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Abstract

Seasonal to decadal (S2D) predictions form a research subject of
growing importance providing valuable information for numerous
stakeholders. The Baltic Sea’s predictability on S2D timescales was
investigated by analyzing an ensemble run of the Modular Ocean
Model 6 (MOMBS6) in regard to the temporal variability, memory
capacity and response to external forcing of the sea. Potential
for skillful decadal salinity predictions of the entire Baltic Sea,
as well as the Gotland Sea and the Gulf of Bothnia, was found
due to the salinity memory and partial predictability of freshwater
forcing and thereby the low-frequent salinity variability of the
Baltic Sea. Further results indicate seasonal predictability of the
Baltic Sea water temperature and Baltic Sea, Gotland Sea and
Gulf of Bothnia sea ice, based on the temperature memory of the
Baltic Sea. Generally, future predictions of any variable should
aim to leverage the combination of memory capacity and accurate
estimations of future forcing to maximize their skill.
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Zusammenfassung

Saisonale bis dekadische (S2D) Vorhersagen sind ein Forschungs-
gebiet von wachsender Relevanz, welches zahlreichen Interes-
sengruppen wertvolle Informationen zur Verfiigung stellt. Die
Vorhersagbarkeit der Ostsee auf S2D Zeitskalen wurde untersucht,
indem ein Ensemblelauf des Modular Ocean Models 6 (MOM®6)
hinsichtlich zeitlicher Variabilitat, Vorhersagegedachtnis und Reak-
tion der Ostsee auf dufleren Antrieb analysiert wurde. Poten-
zial fiir dekadische Vorhersagen des Salzgehaltes der gesamten
Ostsee, sowie der Gotlandsee und des Bottnischen Meerbusens,
wurde durch das Vorhersagegedichtnis fiir Salzgehalt und die
teilweise Vorhersagbarkeit des Frischwasserantriebs und damit ver-
bunden der niederfrequenten Salzgehalt-Variabilitdt der Ostsee ge-
funden. Weitere Ergebnisse deuten auf saisonale Vorhersagbarkeit
der Wassertemperatur der Ostsee und des Seeeises von Ostsee,
Gotlandsee und Bottnischem Meerbusen hin, basierend auf dem
Vorhersagegedachtnis fiir die Temperatur der Ostsee. Allgemein
sollten zukiinftige Vorhersagen von jeder Variable versuchen, die
Kombination von Erinnerungsvermogen und prazisen Einschitzun-
gen des zukiinftigen Antrieb fiir maximalen Vorhersageskill zu
nutzen.
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Chapter 1.

Introduction

Seasonal to decadal (S2D) predictions bridge the gap between long-term climate
projections like IPCC [2023] and Meier et al. [2022] and short-term weather fore-
casts [Boer et al., 2016]. They deliver crucial information for decision making
and planning of the next 10 years and help society anticipate, prepare for, and
adapt to climate variability and change over the next decade [O’Kane et al., 2023].
More precisely, decadal predictions facilitate the development of climate-resilient
farming practices [Solaraju-Murali et al., 2022], the adaption of the energy sector
to modern day challenges [Hutchins et al., 2025], better understanding of fish stock
evolution under changing ocean conditions [Payne et al., 2022] and comprehension
of climate change impact on future tourism [Gossling and Scott, 2025], among
many more applications.

Mathematically, S2D predictions lie at the intersection of initial-value and boundary-
value problem [Meehl et al., 2021, Boer et al., 2016, Stocker et al., 2013]. Under-
standing and modeling both aspects is crucial [Kushnir et al., 2019], particularly
considering the influence of model bias and drift [Meehl et al., 2022, 2021]. The
Decadal Climate Prediction Project (DCPP) aims to enhance the understanding
of decadal climate predictability and variability [Boer et al., 2016] in order to
make a contribution to the Coupled Model Intercomparison Project 6 (CMIP6)
[Eyring et al., 2016]. A key challenge, especially on decadal timescales, forms the
so-called signal-to-noise paradox, where the predictable signal is underestimated
and masked by internal variability [Scaife and Smith, 2018, Smith et al., 2020].
Recent studies tackle this obstacle by using large ensembles to obtain meaningful
prediction skill [Smith et al., 2019, Yeager et al., 2018, Eade et al., 2014, Dobrynin
et al., 2022]. Furthermore the utilization of the slowly varying major modes of the
climate system presents potential for skillful S2D predictability [Smith et al., 2019,
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Meehl et al., 2021, Mariotti et al., 2020, Smith et al., 2020].

While the Baltic Sea hasn’t been specifically investigated regarding its S2D pre-
dictability, the proximate North Atlantic ocean already shows potential for skillful
predictions on decadal time frames. Borchert et al. [2018, 2019] found decadal
hindcast skill for North Atlantic sea surface temperature if northward ocean heat
transport during initialization is significantly weaker or stronger than on average.
Lipfert et al. [2022] concluded that North Atlantic variability in marine heat wave
days and frequency is predictable for up to 8 years, and, likewise, Fan et al. [2023]
demonstrated skillful salinity predictions over the same time horizon by accounting
for downstream effects in the North Atlantic subpolar gyre. This raises the question
of whether the Baltic Sea also holds potential for skillful decadal prediction and
how significant the North Atlantic’s role could be in that regard.

It is known that the North Atlantic Oscillation (NAO) and the Atlantic Multi-
decadal Variability (AMV), two large-scale modes located in the North Atlantic, are
key drivers of climate variability of Northern Europe and the Baltic Sea region in
particular [Borgel et al., 2020, 2022]. The former describes changes in the normal-
ized sea-level pressure difference between the Azores High and the Icelandic Low
[Hurrell, 1995]. It influences Northern Europe’s climate by modulating the strength
and path of westerly winds across the Atlantic [Hurrell et al., 2003, Borgel et al.,
2020] with energies on 4-10 year timescales [Meier et al., 2023, Visbeck et al.,
2001]. The positive (negative) phase of the oscillation typically brings mild (cold),
wet (dry) winters [Hurrell, 1995, Hurrell et al., 2003]. Skillful NAO predictions
on decadal timescales used large ensembles [Patrizio et al., 2025, Smith et al.,
2014, Athanasiadis et al., 2020, Strommen et al., 2023] and methods like variance
matching [Smith et al., 2020]. The AMV characterizes low-frequent fluctuations
of North Atlantic sea surface temperature, oscillating on 60-90 year timescales
[Knight et al., 2006, Meier et al., 2023]. It influences Northern European precip-
itation [Borgel et al., 2022, 2018] and thereby Baltic Sea salinity [Meier et al.,
2023], and furthermore holds an influence on Baltic Sea temperatures [Borgel
et al., 2023, Barghorn et al., 2025]. Decadal predictions of the future AMV state
are improving [Yeager, 2020, Buckley et al., 2019] with the use of tools like neural
networks [Liu et al., 2023] or a linear inverse model [Huddart et al., 2016]. NAO
and AMYV influence each other [Klavans et al., 2019, Borgel et al., 2020, Smith
et al., 2020] and together shape the variability of the Baltic Sea region temperature,
precipitation and ice among others [Borgel et al., 2023, 2022].
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The Baltic Sea possesses unique salinity dynamics as the result of inflowing salt-
water from the North Sea mixed with precipitation and river runoff [Mohrholz,
2018, Lehmann et al., 2022]. These saline inflows occur primarily through large,
irregular, so-called Major Baltic Inflows (MBIs) [Mohrholz, 2018, Lehmann et al.,
2022], which generate horizontal and vertical salinity gradients as the dense saline
water propagates along the seabed through the Arkona Basin and Bornholm Basin
into the Gotland Sea and the Gulf of Finland [Liblik et al., 2018]. Baltic Sea salinity
exhibits a pronounced multidecadal variability with a periodicity of around 30
years [Winsor et al., 2001, Meier and Kauker, 2003], caused by the AMV and NAO
modulating the freshwater supply and amplified by a positive feedback mechanism
between freshwater input and saline inflows [Meier et al., 2023]. More precisely,
the AMV and the zonal displacement of the NAO centers of action force the low-
frequent variability of atmospheric flow over Northern Europe and hence Baltic
Sea catchment area precipitation variability on timescales corresponding to the
squared AMV harmonic of about 30 years [Meier et al., 2023]. That precipitation
variability dictates changes in the freshwater supply of the Baltic Sea on timescales
matching the residency time of water masses in the Baltic Sea [D60s et al., 2004,
Meier, 2007], yielding the multidecadal salinity variability of the Baltic Sea of
about 30 years, which is further amplified by a positive feedback of the Baltic Sea
freshwater supply influencing the salinity of saline inflows into the sea [Meier
et al., 2023]. The variabilities of Baltic Sea temperature, especially SST [Kniebusch
et al., 2019], ice cover [Omstedt and Hansson, 2006, Karpechko et al., 2015] and
sea-level [Novotny et al., 2006, Karimi et al., 2022] are primarily atmospherically
forced. A low-frequent variability component, as that of salinity, is not known for
these properties. Baltic Sea memory capacities are governed by its water and heat
balance. The water balance influences salinity and operates on timescales around
30y years [D60s et al., 2004, Meier, 2007, Omstedt and Hansson, 2006]. In con-
trast, the heat balance, which controls temperature and ice cover, displays e-folding
timescales ranging between 4-7 months [Meier, 2006] and 1 year [Omstedt and
Hansson, 2006].

Different approaches were used to evaluate Baltic Sea predictability timescales re-
garding average and surface temperature, sea-level, ice thickness and concentration
as well as average and surface salinity. Thereby all calculations were performed
for the entire Baltic Sea as well as for the Arkona Basin, Gotland Sea and Gulf of
Bothnia.

At first, the sub-ensemble averages over all forcings were investigated. Information
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about memory timescales of the different variables was obtained through the de-
velopment of their respective initializations. Further, the influence of the external
forcing, comprising river runoff, atmospheric conditions and open boundary condi-
tions to the North Sea, was studied by comparing reference run and sub-ensemble
average slices that start from the same initial field. The regard of the external
forcing was continued with a subsampling technique [Dobrynin et al., 2018, 2022].
Predictions on S2D timescales were attempted through the estimation of future
forcing and evaluated for their skill.

After an explanation of the methodology of the study the results are presented and
discussed. Subsequently, the findings are summarized and an outlook on future

research possibilities is given.



Chapter 2.

Methods

2.1. Model setup and ensemble construction

All model runs of this study were performed with the ocean model MOM6 coupled
with the ice model SIS2 using a horizontal resolution of 8 nautical miles and
100 vertical layers. The model domain spanned the whole Baltic Sea including
Kattegat and Skagerrak up to a longitude of 8.12 °E (see Fig. 2.1). Propagating
in time, the model was forced by a set of boundary conditions. The atmospheric
forcing, consisting of mean sea level pressure, rain fall amount, snow fall amount,
2m specific humidity, short- and longwave radiation, 2m temperature and U- and
V-components of 10m wind, was based on coastDat-3 COSMO-CLM reconstruction
data. Open boundary conditions at the domain border to the North Sea were
implemented with a statistical model based on westerlies and the river runoff
into the sea followed the general runoff data of the HELCOM PLC-6 assessment
[Sonesten et al., 2018] comprising all significant rivers that flow into the model
domain. Overall, the model setup was oriented at the work of Neumann et al.
[2022]. All computations were performed at the high performance compute cluster
HAUMEA of the University of Rostock.

At first, a reference run was calculated for the 72 year period 1948-2019 (see
Appendix A.1 for an overview), initialized with a 50 year spin-up and forced by the
boundary conditions explained above. Afterwards, a large ensemble was computed
pairing each of 13 initial fields with each of 63 forcing time series (consisting of
atmospheric forcing, open boundary conditions and river runoff), as shown in Fig.
2.2. For initial fields the reference run states on January 1st, every 5 years from
1951 to 2011, were used. The 63 forcing time series were obtained by cutting 10
year long slices out of the reference run forcing (which is 72 years long in total),
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Figure 2.1: Analyzed basins of the Baltic Sea (colored areas) with vertical model output
stations located at their deepest points: BY02 - Arkona Basin, BY15 - Gotland Sea, C3 - Gulf
of Bothnia. The full model domain comprises the basins together with the dark grey area.

with the first time series starting 1948 and all following time series starting 1 year
later than the previous one, until the last one starting in 2010. Accordingly, the
whole ensemble consists of 13 sets of 63 members. These sets will be referred to as
sub-ensembles. Each member spans 10 years, and the sub-ensembles start every 5
years, in accordance with the CMIP5 protocol regarding decadal predictions [Taylor
et al., 2012]. The construction of the entire ensemble provides a trade off between
accessible computational resources and temporal sampling.

63 forcing time series (10y)

13 initial fields (reference run 01.01.YYYY)
| 1948 I 1949 I | 1956 | 1957 I | d
applied to
| 1949 | 1950 | | 1957 | 1958 | \ | s || e || el || B || I || L0 || E |
: | 1986 || 1991 || 1996 || 2001 || 2006 || 2011 |
| 2010 | 2011 | | 2018 | 2019 |

Figure 2.2: Sketch of the construction of the ensemble model run. All 13 initial fields were
combined with each of the 63 forcing time series.

2.2. Postprocessing

2.2.1. Analyzed variables

This section aims to give an overview on the model output configuration and the
resulting data of the analyzed variables: temperature and salinity of the whole
water body and of the sea surface, sea-level, ice thickness and ice concentration.
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Not only the Baltic Sea (BS) as a whole was investigated, but also the Arkona Basin
(AB), the Gotland Sea (GS), and the Gulf of Bothnia (GB). Sea surface salinity
(SSS), sea surface temperature (SST), sea surface height (SSH), ice thickness
(Ice HI) and ice concentration (Ice CN) were computed by the model using their
respective MOM6 and SIS2 diagnostics and afterwards averaged over the surface
of the according areas (entire model domain for BS or single basin surface), with
consideration of the grid cell surface areas. The Ice CN output distinguished
between different category bounds, which were all summed up. The description of
average temperature and salinity differs between the entire BS and its sub-basins.
Basin-specific values were obtained by multiplying temperature and salinity of the
basins deepest water column (at the station BYO2 of the AB, BY15 of the GS and C3
of the GB, as shown in Fig. 2.1) with the basins respective hypsographic function.
The values for the whole BS were taken from the control file ocean.stats.nc, which
contained heat content and salt mass of each grid cell integrated over the whole
model domain (diagnostics: Heat, Salt). Since that domain also includes the
Kattegat and Skagerrak, the salt and heat of these two areas were included in the
diagnostics of the Baltic Sea, but not of the single basins. In order to maintain
consistency in the results regarding the Baltic Sea, surface and ice values were
averaged over the entire model domain, involving Kattegat and Skagerrak as
well. Total heat content and salt mass of the BS are to a good degree directly
proportional to average temperature and average salinity, so these terms were used
synonymously. All variables have a temporal resolution of monthly values.

As a result, the whole data has the following five degrees of freedom:

* 1) Variable: SST, SSS, SSH, average temperature, average salinity, ice concen-
tration, ice thickness

* 2) Basin: BS, AB, GS, GB

* 3) Initialization year: 1951, 1956, 1961, 1966, 1971, 1976, 1981, 1986, 1991,
1996, 2001, 2006, 2011

* 4) Forcing time interval: 10 year interval starting each year from 1948 to 2010

e 5) Lead time: Months 0-120

2.2.2. Prediction generation through subsampling

For the subsampling analysis in this study many subsamples were created out
of the large ensemble, by applying a set of different predictors to all of the 13
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sub-ensemble initializations. Each sub-ensemble initial field was classified into a
threshold (strong/moderate positive/negative or neutral) in regard to each pre-
dictor. Members of the same sub-ensemble with a forcing that matches the initial
field’s threshold regarding a specific predictor were grouped into a subsample. Con-
sequently each subsample is classified by its initial field and the applied predictor.
The subsample averages were treated as predictions. Table 2.1 gives an overview of
all used predictors. The thresholds were defined based on the standard deviation
of the time series, as shown in Fig. 2.3.

As an example of the subsampling, the initial field of 1980, like all others, was
forced by the 63 different forcing time series, thus creating 63 members starting
from the same 1980 initial field. That initial field of 1980 was evaluated for all
predictors and assigned a threshold for each predictor. For example the future 3y
AMYV index (average AMV index over the next three years) regarded from 1980
is 'moderate negative’, as it is for the years 1963-1969, 1978-1981, 1986, 1989-
1990, 1993 (see Fig. 2.3). Now, out of the 63 members of the 1980 initial field, all
members created by the forcing starting at these years were added to the subsample
"future 3y AMV moderate negative" for the initial field 1980. The mean of that
subsample was interpreted as prediction starting 1980 based on knowledge of the
future 3y AMV index.

0.50 strong positive
0 moderate positve
- 0.501 neutral
moderate negative

” ANAN
v \/ \/ strong negative

1950 1960 1970 1980 1990 2000 2010 2020
Year

Figure 2.3: Sketch of the general threshold classification, applied to the future 3y AMV
index as an example. The data is grouped into five windows based on the time series
standard deviation.

Predictors

The used AMV index was provided by the National Oceanic and Atmospheric
Administration (NOAA). It is derived from North Atlantic SST anomaly data [Kaplan
et al., 1998] through averaging and detrending, spanning from 1938 until 2019.
Runoff and precipitation data was extracted directly from the model forcing. Past
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BS salinity values were taken from the reference run. All predictor time series P(t)
were calculated separately through the application of various running means to the
above explained metrics. Subsequently they were standardized according to:

P(t) - Pmean

(2.1)
Pstd

Ptandardized (t) =
Pitandardizea(t) — standardized predictor time series; Ppe.n — mean of P(t); Piq —
standard deviation of P(t). As a result, past and future AMV index, past and future
runoff plus precipitation, past salinity of the BS, averaged over multiple time spans
and standardized, as well as the initial Baltic Sea SST, temperature, SSH, SSS and
salinity were obtained as predictors. Tab. 2.1 gives a full overview.

Predictor Time Direction | Time Span
Baltic Sea average salinity Past Sy
10y
15y
AMV index Past 3y
Sy
10y
Sum of runoff and precipitation Past 3y
Sy
10y
AMV index Future 3y
Sy
10y
Sum of runoff and precipitation Future 3y
Sy
10y
Initial Baltic Sea SST, SSH, SSS, average | - -
temperature, average salinity

Table 2.1.: List of all the predictors that are used for subsampling with their corresponding
time direction and time span.
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Quantification of prediction skill

Subsampling prediction skill was analyzed for monthly resolved predictions (MRP)
and annually resolved predictions (ARP). For the MRP, effects of the seasonal cycle
of the Baltic Sea were removed by subtracting the respective climatology from the
prediction and the according 10 year reference run slice. Afterwards, for MRP
and ARP and only if SST or average temperature were predicted, prediction and
reference run slice were additionally detrended by subtracting their respective
linear trend. Further reasoning of the methodology is given in Appendix B.1.
Prediction skill in regard to the reference run was quantified through the Anomaly
Correlation Coefficient (ACC) and the Mean Square Skill Score (MSSS). Each
MRP/ARP spans ten years of monthly/annual values. For MRP the skill metrics
were calculated for the timescales first year, first 5 years, years 6-10 and whole 10
years. Skill metrics of the ARP were calculated for the first and last 5, 6, 7, 8 and 9
years of the prediction and for the whole 10 year prediction.

The ACC, calculated as Pearson correlation coefficient, describes how well the
predictions phase aligns with the phase of the reference run. Its values span from
-1, which corresponds to a perfect inverse correlation, to 1, corresponding to perfect
agreement in phase.

rce Sl =) (5= )]

. - (2.2)
VEi (i — 7 S (pi — D)

r - reference run, p - prediction, i & p - mean over the prediction time span.

In addition to the ACC, the MSSS is a common metric to assess the closeness of
predicted values to a reference [Ho et al., 2013, Smith et al., 2020, 2013]. While
that reference can be measurement or reconstruction data, in this study it is given
by the reference run.

2 (pi - Ti)z
i(ri—7)°

MSSS =1 — (2.3)
The MSSS is calculated based on the mean square error between prediction and
reference run scaled by the variance of the reference [Wilks, 2011]. The maximum
value of 1 indicates a perfect prediction matching the reference run at all times. A
minimum value does not exist. Both metrics are sensitive to outliers motivating the
investigation of smaller time windows.
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Blocked Bootstrap significance testing

This study uses a blocked bootstrapping test to quantify the statistical significance of
the determined MSSS or ACC between a subsampled prediction and the reference
run. The method allows to account for the autocorrelation of the analyzed variables
through an adjustable blocksize [Wilks, 2011]. The following scheme describes
the calculation of the p-value of each calculated MSSS/ACC for a given pair of
prediction and reference run.

* Divide both time series equally into blocks of the same length/size, depending

on the analyzed time window and the autocorrelation of the analyzed variable.
* Identically resample both time series with replacement.
* Compute MSSS/ACC of the two resampled versions.
* Repeat the last two steps 999 times.

* Examine the resulting distribution and perform a one-sided hypothesis test for
a positive MSSS/ACC with the null hypothesis Hy: of MSSS = 0 or ACC =0
respectively.

The block size is required to preserve the autocorrelation signal while avoiding
excessive averaging of the internal variability [Kunsch, 1989, Wilks, 2011]. This was
achieved by using blocksizes similar to the autocorrelation length of the analyzed
variable, and, in the case of excessive autocorrelation lengths, the blocksize which
maximizes the standard error of the bootstrapped distribution was utilized [Hall
et al., 1995, Politis and White, 2004, Mignani and Rosa, 1995]. The full blocksize
computation process is explained in Appendix B.2.
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Figure 3.1: Temporal salinity dynamics of the reference run and the sub-ensembles.
Solid black line: Annually averaged reference run values. Solid red line: Sub-ensembles
(characterized by their initial states) averaged over all forcings and annually in time.
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Reference run SSS and average salinity of the Baltic Sea (BS) and its subbasins
exhibit low-frequent variability on multidecadal timescales, as shown in Fig. 3.1a-h.

12
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The variability is most pronounced in the Gulf of Bothnia (GB), followed by the
Gotland Sea (GS), and weakest in the Arkona Basin (AB). This pattern is consistent
with the two dominant processes governing salinity across the Baltic Sea: inflowing
saltwater from the North Sea and low-frequency variability in freshwater input,
on around 30 year timescales, amplified by a positive feedback influencing saline
inflows. These saline inflows don’t reach the GB directly, meaning its salinity dy-
namics primarily follow the freshwater input variability. Major Baltic Inflows (MBIs)
propagate along the seafloor and can reach the GS, whose salinity is primarily
influenced by MBIs and freshwater input. This is reflected in the salinity decline
during the period from 1980-1990, a known stagnation period. The AB is the first
basin of the Baltic Sea affected by saline inflows, including smaller events. While
the low-frequency salinity variability is still visible there, it is superimposed by
higher-frequent fluctuations caused by both large and small inflows.

Averaging the computed ensemble over all forcings (atmospheric forcing, open
boundary condition to the North Sea, river runoff) yields 13 sub-ensemble averages
starting every five years (1951, 1956, ..., 2011) from January 1st of the reference
run, that are shown in Fig. 3.1 for surface and average salinity. During year one
the sub-ensemble salinity adapts to the different forcings that mostly don’t match
the initialization, followed by a decay to the mean for the rest of the 10 year
window. The latter trend confirms that the forcing is effectively averaged out to
a good degree and doesn’t drive the sub-ensemble averages. Generally the decay
to the mean salinity is happening slowly in the BS, GS and GB, illustrating their
salinity memory. At the same time salinity initializations of the AB clearly dissipate
faster the initializations of the other basins which indicates a smaller memory. The
low-frequent salinity variability of the entire BS is slightly blurred in the model
results because Kattegat and Skagerrak, which don’t feature that variability, are
included as well adding more noise on top of the signal. A figure similar to Fig.
3.1, that additionally contains the sub-ensemble initial values can be found in the
appendix under Fig. A.4.
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Figure 3.2: Temporal Baltic Sea temperature, sea-level and ice dynamics of the reference
run and the sub-ensembles. Solid black line: Annually averaged reference run values. Solid
red line: Sub-ensembles (characterized by their initial states) averaged over all forcings
and annually in time. Dashed black line: Average value of the whole ensemble.

In contrast to salinity, the reference run sea surface and average temperature,
sea-level as well as ice concentration and thickness are governed by higher-frequent
climate variability and long-term trends caused by global climate change: warming
of the Baltic Sea causing less sea ice, and sea-level rise, as shown in Fig. 3.2a-e for
the whole Baltic Sea. The sub-ensemble averages of these variables decay to the
mean considerably quicker than those of salinity indicating a smaller memory (see
Fig. 3.2a-e). Nonetheless, that decay is not instantaneous and the initial tempera-
ture signal can be found in the year one average of SST, average temperature and
maximum ice concentration and thickness. Especially initializations of very low
(1956,1966,1986,2011)/high (1961,1976,2001) temperatures yield lower/higher
year one sea surface and average temperatures and a higher/lower maximum ice
concentration and thickness. This provides evidence for a distinct temperature
memory of the Baltic Sea on timescales of several months starting January 1st.
From there the sub-ensemble averages follow the general trends of the reference
run, as they are forced by the average reference run forcing. Baltic Sea SST (av-
erage reference run trend per decade: 40.15°C), heat content (+4.7 - 10'2J), and
SSH (40.005m) increase while its annual maximum ice concentration (—0.0145)
and annual maximum ice thickness (—0.0056m) decrease. The dynamics of the
AB, GS and GB look similar to the BS dynamics displayed in Fig. 3.2. A similar

figure, that additionally contains the sub-ensemble initial values can be found in
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the appendix under Fig.A.5.
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Figure 3.3: Development of SST, mean temperature, SSH, SSS and mean salinity initializa-
tion anomalies averaged over all sub-ensembles. Anomalies were computed in regard to
the ensemble average over all initializations and forcings. Only initialization anomalies
larger/smaller than + 0.25 times the initialization standard deviation were considered.
Note, that the upper row displays the first year of model calculations, while the lower row
shows the whole 10 years.

As a different method to study the memory of the Baltic Sea, the temporal develop-
ment of the SST, average temperature, SSH, SSS and average salinity initializations
(always on January 1st) anomalies was analyzed (see Fig. 3.3). To calculate
the anomalies, the average 10-year time series of the whole ensemble was sub-
tracted from each sub-ensemble average. This method also effectively removes
the climatology and isolates the initialization development. Only sub-ensemble
initialization anomalies larger/smaller than 4+ 0.25 times the standard deviation of
all initializations were considered. Otherwise small absolute changes of the smaller
initializations causing large relative changes, potentially even with a change of
sign, overshadow the underlying signal.

SST initialization anomalies decay to zero faster than average temperature ini-
tialization anomalies across all basins. This behavior is physically consistent, as
a whole water body has a higher temperature memory than only its surface. GS
temperature initialization anomalies remain highest over the first 12 months, be-
cause it is the largest sub-basin and consequently possesses the largest temperature
memory, and because the BS values are influenced by shallower basins with less
memory. Around 20% of GS and BS initialization anomalies remain after the first 12
months, implying a distinct temperature memory. When the sea ice starts melting
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during the spring months cold meltwater is added to the sea water, decreasing its
temperature. This effect leads to an artificial increase of the remaining surface and
average temperature initialization anomaly of the GB and also to a smaller degree
of the GS, as seen in Fig. 3.3a,b. SSH initializations decay close to the mean already
during the first month across all basins indicating that Baltic Sea SSH memory
timescales are shorter than one month (see Fig. 3.3c). The salinity initialization
anomalies, of the sea surface and averaged, decay much slower compared to the
other variables, apart from the AB for which no SSS signal and only a small mean
salinity signal remain in the year one average values. In contrast to the AB, the
relative remaining initialization anomalies of sea surface and mean salinity of the
GS and the GB never fall below 30% over the whole ten year model period. Of
the initialization anomalies 59% of GS SSS and 40% of GS mean salinity, as well
as 31% of GB SSS and 67% of GB mean salinity anomalies remain in year ten,
compared to a remainder of 17% of the BS SSS and 32% of the BS mean salinity
initialization anomaly. Values for the BS without Kattegat and Skagerrak included
in the data would likely be higher as these two areas are well connected with the
open North Sea so that their initialization anomaly decreases quicker than that of
the actual Baltic Sea. Generally, the quantitative results have to be treated with
caution, because the + 0.25 standard deviation threshold is rather arbitrarily and
using higher, lower or no restriction at all influences the outcome. Nonetheless
qualitative conclusions can be drawn.

SSH memory was not detectable for the BS or any sub-basin on monthly resolu-
tion, which is in agreement with the sea-level being primarily forced by surface
winds and anomalies evening out quickly without external forcing. Basin-averaged
temperature is memorized longer than SST on timescales of several months up
to a year for the Baltic Sea and Gotland Sea. This pattern can be explained by
relating the temperature memory of a water body to its volume and thus the total
heat it contains. Of the analyzed basins the AB has the lowest salinity memory, in
accordance to it being the smallest one and most influenced by saline inflows from
the North Sea. BS, GS and GB display salinity memory on interannual to decadal
timescales, as the initialization anomalies of surface and average salinity remain
distinct over the whole model period.
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Figure 3.4: Pearson correlations between the initial temperature of sub-ensemble averages
and their year one winter ice and summer temperature for each basin. Winter ice is
quantified as maximum ice thickness (ice HI) and maximum ice concentration (ice CN).
Summer temperature is calculated as JJA mean temperature. Correlations are shown for
the whole Baltic Sea (BS), Arkona Basin (AB), Gotland Sea (GS) and Gulf of Bothnia (GB).
A panel is dotted if p<0.05.

The temperature memory of the Baltic Sea and its basins was further assessed
by studying the sub-ensembles averaged over all forcings. Correlating the initial
temperature of a sub-ensemble average with its year one maximum ice thickness,
year one maximal ice concentration, as well as year one summer (JJA mean)
temperature allowed an investigation of the development of the temperature ini-
tialization from a different framework. Since this studies ensemble comprises 13
sub-ensembles, the sample size for each computed correlation was 2x13.

As already seen in Fig. 3.3a,b, temperature initializations generally decay to the
mean over time. Nonetheless, this process does not happen instantaneously and
across all basins a correlation signal was found between initial temperature and
year one maximum ice thickness and concentration (between lead months 2-4) of
the sub-ensemble averages, as well as between initial temperature and summer
mean temperature (average of lead months 6-8) (see Fig. 3.4) of the sub-ensemble
averages. The correlations regarding ice cover are generally higher than those
for summer temperature, likely because the initial signal has decayed less until
months 2-4 than until months 6-8. Furthermore the BS correlations are highest
among the analyzed basins with r? = 0.83 (p < 0.001) for summer temperature,
r? = (.97 (p < 0.001) for ice concentration and r* = 0.88 (p < 0.001) for ice thick-
ness, followed by GB ice concentration r? = 0.79 (p < 0.001) and ice thickness
r? = (.78 (p < 0.001) as well as GS ice concentration r* = .75 (p < 0.001) and ice
thickness r? = 0.73 (p < 0.001).
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These significant correlations between initial temperature and year one winter ice
and summer temperature were only achieved because the sub-ensembles were
averaged over their forcings. If this studies ensemble is large enough, which it
seems to be to a good degree, the high-frequent external forcing on the temperature
is averaged out in the sub-ensemble averages, decreasing the perturbation of the
initialization signal, hence resulting in a decay to the mean to a good degree. After
a few months of computation the amplitude of the remaining initialization anomaly
of the sub-ensemble averages has decreased, but a large part of the phase remains,
which is what the Pearson correlation quantifies. This enables the high correlation
coefficients. Figure 3.4 demonstrates, that the signal of January 1st temperature
is memorized across all analyzed basins at least until the summer months, with a
stronger memory for larger basins. The degree to which the atmospheric forcing
influences the detectability of that signal is analyzed below.
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Figure 3.5: Pearson correlations between reference run and sub-ensemble average year one
winter ice as well as summer temperature. Reference run slices and sub-ensemble-averages
start from the same initialization. Winter ice is quantified as maximum ice thickness (ice
HI) and maximum ice concentration (ice CN). Summer temperature and SST are calculated
as JJA mean. Correlations are shown for the whole Baltic Sea (BS), Arkona Basin (AB),
Gotland Sea (GS) and Gulf of Bothnia (GB). A panel is dotted if p<0.05.

In order to investigate the actual predictability of winter ice and summer tem-
peratures based on temperature memory of the Baltic Sea, the model forcing has
to be taken into account. Therefore the year one winter ice as well as the year
one summer temperatures of the sub-ensemble averages were correlated with the
according reference run values (see Fig. 3.5). Once again all Pearson correlations
base on samples with 13 values each.

Statistically significant correlations between the basin-averaged year one summer
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(JJA mean) temperatures of sub-ensemble averages and reference run were found
for the BS (r? = 0.46, p = 0.01), AB (x* = 0.34, p = 0.04) and GS (x*> = 0.35, p = 0.03),
but not for the GB, and also not at all if the temperature of the sea surface was ana-
lyzed instead of basin-averaged. Calculated the same way, r*> > 0.45 correlations be-
tween sub-ensemble averages and reference run were detected for the year one max-
imum ice thickness of the BS (1 = 0.66, p < 0.01), GS (r> = 0.54,p < 0.01) and GB
(r? = 0.64, p < 0.01), as well as for the ice concentration of the BS (12 = 0.46,p = 0.01)
and GS (r? = 0.49, p < 0.01). All correlations are shown in Fig. 3.5.

The sub-ensemble year one averages are unforced to a good degree. Hence, this
method compares the forced and unforced development of temperature initializa-
tions. The appearance of correlations can be attributed to the temperature memory
of the Baltic Sea, while the height of the correlations is dictated by the reference
run forcing, mainly the surface air temperature perturbing the initial temperature
signal via sensible and latent heat flux. These heat exchange processes between
atmosphere and sea surface influence the SST strongest, masking any predictable
summer SST signal after an initialization on January 1st. The correlations for
BS and GS year one summer temperature can be explained by the temperature
memory of the two large water bodies that sustains parts of the initial temperature
signal through the influence of the experienced atmospheric forcing. However this
doesn’t explain the correlation found for the year one summer temperature of the
very small AB. The generally higher correlations for year one maximum winter ice
than for summer temperatures are likely caused by the shorter time span of forcing
influence (2-4 vs. 6-8 months). AB ice cover happens only during very cold winters,
thus it depends on atmospheric forcing. Consequently no correlations between
forced and unforced initialization developments were found for AB ice thickness
or concentration. Higher correlations for ice thickness than for concentration are
likely due to different sensitivities of the two variables to atmospheric forcing,
surface air temperature in particular. Warm surface air can melt larger areas of
thin ice quickly, while the thicker ice loses only some of its thickness, causing larger
changes in ice concentration than thickness (similar for freezing due to cold surface
air). Furthermore, the GB is the northernmost part of the Baltic Sea and most likely
to develop an ice cover. During cold winters the GB surface can freeze completely.
Because ice concentration is capped at 1, the variable cannot distinguish between
differently cold winters if the GB freezes fully. As a result there was no correlation
regarding GB ice concentration found between sub-ensemble averages and the
reference run.
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Figure 3.6: Anomaly correlation coefficient (ACC) and mean square skill score (MSSS) for
monthly resolved subsampling predictions of ten years length. Baltic Sea (BS), Gotland
Sea (GS) and Gulf of Bothnia (GB) salinity as well as GS SSS and GB SSS were predicted
utilizing the sum of past or future runoff plus precipitation (runoff + prec.), the past
or future AMV index (AMV) and past BS salinity as predictors. Therefore runoff plus
precipitation and AMV index were each averaged over the last 5 or 10 years prior to the
prediction (Past 5y/10y ...) or over the first 5 or 10 years of the prediction (Future 5y/10y
...) and past BS salinity was averaged over the last 5, 10, or 15 years (Past 5/10/15y salinity
of BS). All predictions base on the categorization of the predictors into the thresholds strong
or moderate positive or negative (Strong/Mod pos/neg), as explained in 2.2.2. Numbers
in parentheses behind the thresholds indicate the number of initial fields of the ensemble
matching that threshold. Each initial field yields its own prediction and the shown skill
scores are averaged per threshold. The results are dotted based on their significance level:
large dot for p<0.05, medium dot for 0.05<p<0.10 and small dot for 0.10<p<0.15.
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In an attempt to generate predictions in the framework of this study and thereby
to further investigate predictability, a subsampling method was applied to the
ensemble data. A detailed description of the methodology is given in section 2.2.2.
Basically the members of a sub-ensemble were grouped into subsamples based on
different predictors. The subsample average over all members was then treated
as a prediction. These predictions were evaluated for their skill in comparison to
the reference run through the anomaly correlation coefficient (ACC) and the mean
square skill score (MSSS).

The analysis incorporated annually resolved predictions (ARP) as well as monthly
resolved predictions (MRP). Resulting skill scores of the ARP were not statistically
significant on the basis of an applied blocked bootstrap significance testing (see sec-
tion 2.2.2 for the methodology). Also no significant skill was found for predictions
of the first year, the first five years, or years six to ten. As a consequence all shown
and discussed results base on MRP on prediction time scales of ten years only.
Further, no significant skill was found for predictions of the AB in general, as well
as for predictions of SST, mean temperature, SSH, ice thickness, ice concentration
of the BS, GS and GB. Nonetheless skillful MRP of BS mean salinity and GS and
GB SSS and mean salinity over a ten year time frame were achieved with different
predictors, as shown in Fig. 3.6. These predictors comprise the past salinity of
the Baltic Sea, the AMV index and the sum of river runoff and precipitation into
the Baltic Sea. All three of them were regarded as average values over different
time windows relative to the initialization time of the model runs. Past salinity
was averaged over the last 5, 10 and 15 years before initialization, while AMV
index and runoff plus precipitation were averaged over the last 5 and 10 years
prior to and and the first 5 and 10 years after initialization. Found prediction
skill of BS salinity based on strong negative past 10 year runoff plus precipitation
amounted to ACC = 0.74 (p = 0.03), MSSS = 0.44 (p = 0.06). The same predictor
yielded ACC = 0.82 (p = 0.08), MSSS = 0.61 (p = 0.04) for predictions of GS SSS.
Subsampling for strong positive past 15 year Baltic Sea salinity resulted in GB
salinity predictions with ACC = 0.77 (p = 0.04), MSSS = 0.52 (p = 0.01).

All the significant results (shown in Fig, 3.6) are average values for 1-3 (out of
13 total) initializations fitting the same predictor threshold, i.e. strong negative.
Thus the sampling error of this subsampling method is very high due to the limited
ensemble size. Computing the ensemble with more initial fields would increase
the number of initializations per predictor threshold enabling more robust results,
that might be significant on shorter prediction time scales. Nonetheless this studies
ensemble size allows for qualitative takeaways. The subsampling approach achieves
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prediction skill, in the form of ACC or MSSS, by predicting the future forcing of
the Baltic Sea, composed of open boundary conditions, atmospheric forcing and
river runoff in this study. Variability of surface and average temperature as well as
of ice concentration and thickness are primarily forced by variations in SAT which
were not predictable on interannual to decadal timescales by any of this studies
predictors. Hence no significant prediction skill was found for these variables on
a multi-annual timescale. The same rationale applies for the sea-level, which is
mainly forced by wind fields. Prediction skill for salinity, of the surface and depth-
averaged, is accomplished by gaining information about the current phase of the
Baltic Sea in its low-frequent salinity variability. The predictor past salt of the Baltic
Sea achieves just that. Since the Baltic Sea salinity variability is caused by freshwa-
ter forcing, which in turn is partly modulated by the AMV, runoff plus precipitation
and AMV index are also suitable predictors for future salinity. Predictability of AB
salinity is generally low because the basins salinity is perturbed more frequently
by saline inflows resulting in a less pronounced multidecadal salinity variability
compared to the BS, GS and GB, as shown in Fig. 3.1. If BS salinity values were
not incorporating Kattegat and Skagerrak salt that clouds the low-frequent salinity
variability signal, higher skill scores could have possibly been achieved in BS salin-
ity predictions and predictions utilizing past BS salinity as predictor. Besides the
already mentioned predictors, the initial fields of the sub-ensembles were also used
to generate subsamples. But due to their sensitivity to higher-frequent natural vari-
ability they were less suited as predictors than the multi-year averages of past Baltic
Sea salinity, AMV index and runoff plus precipitation. Generally the prediction skill
of the latter three predictors was highest if they were averaged over at least a 10
year time span, where large parts of higher-frequent variability are averaged out,
so that the signal of the low-frequency salinity variability is unmasked further. For
the same reason the longest prediction time scale, ten years, was the one providing
significant results. Furthermore strong positive or negative predictor thresholds
generally allowed for most of the significant results and the highest skill scores as
they provide the clearest phase information regarding the predictors variability and
in turn the Baltic Sea salinity variability.
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Conclusion and Outlook

This studies goal was to obtain an overview of the Baltic Sea’s potential for seasonal
to decadal predictability. Therefor an ensemble was computed pairing 13 initial
fields with 63 forcing time series, each run lasting ten years (see Fig. 2.2). Two
different approaches were used in the analysis. First, temperature, sea-level, and
salinity memory timescales were investigated through the development of the initial
fields. Second, predictions based on the future forcing were attempted by using a
subsampling method.

As expected, a pronounced salinity memory on a decadal scale was found for the
entire Baltic Sea (BS), the Gotland Sea (GS) and the Gulf of Bothnia (GB). The
Arkona Basin (AB) exhibited the smallest salinity memory spanning only seasonal
timescales. Generally, the memory regarding depth-averaged salinity was higher
than that of surface salinity (see Fig. 3.3 d,e). Same applies for temperature
where sea surface temperature initializations decay to the mean in only a few
months, while the relative initialization anomalies of BS and GS depth-averaged
temperature remain at around 20% after lead year one (see Fig. 3.3 a,b). The tem-
perature memory was further reflected in significant correlations between the initial
temperature and year one winter ice and summer temperature of sub-ensemble
averages (see Fig. 3.4). As each of the sub-ensembles of this study incorporates 63
different forcing time series, the mean over all sub-ensemble members averages out
the influence of external forcing, especially of surface air temperature, to a good
degree and the sub-ensemble averages reflect the unforced development of the
initializations. Consequently, the signal of initial temperature does not fully vanish
in year one and is mainly masked by the external forcing influence. That external
forcing was accounted for by correlating forced reference run and quasi-unforced
sub-ensemble averages regarding their winter ice and summer temperature (see
Fig. 3.5). Significant correlations with r?> > 0.45 were found for BS, GS and GB

23
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winter ice and BS summer temperature, indicating a distinct detectability of the
initial temperature signal at least throughout the first eight lead months of external
forcing. All these findings imply the predictability of heat-related variables on
seasonal timescales.

The conducted subsampling approach yielded skillful results through the prediction
of future forcing on the Baltic Sea. This was achieved for salinity predictions (see
Fig. 3.6), where the phase of the low-frequent salinity variability of the BS, GS and
GB was estimated utilizing multi-year averages of past BS salinity as well as of past
or future AMV index or runoff plus precipitation. The latter two predictors are well
suited because they describe the freshwater forcing on the Baltic Sea causing its
low-frequent salinity variability.

To sum up, predictability of Baltic Sea temperature and ice cover was found on
seasonal timescales, based on the seas temperature memory. Further understanding
of that memory, possibly in combination with the leveraging of the NAO to predict
future winter surface air temperature variability, could possibly enable interannual
temperature and ice cover prediction skill. No evidence for sea-level predictability
on seasonal or longer timescales was detected. Salinity of the BS, GS and GB was
identified as the best predictand among the analyzed variables displaying decadal
predictability potential. Skillful decadal salinity predictions are accomplishable
because of a high salinity memory of the Baltic Sea paired with the predictability of
freshwater forcing causing the seas distinct low-frequent salinity variability.

Future improvements of this studies findings could be achieved by computing
a larger ensemble that incorporates more initial fields. Thereby the development of
the initial anomalies, especially of larger ones, could be analyzed more thoroughly,
and the subsampling could yield more meaningful results if it uses more than 1-3
initializations per predictor threshold. Also the predictor runoff plus precipitation
could be improved to describe the actual freshwater input into the sea, by addi-
tionally accounting for evaporation. Furthermore, model runs starting at times
other than January 1st are needed to increase the understanding of the seasonal
dependency of the Baltic Sea’s temperature memory. Lastly, excluding the Kattegat
and Skagerrak from the Baltic Sea domain would raise the accuracy of the results
regarding the entire Baltic Sea, especially its salinity.
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Additional Plots

A.1. Reference run overview
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Figure A.1: Reference run overview: SST (a), SSS (b) and SSH (c) of the Baltic Sea and its
subbasins. A 12 month smooth was applied to all shown variables.
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Figure A.2: Reference run overview: Heat content (a) and salt mass (b) integrated over
the whole Baltic Sea and average temperature (a) and average salinity (b) of its subbasins.
A 12 month smooth was applied to all shown variables.
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Figure A.3: Reference run overview: Annual maximum ice thickness (a) and annual
maximum ice concentration (b), averaged over the Baltic Sea and its subbasins.
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A.2. Results
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Figure A.4: Temporal salinity dynamics of the reference run and the sub-ensembles.
Solid black line: Annually averaged reference run values. Solid red line: Sub-ensembles
(characterized by their initial states) averaged over all forcings and annually in time.
Dashed black line: Average value of the whole ensemble. Red X: Sub-ensemble initial
values on January 1st of year 1. Red dashed line: initialization decay to the year 1 mean,
where the sub-ensemble averages start. For visualization purposes this figure shows both
annual average values of the reference run and sub-ensemble averages as well as the
initialization snapshot on January 1st.
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Figure A.5: Temporal Baltic Sea temperature, sea-level and ice dynamics of the reference

run and the sub-ensembles. Solid black line: Annually averaged reference run values. Solid
red line: Sub-ensembles (characterized by their initial states) averaged over all forcings
and annually in time. Dashed black line: Average value of the whole ensemble. Red X:
Sub-ensemble initial values on January 1st of year 1. Red dashed line: initialization decay
to the year 1 mean, where the sub-ensemble averages start. For visualization purposes this
figure shows both annual average values of the reference run and sub-ensemble averages
as well as the initialization snapshot on January 1st.



Appendix B.

Methodological Considerations

B.1. Reasoning of deseasonalizing and detrending

methods

In order to deseasonalize the MRP, the climatology of either the reference run or
the prediction could be subtracted. The former method induces a new seasonal
cycle, as shown in Fig. B.1a, since the climatologies of reference run and prediction
differ (see Fig. B.1b). Thus the MRP were deseasonalized through subtraction
of their own climatology. In order to prevent a falsification caused by the strong
initialization anomaly, the first year of the prediction was left out in the climatology

calculations.
a) Prediction with climatology subtracted b) Climatologies
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Figure B.1: Deasonalization illustration. Left: An SST MRP deseasonalized through sub-
traction of its own and the reference run’s climatology. Right: The subtracted climatologies
of prediction and reference run. Note the difference between the climatologies especially
in later summer months.
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The warming of the Baltic Sea masks the internal variability this study aims to
analyze. Consequently, linear warming trends were removed from SST and temper-
ature MRP and ARP and the according reference run parts. Both, the prediction
and the reference run (10 year slice), had their own linear trends subtracted. Sub-
tracting any trend from the prediction, other than its own, didn’t reliably remove
the warming trend. Also, the calculation of the trend excluded the first prediction
year, similar to the deseasonalizing process.

Predictions of SSS, average salinity, SSH were not detrended as there are no known
long-term salinity or sea level trends of the Baltic Sea. For salinity, detrending
would actually remove the internal variability signal. Salinity oscillates on multi-
decadal timescales and looking at a 10 year window could suggest a trend (see
Fig. A.2b), i.e. from 1980-1990). Furthermore, Ice CN and HI predictions were not
detrended, because this study uses monthly values and the subtraction of a trend
would induce negative values during summer months, which aren’t physical.

B.2. Bootstrapping blocksize determination

Monthly Resolved Predictions (MRP)
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Figure B.2: Reference run autocorrelation functions of monthly resolution for all analyzed
regions and variables. Dashed lines mark the 1/e threshold.

Defining the autocorrelation length as the time span after which the region-specific
autocorrelation function of a variable doesn’t exceeds 1/e anymore, most of the
basin-specific variables analyzed in this study display autocorrelation lengths be-
tween 1-4 months (see Fig. B.2). These values were directly used as blocksizes
for MRP on all timescales (see Table B.1). Additionally there are 7 instances with
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autocorrelation lengths over 4 months, as shown in Fig. B.2: Temperature and
salinity of the whole Baltic Sea, Gotland Sea SSS, temperature and salinity and Gulf
of Bothnia SSS and salinity (all > 60 months, except Gotland Sea temperature 6
months). In these cases the blocksizes were determined separately for each analysis
timescale. Therefore the standard errors of the bootstrapped distribution were
calculated for varying blocksizes and each timescale, as shown in Fig. B.3 - B.9, for
one exemplary pair of reference run and prediction timeseries with relatively high
MSSS and ACC. The blocksizes were picked around the plateau of the standard
error, under consideration that they don’t exceed the autocorrelation length they
base on, and that the timescale length can be divided by them, i.e. blocksizes of 1,
2, 3, 4 or 6 for the timescale 1 year. Table B.1 shows all results. Note that the MRP
analysis uses monthly values, so the blocksizes describe the number of months per
block.

Table B.1.: Blocked bootstrapping blocksizes for MRP. Single digit entries indicate the
same block length for all timescales. Four digit entries display the blocksize for prediction
timescales of 1y/5y/6-10y/10y.

Region SST SSS SSH

Baltic Sea 2 2 1

Arkona Basin 2 1 1

Gotland Sea 2 | 4/20/10/40 | 1

Gulf of Bothnia | 2 4/6/20/40 1
Region Salinity Temperature | Ice CN | Ice HI
Baltic Sea 6/10/20/40 | 3/10/10/10
Arkona Basin 3 4

Gotland Sea 4/20/15/40 3/6/6/6
Gulf of Bothnia | 4/10/20/40 3

w N N W
W N N W
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Figure B.3: Standard error of bootstrapped MSSS (left) and ACC (right) distributions for
Baltic Sea salinity as a function of the blocksize (predictor: 1981 past 10y BS salinity).
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Figure B.4: Standard error of bootstrapped MSSS (left) and ACC (right) distributions
for Baltic Sea temperature as a function of the blocksize (predictor: 1961 initial BS

temperature).
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Figure B.5: Standard error of bootstrapped MSSS (left) and ACC (right) distributions for
Gotland Sea salinity as a function of the blocksize. (predictor: 1981 past 10y AMV).
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Figure B.6: Standard error of bootstrapped MSSS (left) and ACC (right) distributions for
Gotland Sea SSS as a function of the blocksize (predictor: 2001 past 3y AMV).
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Figure B.7: Standard error of bootstrapped MSSS (left) and ACC (right) distributions for
Gotland Sea temperature as a function of the blocksize.
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Figure B.8: Standard error of bootstrapped MSSS (left) and ACC (right) distributions for
Gulf of Bothnia salinity as a function of the blocksize (predictor: 1951 initial BS salinity).
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Figure B.9: Standard error of bootstrapped MSSS (left) and ACC (right) distributions for
Gulf of Bothnia SSS as a function of the blocksize (predictor: 1951 initial BS salinity).
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Annually resolved predictions (ARP)
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Figure B.10: Reference run autocorrelation functions of annual resolution for all analyzed
regions and variables. Dashed lines mark the 1/e threshold.

Based on the annual autocorrelation functions shown in Fig. B.10 the blocksizes
of the ARP were determined. In contrast to the MRP, where each block length

unit corresponds to 1 month, here it corresponds to 1 year. Except for SSS and

salinity all autocorrelation lengths lay at 1 or 2 years for all basins and are taken as

blocksizes directly. The blocksizes for SSS and salinity were chosen so that each

resample consists of at least three blocks. All ARP blocksizes are shown in Tab. B.2.

Table B.2.: Blocked bootstrapping blocksizes for ARP. Single digit entries indicate the same
block length for all timescales. Six digit entries display the blocksize for prediction lengths

of 5/6/7/8/9/10 years.

Region SST SSS SSH

Baltic Sea 1 |2/2/3/3/4/4 | 1

Gotland Sea 1 |2/2/3/3/4/4| 1

Gulf of Bothnia | 1 | 2/2/3/3/4/4| 1

Arkona Basin 1 2 1
Region Salinity Temperature | Ice CN | Ice HI
Baltic Sea 2/2/3/3/4/4 2 1 1
Gotland Sea 2/2/3/3/4/4 2 1 1
Gulf of Bothnia | 2/2/3/3/4/4 2 1 1
Arkona Basin 2/2/3/3/3/3 2 1 1
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Code availability

Reference run and ensemble were both computed with the MOM6
coupled with the SIS2. The models source code can be found under
http://github.com/mom-ocean/MOM6. Specific model calibration
code is available from the author upon request.

All code used in the data evaluation is uploaded under: https:
//github.com/martiwolff/master-thesis.


http://github.com/mom-ocean/MOM6
https://github.com/martiwolff/master-thesis
https://github.com/martiwolff/master-thesis

Data availability

Unsmoothed AMV index data, based on North Atlantic SST, was
taken from https://www.psl.noaa.gov/data/timeseries/AMO/,
with the last access on May 12th 2025.

Reference run and ensemble data are gladly available from the
author upon request.


https://www.psl.noaa.gov/data/timeseries/AMO/
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