/Nuc/Bcat"))

// Initialize the model checker
test = SequentialProbabilityRatioTest(p = 0.8, alpha = 0.05, beta = 0.05, delta = 0.05)
// Property to be checked
prop = (_, outputs) => {
val values = outputs(bCat).asInstanceOf [Trajectory[Double]].toMap
values.forall {case (t,y) => (y < maxR && y > minR)}
}
// Qualitative result
withCheckResult { result =>
println(s"Satisfaction status: ${result.satisfied}")
}
// Store results of the runs
withExperimentResult (writeCSV)
}
)

Listing C.1: Statistical model checking experiment in SESSL for cross-validation of the Lee

et al. (2003) and Haack et al. (2015) models. Using the sequential probability
ratio test, the stochastic output trajectories of the extended model are assessed to

determine whether the species count of S-catenin consistently falls within the range
(7500,10000) in the time interval [300,420].
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