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Zusammenfassung 

Der Anstieg der Kohlendioxidemissionen, der zum Klimawandel und zur Umweltzerstörung führt, 

motiviert zur Entwicklung neuer Technologien zur Lösung dieses Problems. Die CO2-Hydrierung zu 

höheren Kohlenwasserstoffen (CO2-Fischer-Tropsch-Synthese (CO2-FTS)) kann als eine mögliche Lö-

sung dieses Problems angesehen werden. Das Interesse an der CO2-Hydrierung hat dazu geführt, dass 

die Zahl der wissenschaftlichen Veröffentlichungen über die Untersuchung von CO2-FT-Katalysatoren 

und damit auch die Menge der veröffentlichten Daten gestiegen ist. Es ist vielversprechend, die gesam-

melten Daten auszuwerten und zu analysieren, um Korrelationen zwischen Katalysatoreigenschaften und 

Aktivität zu finden und verborgenes Wissen über CO2-FTS aus der Literatur zu extrahieren. Die Analyse 

von CO2-FTS-Daten ist jedoch mit zusätzlicher Komplexität verbunden, die sich aus zwei Faktoren 

ergibt: (i) eine breite Vielfalt von Produkten (CO, Methan, niedere Olefine, höhere Kohlenwasserstoffe 

etc.) und (ii) die katalytischen Daten wurden unter verschiedenen Reaktionsbedingungen gewonnen. Mo-

derne Methoden der Datenanalyse und des maschinellen Lernens (ML) könnten bei der Analyse dieser 

Art von Daten helfen. Diese Arbeit konzentriert sich auf die Untersuchung der CO2-FTS mit Hilfe dieser 

modernen Methoden. 

Der erste Teil der Arbeit ist der Analyse der Literaturdaten über CO2-Hydrierungskatalysatoren für 

die Kohlenwasserstoffproduktion gewidmet. Es wurde festgestellt, dass die Schlüsselparameter der Ka-

talysatorselektivität wie die Kettenwachstumswahrscheinlichkeit nur geringfügig von den Reaktionsbe-

dingungen abhängen. Stattdessen bestimmen hauptsächlich die Katalysatorzusammensetzung, die Prä-

parationsmethode und die Reduktionsvorbehandlung die Katalysatorselektivität. Die mit der Random-

Forest-Regression durchgeführte Feature-Importance-Analyse hat gezeigt, dass die Promatierung von 

Katalysatoren auf Fe-Basis mit Alkalimetallen (wie K und Na) im Vergleich zu anderen Ansätzen (Re-

aktionsbedingungen, Reduktionsvorbehandlung, Vorhandensein anderer Promotoren etc.) die wirk-

samste Maßnahme zur Verbesserung der Katalysatorselektivität ist. Für die RWGS-Reaktion wurde ihre 

Annäherung an das Gleichgewicht analysiert. Die erzielten Ergebnisse deuten darauf hin, dass es einen 

zusätzlichen Weg für eine direkte CO2-Hydrierung zu höheren Kohlenwasserstoffen über die FT-Reak-

tion gibt. 

Der zweite Teil der vorliegenden Arbeit ist einer experimentellen Validierung des direkten Weges 

der Bildung höherer Kohlenwasserstoffe aus CO2 gewidmet. Zu diesem Zweck wurden typische promo-

tiert Katalysatoren auf Fe-Basis nach der Methode der organischen Verbrennung hergestellt und unter 

CO2-FT-Bedingungen getestet. Die Analyse der erhaltenen katalytischen Daten ermöglichte es, das 
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Vorhandensein des direkten Weges für einige katalytische Systeme zuverlässig zu bestätigen. Die Un-

tersuchung der erhaltenen Katalysatoren mit physikalisch-chemischen Methoden zeigte, dass bestimmte 

Eisenkarbide in der Lage sind, CO2 direkt zu höheren Kohlenwasserstoffen zu hydrieren. Daher sollte 

das Konzept, Eisenoxid als wesentliche aktive Komponente für die Katalyse der RWGS in der CO2-FTS 

zu benötigen, überprüft werden.  

Der letzte Teil der Arbeit ist der Entwicklung neuer Ansätze für die kinetische Modellierung der 

CO2-Hydrierung unter Verwendung neuronaler gewöhnlicher Differentialgleichungen (ODE) gewidmet, 

indem künstliche neuronale Netzmodelle (ANN) mit nur wenigen Daten trainiert werden, die für die 

Entwicklung kinetischer Modelle typisch sind. Es wurde festgestellt, dass die Einschränkung der neuro-

nalen ODE durch die Integration des allgemeinen Wissens über Thermodynamik und Kinetik die Erstel-

lung zuverlässiger kinetischer Modelle auf der Grundlage von ANN für den Prozess der CO2-Hydrierung 

zu Kohlenwasserstoffen ermöglicht. Der neue Ansatz wurde durch numerische Experimente validiert 

und erfolgreich für die Modellierung der CO2-FTS unter Verwendung realer experimenteller Daten an-

gewendet. Es wurden einige Ideen zur Rekonstruktion und Aufklärung des mechanistischen Modells der 

CO2-FTS aus den erhaltenen neuronalen ODE-Modellen vorgestellt. 
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Abstract 

An increase in carbon dioxide emissions resulting in the climate change and environmental degra-

dation motivates to develop new technologies for solving this problem. CO2 hydrogenation to higher 

hydrocarbons (CO2 Fischer-Tropsch synthesis (CO2-FTS)) may be considered as a potential solution of 

this problem. The interest in CO2 hydrogenation has led to a rise in the number of scientific publications 

regarding the investigation of CO2-FT catalysts and, thus, the amount of published data. It becomes at-

tractive to evaluate and analyze the accumulated data to find the correlations between catalyst properties 

and activity as well as extract hidden knowledge about CO2-FTS from the literature. However, the anal-

ysis of CO2-FTS data comes with additional complexity that arises from two factors: (i) a wide range of 

the products (CO, methane, light olefins, higher hydrocarbons etc.) and (ii) the catalytic data were ob-

tained under different reaction conditions. Modern data science and machine learning (ML) methods 

could help in the analysis of such type of data. This work focuses on the investigation of the CO2-FTS 

using these modern methods.  

The first part of the work is devoted to analyzing of the literature data about CO2 hydrogenation 

catalysts for hydrocarbon production. It was found that the key parameters of the catalyst selectivity such 

as the chain growth probability only slightly depend on the reaction conditions. Instead, the catalyst 

composition, preparation, and reduction pre-treatment mainly define the catalyst selectivity. Feature im-

portance analysis performed by the random forest regression demonstrated that doping Fe-based catalysts 

with alkaline metals (like K and Na) is the most effective measure for improving catalyst selectivity 

compared to other approaches (reaction conditions, reduction pretreatment, presence of other dopants 

etc.). For the RWGS reaction its approach to equilibrium was analyzed. The obtained results indicate the 

presence of an additional route of a direct CO2 hydrogenation to higher hydrocarbons via the FT reaction. 

The second part of the present thesis is devoted to an experimental validation of the presence of 

the direct route of the higher hydrocarbon formation from CO2. For this, typical promoted Fe-based cat-

alysts were prepared by the organic combustion method and tested under CO2-FT condition. The analysis 

of the obtained catalytic data allowed one to reliably confirm the presence of the direct route for some 

catalytic systems. The investigation of the obtained catalysts by physicochemical methods demonstrated 

that certain iron carbides are able to directly hydrogenate CO2 to higher hydrocarbons. Thus, the concept 

of requiring iron oxide as an essential active component for catalyzing the RWGS in CO2-FTS should be 

reviewed.  
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The last part of work is devoted to developing new approaches for kinetic modelling of CO2 hy-

drogenation using neural ordinary differential equations (ODE) by training artificial neural network 

(ANN) models with only small data that are typical for the kinetic model development. It was found that 

the constraining of neural ODE by integrating the general knowledge about thermodynamics and kinetics 

allows one to build reliable kinetic models based on ANN for the process of CO2 hydrogenation to hy-

drocarbons. The new approach was validated by the numerical experiments and successfully applied for 

modelling of the CO2-FTS using real experimental data. Some ideas for reconstructing and elucidating 

the mechanistic model of CO2-FTS from the obtained neural ODE models were presented. 
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1. Introduction 

1.1. CO2 Emission Problem 

Over the past century, there has been a significant rise in global energy production, primarily driven 

by the combustion of fossil fuels such as coal, oil, and natural gas [1]. This increase in energy supply has 

undoubtedly provided numerous benefits, powering economic growth, improving living standards, and 

enabling technological advancements. However, it has also led to a range of interconnected problems 

that cannot be ignored. They include resource depletion, air pollution, and the significant issue of CO2 

emissions leading to environmental degradation. The CO2 emission problem arises from the significant 

contribution (around 75 %) of carbon dioxide as a greenhouse gas [2], which traps heat in the Earth's 

atmosphere and enhances the greenhouse effect. Greenhouse gases have the unique property of being 

transparent to incoming sunlight but absorbing and re-emitting a portion of the outgoing infrared radia-

tion formed in the form of heat from warm land and oceans [3]. Re-emitting a portion of the infrared 

radiation results in the additional warming of the planet that contributes to the greenhouse effect. The 

above problem of the climate change and CO2 emissions can be illustrated in Figure 1, which shows the 

temporal dependencies of monthly temperature anomaly, annual CO2 emissions worldwide, and global 

atmospheric CO2 concentrations. 

 

Figure 1. The combined land-surface air and sea-surface water mean temperature anomaly is given as 

the deviation from the 1951–1980 (blue line) [4, 5]; CO2 emissions from fossil fuels and industry (red 

line) [6]; Atmospheric carbon dioxide concentration (green line) [7]. 
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The excessive accumulation of CO2 emissions is a significant environmental problem with far-

reaching consequences for ecosystems, weather patterns, sea levels etc. Addressing this problem is cru-

cial for mitigating climate change and ensuring a sustainable future. 

1.2. CO2 Storage and Utilization  

A dramatic rise in the CO2 emission motivates academia and industry to be looking for the solutions 

for reducing carbon dioxide emission. The main strategy involves capturing and storing it or converting 

carbon dioxide into valuable products in a manner that reduces its environmental impact. Given the ex-

istence of different sources of CO2, ranging from high-concentrated flue gas with 5-50 % of CO2 to the 

ambient air with a CO2 concentration of around 400 ppm, various technologies are being developed for 

the capture of carbon dioxide. These technologies are based on different physical and chemical processes 

including cryogenic distillation [8], permeation through membranes (polymer based and inorganic mem-

branes) [9, 10], absorption into liquid solutions (amine-based solution [11], alkaline hydroxides [12]), 

adsorption onto a solid (alumina, zeolite, activated carbon) [13], algal and microbiological systems (con-

suming CO2 during photosynthesis or metabolic processes) [1, 14].  

In the case of atmospheric air, with its relatively low concentration of carbon dioxide (<0.04%), 

the direct separation of CO2 from it can be achieved using solid sorbents containing amines or basic 

absorbents (Ca(OH)2, KOH etc.) that chemically react and chemosorb carbon dioxide [15]. However, 

current technologies face efficiency challenges including processing large volumes of air, leading to high 

energy consumption and material costs [1]. 

Another step is to use the concentrated source of carbon dioxide for the storage or conversion into 

valuable organic products. The Carbon Capture and Storage (CCS) technologies involves capturing CO2 

emissions and storing it underground, preventing its release into the atmosphere [16]. The captured CO2 

can be injected into suitable geological formations, such as depleted oil and gas reservoirs [17] or deep 

saline aquifers [18], where it can be securely stored for long periods.  

Utilizing concentrated sources of CO2 to produce organic compounds represents a promising strat-

egy for circular economy, as it not only helps to reduce CO2 emissions but also enables the generation of 

valuable products with commercial potential [19-21]. CO2 hydrogenation is the most promising ap-

proach. Since carbon dioxide is thermodynamically stable molecule [22], converting CO2 requires to use 

active catalysts as well as hard reducing agents (usually H2). Such methods of CO2 hydrogenation include 

CO formation, methanation reaction, methanol production as well as higher hydrocarbon formation via 
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Fischer-Tropsch synthesis (FTS). The interest in CO2 hydrogenation can be clearly seen in a rise in the 

number of publications according to Google Scholar web portal (Figure 2). 

  

Figure 2. The number of publications on the topic “CO2 hydrogenation” searched on Google Scholar web 

portal. 

The reaction of CO2 hydrogenation into CO (reverse water gas shift reaction (RWGS), CO2 + H2 

⇄ CO + H2O, ΔH298K = 41.2 kJ mol-1) is carried out to produce CO for syngas (the mixture of CO and 

H2) that further can be used to produce methanol, dimethyl ether, as well as higher hydrocarbons via 

Fischer-Tropsch synthesis (FTS). Such processes are called two-step (indirect) ones because the RWGS 

reaction and sequential conversion of syngas to valuable organic compounds are carried out in two dif-

ferent reactors. The RWGS reaction is an endothermic reaction and that is why higher temperatures are 

required for increasing the equilibrium conversion of CO2 and suppressing side reactions like methane 

formation from CO2 [23]. On the other hand, higher reaction temperature promotes carbon deposition 

resulting from the Boudouard reaction (2CO ⇄ C + CO2, ΔH298K = -172 kJ mol-1) [24, 25] and active 

component sintering resulting in the catalyst deactivation [26]. As catalysts for the RWGS reaction, tran-

sition metals and their oxides (Fe3O4, Cu-ZnO, Ni, Co-CeO2 etc.), Nobel metals (It, Pt, Rh etc.), carbides 

(Mo2C, MoC2, V8C7) can be used [27, 28].  

The direct conversion of CO2 to valuable products in one step (using only a single reactor) has 

gained significant attention due to its feasibility. Firstly, it worth mentioning the process of CO2 hydro-

genation to methane (methanation reaction, CO2 + 4H2 ⇄ CH4 + H2O, ΔH298K = -165 kJ mol-1). It is an 

exothermic reaction and, thus, lower temperature are favorable for increasing the yield of methane. 
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However, since CO2 is a stable molecule, the process typically occurs at elevated temperatures and pres-

sures, with the aid of a suitable catalyst. Commonly used catalysts include transition metals such as nickel 

and ruthenium supported on Al2O3 or SiO2 [29]. These catalysts enhance the reaction kinetics and im-

prove the selectivity towards methane formation.  

Another attractive process is CO2 hydrogenation to methanol (CO2 + H2 ⇄ CH3OH + H2O, ΔH298K 

= -49.5 kJ mol-1). Methanol has gained attention as a potential alternative fuel due to its favorable prop-

erties. It has a high energy content per unit volume, making it an efficient fuel source. Methanol can be 

easily stored, transported, and distributed [1]. Moreover, CH3OH is a valuable chemical compound used 

as a feedstock in various industrial processes, including the production of formaldehyde, acetic acid, 

olefins, aromatics, and synthetic fuels [30-32]. The process of converting CO2 to methanol has certain 

limitations especially if we compare it to the traditional process of CO hydrogenation to CH3OH. Ther-

modynamic analysis of CO2/CO to methanol processes made in the work [33] demonstrated that equilib-

rium conversion for CO2 hydrogenation is much lower than for CO one. So, at 250 °C and 50 bar, the 

equilibrium conversions are around 19 and 55 % for CO2 and CO hydrogenation, respectively. Moreover, 

higher amount of water obtained in the process of CO2 hydrogenation compared to CO is one of the 

reasons for lower productivity of CO2 to methanol process due to water-induced catalyst deactivation 

[34, 35]. A Cu-based catalyst supported on ZnO is the most suitable for the CO2 to methanol process due 

to its high activity and selectivity to desired product [20, 36]. Different promoters such as Al, Cr, Ga, Zr, 

K, Ba, La etc. are also investigated which demonstrate an increase in catalyst selectivity and activity [37-

39]. 

CO2 hydrogenation to higher hydrocarbons also known as direct CO2 Fischer-Tropsch synthesis 

(CO2-FTS) may be also considered as a potential solution for reducing CO2 dioxide emission problem 

[40]. It represents an extension of the classical FTS suggested by Franz Fischer and Hans Tropsch in 

1923 [41] where CO-H2 mixture is used. The process of direct CO2-FTS allows one to produce hydro-

carbons (olefins and paraffins) in a wide range. The interest in light olefins C2-C4 formed in the process 

is caused by their role as fundamental blocks of chemical industry [42] as well as by C5+ hydrocarbons 

being versatile feedstocks that could be used for the production of synthetic fuel or as value-added com-

pounds for high-octane gasoline, synthetic lubricants, new polymers etc. [43, 44].  

All the above processes belong to the concept of Power-to-X technologies  [1, 33]. Power-to-X is 

a concept that involves the conversion of electrical power, typically generated from renewable sources, 

into various energy carriers or chemical products. The basic idea behind Power-to-X is to utilize an 
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excess of renewable electricity during periods of high generation or low demand and convert it into a 

form that can be stored and used when needed. This helps to address the intermittent nature of renewable 

energy sources and contributes to a more flexible and sustainable energy system. One common applica-

tion of Power-to-X is the production of hydrogen through electrolysis, where water is split into hydrogen 

and oxygen using renewable electricity. The hydrogen can then be used as a clean fuel for various pur-

poses, such as fuel cell vehicles or industrial processes as well as a reducing reagent for converting CO2 

into valuable compounds (syngas, CH4, methanol, sustainable fuels etc.) by the reactions discussed 

above. The concept of the Power-to-X for the example of CO2 hydrogenation to higher hydrocarbons is 

shown in Figure 3. 

 

Figure 3. The concept of Power-to-X on the example of FTS. 

The Power-to-X concept offers opportunities to integrate different sectors of the energy system, 

including electricity, transportation, and industry, fostering a more integrated and sustainable approach 

to energy production, storage, and utilization. While Power-to-X technologies show promising potential, 

there are still challenges to overcome, including cost-effectiveness, scalability, and the availability of 

infrastructure [45]. CO2 hydrogenation plays a crucial role in the Power-to-X concept for converting 

carbon dioxide into valuable fuels and chemicals. Moreover, this process faces issues related to catalysts. 

Catalysts need to efficiently activate and convert CO2, exhibit high selectivity towards desired products, 

be cost-effective, and maintain stability under severe and dynamic reaction conditions which are related 

non-stable generation of renewable energy. The present work is focused on an investigation of CO2-FTS 

that is why the next chapter describes this process in more details.  
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1.3. CO2 Fischer-Tropsch Synthesis 

It is generally accepted that the process of CO2 hydrogenation to higher hydrocarbons proceeds 

into two stages [46, 47]: CO2 hydrogenation to CO via RWGS reaction followed by CO hydrogenation 

to hydrocarbons via FT mechanism: 

CO2 + H2 ⇄ CO + H2O, ΔH298K = 41.2 kJ mol-1, (RWGS) (1) 

CO + 2H2 ⇄ -CH2- + H2O, ΔH298K = -163 kJ mol-1, (CO-FT) (2) 

Fe-based catalysts are typically used for the process of CO2-FTS because they can catalyze both reactions 

[40, 48, 49]. A more detailed description of the limitations of the process in terms of thermodynamics 

and kinetics, mechanistic aspects, used catalysts and kinetic modelling of the overall process is given 

below.  

1.3.1. Thermodynamic Aspects 

The first stage of CO2-FTS is the RWGS reaction which is an endothermic reaction and, thus, 

higher temperature is beneficial to increase the conversion of carbon dioxide. Wherein, there is no influ-

ence of pressure on the equilibrium conversion since the number of gas moles is the same on both sides 

of the RWGS reaction. Thermodynamic analysis performed by Riedel et al. [40] reveals that equilibrium 

conversion reaches approximately 23% at 300 °C and increases to 45% at 400 °C. However, elevated 

reaction temperature also leads to increased carbon deposition due to the Boudouard reaction leading to 

catalyst deactivation. So, Lucas Brübach et al. [50] observed an increased rate of the catalyst deactivation 

at 320 °C. Despite the constrain in equilibrium conversion of the RWGS reaction, the overall conversion 

of CO2-FTS is usually higher because CO-FT reaction shifts the equilibrium conversion of the RWGS 

[46]. It is related to that the second stage of CO-FT reaction does not have thermodynamic limitation 

[51]. So, the equilibrium conversion of CO2 in the case of considering both RWGS and CO-FT reactions 

(CH4 and C3H8 were selected as the products of the second stage) calculated in the work [40] was around 

75 % and slightly depended on temperature. It is agreed with the results of thermodynamic analysis 

performed by Torrente-Murciano et al. in the work [52]. 

More detailed thermodynamic analysis of CO2 hydrogenation to olefins were performed by Yao et 

al. [53] (only olefins and CO were considered as product of carbon dioxide hydrogenation). They found 

that the CO2 equilibrium conversion decreases with increasing temperature from 100 to 450 °C but in-

creases at temperatures from 450 to 1000 °C. Wherein, the selectivity to overall olefins is nearly 100% 
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below 400 °C and dramatically decreases at higher temperatures. They concluded that the optimal tem-

perature for the production of light olefins (C2-C6) is in the range from 300 to 400 °C while lower tem-

perature (< 300 °C) favors higher olefin selectivity. These results are also in agreement with thermody-

namic analysis made by Chen and Yang [51]. Increasing the reaction pressure and the molar ratio of 

H2:CO2 positively affects CO2 conversion with the most favorable H2:CO2 ratio being around 3-4 [53].  

In summary, the thermodynamic constraint of the RWGS reaction in CO2-FTS results in a lower 

partial pressure of carbon monoxide along the reactor compared to traditional CO-FTS. Consequently, 

the overall rate of the CO2-FTS process is reduced relative to CO-FTS, challenging for the development 

of highly selective and active catalysts for direct CO2 hydrogenation into higher hydrocarbons via the FT 

mechanism. Overcoming this challenge is crucial for advancing the technology of CO2 conversion into 

valuable hydrocarbons through FT reactions. 

1.3.2. Product Distribution 

The second stage of CO2-FTS is CO hydrogenation to higher hydrocarbons via classical FT mech-

anism. Because this reaction is a polymerization process [54], it has a kinetic limitation, and the distri-

bution of hydrocarbon products can be described by the Anderson-Schulz-Flory (ASF) distribution [55-

57]: 

Wn = n(1 − α)2αn−1   (3) 

where 𝑊𝑛 is the mass fraction of hydrocarbon with carbon number 𝑛, 𝛼 is the chain growth probability. 

The physical meaning of the chain growth probability is that it is a ratio of prolongation rate 𝑟𝑝 to the 

sum of rates of prolongation and termination 𝑟𝑡 [58, 59]: 

𝛼 =
𝑟𝑝

𝑟𝑝+𝑟𝑡
   (4) 

By applying natural logarithm to the Expression 3 we can obtain the general formula that can be used for 

estimating the parameter 𝛼 from the catalytic data by plotting in the corresponding ASF coordinates (𝑛, 

log
𝑊𝑛

𝑛
): 

log
𝑊𝑛

𝑛
= 𝑛 log 𝛼 + log

(1−𝛼)2

𝛼
  (5) 

According to the ASF equation (Expression 3), only one parameter is needed to describe the distribution 

of hydrocarbon selectivity products. It means that there are direct correlations between the values of 
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hydrocarbon selectivity (S1, S2-4, S5+ etc.). Figure 4 shows the dependence between theoretical mass 

fraction of hydrocarbons and the chain growth probability. 

One can see that higher values of the chain growth probability correspond to lower selectivity to 

CH4. Thus, higher 𝛼 contributes to suppressing undesired methane formation. Due to statistical nature of 

hydrocarbon production, there is a constraint in the maximum mass fraction of the target hydrocarbons. 

For example, the maximum theoretical value of the mass fraction to lower hydrocarbons C2-C4 is around 

56.8 % that corresponds to the chain growth probability being equal to 0.47. Wherein, the fraction of 

CH4 is 28.1 % in this case. Thus, it is fundamentally impossible to carry out the process of FT with close 

to 100 % of selectivity to desired fraction of hydrocarbons (like gasoline, diesel, or light hydrocarbons) 

and refining processes of primary FT products are required to improve yields and selectivity to the de-

sired fractions. 

 

Figure 4. The dependencies between theoretical mass fraction of hydrocarbons in different range and the 

chain growth probability calculated by ASF distribution (left). The mass fraction of the key products of 

FTS as a function of the chain growth probability (right). HTFT – high temperature FT, LTFT - high 

temperature FT. Adapted from [33]. 

Here, it is also worth noting that there are deviations from the ASF distribution in the products of 

FT synthesis that have been summarized in a review [60]. Firstly, an increase in methane selectivity 

compared to the theoretical ASF distribution can be observed [61-64]. One of the explanations is the 

presence of an additional reaction of methane formation from CO2 not via FT mechanism but via the 

Sabatier reaction (CO2 + 4H2 ⇄ CH4 + H2O) [40, 48, 65, 66]. Another reason may be a split of -olefines 

(by breaking a double bond) with higher carbon number that leads to additional methane production [67]. 
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On the other hand, Wojciechowski and Sarup [68, 69] explained enhanced methane selectivity by using 

a separate parameter of the termination probability for the CH4 formation. So, the rate constant for the 

termination of methane is 10 times higher than for higher hydrocarbons (C2, C3 etc.). Another deviation 

is related to a decrease in C2 hydrocarbon selectivity compared to the ASF distribution [61-64]. The 

observed decrease may be due to high reactivity of C2H4 or surface C2-intermediates participating in the 

chain growth compared to olefins with a higher carbon number [70, 71].  

1.3.3. Catalysts 

Co- and Fe-based catalysts are usually used for catalyzing the process of the traditional CO-FTS 

[72, 73]. For this reason, they are also investigated for CO2-FTS. But in the case of the direct CO2-FTS, 

the catalysts have to be active not only in the CO-FT reaction, but also in the RWGS one. Co-based 

catalysts are known to be inactive in the RWGS reaction [74] and produce mainly methane from CO2 

[75, 76]. Fe-based catalysts are more promising materials because they can catalyze both reactions [46]. 

It is discussed that the RWGS reaction occurs on Fe3O4, while iron carbides formed in situ under reaction 

conditions are responsible for catalyzing the CO-FT reaction [46, 71]. Unpromoted Fe-based catalysts 

are reported to produce a lot of methane in CO2-FTS [77-79]. For this reason, there are efforts to suppress 

undesired methane formation by doping the catalysts with different promoters [67, 80-86]. However, it 

is worth mentioning that the suppression of CH4 formation can also be achieved by using a proper prep-

aration method. Albrecht et al. showed [48] that a cellulose templating method allowed one to obtain 

unpromoted Fe-based catalyst with low selectivity to methane (CO2 conversion was 23 %, selectivity to 

CH4 was 14 %). In other work [65], Skrypnik et al. demonstrated that a promoter-free Fe-based catalyst 

prepared by decomposition of iron oxalate shows good performance in CO2-FTS (CO2 conversion was 

25 %, methane selectivity  < 10%, C2+ hydrocarbon selectivity – around 50 %). Nevertheless, the doping 

Fe-based catalysts with promoters is still the more popular approach for improving the performance of 

the catalysts.  

Alkali metals, particularly K, are widely used as promoters for Fe-based catalysts in CO2-FTS. The 

addition of alkali metals has shown significant improvements in catalyst performance, leading to an in-

crease in CO2 conversion, an increase in selectivity towards olefins and higher hydrocarbons, and a re-

duction of the methane selectivity [82, 87-89]. Numerous studies have investigated the effect of alkali 

dopants on CO2-FT catalysts. Numpilai Thanapha et al. [81] demonstrated that the presence of K de-

creases the hydrogenation activity of the catalyst that was explained by increasing the bond strength of 

between the catalyst and adsorbed COx. It leads to increasing CO adsorption and weakening the bond 
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energy of C–O facilitating the dissociation of the adsorbed carbon monoxide. In addition to an increase 

in the strength of CO adsorption, doping with alkaline metal decreases H2 adsorption leading to suppress-

ing of the hydrogenation ability [70, 90]. It has been supported by in situ XPS and DFT calculations [88, 

91], where the effect of changing of the absorption strength of the CO/CO2 and H2 was explained by the 

donation of electron density to iron carbide leading to an increase in its basicity. Additionally, alkali 

metals facilitate the formation of Fe5C2 and increase its stability, as observed for alkali-modified cata-

lysts, where the activity correlates with the alkali content and the amount of iron carbide [92, 93]. Thus, 

such catalysts are able to accelerate the formation of Fe5C2 which is an active phase in CO-FT reaction. 

The influence of alkaline metal amount on the performance of Fe-based catalysts has been investigated 

[78, 87, 89, 90]. Increasing the potassium content in the Fe-based catalysts leads to an increase in CO2 

conversion and selectivity to C2+ hydrocarbons, olefins content, accompanied by a decrease in methane 

selectivity. However, further increase in K content (to above 5%) results in a decrease in the activity of 

promoted Fe-based catalysts [78, 90]. Therefore, there is an optimal potassium content in the catalyst, 

which is around 1-2% according to the works [87, 89]. Because doping with K and Na are perspective 

for CO2-FTS catalysts, the influence of the nature of alkaline metals (Li, Na, K, Rb, and Cs) is also 

investigated [94-96]. First, it is worth noting that among all alkali metals, only Li has a weak effect on 

improving catalyst performance. A more detailed analysis of the influence of alkali metals indicates that 

they contribute local electronic modifications of iron in iron carbides [94] that explains the positive effect 

of these dopants and allows decreasing the contribution of the direct methane formation from CO2.  

Other dopants used for CO2-FT catalysts are transition metals like Cu [82], Co [81], Mn [80], Zn 

[84]  etc. [67, 83] which increase the performance and stability of CO2-FT catalysts. Cu is commonly 

used as a promoter in CO2 hydrogenation due to its ability to reduce iron oxides, increase surface basicity, 

and decrease CH4 formation [40, 97]. Since Cu increases the reducibility of iron particles, it leads to rise 

in the dispersion of active component [98]. Moreover, in recent work [44] it was shown that doping with 

Cu can lead to a synergy of Fe and Cu caused by CO insertion over interfacial sites between copper and 

iron carbides leading to the efficient chain growth of FT-intermediates. The authors managed to achieve 

a selectivity to long-chain olefins (C4+=) of around 67 % under 1 bar and 320 °C. For the comparison, 

Xu Cui et al. reported [99] the selectivity to C4+ olefins was around 41 % for Fe-based catalyst promoted 

with Zn and Na (reaction temperature was 320 °C, pressure – 30 bar). As previously discussed, Co-based 

catalysts are not active in the RWGS reaction and produce a lot of methane in the process of CO2 hydro-

genation. However, using Co as a dopant for Fe-based catalysts can increase the overall conversion of 



11 

 

carbon dioxide. So, Satthawong et al. demonstrated [100] that doping Fe-K catalyst with Co increased 

CO2 conversion from 27.0 to 35.8 % while maintaining the hydrocarbon selectivity (i.e. without a rise of 

CH4 selectivity). But further increasing the amount of Co in the Fe-K catalyst led to an increase in me-

thane production. Doping Fe-based catalysts with Mn is observed to increase light olefin content [88]. It 

was discussed that Mn acts as a structural promoter which increases the reducibility of iron oxide, catalyst 

basicity, and, thus, enhances iron carbide formation [49, 101]. Some authors report a synergic effect 

between Mn and K in the promoted Fe catalysts [102]. Doping Fe-based catalysts with Zn allows im-

proving the stability of the catalysts. Zn was reported to be a structural promoter which suppresses the 

oxidation of iron carbides to oxides by water and carbon dioxide [84].  

1.3.4. Mechanistic Aspects 

The discussion about the mechanistic aspects of the CO2-FTS should start from the reaction path-

ways occurring in the process. The information about reaction pathways can be obtained from the anal-

ysis of the catalytic data presented in the conversion-selectivity plots that were done in works [48, 65, 

95, 103]. The authors concluded that the process of CO2-FT proceeds into two stages: the RWGS reaction 

followed by CO hydrogenation to hydrocarbons via classical FT mechanism. But they also found that in 

addition to these two routes, there are additional pathways of undesired methane formation. One of them 

is a methanation reaction (CO2 + H2 ⇄ CH4 + H2O). In the work [95], Skrypnik et al. suggested that this 

reaction occurs over the surface of Fe3O4 and can be suppressed by promoting of Fe-based catalysts with 

alkaline metals. Another undesired route of methane formation is the hydrogenolysis of long-chain α-

olefins that was discussed in the work [65]. Figure 5 summarized the main pathways occurring over Fe-

based catalysts in the CO2 hydrogenation to higher hydrocarbons. It is also worth mentioning the pres-

ence of additional side reactions occurring in CO2-FTS including olefin hydrogenation and carbon dep-

osition [68]. The hydrogenation of olefins formed in the CO2-FTS results in the formation of saturated 

hydrocarbons. Carbon deposition or coking refers to the deposition of carbonaceous species on the cata-

lyst surface, leading to catalyst deactivation [40]. These side reactions can affect the overall product 

selectivity and catalyst performance in FTS processes. 
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Figure 5. The main reaction pathways occurring over Fe-based catalysts in CO2 hydrogenation. 

Because the RWGS and CO-FT reactions are main routes of hydrocarbon production in CO2-FTS, 

it is worth discussing the main mechanisms describing both reactions in more details. Regarding the 

RWGS reaction, two generally accepted mechanisms were proposed and discussed in the literature: redox 

and associative mechanisms [104-106]. In the redox pathway [105], adsorbed molecule of CO2* disso-

ciated into adsorbed CO* and O*. Obtained adsorbed CO* is desorbed from the surface of the catalyst. 

Later, H2 reacts with adsorbed atoms of O* to produce water and reduces the catalyst surface. In the case 

of the associative mechanism [106], adsorbed CO2* react with atom of H* with the formation of formate 

species COOH* on the surface of the catalyst. Formate is reduced by the additional atom of H* on the 

surface with further desorption of CO and H2O. Elementary steps of the redox and associative mecha-

nisms are presented in Figure 6. 

 

Figure 6. Redox and associative mechanisms of the RWGS reaction adapted from [104]. * stands for 

surface site.  

CO formed in the RWGS from CO2 is converted to hydrocarbons via CO-FT reaction. In general, 

the FT polymerization process can be described by several steps including initiation, prolongation, and 

termination. In the initiation stage , the initial chain monomers are generated from adsorbed CO on the 

surface of iron carbides by reacting with hydrogen. The propagation stage involves reaction between 
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adsorbed FT monomers and growing chains. Termination stage implies the formation of FT products 

from the growing chain. Depending on the nature of FT monomers and C-C coupling reactions, the fol-

lowing generally accepted mechanisms are distinguished: carbide, enolic, and CO insertion mechanisms 

(see Figure 7). 

The carbide mechanism is one of the first mechanisms suggested for describing FT process [107]. 

The FT monomer in this case is -CH2- intermediate (methylene) formed from dissociative adsorption of 

CO followed by hydrogenation of C* surface species [108-110]. Paraffins and olefins are formed from 

the growing chains (alkyl species) by their hydrogenation and dehydrogenation (β-hydride elimination), 

respectively (the termination stage). Certain transition metals can dissociate CO to form metal carbides, 

while metals that have low dissociation ability of CO (such as Cu, Pd, Ag, Ir, Pt, and Au) are typically 

inactive in FTS. Similarly, metals that readily dissociate CO but form overly stable oxides and carbides 

also exhibit low FTS activity [111]. One of the problem with the carbide mechanism that it cannot explain 

the presence of oxygenates in the products of FTS [112]. 

In the CO insertion mechanism, CO is the FT monomer which reacts with alkyl species to form 

acyl species leading to the chain growth (Figure 7). Acyl species are hydrogenated resulting in the for-

mation of enlarged alkyl species and H2O. Paraffins and olefins are formed from alkyl species like in the 

carbide mechanism. The termination of acyl species leads to the formation oxygenates [113]. In this 

mechanism, adsorbed CO acts as a monomer of FT that is analogous to the hydroformylation mechanism 

[114]. However, the CO insertion mechanism has remained postulated but has not been validated due to 

experimental limitations [115] for a long time but DFT study made by Mingkun Zhuo et al. [116] demon-

strated a potential opportunity of the existence of such the mechanism. But, in the recent work [117] 

Yusheng Zhang et al. claimed an experimental evidence of CO-insert mechanism at low temperature 

over Co-based catalyst.  
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Figure 7. The schemes of enolic, carbide, and CO insertion mechanisms [108-110]. 

The enolic mechanism suggests that surface HCOH monomers are formed through the hydrogena-

tion of chemisorbed CO, and chain growth occurs through condensation reactions under water elimina-

tion. R-CH2COH surface species are responsible for producing branched hydrocarbons. The R-CH2COH 

species are terminated that leads to the formation of olefins and paraffins as well as oxygenates according 

to the mechanism (Figure 7).  

In addition to the discussed mechanisms of FTS, there are other mechanisms that have been ex-

plored and discussed in the literature including formate, alkyl, alkenyl, alkylidene–hydride–methylidyne 

mechanisms. Comprehensive reviews on these various FTS mechanisms can be found in the following 

works [108, 109].  

1.3.5. Kinetic Modelling 

Kinetic modeling of heterogeneous catalytic reactions holds significant importance in applied sci-

ence, particularly in the field of chemical engineering. Reliable models are essential for accurately de-

scribing catalytic processes, enabling scale-up and optimization of industrial plants in chemical 
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engineering [118]. The kinetic models of the classical FTS process have been extensively studied. Re-

views covering the kinetic modeling of classical CO-FT can be found elsewhere [68, 109]. While there 

is a wealth of research on the kinetics of CO-FT, this section specifically focuses on the of CO2-FTS. In 

general, models describing the kinetics of CO2 hydrogenation to higher hydrocarbons can be categorized 

into empirical models, e.g. using Langmuir-Hinshelwood-Hougen-Watson (LHHW) expressions, and 

detailed micro-kinetics models. These models provide different levels of complexity and detail in cap-

turing the reaction mechanisms and rate dependencies. 

All reported kinetic models are based on the generally accepted two-stage mechanism of direct 

CO2-FTS consisting of the RWGS and CO-FT reactions. Moreover, due to a wide range of FT products, 

researchers made some assumptions and simplifications to facilitate the development of kinetic models. 

Riedel et al. [40] were the first who developed an empirical kinetic model of CO2-FTS over K-promoted 

Fe-based catalyst. In addition to two stages, they also considered a direct route of CO2 hydrogenation to 

higher hydrocarbons. To simply the model, only C3H8 was considered as a pseudo-product of FT process. 

They found that the contribution of direct pathway of CO2 hydrogenation is low and can be neglected in 

kinetic modelling. The same kinetic model was applied for describing the CO2 hydrogenation to higher 

hydrocarbons over a Fe-based catalyst promoted with K and Mn [119]. In the work [50], Brübach et al. 

developed a new kinetic model of CO2 hydrogenation over supported Fe-based catalyst. For development 

of the kinetic model, they considered the associative and carbide mechanisms describing the RWGS and 

CO-FT reactions, respectively. They assumed that the reaction between adsorbed CO2 and an adsorbed 

H atom is the rate-determining step in the associative mechanism and that the decomposition of enolic 

species (HCOH* + * ⇄ CH* + OH*) is the rate-determining step of CO-FT reaction. Enolic species were 

assumed to be formed from the hydrogenation of adsorbed CO with H2. For describing the products of 

FT process (hydrocarbons), they also considered only one organic compound (C4). In the work [120], 

Ali Nakhaei Pour et al. investigated the process of CO2 hydrogenation over Fe/Cu/K catalyst. Based on 

the results of kinetic modelling and the screening of different sets of reaction mechanism and rate-deter-

mining stages, they found that a model based on the associative mechanism of the RWGS reaction and 

enol mechanism of the CO-FT gave the best fit of the experimental data. According to their kinetic model 

the chain growth is limited by the reaction between adsorbed CO and H to form enol species. 

The development of the kinetic models predicting the distribution of hydrocarbons is a difficult 

task for simulating of CO2 hydrogenation to hydrocarbons. The complexity of it arises from that the 

kinetic models should satisfy the kinetic limitations discussed above (see section 1.3.2). Panzone et al. 
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[121] suggested a semi-empirical model to describe the formation of products (paraffins, olefins, and 

alcohols) in CO2 hydrogenation using the ASF distribution (one distribution for an type of the products). 

For describing the rates of the RWGS and CO-FT reactions, they used the resembling expressions devel-

oped by Riedel et al. [40] but slightly modified them by adding additional parameters. Later Panzone et 

al. [112] also developed a more detailed kinetic model of CO2 hydrogenation to higher hydrocarbons. 

They assumed two different active sites responsible for the RWGS and CO-FT reactions, respectively. 

For describing the RWGS reaction, the redox mechanism was assumed. In the case of the CO-FT reac-

tion, CO insertion, and alkyl (one of the variants of the carbide mechanism) mechanisms were used for 

describing the distribution of the CO2 hydrogenation products. Two mechanisms of CO-FT reaction were 

chosen to explain the observed deviation from the ASF distribution in the hydrocarbon selectivity. More-

over, the obtained model was able to describe the product formation of paraffins and olefins as well as 

alcohols. Another detailed kinetic model of CO2 hydrogenation to higher hydrocarbons over K-promoted 

Fe-based supported catalyst was developed by Brübach et al. in the work [122]. For the RWGS reaction 

they used the redox mechanism as well as the alkyl mechanism for FTS. They demonstrated that using 

of one type of active site for describing both reactions is enough for a reliable description of the overall 

process.  

As summary, kinetic modelling of the process of CO2 hydrogenation to higher hydrocarbons is a 

complicated task. The kinetic models have to satisfy a wide range of the requirements including thermo-

dynamic and kinetic limitations, as well as accurately predict the distribution of products. Due to the 

complexity and a wide range of products, simplifications and assumptions are often made to facilitate 

the model development. The development of accurate kinetic models for predicting hydrocarbon distri-

bution remains a challenging task in CO2-FTS. 

1.3.6. Industrial Variants of Fischer-Tropsch Synthesis 

The process of the direct CO2 hydrogenation to higher hydrocarbons via FT is still on its way to 

industrial implementation. However, it is important to discuss industrial variants of plants for the classi-

cal FT synthesis because they could make a basis for the CO2-FTS technology. A discussed above (see 

section 1.3.2), there is a constraint in the maximum selectivity to target products (light olefins, gasoline 

etc., see Figure 4) and refining of the primary products is required to increase their yield. In the case of 

traditional FTS, two industrially applied variants are distinguished: low and high temperature FT (LTFT 

and HTFT, respectively). The comparison of both technologies is presented in the Table 1.  
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In the case of the LTFT process, slurry or fixed bed reactors are used and the typical value of the 

chain growth probability is in a range from 0.85 to 0.95 that favors the wax production [33]. Because 

higher hydrocarbons are the predominant products, the refining processes of primary products of LTFT 

process includes hydrocracking of heavy products (wax) and hydrotreating. In contrast, the HTFT pro-

cess is carried out in fluidized bed reactors and at higher temperature and produces short-chain paraffins 

and olefins (the chain growth probability is in a range from 0.70-0.75). The refining process in this case 

is oligomerization and hydrogenation. It is worth noting that the refining processes of primary products 

for LTFT and HTFT are rather complicated. More detailed information about refining processes of pri-

mary products of CO-FTS were summarized in the reviews [123, 124].  

Table 1. The comparison of LTFT and HTFT technologies. 

Parameter LTFT HTFT 

Temperature 190-250 °C 300-350 °C 

Reactor type Slurry or fixed bed Fluidized bed 

Catalyst Co- or Fe-based Fe-based 

Typical α 0.85-0.95 0.70-0.75 

Main products Long chain paraffins Short-chain paraffins, olefins 

Product refining 
Hydrocracking,           

hydrotreatment etc. 

Oligomerization,                

hydrogenation etc. 

 

1.4. Data Science and Machine Learning in Catalysis 

1.4.1. Main Features and Applications 

In recent days, there has been a rapid rise in applying the modern data science and machine learning 

(ML) methods for solving many complicated tasks in different fields of academia, industry, and business. 

In healthcare, ML is used for diagnosing diseases [125], predicting patient outcomes, and drug discovery 

[126]. In finance, ML aids in fraud detection, risk assessment, and algorithmic trading [127]. ML also 

plays a crucial role in recommender systems used by e-commerce platforms to provide personalized 

product recommendations [128, 129]. Additionally, ML is used in natural language processing for senti-

ment analysis, chatbots, and language translation [130, 131], in image and video recognition [132], au-

tonomous vehicles [133], and optimizing supply chain operations [134]. These are just a few examples 

highlighting the diverse and impactful applications of ML across different sectors. In general, there are 

several types of ML, including [135]: 
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• Supervised Learning: In supervised learning, the algorithm learns from labeled data where the 

input features and their corresponding target labels are provided. The goal is to train a model that 

can make accurate predictions or classifications on unseen data. 

• Unsupervised Learning: In unsupervised learning, the algorithm learns from unlabeled data where 

only input features are available. The objective is to discover patterns, relationships, or structures 

in the data without any predefined labels. 

• Reinforcement Learning: Reinforcement learning involves an agent that learns to make decisions 

in an environment to maximize a reward signal. The agent learns through trial and error, exploring 

different actions and receiving feedback in the form of rewards or penalties. 

• Deep Learning: Deep learning is a subset of machine learning that utilizes neural networks with 

multiple layers to learn and represent complex patterns and relationships in data. Deep learning 

has been particularly successful in areas such as image recognition, natural language processing, 

and speech recognition. 

• Ensemble Learning: Ensemble learning combines multiple individual models to make predictions 

or classifications. By aggregating the predictions of multiple models, ensemble learning can often 

achieve better performance and more robust results compared to using a single model. 

These are some of the commonly used types of machine learning, and each type has its own advantages 

and applications depending on the problem at hand. This study focuses on the supervised learning since 

it is the most applicable approach used in catalysis and related fields. The ML model development pro-

cess have the following stages [136-138]: 

• Problem Formulation: In this stage, the objective of the machine learning model is defined 

clearly. It involves understanding the problem, determining the target variable, and defining the 

success criteria. 

• Data Collection: This stage involves gathering the required data for training the machine learning 

model. Data can be collected from various sources such as databases, scientific literature, exper-

iments.  

• Data Preprocessing: In this stage, the collected data are cleaned, transformed, and prepared for 

analysis. It involves handling missing values, dealing with outliers, normalizing or standardizing 

the data, and addressing any other data quality issues. 
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• Feature Selection: In this stage, relevant features or variables are selected from the dataset that 

more likely have an impact on the target variable. It helps in reducing the dimensionality of the 

data and improving model performance. 

• Model Training and Validation: In this stage, the selected machine learning model is trained on 

the prepared dataset. The data is divided into training and validation sets, and the model learns 

patterns and relationships from the training data. The model's performance is evaluated using the 

validation data to ensure its generalization. 

• Model Evaluation and Deployment: In this final stage, the trained model is evaluated on unseen 

data or a separate test dataset to assess its performance and generalization capability. If the model 

meets the desired criteria, it can be deployed for real-world use, where it makes predictions or 

classifications on new, unseen data. 

It is worth dwelling in more details on the section of model training and validation. In general, ML model 

can be presented as a complex function 𝑦𝑚𝑜𝑑𝑒𝑙 = 𝑓(𝑥𝑒𝑥𝑝, 𝜃). Training of ML models involves iteratively 

adjusting the model's parameters 𝜃 using a labeled dataset 𝑥𝑒𝑥𝑝 to minimize the difference between pre-

dicted 𝑦𝑚𝑜𝑑𝑒𝑙 and actual 𝑦𝑒𝑥𝑝 outcomes (minimizing the loss function). Mean squared error is a popular 

loss function used in the regression: 

1

𝑁
∑ (𝑦𝑒𝑥𝑝 − 𝑦𝑚𝑜𝑑𝑒𝑙)

2𝑁
𝑖=1   (6) 

Here, it is worth mention the overfitting problem [136-138]. Overfitting occurs when a ML model learns 

the training data too well, capturing noise and random variations instead of the underlying patterns. This 

leads to poor generalization, causing the model to perform poorly on unseen data. It is often a result of 

an overly complex model or a lack of sufficient training data. The overfitting problem is particularly 

pronounced when dealing with small data sets, where the limited amount of data enhances the risk of the 

model memorizing noise or outliers rather than capturing meaningful patterns. To avoid building over-

fitted models, cross-validation (CV) is usually applied [139]. CV is a technique used to assess the per-

formance and generalization ability of machine learning models. It involves dividing the available data 

into multiple subsets or folds, using some of them for training the model and the remaining ones for 

evaluating the model. By repeating this process with different combinations of training and evaluation 

data, cross-validation provides a more robust estimation of the model's performance and helps to identify 

potential issues such as overfitting.  
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1.4.2. Machine Learning Methods 

There is a wide pool of different machine learning algorithms and methods which can be distin-

guished into two groups: linear and non-linear methods. The linear methods include multiple linear re-

gression (MLR) [140], Lasso regression (MLR with L1 regularization) [141], principal component anal-

ysis and regression (PCA and PCR) [142], partial least squares (PLS) regression etc. [142, 143] MLR is 

a linear regression where the line equation is used to fit a data set. The classical estimation of an apparent 

activation energy from the catalytic data presented in the corresponding coordinates (log k and 1000/RT) 

is a simple example of MLR in only one variable (it is 1000/RT in this case). PCA is mainly applied for 

reducing the dimension of the input variables and transforming them into new variables with lower di-

mension (also called principal components). Using principal components as input variables for MLR is 

the principal component regression (PCR). The extension of PCR is the PLS regression that incorporates 

information about the response variable in addition to the predictor variables. Unlike PCR, which focuses 

on capturing variance in the predictor variables, PLS seeks to maximize the covariance between the 

predictor variables and the response variable. This makes PLS particularly useful in situations where 

there are strong relationships between the predictor and response variables and can lead to more accurate 

predictions. 

Linear ML methods have several advantages that make them appealing for various applications. 

Firstly, they offer simplicity and interpretability, allowing users to understand and explain the relation-

ships between variables. Secondly, linear models are computationally efficient, making them suitable for 

large datasets and real-time applications. Additionally, linear models are robust to noise and outliers, 

providing stable predictions even in the presence of noisy data. They also facilitate feature importance 

analysis, enabling identification of the most influential variables in the model, but only for linear depend-

encies. Furthermore, linear models tend to have good generalization capabilities, meaning they can make 

accurate predictions on unseen data. However, it is obvious that they cannot generalize non-linear de-

pendencies in the data which is one of their key disadvantages [136-138]. 

Non-linear ML models are able to generalize non-linear dependencies, therefore, they found a wide 

application in different fields. These methods include support vector regression (SVR), tree-based ML 

algorithms, artificial neural networks (ANN) etc. [136-138, 143] SVR is a machine learning algorithm 

that uses support vector machines (SVM) to perform regression tasks [144]. It aims to find a hyperplane 

that best fits the data while minimizing the error. Using different kernels (polynomial, redial basis func-

tion, sigmoid function etc. [145]) to transform the input data into a higher-dimensional space allows SVR 
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to capture nonlinear relationships between features and target variables. It can efficiently model complex 

patterns and improve the flexibility and accuracy of regression predictions especially with the small data 

[146]. 

Tree-based machine learning methods, including decision trees [147], random forests [148], Ada-

Boost [149], XGBoost etc. [149, 150], utilize a hierarchical structure of interconnected nodes to make 

predictions. In a decision tree, each internal node represents a feature or attribute, and each branch rep-

resents a possible value or outcome. The model splits the data based on these features until it reaches the 

leaf nodes, which provide the final predictions (see Figure 8). Random forests or similar AdaBoost and 

XGBoost methods combine multiple decision trees to make more robust and accurate predictions by 

aggregating the results. Tree-based methods handle both numerical and categorical data and can capture 

complex interactions between variables, making them effective for both classification and regression 

tasks. One of the useful properties of tree-based models is an opportunity to determine feature importance 

of the input variables from the obtained ML models. A disadvantage of tree-based methods is their lim-

ited generalization ability and potentially inaccurate predictions for unseen data in the task of the regres-

sion.  

 

Figure 8. The example of the decision tree for binary classification (red or blue). 

Artificial neural networks (ANNs) are widely utilized as powerful machine learning tools due to 

their capability as universal approximators [151]. Due to the flexibility of the constructing different struc-

tures of the ANNs, there are a lot of different variants of ANN architectures including feedforward NNs 

[152], convolutional NNs [153], graph NNs [154], long short-term memory networks (LSTM) [155], 

physics-informed NNs [156], neural ordinary differential equations etc. [135, 157] Because of this, NNs 

have found their application in solving a wide range of problems.  



22 

 

Non-linear ML models offer several advantages over linear models. Firstly, they provide increased 

flexibility, allowing for the capture of complex relationships and patterns in the data. This flexibility 

enables non-linear models to better handle highly non-linear and intricate data structures. Secondly, non-

linear models can effectively capture feature interactions, which is particularly important when dealing 

with complex and interconnected variables. However, non-linear models are more complex and require 

more data and computational resources for training than linear models. Non-linear models, especially 

those with high complexity, are more prone to overfitting, where they learn the training data too well and 

struggle to generalize to unseen data. In addition, it is often more challenging to interpret and understand 

the obtained models compared to linear ones, making it difficult to gain insights into the underlying 

relationships and mechanisms in the data [136-138]. 

1.4.3. Applications in Catalysis and Material Science 

The scope of applying data science and ML in material science and particularly in catalysis is quite 

wide. In general, the following directions can be distinguished. Firstly, it is worth highlighting the usage 

of ML in the analysis of existing scientific publications. It can be natural language processing with 

Word2vec (a special type of NNs) for revealing the latent knowledge from the material science literature 

[158]. Another one is to use ChatGPT [131] as a chemistry assistant for text mining and the prediction 

of metal-organic frameworks [159]. Here, it is also worth noting works related to an extraction of an 

existing data presented in scientific publications in the form of figures by autonomous frameworks (like 

ChartOCR [160], LineEx [161]) based on ML models. It allows one to fast extract the data from the 

literature and use them for further analysis.   

ML models can be used for the prediction of the properties of compounds and materials calculated 

by ab initio methods (for example, DFT) [162]. Even so these properties can be calculated via these 

methods, they require a lot of computation. ML models can help in an accelerated estimation of target 

properties. For example, Casey et al. [163] used 3D convolutional ANNs for predicting energic properties 

of organic compounds (energy formation, dipole moment, HOMO-LUMO band gap etc.). Huang et al. 

[164] used deep learning methods for predicting the formation energies of inorganic compounds. In other 

work [165], Singh et al. used ANNs for predicting chemical reaction barriers. 

One of the attractive directions for ML is to develop regression models for predicting catalytic 

properties based on the catalyst composition and structure. For example, Madaan et al. [166] used linear 

PLS regression for predicting the performance of the catalysts for oxidative dehydrogenation of butane. 
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They used a series of descriptors including unique features representing the parameters of Slater-type 

function of atoms that allowed them to obtain the linear model with good generalization. Based on the 

obtained results, they experimentally validated the model by preparing the most perspective catalysts 

suggested by the PLS model. Suzuki et al. in the work [167] performed the analysis of the catalytic data 

presented in the literature about oxidative coupling of methane for predicting the catalyst performance 

using XGBoost models. Smith et al. [168] used PCA and NNs for predicting activity and selectivity of 

catalysts in the RWGS reaction. They found that Au-based catalysts supported on CeO2 and promoted 

with Li, Na, and Mg are the most perspective candidates. In addition to the development of regression 

models for predicting the catalyst performance, ML can be used for the analysis and systematization of 

the catalytic data as well as for elucidating important factors affecting catalyst performance. So, 

Zavyalova et al. [169] created the database about OCM catalysts from the literature and performed a 

statistical analysis of the obtained results. Using the analysis of variance (ANOVA) and regression trees, 

they suggested a new strategy for preparing highly-selective OCM catalysts with the multicomponent 

composition. In other work [170], Yang et al. used ANOVA and regression trees for the analysis of CO2-

FT catalysts based on the data from literature. They found that doping Fe-based catalysts with alkaline 

and transition metals allows one to increase CO2 conversion rate, C2+ selectivity, and olefins/paraffins 

ratio. They also found that electronegativity of the promoters is the key descriptor defining the catalyst 

activity and selectivity. However, their analysis focused only certain parameters like CH4 and C2+ hydro-

carbon selectivity, CO2 conversion, as well as olefin content but did not consider the chain growth prob-

ability. The latter is the key parameter for catalyst selectivity in FT. Moreover, the analysis of an approach 

to equilibrium of the RWGS reaction was not performed. 

Another perspective direction of applying ML is the development of models for kinetic modelling 

of catalytic reactions [156, 171]. It is worth mentioning physics-informed NNs (PINN) for simulating 

and solving the system of ordinary and partial differential equations [171]. The key idea is to embed the 

general knowledge about the process in the loss function. Thus, during the NN training, the obtained 

regression models satisfy the experimental data as well as the governing differential equations. Gusmão 

et al. [172] extended this approach for any chemical and catalytic reactions that was called kinetics-

informed NNs. Another approach in kinetic model development is to use neural ordinary differential 

equations (neural ODE) that was suggested by Chen et al. [173]. The key idea is to use traditional NNs 

for approximating the right part of ODE. Neural ODE is an attractive tool in the kinetic model develop-

ment because only data are used for kinetic model development [174, 175]. Thus, we do not need to 
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suggest the reaction mechanisms, assume rate-determining stages, solve the inverse kinetic task. How-

ever, it worth noting that the requirement of big data for building reliable ML models is one of the lim-

iting factors restraining application of ML in the kinetic model development.  

The above examples demonstrated that data science and ML methods can be successfully used in 

different fields of material science and catalysis. Data science and ML offer powerful tools for analyzing 

complex catalytic systems, predicting reaction outcomes, optimizing catalyst design, and accelerating 

the discovery of new catalytic materials, as well as simulating reaction kinetics. This integration of data 

science and machine learning in catalysis has the potential to enable more efficient and informed deci-

sion-making processes, leading to the development of catalysts with improved performance and selec-

tivity. 
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2. Objectives and Outline 

2.1. Problem Statement and Objectives 

As shown in the above literature review, the problem of CO2 emissions, having the main contribu-

tion in the greenhouse effect leading to a climate change, motivates academia and industry to be looking 

for a solution of this problem. CO2 hydrogenation to valuable organic compounds may be considered a 

promising approach not only for reducing CO2 emissions, but also for generating products with commer-

cial potential. One of these attractive processes is CO2 hydrogenation to higher hydrocarbons (CO2-FTS). 

The interest in this topic has led to a significant rise in the number of scientific publications and, thus, in 

the amount of the data regarding CO2-FT catalysts.  

According to the literature, the overall process of CO2-FTS proceeds into two stages: RWGS reac-

tion with CO formation in a gas phase followed by CO hydrogenation to higher hydrocarbons via FT. 

The first RWGS reaction has the thermodynamic limitation which constrains the overall rate of CO2-FTS 

compared to traditional FTS. The second reaction is a typical polymerization process, and hydrocarbon 

selectivity can be described by the statistical single-parameter ASF distribution. The chain growth prob-

ability  (the parameter of the ASF distribution) is key and defines the selectivity of the CO2-FT catalysts 

to the target products (higher  corresponds to lower CH4 selectivity and higher C2+ hydrocarbons pro-

duction). Due to the above limitations, the development of active and selective catalysts for CO2-FTS is 

a complex task. Fe-based catalysts are usually used for this process because Fe can catalyze both reac-

tions (iron oxides are responsible for RWGS, iron carbides – CO-FT). The bulk and supported Fe-based 

catalysts doped by different promoters (K, Na, Cu, Mn, Zn, Co etc.) and prepared by using various prep-

aration methods have been intensively investigated. Due to the large amount of accumulated data on 

CO2-FT catalysts in the literature, it becomes attractive to analyze them for searching for relationships 

between catalyst properties and activity as well as revealing latent knowledge from the literature. How-

ever, the challenges in the comparison of the activity of catalysts investigated in the different articles 

arise from two factors: (i) the multiplicity of the catalytic parameters (CO2 conversion, CO and CH4 

selectivity, hydrocarbon distribution, olefins content, etc.); (ii) the catalytic data were obtained at differ-

ent reaction conditions (temperature, pressure, CO2:H2 ratio, residence time, etc.). In ideally, the com-

parison of catalyst activity should be made at the same reaction conditions (temperature, partial pressure 

of reagents and products, etc.). The recalculation and normalization of the catalytic data from one reac-

tion conditions to others require deep knowledge about reaction kinetics (kinetic law expressions, 



26 

 

activation energy, etc. for each separated catalyst) that are usually unknown. The development of new 

approaches for normalization of such a type of the data is valuable since it could help in the evaluation 

and the analysis of the catalytic data of CO2-FT catalysts.  

In addition to the catalyst development, an industrial implementation of the technology also re-

quires the development of reliable kinetic models of CO2-FTS. The literature review demonstrated that 

different mechanisms of CO2-FTS are suggested and discussed. Based on the suggested mechanisms, 

various kinetic models have been developed (from simple kinetic models based on the two-stage mech-

anism to detailed microkinetic models of CO2-FTS describing the whole product distribution). The com-

plexity of the traditional approach in kinetic modelling is related to the performing of the screening of 

reaction mechanisms and assumptions for converting the detailed mechanisms into LHHW-like kinetic 

expressions. It is worth mentioning that solving of an inverse kinetic task that is still an untrivial calcu-

lation problem. The last one is related to that catalytic data are recorded as integral reactor data (conver-

sion, selectivity) which can only be derived from kinetic rates equations by solving a system of ODEs. 

The wide range of the CO2-FT products as well as the thermodynamic and kinetic limitations further 

complicate the task. Thereby, the development of methods for accelerated constructing of kinetic models 

is an important task for various scientific and industrial applications including CO2-FTS. 

The modern ML and data science methods were shown in the introduction to be effective tools in 

solving of a wide range of the tasks in science and industry. Depending on the specific of the task, the 

different ML methods can be applied which are able to generalize complex non-linear dependencies in 

the data. Such modern ML and data science methods could be successfully used for the analysis of the 

catalytic data and development structure-composition-activity regression models. They can help in the 

organizing, systemizing a big amount of the data, predicting new materials with necessary properties as 

well as extracting the latent knowledge from the scientific literature. The key advantage of ML methods 

is that only the data are required for building the predictive models. However, to avoid the overfitting of 

ML models, applying these methods demands big data which are usually not available in the case of 

catalytic data. In such a case, to improve significance and effectiveness of the data analysis and ML 

models two approaches could be considered: (i) the recalculation and normalization of the catalytic data 

to minimize the correlations between parameters; (ii) the improvement of the ML models by embedding 

the expert’s knowledge into the architecture of the models. The current work was focused on the devel-

oping such approaches for the analysis of the scientific literature and kinetic model development of CO2-

FTS. 
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Thus, the main aim of this work is to investigate in more details CO2 hydrogenation to higher 

hydrocarbons using modern data science and ML methods. The following objectives of the present work 

were set: 

1. Extracting and organizing detailed information about catalysts and reaction conditions from the 

scientific literature with its further analysis by the data science and ML methods as well as an 

experimental validation of the hypotheses formulated from the data analysis. 

2. Developing and investigating new approaches for kinetic modelling of CO2 hydrogenation with 

ML. 
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2.2. Outline 

According to the aim and formulated objectives, the first part of the work is devoted to the analysis 

of the literature data on CO2 hydrogenation catalysts for hydrocarbon production (see section 3.1). De-

tailed information about catalysts and reaction conditions was extracted from scientific articles and con-

verted into SQLite database for facilitating the data evaluation and analysis. As the catalytic data of CO2-

FTS include different parameters (CO2 conversion, CO and hydrocarbon selectivity, olefin content), the 

first stage involved developing a methodology to convert them into a small number of independent fea-

tures that define the catalyst activity and selectivity and can be calculated from the data. The next step 

was to analyze the obtained data for formulating new hypothesizes in CO2-FTS and find correlations 

between the suggested features and catalyst properties (composition, preparation methods, reduction pre-

treatment) as well as reaction conditions (temperature, pressure, CO2:H2 ratio, GHSV). 

The hypothesis formulated from the data analysis was further validated by catalytic experiments 

(see section 3.2). This hypothesis relates to the presence of an additional direct pathway of CO2 hydro-

genation to higher hydrocarbons. To validate this statement, we prepared typical Fe-based catalysts 

with/without dopants (K, Mn, and Al) and tested them under CO2-FT conditions to obtain catalytic data 

in the form of a conversion-selectivity dependencies. This analysis allowed us to determine the main 

reaction pathways occurring in the CO2-FT process. Additionally, the obtained catalysts were character-

ized by various physicochemical methods to find correlations between activity and catalyst properties. 

The last part of the work focuses on the development of a new method for modelling the kinetics 

of catalytic reactions using neural ODE (see section 3.3). To address the issue of limited data, the archi-

tecture of the neural network models was constrained by integrating general knowledge about the pro-

cess. Numerical experiments were conducted to validate the proposed approach. Furthermore, we applied 

this new approach to real experimental data. For this purpose, we prepared supported Fe-based catalysts 

and tested them in the CO2 hydrogenation process under a wide range of reaction conditions that are 

typical for kinetic model development. 
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3. Summary of Publications 

3.1. Data Analysis of CO2 Hydrogenation Catalysts for Hydrocarbon Production 

Aleksandr Fedorov* and David Linke* 

Journal of CO2 Utilization, 2022, 102034, DOI: 10.1016/j.jcou.2022.102034. 

Summary:  

In this study, the data analysis of the scientific literature about CO2 hydrogenation catalysts for hydro-

carbon production was performed. The detailed information about catalysts and reaction conditions were 

extracted from the articles and converted into SQLite database. The obtained data were analyzed by 

applying data science and machine learning methods. The catalytic characteristics (CO2 conversion, CO 

and hydrocarbon selectivity, olefin content etc.) were transformed into a small number of independent 

parameters to improve the significance of the analysis. The key parameters of catalyst selectivity are the 

chain growth probability α and an excess-methane selectivity γ. The last one describes an increase in 

CH4 selectivity compared to the value calculated by the ASF distribution. In addition to these parameters, 

the thermodynamic ratio (the reaction quotient to the equilibrium constant) of the RWGS reaction was 

used for the analysis of an approach to the equilibrium. It was found that the suggested parameters (α 

and γ) only slightly depend on reaction conditions (temperature, pressure, CO2:H2 ratio, GHSV) and are 

mainly defined by the catalyst. By the feature importance analysis, it was found that doping Fe-based 

catalysts with alkali metals (particularly K and Na) is the most effective measure for improving the cat-

alyst activity and selectivity. The performed analysis of an approach to equilibrium of the RGWS reaction 

indicates the presence of an additional direct route of CO2 hydrogenation via FT mechanism at least for 

some catalytic systems. An experimental validation of such a reaction pathway would be great of interest. 

Author contributions: 

I extracted the information from the literature and converted it into the database. I contributed a large  

part of the methodology development and of the data analysis. I performed all the calculations as well as 

the data preprocessing and evaluation. I took a part in the discussion and making conclusions from the 

obtained results. I wrote the first draft and co-edited the final manuscript. My contribution was approxi-

mately 80 %. 

_____________ /A. Fedorov/  _____________ /Dr. D. Linke/  

Signature of the student  Signature of the supervisor 
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3.2. Elucidating Reaction Pathways occurring in CO2 Hydrogenation over Fe-based  

Catalysts 

Aleksandr Fedorov*, Henrik Lund, Vita A. Kondratenko, Evgenii V. Kondratenko, David Linke*,  

Applied Catalysis B: Environmental, 2023, 328, 122505, DOI: 10.1016/j.apcatb.2023.122505. 

Summary:  

In this study, an experimental validation of the presence of a ‘hypothetical’ direct route of CO2 hydro-

genation to higher hydrocarbons via FT mechanism was made. For this, an analysis of reaction pathways 

in CO2 hydrogenation over Fe-based catalysts was performed. Typical Fe-based catalysts promoted 

with/without different dopants (K, Mn, and Al) were prepared by the organic combustion method and 

tested under CO2-FT conditions. By varying the residence time, we obtained the catalytic data in a wide 

range of CO2 conversion (2.5-30 %) with small increments of the conversion (~ 2.5 %). It allowed cal-

culating the production/consumption rates of the products/reagents along the catalyst bed. The obtained 

fresh and spent catalysts were characterized by the physicochemical methods including TPR-H2, XRD, 

low temperature N2 adsorption. It was clearly shown that except for the RWGS, CO-FT, and direct 

methanation reactions, an additional pathway of hydrocarbon formation from CO2 via FT mechanism 

was observed for some catalytic systems. This is an experimental conformation of the hypothesis made 

from the data analysis.  Based on the results of physicochemical characteristics, we concluded that certain 

iron carbides are able to directly hydrogenate CO2 to hydrocarbons. Thus, the concept of requiring iron 

oxides as an essential active component in CO2-FTS for catalyzing the RWGS should be reviewed. 

Author contributions: 

I took a part in the plaining of all the experiments. I prepared all the catalysts and tested them under CO2-

FT conditions. I performed all the calculations except for the kinetic modelling of the data obtained in 

the TAP (temporal analysis of products) experiments. I took a part in the discussion and making conclu-

sions from the obtained results. I wrote the first draft and co-edited the final manuscript. My contribution 

was approximately 70 %. 

 

_____________ /A. Fedorov/  _____________ /Dr. D. Linke/  

Signature of the student  Signature of the supervisor 
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3.3. Kinetics-Constrained Neural Ordinary Differential Equations: Artificial Neural  

Network Models tailored for Small Data to boost Kinetic Model Development 

Aleksandr Fedorov*, Anna Perechodjuk, and David Linke*,  

Chemical Engineering Journal, 2023, 477, 146869, DOI: 10.1016/j.cej.2023.146869. 

Summary:  

In this study, a new method for kinetic modelling of heterogeneous catalytic reactions by the neural ODE 

was suggested. The key idea is to constrain the architecture of neural ODE by integrating the general 

knowledge about thermodynamic and kinetics. The effectiveness of the suggested approach was vali-

dated by the performing the numerical experiment using the catalytic reaction of CO2 hydrogenation to 

methane as an example. It was found that the suggested approach allows one to obtain reliable kinetic 

models using only small data which are typically used in the kinetic model development. We successfully 

applied this approach for the development of the kinetic model of a real experimental data: CO2 hydro-

genation to higher hydrocarbons over Fe-based catalyst. We also demonstrated how to use the obtained 

kinetic model of CO2-FTS based on neural ODE for reconstructing the mechanistic model for the RWGS 

reaction as a key reaction in the CO2-FTS.  

Author contributions: 

I took a part in the planning of the catalytic tests. I tested the obtained catalyst under CO2-FT conditions. 

I developed the theoretical model and performed all the calculations. I took a part in the discussion and 

making conclusions from the obtained results. I wrote the first draft and co-edited the final manuscript. 

My contribution was approximately 75 %. 

 

 

 

 

 

_____________ /A. Fedorov/  _____________ /Dr. D. Linke/  

Signature of the student  Signature of the supervisor 
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4. Conclusions and Outlook 

The present study demonstrates how applying the modern data science and ML in the scientific 

workflow helps to identify gaps in knowledge, formulate hypotheses, and accelerate the development of 

data-driven kinetic models.  

The first part of work is related to the literature data analysis regarding CO2-FT catalysts. To ad-

dress the issue of the catalytic data (see section 2.1), we first developed a methodology for converting 

the catalytic feathers into a small number of independent parameters. For this, we modified the ASF 

distribution by incorporating two extra parameters to describe the observed deviations in the hydrocarbon 

selectivity from the single-parameter ASF. One of the additional parameters is an excess to CH4 selec-

tivity  which is responsible for an increase in methane formation beyond the ideal ASF distribution. The 

last parameter calculated for all the samples from the database was the thermodynamic ratio  (the ration 

between reaction quotient and equilibrium constant) which was used to investigate an approach to equi-

librium of the RWGS reaction. It is worth noting that the analysis of the database demonstrated that only 

9 % of publications provided the full information about catalyst activity. The overwhelming majority of 

publications provided limited information, particularly regarding hydrocarbons distribution. Moreover, 

it is fundamentally impossible to calculate the values of the suggested parameters of the modified ASF 

distribution using such type of data. This created the problems in calculating the key parameters of the 

catalyst selectivity. However, making some assumptions, we managed to develop methods for estimating 

the key parameters of the catalyst selectivity ( and ) using such limited data. The lesson learned from 

it is that we as a community should become better and provide more detailed data and metadata.  

The analysis of the influence of the reaction conditions and catalyst properties on the key parame-

ters of the catalyst selectivity  and  demonstrated that the suggested parameters only slightly depend 

on the reaction condition (temperature, pressure, H2:CO2 ratio, the feed flow rate) and are mainly defined 

by the catalyst. Analysis of parameters´ importance performed by using random forest to compare the 

influence of all the catalytic parameters (reaction condition, catalyst composition and properties) on  

and  showed that the doping Fe-based catalysts with alkali metals is the most effective measure for 

improving these parameters and, thus, catalyst performance. This finding expands our knowledge about 

the factors affecting the selectivity of CO2-FT catalysts and may be used for developing the strategy for 

the screening of highly selective CO2-FT catalysts.  
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The thermodynamic ratio  was used to investigate the approach to equilibrium of the RWGS 

reaction. It is worth mentioning that in the case of generally accepted two-stage mechanism of CO2-FTS, 

the value of thermodynamic ratio  must not exceed one. However, when we estimated the values of the 

thermodynamic ratio for all the samples from the obtained database, we found that the ratio  > 1 for 

around 17 % of all the samples from the obtained database. It may be explained by the presence of 

additional direct (not via CO)  routes of hydrocarbons formation from CO2. More detailed analysis of the 

obtained results showed that such pathways may be the direct methanation reaction and possibly other 

direct CO2 hydrogenation routes to hydrocarbons. This idea led us to postulate a hypothesis regarding 

the presence of the direct route of CO2 hydrogenation to C2+ hydrocarbons in CO2-FTS for some catalytic 

systems. 

To validate the formulated hypothesis, a series of the Fe-based catalysts doped by K, Al and/or Mn 

was prepared by the organic combustion method and investigated in CO2-FTS. To check the presence of 

‘hypothetical’ direct route of CO2 hydrogenation to C2+ hydrocarbons, the analysis of the reaction path-

ways occurring in CO2-FTS was performed. For this purpose, the catalytic data were obtained in a wide 

range of CO2 conversion (2.5-30 %) in small increments of conversion (< 5 %) that allowed estimating 

the rates of reagents consumption and product formation along the catalyst bed without kinetic model-

ling. It was found that except for the RWGS and CO-FT reactions, additional reaction pathways exist in 

CO2-FTS. One of them is the direct route of methane formation from CO2 that takes place over all the 

investigated catalysts that agrees with the above literature review. Another one is the direct route of CO2 

hydrogenation to C2+ hydrocarbons that plays significant role for certain Fe-based catalysts promoted 

with K that was demonstrated for the first time. Thus, this is an experimental conformation of the hy-

pothesis formulated from the literature data analysis. Moreover, the XRD analysis of the spent catalysts 

allowed one to conclude that iron carbides are responsible for catalyzing of the direct rout of CO2 hydro-

genation to C2+ hydrocarbons. In addition, it was observed that CH4 selectivity for non-promoted Fe-

based catalyst is much higher than for K-promoted ones. Detailed analysis of the formation rates for each 

hydrocarbon using the ASF distribution demonstrated that high selectivity of non-promoted Fe catalyst 

to methane is related to the presence of low selective (to higher hydrocarbons) active sites responsible 

for the chain growth with  being equal to 0.18 accounting for approximately 86 % of all hydrocarbon 

formation. It was found that doping of Fe-based catalysts with K allowed to suppress the formation of 

these sites.  
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The validated hypothesis formulated from the literature data analysis regarding the presence of the 

direct route of CO2 hydrogenation to C2+ hydrocarbons expands our knowledge about the role of iron 

carbide in CO2-FTS. The concept of requiring iron oxides as an essential active component for catalyzing 

CO2-FTS should be reviewed. Furthermore, gaining further insights into the role of iron carbide in the 

direct route could aid in the design of novel catalytic systems that exhibit enhanced performance and 

high selectivity towards the desired products. Moreover, understanding the factors influencing the pres-

ence of direct route to the CO2-FT reaction may have a potential opportunity for the control of the con-

tribution of this direct pathway in the overall CO2-FT process and, thus, bypass the thermodynamic lim-

itation of the CO2-FT process related to the RWGS reaction. In addition, the obtained results about the 

main reaction pathways occurring in CO2-FTS are important for accurate kinetic modeling of the overall 

process. 

The last part of work was devoted to developing new approaches for kinetic modelling with neural 

ODE. To address the problem of small data in data-driven kinetic model development, the new approach 

was suggested that is based on constraining the architecture of neural ODE by integrating general 

knowledge about kinetics and thermodynamics of the chemical process. To validate the suggested ap-

proach, the numerical experiment was performed. For this, the typical small training dataset of the cata-

lytic data obtaining from the simulation of CO2 hydrogenation to methane were generated and used for 

training neural ODE models. In addition, larger test data were generated for validating the obtained mod-

els and the analysis of their generalization in a wide range of the reaction conditions. It was demonstrated 

that traditional neural ODE model that was used as a baseline performs poorly and does not have a good 

generalization ability. However, kinetics-constrained neural ODE (KCNODE) suggested in the present 

work was shown to fit the training and test data correctly. Moreover, it was demonstrated that the 

KCNODE model with high generalization ability can be also obtained by using ‘noisy’ training datasets. 

The obtained models were demonstrated to be resistant to overfitting. This resistance to overfitting can 

be explained by the presence of chemistry knowledge into the architecture of neural ODE. The suggested 

approach was applied for kinetic model development of the more complex reaction of CO2 hydrogenation 

to higher hydrocarbons. For this, a typical Fe-based catalyst doped by K and Cu was prepared by the 

incipient wetness impregnation method using -Al2O3. The obtained catalyst was tested in CO2-FTS un-

der different reaction condition to collect the catalytic data further used for kinetic model development 

based on improved neural ODE approach. The KCNODE model was successfully developed for describ-

ing the CO2-FTS using the obtained catalytic dataset. It was demonstrated that the obtained model 
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describes the reagent consumption and the product formation as well as the hydrocarbon distribution 

correctly. In addition, the obtained KCNODE model was used to derive a mechanistic model of the 

RWGS reaction. For this, the screening of the different models describing the RWGS/WGS reactions 

was performed to find expression which is best matching the rates of RWGS estimated by the KCNODE 

model. Based on the obtained results, a new type of LHHW kinetic expression was suggested which fits 

the data as well as the best one from the literature but has a fewer number of kinetic parameters.  

The devised approach for the kinetic modelling of CO2 hydrogenation based on neural ODE using 

only small datasets could significantly expand the scope of applying neural networks and accelerate the 

kinetic model development. Due to method’s ability to train neural ODE models with small data, the 

suggested approach could be applied for kinetic model development of any catalytic reactions and further 

investigation for another reaction network systems would be great of interest. Additionally, it's notewor-

thy that catalyst descriptors can serve as inputs for neural networks. This expansion allows the suggested 

approach to not only create a kinetic model for a single catalyst but also a universal model for a range of 

catalysts. This could facilitate the analysis of catalytic data and identification of key descriptors influ-

encing performance. Moreover, ideas used in the present study may be applied for developing new 

knowledge-constrained neural ODE for solving of a wide range of tasks in different fields where differ-

ential equations are applied. 
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A B S T R A C T   

Literature data of CO2 hydrogenation catalysts for hydrocarbon production via Fischer-Tropsch synthesis (FTS) 
were extracted from literature, collected into a SQLite database, and analyzed using data science and machine 
learning techniques. A challenge was to include performance data obtained by different groups which vary in the 
applied reaction conditions but vary also in the set of performance indicators that are reported. The thermo
dynamic ratio was used for analyzing reverse water gas shift reaction as the first stage of CO2 hydrogenation. A 
tailored Anderson-Schulz-Flory distribution modified by two additional parameters was suggested based on the 
data and applied for describing hydrocarbon production. The data analysis indicated the existence of direct CO2 
conversion to hydrocarbons via the FT mechanism for some catalysts. It was shown that the chain growth 
probability as the key parameter of catalyst selectivity slightly depends on reaction condition (temperature, 
pressure, H2:CO2 ratio) and is mainly defined by catalyst composition, method of catalyst preparation, nature of 
active sites and pretreatment conditions. With respect to the catalyst composition, it was found that doping 
catalysts by alkali metals like K or Na is the most effective measure to improve catalyst performance leading to 
increased chain growth probability, increased olefins content and a decrease of undesired CH4 formation.   

1. . Introduction 

The generation of carbon dioxide by combustion gas, liquid, and 
solid fuels is one of the main reasons for global warming resulting from 
the greenhouse effect. For reducing and controlling CO2 emissions in the 
atmosphere, several strategies are considered [1]. The ones of perspec
tive are clean energy technologies where obtained carbon dioxide is 
captured and used for valuable compounds production [2,3] by hydro
genation with H2. Such methods of CO2 conversion include methanation 
reaction, alcohol production [4,5], CO2 Fischer Tropsch synthesis (FTS) 
[5,6]. The latter approach allows one to obtain hydrocarbons in the form 
of lower olefins [7,8] or fuels [9,10]. There are interesting two-steps 
methods to produce high value-added hydrocarbons where obtained 
hydrocarbons in the CO2-FTS are converted to olefins, aromatics, or 
iso-paraffins on zeolite catalysts [11–13]. 

According to the literature [14,15], the CO2-FTS proceeds in the two 
stages: 

CO2 + H2⇄CO + H2O  

CO + 2H2⇄ − (CH2) − +H2O 

The first stage is the endothermic reverse water gas shift reaction 

(RWGS) (Equation 1) followed by exothermic hydrogenation CO to 
hydrocarbons (Equation 2) via FTS in the second stage. The RWGS has a 
thermodynamic constraint limiting CO2 conversion to a range of 
20–50% for the range of conditions considered for CO2 FTS [16,17]. 

The second stage has a kinetic limitation wherein a proportion of 
hydrocarbons can be described by the well-known Anderson-Schulz- 
Flory distribution (ASF)* [18–20]: 

Wn = n(1 − α)
2αn− 1,

where n – carbon number, Wn – mass fraction of hydrocarbon with n 
carbon atoms, α – chain growth probability. The physical meaning of the 
α parameter is a ratio of prolongation rate to the sum of rates of pro
longation and termination [21,22] because FTS is a typical polymeri
zation process [23]. In effect, the chain growth probability α defines 
hydrocarbons distribution. 

It is worth mentioning about the ASF distribution in the logarithmic 
form: 

Wn = n(lnα)
2αn− 1,

that is an approximation to Equation 3 at α ≥ 0.5. Determination of 
chain growth probability using both equations from an experimental 
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data give approximately the same results. 
Iron is the most popular active component in CO2-FT catalysts 

because it can catalyze both reactions 1 and 2. Bulk or supported Fe- 
based catalysts without dopants produce a lot of methane in the pro
cess of CO2-FTS [24]. Because CH4 is one of the undesirable products, 
there are many publications about using different dopants for reducing 
the methane production. Primarily, it is noteworthy that alkali metals 
[25–27] allow one to significantly improve the catalyst performance by 
enhancing adsorption of CO2 on the surface of the catalysts [27]. Other 
popular dopants are transitional metals like Mn [28], Co [8], Cu [29], Ru 
[30,31], Zn [32] that increase the performance and stability of CO2-FT 
catalysts. Some authors report a synergic effect between transitional and 
alkali metals [33]. The catalyst preparation method also strongly in
fluences catalyst performance [34]. 

The CO2 hydrogenation catalysts must satisfy requirements of high 
catalytic productivity and stability under reaction condition. A high 
productivity implies high activity for carbon dioxide conversion, high 
C2+ hydrocarbons selectivity, high olefins-paraffins ratio, and low 
values of CO and CH4 selectivity. The stability requires sustaining the 
catalytic activity under reaction condition as well as mechanical sta
bility. The latter is of special importance when applying a 3-phase slurry 
reactor where the catalyst attrition rate has to be kept low [29,35,36]. 
The main parameters of the CO2-FTS are temperature, pressure, H2/CO2 
ratio, space velocity, and catalyst reduction pretreatment. 

It is a difficult task to compare CO2-FT catalysts with respect to their 
performance data that were obtained in different ways and at different 
reaction condition. Moreover, the multiplicity of catalytic features (CO2 
conversion, selectivity etc.) do not facilitate this task. Ideally, the 
comparison of catalyst activity should be made at the same reaction 
condition (temperature, partial pressure of reagents etc.). However, 
recalculation and normalization of the catalytic data measured at the 
different condition requires knowledge about the reaction kinetics and 
activation energy that are usually unknown. Therefore, improved ap
proaches to normalization are valuable. They assist the researcher in 
understanding dependencies and relationships between catalyst char
acteristics and activity. Such analysis benefits from applying data sci
ence and machine learning methods. These methods can help in 
analyzing, systematizing a large amount of the data, and predicting new 
materials under requirement constraints [37]. Besides, machine 
learning techniques can reveal latent knowledge from the scientific data 
consisting inside [38]. 

In the case catalytic data, Smith et al. [39] used neural network for 
analyzing catalysts for water-gas shift reaction and influence reactions 
condition and catalyst composition on catalytic activity. Keisuke Suzuki 
et al. [40] analyzed the catalytic data from the literature on oxidative 
coupling of methane (OCM), water gas shift, and CO oxidation reactions 
and created gradient boosting regression models with XGBoost for pre
diction of catalytic performance. Based on the made analysis, the top 20 
promising catalyst candidates for the OCM reaction were suggested for 
the future investigation. It is worth mention earlier works [41,42] about 
the analysis of OCM catalyst database that are directed at analysis the 
literature data. In the case of CO2 hydrogenation catalyst, Qingxin Yang 
et al. [43] used regression trees and ANOVA for statistical analysis of the 
literature data of CO2 hydrogenation catalysts. It was confirmed that 
doping iron catalyst by alkaline and transition metals increases C2+

selectivity and olefins/paraffins ratio that is completely consistent with 
the previous results [8,26,44,45]. Authors of that work limited their 
analysis to some key features like a rate of CO2 hydrogenation, a rate of 
C2+ production, C2+ selectivity, and olefins/paraffins ration but did not 
consider hydrocarbon distribution and chain growth probability α. The 
last one is known to be a key parameter of CO2-FTS. 

Thus, the main aim of this investigation is a detailed analysis of the 
literature data of CO2 hydrogenation catalysts. For this aim, the data 
with all information about catalysts such as composition, preparation 
method, reduction pretreatment condition etc., and the information 
about catalytic data (reaction condition, conversion and selectivity of 

products, hydrocarbon distribution etc.) was extracted from scientific 
articles and converted into an SQL database. The obtained database was 
used for analyzing and extracting new knowledge about CO2-FTS cata
lysts using data science methods. Particular attention was paid to 
describing CO2-FT catalytic data with a minimum number of parame
ters, which helps to minimize correlation between catalytic performance 
measures and thereby improves the significance of the analysis. 

2. Software and hardware specifications 

The SQLite database was used for collecting the data [46,47]. Python 
programming language (version 3.8) was used for calculations [48]. 
SQLAlchemy was used to interface the database from Python [49]. 
Scientific libraries SciPy [50], NumPy [51], Pandas [52], Scikit-learn 
[53] were used for the data evaluation; Plotly [54] was used to visu
alize the results. 

3. Developing a CO2-FTS-tailored data analysis 

3.1. Analysis of RWGS reaction for CO2-FTS 

In this part the methodology of CO2-FT catalyst analysis is described. 
Based on the two-stages mechanism of CO2-FTS, Reactions 1 and 2 were 
considered separately. In this case of chemical reaction with thermo
dynamic limitation, the thermodynamic value (equilibrium factor, ratio) 
η is usually used for analyzing the closeness to equilibrium [33,55,56]. 
Thermodynamic ratio η of the RWGS reaction can be calculated by the 
following equation: 

η =
PCOPH2O

PCO2 PH2 K
,

where Pi – partial pressure of i-compound in the flow from the 
reactor, K – equilibrium constant, that can be calculated by the following 
equation [57]: 

K = exp
(

−
4577.8

T
+ 4.33

)

,

where T – temperature in Kelvin scale. The partial pressures of CO2, H2, 
CO, and H2O were estimated by using simple calculation described in 
the Supporting information. The RWGS reaction is at equilibrium for a 
thermodynamic ratio of η = 1. In the case of η < 1 the reaction rate is 
directed towards the formation of CO and H2O (forward reaction). 

3.2. Analysis of hydrocarbon distribution 

The second stage of CO2-FTS (Reaction 2) has a kinetic limitation. In 
theory, hydrocarbon selectivity may be described by only one parameter 
α of the ASF distribution. It means direct correlations exist between 
proportions for one hydrocarbon (C1, C2 etc.) or any range (e.g., C2–4, 
C5–15). Fig. 1 shows the dependence between theoretical mass fraction of 
hydrocarbons in different fraction and chain growth probability α. The 
calculated values of CH4 and the fraction of typical products for the 
different change growth probabilities of Fig. 1 are compared in Table 1. 

One can see that there are restrictions of target fraction because of 
the kinetic limitation imposed by the assumed polymerization mecha
nism. Moreover, CH4 proportion strongly depends on chain growth 
probability. For example, maximum production of C2-C4 fraction at α 
= 0.47 corresponds to 28.1% mass fraction of methane. In fact, the 
desire to decrease CH4 selectivity leads to hydrocarbon production with 
higher values carbon number. The chain growth probability α also de
fines the maximum selectivity of CO2-FTS and thus is the key parameter 
of the CO2 hydrogenation catalyst. 

The obtained database contains around 500 experimental data points 
with catalytic information about CO2-FT catalysts. All of them have the 
information about reaction conditions (temperature, pressure, H2/CO2 
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ratio, catalyst composition etc.). Concerning catalytic data there are 
different ways presenting this information in the articles. In general, 
researchers report only selected data e.g., only C1, C2–4 and C5+ selec
tivity and CO2 conversion, CO selectivity, and olefins/paraffins ratio. 
Some works (around 23%) have the information about the chain growth 
probability. What is reported varies between papers, which creates some 
difficulties in directly comparing the catalysts. But as will be seen below, 
even this information is enough to extract some interesting catalytic 
features of CO2-FT catalysts. Fig. 2 shows the circle diagram of the in
formation that was reported to describe the hydrocarbon distribution in 
the analyzed papers. It is also worth mentioning alcohol formation for 
CO2-FTS which were reported in ~ 22% articles of the database (for 
example in [7]). However, most articles do not contain any information 
about alcohols or other oxygenates. 

For comparing the hydrocarbon distributions from different experi
ments, the data was converted to one line with fixed parameters using 
linear transformation. Detailed description of this approach can be 
found in Supporting information. Fig. 3 shows mean hydrocarbon dis
tribution of the CO2-FT catalysts plotted in ASF coordinates. The 99.7% 
confidence interval also is presented on Fig. 3. One can clearly see that 
C3+ hydrocarbons correspond to the ASF distribution but CH4 and C2 do 
not. Thus, using only the ASF distribution does not allow one to describe 
the experimentally observed hydrocarbon distribution of CO2-FT cata
lysts accurately. It is necessary to consider deviations at least of C1 and 
C2. Empirically, the hydrocarbon selectivity can be described by the 
following equations: 

S1 = (1 − SCO)

(

γ +
(1 − γ)W1(α)

1 − (1 − δ)W2(α)

)

S2 = (1 − SCO)

(
(1 − γ)(1 − δ)W2(α)

1 − (1 − δ)W2(α)

)

Sn = (1 − SCO)

(
(1 − γ)Wn(α)

1 − (1 − δ)W2(α)

)

, at n = 3, 4 … ∞,

where Si – Ci selectivity, SCO – CO selectivity, n – carbon number, α – 
chain growth probability. The δ parameter represents a fraction of C2 
responding for a decrease of the ethylene selectivity compared with the 
value calculated by the ASF distribution. The empirical parameter γ 
responds an excess of CH4 selectivity. 

One can see that only 9% of the experiments are reported with the 
full information about hydrocarbon distribution (up to C12). In this part 
of article, only this data subset was discussed and analyzed. 

According to equations 4–6 hydrocarbon selectivity depends on only 
4 parameters: SCO, α, γ, δ wherein CO selectivity is usually known. It is 
worth noting that all the parameters are in a range from 0 to 1. The other 
parameters of the equations can be calculated by minimization of the 
following cost function: 
∑ (

Sexp
i − Spred

i
)2 

The Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm [58] was 
used for minimization of the cost function. The chain growth probability 
can be also calculated from the slope of a curve describing hydrocarbon 
distribution for C3+ in corresponding ASF coordinates if the information 
about selectivity distribution exists. The parameter α calculated in this 
way allows one to calculate the other parameters γ and δ. The advantage 
of the approach via optimization is that it opens the opportunity to 
calculate the parameters even when data are given in various ways (S1, 
S2 …, or ranges S2–4, S2–6 …). Both approaches give similar results (see 
Fig. S4). It is worth noting that the majority information about hydro
carbons is given in the form C1, C2–4 and C5+ selectivity (see Fig. 2). It is 
impossible to calculate the three parameters of equations 4–6 by using 
these data with only two degrees of freedom. However, it was found that 
a decrease of C2 selectivity is around 10% (the δ parameter) for most 
catalysts. By setting δ to 0.1 for those data, α and γ parameters can be 
calculated from the data having only a two degree of freedom. This 
approach was checked by the data with the information about hydro
carbons distribution for which these parameters can be calculated 
directly (see the Supporting information). Thus, using this approxima
tion allowed us to estimate the parameters α and γ even for the data 

Fig. 1. The dependencies between the chain growth probability and theoretical 
mass fraction of hydrocarbons in different range (C2-C4, C5-C15, C8-C16) among 
all hydrocarbons formed by FTS calculated by Equation 3. 

Table 1 
Mass fraction of products at different hydrocarbons range for fixed the chain 
growth probability.  

Range CH4, % target fraction, % other products, % αa 

C2-C4  28.1  56.7  15.2  0.47 
C5-C15  4.0  59.7  36.3  0.80 
C8-C16  2.6  40.7  56.7  0.84  

a chain growth probability 

Fig. 2. The circle diagram of the information reported to describe the hydro
carbon distribution in the analyzed papers. 
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presented in the form of C1, C2–4 and C5+ selectivity or similar 
representation. 

3.3. Descriptor selection analysis 

The descriptor selection (feature selection) is the most important 
stage for building reliable machine learning models. There are different 
approaches for finding and determining important descriptors, for 
example Pearson’s R correlation coefficient, lasso regression, random 
forest, gradient boosting etc. [59,60]. For understanding the influence of 
reaction and catalyst parameters on performance and catalytic activity 
(CO2 conversion; CO selectivity, the chain growth probability etc.) the 
random forest regression was used in this work. The first stage is to 
present the catalytic data as vectors using the set of descriptors. The 
following descriptors were considered:  

• Temperature reaction, pressure reaction, H2:CO2 ratio, GHSV, 
reduction temperature  

• Bulk or supported catalyst, presence of alkali or transition metals 
(has K or has Me)  

• Type of support (Al2O3, SiO2 etc.)  
• Cu content, Mn content etc.  
• Alkali metals content 

Bulk or supported catalyst, presence of alkali or transitional metals, 
and similar categorial descriptors were presented as 0 and 1. Type of 
supported was encoded by one-hot (one-of-K) encoding [53]. Other 
descriptors were presented as real number (temperature, Mn content 
etc.). The performance of models obtained by 10-fold cross validation is 
shown in the Supplementary information (see Fig. S20-S21). 

For analyzing the deviation of the descriptor contributions two ap
proaches were used. The values of targets parameters were changed by 
adding random noise in a range ± 5% with subsequent using 10-fold 
cross validation. The obtained arrays of descriptor contributions were 
used for calculation of the mean values and the deviations. 5% and 95% 
quantities were used for determination of a low and high values of de
viations. For calculating the correlation of descriptors with target data 
(positive or negative) a linear regression with L2-regularization 
(parameter of regularization was set 10− 3) was chosen as the first 
approximation. 

4. Analysis and discussion 

4.1. The approach to equilibrium of RWGS reaction 

Fig. 4 shows the distribution histogram of the thermodynamic ratio η 
for all experimental data. One can see that there is data (its portion is 
around 18%) with a thermodynamic ratio η value of more than 1 and 
that this is more common for catalysts doped by alkaline metals. It is 

worth noting that the portion of the alkaline-doped catalysts in all cat
alysts is around 63% whereas it is around 88% in the case of η > 1. The 
Fisher’s exact test [61] was used for validating the influence catalyst 
doping by alkali metal on thermodynamic ratio. A significance level was 
selected equal to 0.01. The two samples of experimental data with η ≤ 1 
and η > 1 were created. Elements of each one were equal to 1 or 0 (1 if a 
catalyst consists of alkali metals). The calculated p-value was 2.4⋅10− 5 

(< 0.01) that allows one to reject a null hypothesis that both distribu
tions are equal. It can be concluded that an increased value of thermo
dynamic ratio is characteristic of the catalysts doped by alkali metals 
that was proven by statistics. Possible reasons for η > 1 are discussed 
below. 

The presented data allow to conclude that the equilibrium of the 
RWGS reaction for CO2-FTS on Fe-based catalysts is not established in 
general. Fig. 4 also shows the mean value CO selectivity SCO and CO2 

conversion XCO2 for each group (bars of the histogram). One can see that 
there are correlations between the thermodynamic ratio η and SCO, XCO2 

in the case of η ≤ 1. A decrease of CO selectivity accompanied by an 
increase CO2 conversion is known to be a consequence of two stages 
mechanism of CO2-FTS. It was found and proven by the analysis of the 
dependence of products selectivity on CO2 conversion [10, 34, 62–64]. 
An increase of thermodynamic ratio is accompanied by an increase of 
XCO2 and a decrease of SCO. A high CO2 conversion corresponds to a high 
RWGS reaction rate and, thus, the thermodynamic equilibrium of the 
RWGS reaction may be achieved. 

The cases of η > 1.0 may results from other reactions leading to 

Fig. 3. Hydrocarbon distributions of the CO2-FT catalysts plotted in ASF coordinates for all hydrocarbons (left), olefins (middle), and paraffins (right).  

Fig. 4. Histogram of the distribution of alkaline containing/free catalysts and 
mean values of CO selectivity and CO2 conversion as a function of the ther
modynamic ratio η. 
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either reduced reagents pressure (CO2, H2) or to increased production 
pressure (CO, H2O). Such a reaction could be coke formation and sub
sequent reaction carbon dioxide: 

C + CO2⇄2CO,

that has a thermodynamic limitation. The equilibrium constant is 
around 10− 8 at 250 ºC [65]. The calculated pressure of CO at this tem
perature and a pressure of CO2 of 15 bar is only 3.98⋅10− 4 bar which is 
orders of magnitude below the experimental observation. It is 
well-known that the Boudouard Reaction usually plays a significant role 
only at higher temperature (T > 900 ºC) [66]. The calculated values for 
the thermodynamic ratio would be lower if alcohols are formed. How
ever, at typical alcohol selectivity (5% MeOH) the thermodynamic ratio 
would hardly change. For example, in the case of using ZnFeOx-5.76Na 
catalyst for CO2-FTS [67] oxygenates selectivity was 4.9%. Assuming 
that the main product of oxygenates are alcohols, thermodynamic ratio 
was calculated and was 0.48. If alcohol selectivity was ignored the 
estimated value would be 0.52. In the case K-Fe/ZrO2 catalyst [7], the 
values of ratio are 0.99 and 1.33. Methanol selectivity was 20% in last 
case. 

The reason of an increase of η may be methanation reaction (direct 
CO2 hydrogenation to CH4). Only the catalysts with η > 1.5 were 
considered for further analysis to avoid an influence of systematic errors 
in the experimental data (measurement the reaction temperature, 
determination of product concentrations etc.) and in the estimation of 
thermodynamic ratio (see Table S1). Firstly, it is worth pointing out the 
Co-containing catalysts investigated in works [68,69]. In this work [69], 
the calculated values of η are in a range from 1.53 to 5.83 wherein excess 
of CH4 selectivity γ are in (0.06, 0.90). In the work [68], the thermo
dynamic ratio is around 1.85 with γ value is 0.95 for the Co-based 
catalyst. The Co-based catalysts are known to be hardly active in 
RWGS reaction and but to have high hydrogenation ability. This may 
explain the high values of η an increase of which may be also relate to 
methanation reaction. The high hydrogenation ability is confirmed by 
the data about the fraction of olefins in C2-C4 hydrocarbons that are 
practically absent for these Co-containing catalysts. Secondly, a rise of 
the thermodynamic ratio (in a range of 1.72–2.98) is also found for 
Fe-based catalyst supported on carbon nanotubes [70,71] doped with or 
without alkaline metals. Wherein the values of γ are low (not more than 
0.17) and even equal to zero in some cases. A similar behavior is also 
found for several bulk and supported Fe-based catalysts doped by 
alkaline metals [11,17,31,55]. The data with high values of η and low 
ones of γ cannot be explained by the methanation reaction. However, a 
direct hydrogenation of CO2 to hydrocarbons may explain this phe
nomenon as was discussed in [14]. So, Zhenhong He et al. [72] 
demonstrated for Co/MnOx catalysts this direct CO2 hydrogenation to 
hydrocarbons without CO production. They suggested that the reduction 
of adsorbed CO2 by hydrogen to CH2 and CH3 monomers proceeds via 
formation of CO2

δ− , HCOO− , − CH2OH, and/or CH3O− intermediates. 
Fig. 5 presents different pathways for CO2 hydrogenation. The 

pathways 1–2 are the two-stage CO2-FT process via RWGS reaction and 
subsequent hydrogenation of CO to hydrocarbons. They cannot describe 
the increase of the thermodynamic ratio for those cases where the 

influence of the methanation reaction is weak. The Reaction 3 (see 
Fig. 5) is a direct hydrogenation of CO2 to hydrocarbons that can lead to 
η > 1. Thus, the analysis of the literature data of CO2-FT catalysts in
dicates the presence of a direct path of CO2 hydrogenation to 
hydrocarbons. 

4.2. Analysis of CO-FT reaction 

The hydrocarbons selectivity of Fe-based catalysts for CO2 hydro
genation was shown to correspond to the ASF distribution except for a 
decrease of ethylene selectivity and an increase of CH4 one (see Fig. 3). 
This result suggests that for the calculation chain growth probability 
only C3+ hydrocarbons should be used. In practice, the various hydro
carbons ranges were used for calculating chain growth probability. So, 
for examples, in work [73] C1-C5 were used, C1-C7 [74], C2-C7 [75], 
C3-C10 [76]. There are also some works without description of the 
calculation methods like here [44,77]. 

It is worth mentioning that some papers report deviations from ASF 
distribution, like for Fe-Mn-K catalyst in this work [9] or for Co/MnOx in 
this one [72]. Thus, one should carefully check the applicability of the 
ASF distribution for describing hydrocarbon selectivity. In the case of 
our data, this ASF approximation is reasonable for most CO2-FT catalysts 
as proven by the analysis shown in Fig. 3 and Fig. S3. 

There are some reasons for the increased methane selectivity in 
comparison to the theoretical ASF distribution (see Fig. 3). The first one 
is hydrogenolysis of olefins [31,34]. The other reason may be direct 
hydrogenation of CO2 (or CO) to CH4 not via FT that were discussed in 
several works [14,34,62,64]. Fig. 3 also presents olefin and paraffin 
distribution in corresponding coordinates. It shows a decrease in 
ethylene selectivity compared with the value calculated by the ASF 
distribution that does exist in the case of paraffin distribution. It is worth 
noting the larger confidence intervals for the paraffins compared to 
olefins. It may relate to a higher error of quantifying long paraffins in 
presence of the corresponding olefins which when mainly olefins are 
formed (an excess of olefins is common for the data published with the 
full hydrocarbon distribution information). Also, for C12+ paraffins it 
becomes experimentally challenging to prevent partial condensation 
which could affect the accuracy of online analysis data. Concerning 
ethylene selectivity, a decrease may be explained by the high reactivity 
of C2H4 compared to higher α-olefins [55,78]. 

The hydrocarbon selectivity of CO2-FT catalysts can be described by 
the suggested empirical equations 4–6 that depend on 4 parameters SCO, 
α, γ, and δ. CO selectivity is usually known. The α parameter is the chain 
growth probability that defines the selectivity of CO2-FT catalysts. The γ 
parameter describes the excess of CH4 selectivity. The parameter δ de
fines a decrease of the ethylene selectivity. It was set to 0.1 to estimate α 
and γ values for cases where data were presented with only two degrees 
of freedom. It is worth mentioning, another important characteristic of 
the CO2-FT catalysts that is olefin-paraffin ratio (or the portion of olefins 
in hydrocarbons) which was also included in the analysis. The rate of 
CO2 conversion was used as a measure of catalyst activity. It was 
calculated by the following Equation: 

Fig. 5. Different pathways for CO2/CO hydrogenation. * - surface intermediates.  
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r =
f • XCO2

mcat
,

where mcat – mass of catalyst; f – molar flow rate of CO2 at reactor inlet; 
XCO2 – CO2 conversion. 

For analyzing the alcohol production, alcohol content walc. was 
calculated by the following equation: 

walc. =
ṅalc.

ṅalc. + ṅHC
• 100%,

where ṅalc. – molar flow of alcohol in the flow from reactor; ṅHC – molar 
flow of hydrocarbons in the flow from reactor. We assumed that the 
main product of alcohols and oxygenates is methanol. 

In the next sections of this work, the influence of reaction condition, 
catalyst composition, catalyst preparation and activation on the sug
gested parameters of CO2-FT catalysts is analyzed. 

4.2.1. Influence of reaction condition 
The influence of reaction condition such as temperature, pressure, 

H2:CO2 ratio, and GHSV on catalyst performance has frequently been 
investigated in the literature [27,28,45,55,68,71,79–81]. Using this 
literature data, the suggested parameters for CO2-FT catalysts such as α, 
γ, olefin content of CO2-FT catalysts were calculated. The values of these 
parameters are shown in Fig. 6 as a function of the reaction conditions. 

From Fig. 6 one can see that reaction parameters have a weak in
fluence on the chain growth probability. It practically does not depend 
on GHSV and H2:CO2 ratio. There is a little decrease of α at pressures 
below 10 bar. It is worth noting various dependences between α and 
reaction temperature for different catalysts. Despite this, the values of α 
at different temperature are in a narrow range for each catalyst. For 
example, values of α are in a range 0.75–0.85 at temperatures between 
260 and 340 ºC for bulk K-Fe catalyst [80]. In the work of Shunwu Wang 
et al. [71], α are in a range 0.66–0.73 at 270–380 ºC. In the case of 

olefins content, GHSV and temperature slightly influence it. One can see 
a decrease of the olefin content with rising pressure and H2:CO2 ratio. It 
relates to an increase hydrogen pressure resulting to acceleration of 
hydrogenation reactions. The excess of CH4 selectivity γ also weakly 
depends on reaction condition. One may point at certain tendency that γ 
rises at high temperature which is observed for most catalysts. 

The influence of reaction conditions on other catalyst parameters 
such as CO2 conversion XCO2 , CO selectivity, CH4 selectivity, C2+

selectivity, and thermodynamic ratio is shown in the Supporting infor
mation (Fig. S6-S9). In the case of XCO2 , there is a significant increase 
with rising temperature, pressure and H2:CO2 ratio and a decrease with 
space velocity that relates to a change of reaction rate. CO selectivity 
strongly decreases with rising pressure and H2:CO2 ratio resulting in an 
increase of C2+ selectivity. In the case of temperature influence on CO 
and C2+ selectivity, non-linear dependencies with an extremum are 
found for most catalysts. 

In summary, the differences in terms of hydrocarbon distribution 
between catalysts are larger than the changes induced by varying the 
reaction conditions such as temperature, pressure, H2:CO2 ratio, and 
GHSV. Therefore, one can conclude that parameters such as catalyst 
composition, method of catalyst preparation, nature of active sites, and 
pretreatment conditions define α mainly. 

The presented data also demonstrates an advantage of using the 
suggested parameters for describing CO2-FT catalysts. For example, 
Fig. S6 shows the dependencies of the catalysts main parameters at 
different temperature for K-Fe catalysts from article [80] (green dots) 
and for Mn-Fe catalyst from [81] (purple dots). One can see that CH4 
selectivity is higher for the Mn-containing catalyst. For the latter the 
high CH4 selectivity is due to the lower chain growth probability. 
However, the higher value of excess of methane selectivity γ for 
K-containing catalyst clearly shows that an undesired (non-ASF) route 
for methane formation is a bigger problem for this catalyst than for the 
other (Mn-containing) one. 

Fig. 6. The dependencies between the parameters of different CO2-FT catalysts and reaction temperature, pressure, and H2:CO2 ratio [27,45,55,68,71,79–81]. The 
same color and shape mean one specific catalysts from one article. 
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Concerning the catalyst deactivation under CO2-FT condition, there 
are only few works where it was investigated. Due to lack of data 
deactivation could not be analyzed in the same way as activity and 
selectivity. The reason of deactivation may be carbon deposit on catalyst 
surface which was reported for iron-based catalysts doped by alkali 
promoter (K, Rb, Cs) [82,83]. An oxidation-reduction treatment can 
regenerate the deactivated Fe-K/alumina catalyst [82]. Another reason 
of deactivation is phase transformation of FeCx to FeOx by oxidation 
with CO2 and H2O [32,84]. The dopants like Na and Zn were shown to 
be able to suppress the oxidation process [32]. It is also worth 
mentioning the growth of iron carbide crystallinity resulting in 
component separation as one of reason of catalyst deactivation that was 
found for Fe-Cu-K-Al catalyst in the work [85]. 

4.2.2. Influence of catalyst composition 
This section addresses the influence of catalyst composition on the 

key parameters of CO2-FT catalysts. Many different compositions of 
catalysts are reported in the literature. The dominating main component 
is Fe. In some works (for example this [69]) Co-based catalysts were 
investigated. The most popular dopants are alkali metals like K and Na.  
Fig. 7 shows distribution of elements in CO2-FT catalysts from our 
database plotted on the periodic table. Mn, Co, and Cu are found to be 
the most employed dopants except for alkali metals. Wherein 70% of all 
the doped catalysts consist of these ones. Less popular are Zn, B, Mo, Zr, 
and La. 

Fig. 8 shows values of the chain growth probability, olefins content, 
and an excess of CH4 selectivity for catalysts with different alkali dop
ants and tested under the same reaction condition. One can see that K- 
doped catalysts are optimal due to providing highest values of α and ω, 
and a low value of γ. This is in line with prior work which reported 
potassium as the preferable alkali dopant [24]. Doping by alkali metals 
results in a rise of CO2 conversion and a decrease of CO selectivity, and, 
therefore, in an increase of hydrocarbons production. More detailed 
results on the influence of K can be found in the Supporting information 
(Fig. S10). It is worth mentioning that doping by Li increased the chain 
growth probability and olefins content for some authors [24,86] 
although the opposite was reported in [7]. However, the positive effect 

of doping by Li is weaker than for other alkali metals. 
The influence of K or Na content on the characteristic CO2-FT pa

rameters is presented in Fig. 9. One can see that adding alkali metals 
greatly increases the catalystś selectivity to olefins and hydrocarbons 
with high carbon number. Simultaneously they reduce the loss of CO2 
via additional methane formation (see the decrease of excess of CH4 
selectivity γ in Figs. 8 and 9). Moreover, doping Fe-based catalysts by 
alkali metals increases CO2 conversion (see Fig. S10–13), thus, improve 
catalysts performance. It is interesting that doping by K can increase 
catalyst performance even for CO2-FT catalysts based on Fe-containing 
industrial waste that was demonstrated by Artem Russkikh et al. [25]. 
It emphasizes the general effectivity of using alkali dopants. It was also 
found that doping by alkaline metals increases the alcohol production of 
CO2-FT catalysts. So, the mean value of alcohol content walc. for alkaline 
doped catalysts calculated from the obtained database is around 18.5% 
and higher than the value for alkaline-free catalysts (4.3%). It can be 
clearly seen in the dependency between alcohol content and CO2 con
version (see Fig. S20). 

There are series of work where the effect of alkali dopants was 
investigated and analyzed. Numpilai Thanapha et al. [8] explained the 
effect of K by the enhanced bonding strength of adsorbed CO2 and H2 
leading to a decrease of the hydrogenation activity of K-containing 
catalyst. This concept was proven by in situ XPS and DFT calculation in 
[87] and DFT calculation in [89]. Besides affecting adsorption, alkali 
metals promote formation and stability of Fe5C2. This was reported for 
alkali-modified catalysts where activity directly correlated with alkali 
content and amount of iron carbide [26,90]. It is noteworthy that Fe5C2 
can be transformed to FeOx with a loss of CO2-FT activity under reaction 
condition [27] which further confirms the key role of alkali metals. But 
on the other hand, there are other works about active CO2-FT catalysts 
that do not require doping by alkali metals [34,62]. Andrey Skrypnik 
et al. reported around 60 wt% of Fe2C5 for a catalyst obtained from iron 
(II) oxalate [62]. This indicates on an important role of preparation 
methods and catalyst pretreatment in the synthesis of highly-active and 
selective CO2-FT catalysts. 

Concerning other dopants, the most popular transitional metals like 
Mn, Co, and Cu were analyzed in more detail (see Fig. S14-S19). It was 

Fig. 7. Distribution of elements used for preparation of CO2-FT catalysts plotted in the periodical table. % means a portion of catalysts with this element in the 
obtained database. The catalysts doped by alkali metals present separately and are labeled by blue color. 
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shown that Mn can increase olefin content even without alkali dopants. 
In the cases of Cu and Co, a reduced olefins production was observed 
with and without alkali dopants. For Co-containing catalysts, the high 
value of the excess of methane parameter relates to their high hydro
genation ability. In conclusion, the most promising dopant for 
improving activity and selectivity CO2-FT catalysts is K based on our 

data analysis is potassium. Due to its beneficial effects, it is in frequent 
use for CO2-FT catalysts. 

4.3. Descriptor importance analysis 

For analyzing the influence of reaction condition, composition, and 

Fig. 8. Values of the chain growth probability, olefins content, and an excess of CH4 selectivity for the catalysts with different alkali dopants [7,24,45,86]. Fe means 
a catalyst without alkali dopants. The same color means one specific catalysts from one article. 

Fig. 9. Values of the chain growth probability, olefins content, and an “extra” increase of CH4 selectivity for the catalysts with different molar ratio Me/Fe (where Me 
is K (circle) and Na (square)) [29,45,87,88]. The same color means one specific catalysts from one article. 

Fig. 10. The histogram of descriptors importance for chain growth probability calculated using random forest regression model. Blue bars are positive correlations, 
red bars – negative correlations. * except for Li, s type of supports. 
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other parameters of catalysts (type of support, reduction temperature 
etc.) in common, descriptor-importance (or feather-importance) anal
ysis based on random forest regression model was used in this work.  
Fig. 10 presents the descriptor contributions of a random forest regres
sion model for the prediction of the chain growth probability. The 
analogue analyses for the other catalytic parameters can be found in the 
Supporting information (Fig. S23-S25). The alkali content shows a sig
nificant positive correlation with the chain growth probability (Fig. 10). 
This means that an increase of potassium amount in the catalyst is 
accompanied by an increase of the α value. For reaction temperature, 
there is a negative correlation. 

The descriptor-importance analysis indicates that the most impor
tant descriptor defining the chain growth probability is the alkaline 
metal content. The next-important descriptors are the reaction temper
ature and Fe content. The slight influence of the reaction temperature on 
α was discussed before. Alkali dopants also are the most dominant 
descriptor for olefin production (see Fig. S24, bottom). This key 
importance of presence and content of alkali metal for the selectivity of 
CO2-FT catalyst proves the conclusions made before. In, the descriptor- 
importance analysis confirms that alkaline metal content is more 
important than other descriptors such as a type of support, doping by 
transitional metals, reduction temperature, supported or bulk catalysts 
etc. 

In the case of reaction rate, supports based on carbon (active carbon, 
carbon nanotubes etc.) were found to be the most promising one for 
achieving high rates of CO2 conversion (see Fig. S23, top). The next- 
important parameters are iron content, reaction temperature. Impor
tance of carbon supports can be proved by calculating mean values of 
CO2 conversion rate for different type of catalysts. So, the mean CO2 
conversion rate for the catalysts supported on carbon is around 
1070 ml⋅h− 1⋅g− 1. In the case of bulk catalysts, the mean value is 
500 ml⋅h− 1⋅g− 1. For catalysts supported on Al2O3 the one is – 
370 ml⋅h− 1⋅g− 1. It allows one to conclude that carbon supports are 
promising ones for CO2-FT catalysts. 

It is worth mentioning that transition metals slightly influence on 
parameters of CO2-FT catalysts except for Co metal (see Fig. S24 and 
S25). The last one relates to high hydrogenation activity and methane 
formation that try to be avoided and reduced in the CO2-FT process. It 
explains a large contribution of Co content for prediction of CH4 selec
tivity and excess CH4 selectivity. 

The modeĺs performance for predicting the chain growth probability 
is presented in Fig. 11. The performance of other models can see in the 
Supplementary information (see Fig. S24 and S25). Fig. 11 shows that 
the generalization of the obtained random forest regression model is 

mediocre. Several reasons may be responsible for this. One of them is the 
experimental errors in the literature data because the catalytic data were 
obtained in various scientific groups using different laboratory equip
ment. Another reason is the likely existence of hidden parameters 
influencing the catalytic performance. Catalysis is defined by many 
factors including structure of active site, their number, the presence of 
additional sites for CO2/H2 adsorption, catalyst stability etc. These 
factors can be determined not only by parameters used here as de
scriptors (catalyst composition, reaction condition, support type etc.) 
but also by other catalyst preparation parameters, nature of supports, 
purity of reagents etc. Because the information about catalyst in litera
ture is often incomplete, such parameters were not included into the 
models. 

5. Conclusions 

The analysis of hydrocarbons distribution showed that their selec
tivity corresponds to the ASF distribution except for CH4 and C2H4. Our 
proposed model based on ASF distribution modified by two additional 
parameters was demonstrated to describe hydrocarbons of CO2-FT cat
alysts. The increase of methane selectivity reported for some catalysts 
may relate to direct hydrogenation CO2 to CH4 or splitting α-olefins. A 
decrease of ethylene selectivity may be connected with its high reac
tivity compared to other α-olefins. A lesson learned from this literature 
data analysis, is that the chain growth probability should be calculated 
from the hydrocarbon distribution C3+; C1 and C2 should not be included 
but reported separately. 

The analysis of RWGS reaction carrying out in the CO2-FT process 
with different catalysts points to the existence of different pathways of 
CO2 hydrogenation. The direct CO2 converting to hydrocarbons via FT 
mechanism seems to play a role at least for some catalyst systems. 
Validation of this pathway by detailed kinetic modeling and further 
experiments would be of great interest. It was also found that the 
equilibrium of RWGS reaction is not established for most CO2-FT cata
lysts. Therefore, the rates of RWGS and FTS are similar in magnitude. 

The data analysis allowed us to conclude that reaction parameters 
such as temperature, pressure, H2:CO2 ratio slightly influence the chain 
growth probability, olefine content, and excess of CH4 selectivity. These 
key performance parameters of CO2-FT catalysts are predominantly 
defined by catalyst composition, method of catalyst preparation, nature 
of active sites and pretreatment conditions. 

With respect to the catalyst composition, it was shown that doping 
catalysts by alkali metals like K or Na is the most effective measure to 
improve catalyst performance. It increases the chain growth probability 
as well as the olefins content and reduces the excess of CH4 selectivity. 
Other factors that influence catalyst selectivity but to a smaller extend 
are type of support, doping by transitional metals, reduction tempera
ture, and reaction conditions. 
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Calculation of thermodynamic ratio 

For calculation of thermodynamic ratio, the following system of chemical reaction 

were considered: 

S.1. 𝐶𝑂2 + 𝐻2 = 𝐶𝑂 + 𝐻2𝑂 

S.2. 𝐶𝑂2 + 4𝐻2 = 𝐶𝐻4 + 2𝐻2𝑂 

S.3. 𝐶𝑂2 + 3𝐻2 = −(𝐶𝐻2) − +2𝐻2𝑂 

S.4. 𝐶𝑂2 + 3𝐻2 = 𝐶𝐻3𝑂𝐻 + 𝐻2𝑂 

S.5. 𝐶𝑛𝐻2𝑛 + 𝐻2 = 𝐶𝑛𝐻2𝑛+2 

Thermodynamic ratio can be calculated by the following system of equations: 

S.6. 𝑛𝑐𝑜2
= 𝑛𝐶𝑂2

𝑜 (1 − 𝑋𝐶𝑂2
) 

S.7. 𝑛𝐶𝑂 = 𝑛𝐶𝑂2

𝑜 𝑋𝐶𝑂2
𝑆𝐶𝑂 

S.8. 𝑛𝐻2𝑂 = 𝑛𝐶𝑂2

𝑜 𝑋𝐶𝑂2
𝑆𝐶𝑂 + 𝑛𝐶𝑂2

𝑜 𝑋𝐶𝑂2
𝑆𝐶𝐻3𝑂𝐻 +  2𝑛𝐶𝑂2

𝑜 𝑋𝐶𝑂2
(1 − 𝑆𝐶𝑂 − 𝑆𝐶𝐻3𝑂𝐻) 

S.9. 𝑛𝐶2+
= 𝑛𝐶𝑂2

𝑜 𝑋𝐶𝑂2
∑

𝑆𝑖

𝑖
∞
𝑖=2  

S.10. 𝑤̅ =
∑ 𝑛𝐶𝑖

𝑤𝑖
∞
𝑖=2

∑ 𝑛𝐶𝑖
∞
𝑖=2

 

S.11. 𝑛𝐻2
= 𝑛𝐻2

𝑜 − 𝑛𝐶𝑂2

𝑜 𝑋𝐶𝑂2
𝑆𝐶𝑂 − 4𝑛𝐶𝑂2

𝑜 𝑋𝐶𝑂2
𝑆𝐶𝐻4

− 

−3𝑛𝐶𝑂2

𝑜 𝑋𝐶𝑂2
(1 − 𝑆𝐶𝑂 − 𝑆𝐶𝐻4

) − (1 − 𝑤̅)𝑛𝐶2+
 

S.12. Π =
𝑝𝐶𝑂𝑝𝐻2𝑂

𝑝𝐶𝑂2𝑝𝐻2

=
𝑛𝐶𝑂𝑛𝐻2𝑂

𝑛𝑐𝑜2𝑛𝐻2

 

S.13. 𝜂 = Π/𝐾 

where ni – molar flow of component i from the reactor, ni
o – initial molar flow of component i 

to the reactor, XCO2 – CO2 conversion, SCO – CO selectivity, SCH4 – methane selectivity, 

SCH3OH – methanol selectivity, Si – selectivity of hydrocarbons with carbon number, wi – 

olefins content in hydrocarbons with carbon number i, pi – pressure of i-component from the 

reactor, K – the equilibrium constant,  – thermodynamic ratio. In the case of known 

hydrocarbon distribution, olefins content in hydrocarbons was estimated by the following 

expression: 

S.14. 𝑤̅ =
∑ 𝑛𝐶𝑖

𝑤𝑖
𝑛
𝑖=2

∑ 𝑛𝐶𝑖
𝑛
𝑖=2

 

In general, researchers limit presenting only olefins content in C2-C4 fraction (w24). The value 

of olefins content in all hydrocarbons was estimated by the linear equation: 

S.15. 𝑤̅ = 𝑘𝑤24 + 𝑏, 



The values of coefficients k and b were calculated from the literature data having the 

information about hydrocarbon distribution that allows one to calculate w24 and 𝑤̅ directly.  

 

Figure S1. The dependence between olefins content in C2-C4 range and olefins in the products 

of CO2-FTS. 

Figure S1 shows the dependence between olefins content in C2-C4 range and olefins in 

all hydrocarbons. The value of R2 is close to 1. Thus, this allows one to use this 

approximation for calculation of thermodynamic ration. The procedure was similar in the case 

of range C2-C6. 

ASF distribution 

For comparison of hydrocarbon distributions from different experiments the data was 

converted to the one line with fixed parameters using linear transformation. The first stage is 

to calculate the parameters k and b of linear regression for hydrocarbon distribution in ASF 

coordinates by the following equation: 

S.16. y = log
𝑆𝑛

𝑛
= 𝑘𝑛 + 𝑏 

where Sn – selectivity of hydrocarbon with carbon number n. At the selected parameters ks 

and bs arbitrarily, the following linear transformation was carried out: 

S.17. 𝑦𝑛𝑒𝑤 = 𝑎𝑦 + 𝑏 ;  𝑎 =
𝑘𝑠

𝑘
, 𝑏 = −

𝑏𝑘𝑠

𝑘
+ 𝑏𝑠 

The idea of the linear transformation is shown in the Figure S2. Figure S3 presents the 

hydrocarbon distribution data for different catalysts before and after linear transformation. 

The obtained data (see Figure S3 (B)) was used for calculation of the mean value and the 

              
 

   

   

   

   

 

                           

 
  
 
 
  
  
 
  
 
  
  
  
   
                             

          



confidence interval for each carbon number (see Figure 2). The similar procedure was carried 

out for olefins and paraffins distributions. 

 

Figure S2 The linear transformation of the hydrocarbon distribution data plotted in ASF 

coordinates 

  

Figure S3. The hydrocarbon distribution data plotted in ASF coordinates before (A) and after 

(B) the linear transformation. 

The parameters of Equations 6-8 can be calculated by minimization of the cost 

function 9. The chain growth probability can be got from the slope of a curve describing 

hydrocarbon distribution for C3+ in corresponding ASF coordinates. Figure S2 presents the 

dependence between the values of the chain growth probability calculated using different 

approaches. One can see good linear correlation that allows one to use both approaches for 

estimation. 

       

  

  

  

  

             

  
 
  
    
 

         

  

  

  

  

             

  
 
  
    
 

 

         

  

  

  

  

             

  
 
  
    
 

 



 

   

Figure S4. The dependence between the values of chain growth probability calculated from 

the slope and by the optimization using hydrocarbon distribution 

   

Figure S5. The dependencies between the values of chain growth probability and the ‘extra’ 

increase of methane selectivity calculated by the optimization using hydrocarbon distribution 

data and the range data at fixed  

Empirically, the hydrocarbon selectivity can be described by Equations 6-8. The 

majority information about hydrocarbons presents like C1, C2-4 and C5+ selectivity (see Figure 

2). However, it was found that a decrease of C2 selectivity is around 10 % (the δ parameter) 

for the most catalysts. Setting δ to 0.1 the α and γ parameters can be calculated from the data 

having only a two degree of freedom. The dependencies between the values of chain growth 

probability and an ‘extra’ increase of methane selectivity calculated by the optimization using 

                  
   

   

   

   

   

   

                          

                                

 
 
  
 
  
  
 
  
  
 
 
  
 
  
 
  
 
           

                  
   

   

   

   

   

   

                          

                                  

 
 
  
 
  
 
  
 
 
  
  
 
  
 
  

          

                
 

   

   

   

   

   

                             

                                  

 
 
  
 
  
 
  
 
 
  
  
 
  
 
  

          



hydrocarbon distribution data and the range data at fixed  are presented in Figure S5. One 

can see a good linear correlation for both parameters using different methods for estimation. 



Table S1. The activity of CO2-FT catalysts with the thermodynamic ratio > 1.5. 

Ref. Name Pressure, 
bar 

Temperature, 
°C 

CO2 
conversion, 

% 

Selectivity, %  Olefins 
in C2-C4    CO CH4 C2-C4 C5+ 

Co-based catalysts 

[1] 15Co/SiO2 25 300 52.2 4.2 92.4 1.3 2.1 0.00 0.72 1.85 0.96 

[2] 

20-Co-1-Na-1-Mo/SiO2 1 200 30.0 24.5 43.1 23.0 9.4 0.01 0.52 5.55 0.44 
20-Co-1-Na-1-Mo/SiO2 1 200 15.6 59.0 17.3 16.1 7.7 - 0.55 1.88 0.27 
20-Co-1-Na-1-Mo/CeO2 1 200 15.1 70.2 6.6 13.9 9.3 - 0.59 1.87 0.06 
20-Co-1-Na-1-Mo/Al2O3 1 200 15.4 57.3 12.5 19.0 11.2 - 0.58 1.79 0.13 

20-Co-1-Na-1-Mo/ZSM-5 1 200 29.1 20.6 76.0 3.3 0.2 - 0.27 4.58 0.90 
20-Co-1-Na-1-Mo/0.25-SiO2-0.75-TiO2 1 200 24.8 42.9 30.7 20.0 6.4 0.02 0.49 4.87 0.37 
20-Co-1-Na-1-Mo/0.50-SiO2-0.50-TiO2 1 200 26.9 41.2 23.5 19.3 16.0 0.02 0.63 5.83 0.30 
20-Co-1-Na-1-Mo/0.75-SiO2-0.25-TiO2 1 200 18.0 40.0 19.1 26.2 14.6 0.07 0.57 2.08 0.16 
20-Co-1-Na-1-Mo/0.90-SiO2-0.10-TiO2 1 200 13.8 70.8 9.3 12.4 7.4 0.19 0.58 1.53 0.17 

Fe-based catalysts supported on nanotubes 

[3] 
Fe/CNT 15 370 48.0 52.0 16.3 30.0 1.7 0.50 0.44 2.84 0.00 

Fe/NCNT 15 370 60.3 8.6 48.4 42.6 0.4 0.09 0.29 2.70 0.00 
Na-Fe/NCNT 15 370 48.0 24.8 20.7 39.5 15.0 0.33 0.51 1.90 0.04 

[4] 

FeK/SWNT 20 340 52.7 9.6 11.7 27.0 51.7 0.73 0.73 1.72 0.06 
FeK/MWNT 20 340 43.6 23.4 20.7 29.5 26.4 0.77 0.66 1.79 0.17 
FeK/SWNT 20 270 41.3 16.7 17.8 31.4 34.2 0.65 0.66 2.98 0.11 
FeK/SWNT 20 300 47.8 11.0 16.2 29.6 43.2 0.68 0.70 2.26 0.10 
FeK/SWNT 20 320 51.8 10.5 14.4 27.1 48.0 0.68 0.73 2.24 0.09 
FeK/SWNT 20 360 53.2 16.1 16.6 24.3 43.0 0.66 0.73 2.22 0.13 
FeK/SWNT 20 380 53.5 19.6 19.9 23.6 36.9 0.64 0.71 2.16 0.18 
FeK/SWNT 30 340 54.0 8.7 11.2 27.5 52.6 0.62 0.74 1.76 0.06 

Fe-based catalysts doped by K 

[5] Fe-K/Al2O3 10 300 36.0 30.0 11.2 27.9 30.9 0.84 0.66 1.92 0.05 

[6] Fe-K 5 320 53.9 5.5 29.0 53.7 11.8 0.88 0.45 1.58 0.00 
1Fe-3Zn-K 5 320 50.5 7.1 34.6 55.8 2.5 0.87 0.41 1.52 0.00 



1Fe-1Zn-K 5 320 54.0 6.3 29.2 53.1 11.4 0.89 0.45 1.79 0.00 

[7] 

K-Fe 6 270 40.1 13.2 17.6 37.7 31.4 0.81 0.62 2.20 0.06 
K-Fe 6 300 45.1 12.2 13.2 34.3 40.3 0.86 0.66 1.95 0.04 
K-Fe 1 270 24.5 93.0 2.4 3.3 1.3 0.79 0.52 1.76 0.14 
K-Fe 11 270 46.4 10.0 11.9 34.7 43.4 0.82 0.67 2.80 0.02 
K-Fe 6 270 40.2 14.5 17.3 37.1 31.1 0.83 0.62 2.39 0.06 
K-Fe 6 270 34.8 20.4 14.9 38.3 26.4 0.84 0.58 2.02 0.00 
K-Fe 6 270 30.2 29.3 11.8 30.1 28.8 0.85 0.64 1.77 0.04 
K-Fe 6 270 24.8 25.5 13.2 34.8 26.6 0.87 0.60 6.38 0.01 

[8] Fe2O3/KO2 30 350 48.1 15.9 15.2 32.4 36.5 0.86 0.67 1.64 0.07 
 

  



 

Figure S6. The dependencies between the parameters of different CO2-FT catalysts and reaction temperature in ºC. The same color means one 
specific catalysts from one article. 

            
 

  

  

  

  

  

  

            
 

  

  

  

  

            
 

  

  

  

  

  

            
 

  

  

  

  

   

            
 

   

   

   

   

 

            
 

   

   

   

   

 

            
 

   

 

   

 

   

 

            
 

   

   

   

   

 

                                                                

                                



 

Figure S7. The dependencies between the parameters of different CO2-FT catalysts and reaction pressure in bar. The same color means one specific 
catalysts from one article. 

 

  

       
 

  

  

  

  

  

  

       
 

  

  

  

  

       
 

  

  

  

  

  

       
 

  

  

  

  

   

       
 

   

   

   

   

 

       
 

   

   

   

   

 

       
 

   

 

   

 

   

 

       
 

   

   

   

   

 

                                                                

                                



 

 

Figure S8. The dependencies between the parameters of different CO2-FT catalysts and H2:CO2 molar ratio. The same color means one specific 
catalysts from one article. 

    
 

  

  

  

  

    
 

  

  

  

  

  

  

    
 

  

  

  

  

  

    
 

  

  

  

  

   

    
 

   

   

   

   

 

    
 

   

   

   

   

 

    
 

 

 

 

    
 

   

   

   

   

 

                                                                

                                



 

Figure S9. The dependencies between the parameters of different CO2-FT catalysts and GHSV in ml·h-1·g-1. The same color means one specific 
catalysts from one article. 

 

 

         
 

  

  

  

  

  

  

         
 

  

  

  

  

         
 

  

  

  

  

  

         
 

  

  

  

  

   

         
 

   

   

   

   

 

         
 

   

   

   

   

 

         
 

   

 

   

 

   

 

         
 

   

   

   

   

 

                                                                

                                



 

 

 

Figure S10. The parameters of different CO2-FT catalysts with various alkali dopant. Fe means a catalyst without alkali dopants. The same color 
means one specific catalysts from one article. 

           
 

  

  

  

  

  

           
 

  

  

  

  

  

           
 

  

  

  

  

  

  

           
 

  

  

  

  

   

           
 

   

   

   

   

 

           
 

   

   

   

   

 

           
 

   

   

   

   

 

   

           
 

   

   

   

   

 

                                                                

                                



 

Figure S11. The dependencies between the parameters of different CO2-FT catalysts and molar ratio K/Fe. Part I. The same color means one 
specific catalysts from one article. 

 

          
 

  

  

  

  

  

  

          
 

  

  

  

  

          
 

  

  

  

  

          
 

  

  

  

  

   

          
 

   

   

   

   

 

          
 

   

   

   

   

 

          
 

   

   

   

   

 

   

          
 

   

   

   

   

 

                                                                

                                



 

Figure S12. The dependencies between the parameters of different CO2-FT catalysts and molar ratio K/Fe. Part II. The same color means one 
specific catalysts from one article. 

 

   
 

  

  

  

  

  

  

   
 

  

  

  

  

   
 

  

  

  

  

   
 

  

  

  

  

   

   
 

   

   

   

   

 

   
 

   

   

   

   

 

   
 

   

   

   

   

 

   

   
 

   

   

   

   

 

                                                                

                                



 

Figure S13. The dependencies between the parameters of different CO2-FT catalysts and molar ratio Na/Fe. The same color means one specific 
catalysts from one article. 

 

 

     
 

  

  

  

  

  

  

     
 

  

  

  

  

     
 

  

  

  

  

     
 

  

  

  

  

   

     
 

   

   

   

   

 

     
 

   

   

   

   

 

     
 

   

   

   

   

 

   

     
 

   

   

   

   

 

                                                                

                                



 

 

Figure S14. The dependencies between the parameters of different CO2-FT catalysts and molar ratio Mn/Fe without alkali dopants. The same color 
means one specific catalysts from one article. 

  

     
 

  

  

  

  

  

  

     
 

  

  

  

  

     
 

  

  

  

  

     
 

  

  

  

  

   

     
 

   

   

   

   

 

     
 

   

   

   

   

 

     
 

   

   

   

   

 

   

     
 

   

   

   

   

 

                                                                

                                



 

Figure S15. The dependencies between the parameters of different CO2-FT catalysts and molar ratio Mn/Fe with alkali dopants. The same color 
means one specific catalysts from one article. 

 

 

          
 

  

  

  

  

  

  

          
 

  

  

  

  

          
 

  

  

  

  

          
 

  

  

  

  

   

          
 

   

   

   

   

 

          
 

   

   

   

   

 

          
 

   

   

   

   

 

   

          
 

   

   

   

   

 

                                                                

                                



 

 

Figure S16. The dependencies between the parameters of different CO2-FT catalysts and molar ratio Co/Fe without alkali dopants. The same color 
means one specific catalysts from one article. 

     
 

  

  

  

  

  

  

     
 

  

  

  

  

     
 

  

  

  

  

     
 

  

  

  

  

   

     
 

   

   

   

   

 

     
 

   

   

   

   

 

     
 

   

   

   

   

 

   

     
 

   

   

   

   

 

                                                                

                                



 

Figure S17. The dependencies between the parameters of different CO2-FT catalysts and molar ratio Co/Fe with alkali dopants. The same color 
means one specific catalysts from one article. 

     
 

  

  

  

  

  

  

     
 

  

  

  

  

     
 

  

  

  

  

     
 

  

  

  

  

   

     
 

   

   

   

   

 

     
 

   

   

   

   

 

     
 

   

   

   

   

 

   

     
 

   

   

   

   

 

                                                                

                                



 

Figure S18. The dependencies between the parameters of different CO2-FT catalysts and molar ratio Cu/Fe without alkali dopants. The same color 
means one specific catalysts from one article. 

    
 

  

  

  

  

  

  

    
 

  

  

  

  

    
 

  

  

  

  

    
 

  

  

  

  

   

    
 

   

   

   

   

 

    
 

   

   

   

   

 

    
 

   

   

   

   

 

   

    
 

   

   

   

   

 

                                                                

                                



 

Figure S19. The dependencies between the parameters of different CO2-FT catalysts and molar ratio Cu/Fe with alkali dopants. The same color 
means one specific catalysts from one article. 

 

 

     
 

  

  

  

  

  

  

     
 

  

  

  

  

     
 

  

  

  

  

     
 

  

  

  

  

   

     
 

   

   

   

   

 

     
 

   

   

   

   

 

     
 

   

   

   

   

 

   

     
 

   

   

   

   

 

                                                                

                                



 

 

 

Figure S20. Performance of random forest regression model for prediction of catalytic 

parameters of CO2-FT catalysts. The dependence between experimental and predicted values 

for test set on 10-fold cross validation. 

  

          
 

   

   

   

   

   

   

   

            

 
  
 
  
  
 

           

                     

       
 

  

  

  

  

  

  

  

            

 
  
 
  
  
 

           

                

            
 

  

  

  

  

   

            

 
  
 
  
  
 

           

              

            
 

  

  

  

  

   

            

 
  
 
  
  
 

           

                 



 

 

   

Figure S21. Performance of random forest regression model for prediction of catalytic 

parameters of CO2-FT catalysts. The dependence between experimental and predicted values 

for test set on 10-fold cross validation. 

 

            
 

  

  

  

  

   

            

 
  
 
  
  
 

           

                 

              
 

   

   

   

   

 

            

 
  
 
  
  
 

           

              

                 
 

   

   

   

   

 

   

            

 
  
 
  
  
 

           

                        

              
 

   

   

   

   

 

            

 
  
 
  
  
 

           

                           



 

Figure S22. The histogram of descriptors importance calculated by using random forest 

regression model for CO2 conversion rate, CO2 conversion and CO selectivity. Blue bars are 

positive correlations, red bars – negative correlations.  

 

 

  

  

  

  

  

  

  

  

 
 
 
  
  
 
  
 
 
  
  
 
 
  
  
 
  
  
                        

 

 

  

  

  

  

  

  

  

  

 
 
 
  
  
 
  
 
 
  
  
 
 
  
  
 
  
  
                   

 

 

  

  

  

  

  

  

  

  

 
 
 
  
  
 
  
 
 
  
  
 
 
  
  
 
  
  
                 



 

Figure S23. The histogram of descriptors importance calculated by using random forest 

regression model for CH4, C2+ selectivity and olefin content in C2-C4. Blue bars are positive 

correlations, red bars – negative correlations.  

 

 

  

  

  

  

  

  

  

  

 
 
 
  
  
 
  
 
 
  
  
 
 
  
  
 
  
  
                    

 

 

  

  

  

  

  

  

  

  

 
 
 
  
  
 
  
 
 
  
  
 
 
  
  
 
  
  
                    

 

 

  

  

  

  

  

  

  

  

 
 
 
  
  
 
  
 
 
  
  
 
 
  
  
 
  
  
                      



 

 

Figure S24. The histogram of descriptors importance calculated by using random forest 

regression model for  and . Blue bars are positive correlations, red bars – negative 

correlations.  
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Elucidating reaction pathways occurring in CO2 hydrogenation over 
Fe-based catalysts 

Aleksandr Fedorov *, Henrik Lund , Vita A. Kondratenko , Evgenii V. Kondratenko , David Linke * 

Leibniz-Institut für Katalyse e.V., Albert-Einstein-Str. 29a, 18059 Rostock, Germany   

A R T I C L E  I N F O   

Keywords: 
CO2 hydrogenation 
Segmental rates 
Reaction pathways 
Anderson-Schulz-Flory distribution 

A B S T R A C T   

A detailed experimental analysis of reaction pathways proceeding in CO2 hydrogenation over Fe-based catalysts 
was performed. The catalytic activity was measured at different degrees of conversion and used to analyze the 
production/consumption rates of reagents and products along the catalyst bed. It was demonstrated that except 
for the reverse water gas shift reaction and the subsequent hydrogenation of CO via Fischer-Tropsch (FT) 
mechanism, additional routes of hydrocarbon formation from CO2 exist in the CO2 hydrogenation. One of them is 
the methanation reaction which takes place over all studied catalysts. Another one is a direct pathway of C2+

hydrocarbon formation from CO2 that plays a significant role at least for some catalysts. In this route, iron 
carbides may be responsible for hydrogenating CO2 into C2+ hydrocarbons. Based on these results, the concept of 
requiring iron oxides as an essential active component for catalyzing the RWGS reaction in CO2-FT should be 
reviewed.   

1. Introduction 

The increase in energy production and commodity products results 
in dramatic rise in emissions of carbon dioxide in the atmosphere. CO2 is 
well-known to be the main reason of greenhouse effect, and thus, it 
motivates to develop new approaches and methods for reducing and 
controlling its emissions [1]. The capture of carbon dioxide and its 
chemical transformation to valuable organic compounds are considered 
as a perspective strategy for the development of clean and sustainable 
energy technologies [2–4]. They can be based on direct catalytic CO2 
hydrogenation with H2 to higher hydrocarbons (CO2-Fischer-Tropsch 
(CO2-FT)) that is the one of a potential solution for the CO2 emission 
problem [4–6]. 

It is generally accepted [7,8] that CO2-FT synthesis proceeds through 
two stages: the endothermic reverse water gas shift reaction (RWGS, CO2 
+ H2 ⇄ CO + H2O) followed by the exothermic CO hydrogenation ac
cording to classical FT reaction (CO-FT, CO + 2 H2 → -(CH2)- + H2O). 
The RWGS reaction has a thermodynamic limitation. The FT reaction 
has a kinetic limitation, wherein the fraction of hydrocarbons can be 
described by the Anderson-Schulz-Flory (ASF) distribution [9–11]: 

Wn = n⋅(1 − α)
2⋅αn−1, (1)  

where n – carbon number; Wn – mass fraction of hydrocarbon with 

carbon number n; α – the chain growth probability that is defined as a 
ratio between the rate of the chain prolongation per the sum of the chain 
prolongation and termination rates [12,13]. 

Iron-based catalysts are usually applied for CO2-FT, because they can 
catalyze both reactions [14–16]. It is considered that the RWGS reaction 
occurs on Fe3O4, while iron carbides (Fe5C2, Fe3C etc.) formed in situ 
under reaction conditions are responsible for the CO-FT reaction [7]. 
Unpromoted Fe-based catalysts produce a lot of methane. To suppress 
this undesired reaction and to improve the performance of Fe-based 
catalysts to C2+ hydrocarbon production, various promoters are typi
cally applied during catalyst preparation [17–24]. The most effective 
promoters are alkali metals (K, Na). They decrease CH4 formation and 
increase the rate of CO2 consumption and of C2+ hydrocarbon produc
tion. This positive effect is explained by an enhanced bonding strength 
of adsorbed CO2 leading to a decrease in catalyst hydrogenation ability 
[18,25,26]. Moreover, alkali metals are able to accelerate the formation 
of Fe5C2 [27,28]. 

Kinetic modeling of CO2 hydrogenation over Fe-containing catalysts 
is usually based on empirical Langmuir-Hinshelwood-Hougen-Watson 
(LHHW) models [14,29–31]. However, recently Carlotta Panzone 
et al. [32] proposed a detailed microkinetic model for CO2 hydrogena
tion over a Fe-K/Al2O3 catalyst. All these models have been developed 
according to a two-stages mechanism of CO2-FT, where the RWGS and 
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FT reactions proceed over different active sites. The direct pathway of 
CO2 hydrogenation to hydrocarbons via FT reaction was to our knowl
edge only considered in the paper published by Riedel et al. [14]. 
However, an experimental proof of the presence of direct route was not 
given. Besides, the data analysis of CO2 hydrogenation catalysts per
formed by our group indicates the presence of the direct pathway for 
some catalytic systems [33]. Moreover, an additional pathway of direct 
CO2 hydrogenation to methane, also known as the Sabatier reaction, was 
suggested and discussed in the works [15,34,35]. However, the reaction 
was not taken into account in kinetic modeling. Recently, Skrypnik et al. 
[3] performed the analysis of the spatial profiles of C2+ formation rates 
and composition distribution along the catalyst bed for CO2-FT. It was 
demonstrated that the highest formation rate of C2+ hydrocarbons was 
observed at the front part of the bed, wherein, Fe was present in the form 
of Fe5C2 at this part of bed but not as iron oxide which is supposed to 
catalyze the RWGS reaction. From this we concluded that the two-stage 
mechanism may be a too simple model and Fe5C2 could possibly also 
catalyze the RWGS reaction. It should be also noted that the analysis of 
pathways was usually performed for CO, CH4, and C2+ hydrocarbons; 
the individual analysis of the formation of each hydrocarbon has not 
been considered. Wherein, the ASF analysis of rates of hydrocarbon 
formation and especially the deviation from ASF distribution can give 
additional information about the mechanism of CO2 hydrogenation. 

Reviewing the literature on the CO2-FT synthesis revealed that 
different pathways of CO2 hydrogenation were suggested and consid
ered. Despite a number of studies, there are still fundamental questions 
open regarding the mechanism and reaction pathways occurring in CO2 
hydrogenation into hydrocarbons. Thus, the present work is devoted to 
investigating and analyzing reaction pathways proceeding in the process 
of CO2 hydrogenation to hydrocarbons using typical Fe-based catalysts. 
For this, the iron-based catalysts with/without different dopants (K, K 
and Mn, K and Al) were synthesized by using an organic-combustion 
method that is effective for the preparation of highly active and selec
tive catalysts in direct CO2 hydrogenation to hydrocarbons [7]. K was 
chosen as dopant because it is the most effective and preferable pro
moter for improving the performance of Fe-based catalysts [33,36–39]. 
Mn is the most effective transitional metal as a dopant for Fe-based 
catalysts according to statistical analysis [17,40]. Moreover, a synergic 
effect between Mn and K metals was reported in work [41]. Al dopant 
was chosen as a textural promoter [14]. The obtained catalysts were 
tested in CO2 hydrogenation. By varying the residence time, we obtained 
data on product selectivity in a wide range of CO2 conversion from 2.5 % 
to 30 % in small increments of CO2 conversion which allowed estimating 
rates of reagents consumption and products formation along the catalyst 
bed using simple arithmetic operations and analyze the mechanism of 
CO2 hydrogenation without kinetic modeling. The ASF distribution was 
used for analyzing the rates of hydrocarbon formation. 

2. Experimental part 

2.1. Catalyst synthesis 

In this study, the catalysts were obtained by an organic-combustion 
method. The solutions of nitrates and citric acid (CA) were prepared by 
mixing iron (III) nitrate nonahydrate (99.0 %, Merck), potassium nitrate 
(99.7 %, Fischer Chemical), aluminum nitrate nonahydrate (98 %, 
ChemPure), manganese (II) nitrate hydrate (97 %, Sigma Aldrich), and 
citric acid monohydrate (99.5 %, ChemSolute), in distilled water. The 
obtained solutions (the solution volume is around 100 cm3 for the 
preparation of ~ 3.5 g of catalyst, the concentrations of compounds in 
the solutions are presented in the Table 1) were heated in air up to 
200 ◦C (the heating rate was 1 K/min) in an electrically oven and hold at 
this temperature up to combustion of the mixtures. 

The obtained deposits were removed from the oven and crushed in a 
mortar. Resulting powders were heated in air up to 600 ◦C (ramp 10 K/ 
min) and finally calcined at 600 ◦C for 4 h in an electrically oven. The 

samples were marked as Fe, Fe-K, Fe-K-Al, and Fe-K-Mn. The molar ratio 
of Fe:K and Fe:(Al or Mn) was 10:1 in the promoted catalysts. Molar 
ratios of citric acid (CA) to precursor metal ion were CA:Fe = 5:6, CA:K 
= 5:18, CA:Al = 5:6, and CA:Mn = 1:2 which corresponds to the stoi
chiometric amount required for the combustion reaction between metal 
nitrate and citric acid. As an example, the reaction between iron nitrate 
and citric acid can be written as: 

6Fe(NO3)3⋅9H2O + 5C6H8O7⋅H2O→3Fe2O3 + 9N2 + 30CO2 + 79H2O (2) 

The mass ratio water:(citric acid + precursor) was 5.0. 

2.2. Catalyst characterization 

To determine the surface area of the catalysts, low-temperature ni
trogen adsorption-desorption isotherms were obtained at − 196 ◦C 
using BELSORP-max II (BEL Japan, Inc.) instrument. Before the mea
surements, the samples were heated in vacuum at 250 ◦C for 2 h. The 
initial branch of N2 adsorption isotherm in the range of P/P0 (0.05–0.25) 
was used to calculate the BET surface area. 

The mass fraction of Fe, K, Al, and Mn in the catalysts was deter
mined by inductively coupled plasma optical emission spectroscopy 
(ICP-OES) on Varian 715-ES ICP-Emission-Spectrometer. 10 mg of each 
sample was mixed with 8 ml of aqua regia. The sample preparation 
system “Multiwave PRO” from Anton Paar was used at 220 ◦C and 
50 bar for the sample digestion with a microwave-assisted method. The 
digested solution was filled up to 100 ml and measured with ICP-OES. 
The data analysis was performed on the Varian 715-ES software “ICP 
Expert”. 

The tests of temperature-programmed reduction with hydrogen 
(TPR-H2) were performed in an in-house build set-up equipped with 8 
quartz tubular reactors connected to an on-line mass spectrometer 
(Pfeiffer OmniStar GSD 300 01) for analysing the outlet gas flow. Before 
the tests, the samples were placed inside the reactor and heated up to 
300 ◦C in a flow of Ar (20 ml/min) for 4 h. After cooling down to room 
temperature, a flow (5 % H2 in Ar) was fed (20 ml/min) to the reactors 
followed by heating up to 900 ◦C with a constant heating rate 10◦/min. 
The atomic mass units 2 (H2) and Ar (40) were used to determine the H2 
concentration. 

XRD powder patterns were recorded on a Stoe Stadi P transmission 
diffractometer equipped with a DECTRIS Mythen2 1 K detector applying 
Ge (111) monochromatized Mo Kα1 radiation (50 kV, 40 mA, 
0.70930 Å). The samples were ground to a fine powder and placed be
tween two acetate foils before the measurement. Data acquisition was 
done with 0.01 s−1. Peak positions and profiles were fitted with Pseudo- 
Voigt function using the HighScore Plus software package (Panalytical). 
Phase identification was done by using the PDF-2 database of the In
ternational Center of Diffraction Data (ICDD). To estimate content of Fe- 
containing phases in the samples, the reference intensity ratio (RIR) 
method [42] was used; n-paraffin and MnCO3 phases were neglected 
when estimating the fraction of carbidic and oxidic iron phases in the 
obtained catalysts. It is worth noting that we tried to apply the Rietveld 
method for determination of phase composition but due to the 
complexity of phase composition of the studied samples we were not 
able to obtain reliable results. 

Table 1 
The concentrations of compounds in the solutions used for the catalyst 
preparation.  

The sample Concentration, M 

Fe(NO3)3 KNO3 Al(NO3)3 Mn(NO3)2 C6H8O7 

Fe  2.0 – – –  1.67 
Fe-K  2.0 0.2 – –  1.72 
Fe-K-Al  2.0 0.2 0.2 –  1.89 
Fe-K-Mn  2.0 0.2 – 0.2  1.82  
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2.3. Transient experiments and their kinetic evaluation 

Mechanistic and kinetic aspects of CO2 and H2 adsorption over the 
catalysts tested in CO2 hydrogenation (the spent catalysts) were studied 
in the temporal analysis of the product reactor (TAP-2) system, which 
was described in detail in Refs. [43–45]. In a typical experiment, each 
catalyst (14 mg, 250–350 µm fraction) was placed in a home-made 
quartz-tube reactor within its isothermal zone between two layers of 
quartz particles of the same size. Previous to pulse experiments, the 
catalyst was heated in H2-CO2 mixture (H2 flow rate was 
4.50 cm3⋅min−1; CO2 flow rate was 1.94 cm3⋅min−1) from room tem
perature to 300 ◦C and held at this temperature for 2 h. After that the 
reactor was evacuated to ca. 10−5 Pa. 

Transient experiments with CO2/Ar = 1:1 or H2/D2/Ar = 1:1:1 
mixtures were performed at 300 ◦C in the single pulse mode. The mix
tures were prepared using H2 (Air Liquide, 5.0), D2 (CK Special Gases 
Limited, 2.8), CO2 (Air Liquide, 4.5) and Ar (Air Liquide, 5.0) without 
additional purification. In experiments with CO2 the pulse size was 
below 1015 molecules per pulse to ensure Knudsen diffusion regime. The 
composition of the gases leaving the reactor was quantitatively analyzed 
by a quadrupole mass spectrometer (HAL RC 301 Hiden Analytical). The 
following atomic mass units (AMUs) were used for mass-spectrometric 
identification of different compounds: 44 (CO2), 32 (O2), 28 (CO2, 
CO), 4 (D2), 3 (HD), (H2) and 40 (Ar). Pulses were repeated 10 times for 
each AMU and averaged to improve the signal-to-noise ratio. The con
centration of each gaseous component was calculated from the ratio of 
the area of signal recorded at the respective AMU to the area of Ar. The 
fragmentation patterns and sensitivity factors required for the calcula
tions were determined separately by pulsing the same mixtures in the 
reactor filled only with quartz particles. Using a model-free approach 
developed for this technique, [46] the experimental responses of CO2 
and Ar were transformed into the dimensionless form according to Eqs. 
(3) and (4). Such transformation allows to unambiguously determine the 
type of interactions (diffusion, reversible, or irreversible adsorption) of 
feed components with catalysts. 

Dimensionless flow =
flux(CO2 or Ar)⋅reactor length2

N(CO2 or Ar)⋅Deff
Knudsen(CO2 or Ar)

(3)  

Dimensionless time =
t⋅Deff

Knudsen(CO2 or Ar)

reactor length2 (4)  

Flux(CO2 or Ar) = I(CO2 or Ar)
N(CO2 or Ar)

∫ t
0 I(CO2 or Ar)dt

(5)  

where I(CO2 orAr), N(CO2 or Ar), and Deff
Knudsen(CO2 or Ar) are the 

experimental mass spectroscopic signal intensity, the number of mole
cules per pulse, and the diffusion coefficient, respectively. To determine 
the diffusion coefficient of CO2, the diffusion coefficient of Ar was 
initially derived through fitting the experimental response of this gas to 
the Knudsen diffusion model, as described in [45,47]. Eq. (6) was used 
to obtain the required coefficient: 

Deff
Knudsen(CO2) = Deff

Knudsen(Ar)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
M(Ar)

M(CO2)

√

(6) 

To obtain the kinetic parameters of CO2 interaction with spent cat
alysts, transient responses of CO2 were fitted to a model considering 
non-dissociative reversible adsorption of CO2, as described in Refs. [45, 
47]. The TAP reactor was considered as a one pseudo-homogeneous 
system and divided into three different zones: upstream inert zone, 
catalyst zone and downstream inert zone. The mass balances for 
gas-phase and surface species outside the catalyst layer can be described 
using Eqs. (7) and (8), respectively: 

∂Ci

∂t
= Deff

Knudsen
∂2Ci

∂x2 (7)  

θi = 0 (8)  

where Ci – the concentration of CO2 or Ar, t – the time, and x – the 
coordinate along the reactor. In the catalyst zone, the reaction term was 
included in the mass balances for gas-phase (Eq. (9)) and surface species 
(Eq. (10)): 

∂CCO2

∂t
= Deff

Knudsen
∂2CCO2

∂x2 − Ntotal⋅(k+⋅CCO2 ⋅(1 − θCO2 ) − k−⋅θCO2 ) (9)  

∂θCO2

∂t
= k+⋅CCO2 ⋅(1 − θCO2 ) − k−⋅θCO2 (10)  

where Ntotal is the total concentration of surface species and θCO2 =
NCO2
Ntotal

, 
where NCO2 stands for the concentration of adsorbed CO2. 

The following boundary conditions are applied for solving these 
partial differential equations: 

Ci = 0, for all species at outlet of the reactor (11)  

∂Ci

∂x
= 0, t ≥ topen, at the inlet of the reactor (12)  

∂Cin

∂x
=

∂Cin

∂x

⃒
⃒
⃒
⃒

t=0

(

1 −
t

topen

)

, at t < topen, at the inlet of the reactor (13)  

where topen – opening time of pulse valve. The condition 12 describes 
high vacuum conditions at reactor outlet. The second condition (Eq. 
(13)) considers the fact that the gradient of the gas concentrations at the 
inlet is zero since the reactor is closed at each time after introduction of 
the reactant gas. The inlet pulse of reactant is described as gradient for a 
certain interval, which is dropped linearly up to zero at t = topen (topen is 
ca. 10 ms) [45]. 

The resulting system of partial differential equations was solved 
using a FORTRAN-program applying the numerical routine PDEONE 
[48]. The search for kinetic parameters was performed in a wide range 
of possible values (10–4–108) using first a genetic algorithm to find good 
starting values and then the Nelder-Mead simplex algorithms [49]. The 
quality of fit was characterized by an objective function defined as the 
sum of squares of the shortest deviation between the respective points of 
the experimental and simulated data. 

2.4. Catalytic tests 

Catalytic tests were carried out in an in-house developed setup 
containing 16-continuous-flow fixed bed stainless-steel tube reactors. 
The reactors are grouped in sets of 4. Each of these reactor sets has its 
own heating; the heating design assures high heat-transfer rates between 
furnace and reactor tube in order to maintain the set temperature even 
for more exothermic reactions. The outer and inner diameters of reactors 
are 9.5 and 7.0 mm, respectively. CO2, H2, N2, and He gases were dosed 
by electronic mass flow controllers (Brooks 5850s). The total flow of 
feed gases was equally distributed among all the reactors and a bypass 
channel. The outlet lines from reactors are split at 150 ◦C into a main 
flow and a sample portion where the sample portion is connected to a 
16-channels automatic valve to select and direct one stream to a gas 
chromatograph through a heated line (its temperature is 180 ◦C). A flow 
of He (3 ml min−1 per reactor) is additionally added to this sample 
stream to prevent condensation of long-chain hydrocarbons. The main 
flows are led through hot traps where a wax phase is condensed (at 
150 ◦C). The remaining gas streams are combined and passed through a 
cold trap where H2O is condensed before they reach the electronic 
pressure controller (Brooks 5866s). 

The catalysts (100 mg, 0.25–0.45 mm) were diluted by SiC (ESK-SiC, 
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F54, 0.2–0.5 mm fraction) to carry out tests at isothermal condition. The 
weight fraction of SiC to catalyst was 3:1. Regardless of the mixture of 
the catalyst and SiC, an additional layer of SiC (800 mg, ESK-SiC, F54, 
0.2–0.5 mm fraction) was added on the top to ensure plug flow and to 
preheat the reaction feed. 

The feed components (bypass channel) and the reaction products 
were analyzed by on-line Agilent 7890A gas chromatograph equipped 
with a thermal conductivity detector (TCD) and two flame ionization 
detectors (FID). HP Plot/Q (for CO2) and MolSieve 5A (for H2, O2, N2, 
and CO) columns were connected to TCD. For separating hydrocarbons 
and alcohols, PONA (for C5-C16 hydrocarbons) and HP Plot/Q (for C1- 
C4) columns connected to FIDs were used. 

Before catalytic testing the as-prepared catalysts were heated up to 
300 ◦C (the heating rate was 5◦/min) in N2 flow at 1.5 bar (abs.) and 
after that were reduced in-situ. The hydrogen concentration was 
increased stepwise, starting with 10 % H2 in N2 flow for 10 min, then 30 
% H2 in N2 flow for 10 min, 50 % H2 in N2 flow for 10 min, and finally 
undiluted CO-H2 mixture (CO:H2 was 1:2) for 240 min. During these 
steps the temperature was kept at 300 ◦C, pressure at 1.5 bar (abs.) and 
the residence time was 136 kg s m−3. After the reduction, the catalysts 
were tested under CO2-FT conditions (CO2:H2:N2 ratio was 1:3:1) at 
15 bar, 300 ◦C, and at a modified residence time of 328 kg s m−3 for 
25 h to achieve a steady-state condition. After this, the residence time 
was varied in a range of 8–328 kg s m−3 by adjusting the feed flow rate 
in a range of 1097–45,000 ml h−1. The time on stream for each condition 
was 10 h. 

The CO2 conversion (X) and products selectivity were calculated by 
the following equations: 

X = 1 −
ṅout

CO2

ṅin
CO2

, (14)  

Si =
ai⋅ṅout

i∑n
j=1aj⋅ṅout

j
, (15)  

where ṅin
CO2 

– the molar flow of CO2 in the inlet flow; ṅout
CO2 

– the molar 
flow of CO2 in the outlet flow; Si – the selectivity of i-product; ai – the 
carbon number of i-product; ṅout

i – the molar flow of i-product in the 
outlet flow. Carbon balance was established to be higher than 98 %. 

2.5. The data evaluation 

The catalyst activity was determined at different values of the 
modified residence time τmod that can be defined as: 

τmod =
mcat

F
, (16)  

where mcat – the mass of the catalyst; F – the feed flow. Let Mf be a set of 
the flows as (F0, F1, F2 … Fn), wherein the set is sorted in ascending 
order. Thus, F0 and Fn are 1097 and 45,000 ml h−1, respectively. It can 
be presented as the set of (F0, γ1F0, γ2F0 … γnF0), where γi – dimen
sionless constants. Thus, the data with the different modified residence 
times obtained by varying the feed flow can be presented as data with 
the fixed flow F0 and different catalysts mass as (mcat , mcat/γ1, mcat/γ2 … 
mcat/γn). In this context, the catalyst bed can be presented as a list of 
catalyst segments that are graphically shown in Fig. 1. 

Where the catalyst mass mi in segment i can be calculated as: 

mi = mcat

/

γn−i+1 −
∑i−1

j=1
mcat

/
γn−j+1, (17) 

It allows one to calculate the compound formation rates in i-segment 
according to the following formula: 

ri
j =

ṅi
j − ṅi−1

j

mi
, (18)  

where ri
j – the rate of the formation of j-compound in the segment i (mol 

g−1 s−1); ṅi
j and ṅi−1

j – molar flows of j-compound in segments of i and i- 
1, respectively (mol s−1). The example of the calculation of the 
segmental rates is presented in the supplementary material (pages 3–4). 

The AFS distribution was used for the analysis of the formation rates 
of hydrocarbons. Let rn be the formation rate of hydrocarbon with car
bon number n. Assuming the absence of the deviations from the ASF 
distribution, one can show that: 

rn

rn−1
=

αn−1

αn−2

rn = r1⋅αn−1

log rn = n⋅log α + log
r1

α

(19)  

where α is the chain growth probability. The α and r1 parameters were 
calculated by linear fitting in the corresponding coordinates (n, logrn)

using the data of the hydrocarbon rates calculated by Eq. (18) (see 
Fig. S1). To calculate the parameters of logα and logr1, the rates of C3+

hydrocarbons formation were used because it is known that the de
viations from the ASF distribution are usually observed for C1 and C2 

hydrocarbons [33]. The relative ‘rates’ rrel of hydrocarbons formation 
were defined as: 

rrel
n =

rexp
n

rASF
n

⋅100%, (20)  

where rexp
n – the formation rate of hydrocarbon with carbon number n 

calculated by the Eq. (18); rASF
n – the rate of the formation of hydro

carbon with carbon number n calculated by the equation 19 using α and 
r1 parameters. Python programming language (version 3.8.10) [50] and 
a scientific library NumPy (version 1.20.3) [51] were used for the cal
culations. Plotly (version 5.1.0) [52] was used to visualize the results. 

3. Results and discussion 

3.1. Catalyst characterization 

Elemental composition and textural characteristics of as-prepared 
catalysts are summarized in Table S1. The content of dopants in the 
obtained catalysts measured by ICP corresponds to the theoretical con
tent. It is worth mentioning that the samples are characterized by low 
values of specific surface area. Wherein, the highest value of 30 m2 g−1 

is observed for Fe-K-Al catalyst that was doped by aluminum. Al is 
known to be a textural promoter that can lead to an increase in surface 
area [53]. 

To investigate the reducibility of the obtained catalysts, TPR-H2 tests 
were performed. The profiles of TPR-H2 curves for the as-prepared 
catalysts are presented in Fig. S3. In the case of the unpromoted Fe 

Fig. 1. The derived segments of the catalyst bed.  
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catalyst, one can see three broad peaks of hydrogen consumption with 
the maxima at 425, 630, and 780 ◦C respectively. They relate to three 
stages process of the reduction of iron oxide (Fe2O3 → Fe3O4 → FeO → 
Fe) [54]. The profiles of TPR-H2 curves for the promoted catalysts are 
similar. However, slight changes in the TPR-H2 profiles such as shift and 
broadening of the first peak is observed. The shift of the maximum of the 
first peak to higher temperature is related to the presence of K, Al and/or 
Mn in the catalysts as shown in the works [34,53]. Moreover, for the 
Fe-K-Mn catalyst an additional peak in the temperature range 
270–370 ◦C is observed that may be related to reduction of 
Mn-containing phases [55]. 

To identify phase composition of the obtained catalysts, the samples 
were characterized by XRD. Besides as-prepared catalysts, the catalysts 
after reduction in CO:H2 mixture (the ratio was 1:2) (reduced catalysts) 
and after testing in CO2 hydrogenation (spent catalysts) were investi
gated. XRD patterns are presented in Figs. S4-S6. The information about 
phase composition of the samples are summarized in Table 2. According 
to the obtained results, the unpromoted Fe catalyst contains only 
α-Fe2O3 hematite phase that is indicated by an existence of corre
sponding reflexes (PDF 01–087–1164). The phase composition of pro
moted Fe-K, Fe-K-Al, and Fe-K-Mn catalysts are complex mixtures of 
different oxides. Besides α-Fe2O3 and Fe3O4 the K-containing phase 
KFe11O17 was found for all K-doped catalysts. Moreover, the additional 
phase of Mn2O3 was identified in the case of Fe-K-Mn catalyst. No Al- 
containing phases were detected in the Fe-K-Al catalyst. 

After reduction in CO:H2 mixture, the presence of Fe5C2, α-Fe2O3, 
Fe3O4 and Fe phases was found for the pure Fe catalyst. Thus, iron 
carbide was formed after CO:H2 treatment. The formation of iron car
bides from Fe2O3 under CO-H2 mixture is known to proceed via 
FeOx→Fe→FeCx reactions [56]. It explains the presence of Fe and Fe3O4 
phases in the reduced catalysts. The iron carbides were also found for 
reduced Fe-K, Fe-K-Al, and Fe-K-Mn catalysts. Moreover, the reflexes at 
10◦ and 12◦ at 2θ indicate the presence of n-paraffin in the reduced Fe-K 
and Fe-K-Mn catalysts. Thus, the formation of hydrocarbons via FT re
action takes place under treatment in CO-H2 mixture for these catalysts. 
In the case of the reduced Fe-K-Mn catalyst, Mn was found to be in the 
form of mixed oxide FexMn1−xO of cubic structure (Fm-3 m symmetry). 

The spent Fe catalyst consists of iron carbides (Fe5C2, Fe7C3) and 
Fe3O4 phases. The mixture of iron carbides and oxides were also found 
for the spent K-promoted catalysts. In addition, XRD data indicate the 
presence of n-paraffin in the Fe-K, Fe-K-Al, Fe-K-Mn catalysts. The phase 
of MnCO3 was detected for the Fe-K-Mn catalyst. Thus, iron in the spent 
catalysts is presented in the form of iron carbides and oxides. The con
tent of Fe-containing phases in the spent samples was estimated with the 
reference intensity ratio (RIR) method. The content of iron carbides are 
40, 96, 66, and 93 wt% for the spent Fe, Fe-K, Fe-K-Al, and Fe-K-Mn 

catalysts, respectively. Thereby, doping by K of Fe-based catalyst sta
bilizes the formation of iron carbides that is agreed with conclusions 
made in the works [28]. One can suppose that doping by alumina 
counteracts the formation of iron carbides under CO/CO2-H2 conditions. 
Al as a textural promoter reduces the formation of carbides from iron 
oxides during the reduction in CO-H2. This was also observed in work 
[57]. 

3.2. Catalyst activity of the obtained catalysts 

To analyze reaction pathways of CO2 hydrogenation for the obtained 
samples, catalytic tests were carried out at different CO2 conversion by 
varying the total flow rate. Time on stream profiles of CO2 conversion 
and product selectivity in CO2 hydrogenation over the obtained catalysts 
are presented in Fig. S7. Fig. 2 presents the dependencies of CO, CH4, 
alcohols, C2+ hydrocarbon selectivity on CO2 conversion. For all cata
lysts we observe a decrease in CO selectivity and an increase in hydro
carbon selectivity with rising CO2 conversion. It is explained by a two- 
stages mechanism of CO2-FT where CO is formed as an intermediate 
compound via RWGS reaction [14,58] that is then subsequently hy
drogenated to form hydrocarbons. In the case of unpromoted Fe catalyst, 
methane selectivity was found to be high reaching 41 % at 30 % CO2 
conversion. The catalysts promoted by K show significant lower values 
of CH4 selectivity which are less than 10 % over the whole range of 
conversion studied which agrees with works [27,59,60]. More detailed 
information on products distribution and olefins content for the studied 
catalysts is given in Table S2. 

When examining the selectivity-conversion relationships in Fig. 2 
closer, different curves are observed for the different catalysts which 
indicate different kinetics of CO2/CO hydrogenation over the catalysts. 
Because values of product selectivity were also obtained at low CO2 
conversion, it allows one to estimate the selectivity of hydrogenation 
products at zero CO2 conversion by extrapolation (the calculation pro
cedure can be found in the supplementary material, page 7). In the 
context of the two-stages mechanism of carbon dioxide hydrogenation 
where CO is an intermediate compound for hydrocarbons formation, 
one can expect 100 % of CO selectivity and 0 % of hydrocarbons 
selectivity at zero CO2 conversion (see supplementary material, pages 
5–6). 

In the case of unpromoted Fe catalyst, CO, CH4 and C2+ hydrocarbon 
selectivity at zero CO2 conversion were around 76.3 %, 18.5 % and 4.4 
% respectively. The high value of methane selectivity indicates a direct 
route of carbon dioxide hydrogenation to CH4. This route was discussed 
in the works [15,35,61] and attributed to the methanation reaction (CO2 
+ 4 H2 → CH4 + 2 H2O). It may occur not via FT reaction but as direct 
hydrogenation on active sites different from the ones responsible for 
chain growth. Interestingly, a larger-than-zero value of selectivity at 
zero CO2 conversion was estimated also for C2+ hydrocarbon selectivity. 
For the unpromoted Fe catalyst it is less clear if a direct route of C2+

hydrocarbons formation via FT reaction from CO2 exists. The non-zero 
value of C2+ selectivity may be related to an error of the data extrapo
lation due to missing information about selectivity in the range of 
extremely low CO2 conversion and a non-linear dependency of C2+

selectivity on CO2 conversion. To check this assumption, Monte Carlo 
simulations were performed to estimate an error for C2+ selectivity at 
zero conversion for the Fe catalysts (see Fig. S1, the supplementary 
material). The simulation showed that the value of C2+ hydrocarbon 
selectivity is in a range of 0–10 % which indicates that, based on these 
data alone, the direct route may not exist and non-zero C2+ selectivity at 
zero conversion could be related to an extrapolation error. A similar 
selectivity-conversion-dependency was reported for unpromoted Fe5C2 
catalyst by Junhui Liu et al. [61] where non-zero value of C2+ hydro
carbons selectivity at zero CO2 conversion was claimed but not statis
tically proven. Nevertheless, they concluded that the direct route of C2+

hydrocarbons formation via the FT reaction occurs over this catalyst. 
However, since the conversion-selectivity curves for the Fe5C2 catalyst 

Table 2 
Phase composition of as-prepared, reduced, and spent catalysts.  

Sample As-prepared Reduced Spent 

Fe α-Fe2O3 Fe5C2, 
α-Fe2O3, Fe3O4, 
Fe 

Fe5C2 (28)*, Fe7C3 

(12) 
Fe3O4 (60) 

Fe-K α-Fe2O3, 
Fe3O4, 
KFe11O17 

Fe5C2, 
Fe3O4, 
n-Paraffin 

Fe5C2 (96), 
Fe3O4 (4), FeO 
(<1), 
n-Paraffin 

Fe-K-Al α-Fe2O3, 
Fe3O4, 
KFe11O17 

Fe5C2, 
Fe3O4, 
Fe 

Fe5C2 (48), Fe7C3 

(18), 
Fe3O4, (34) 
n-Paraffin 

Fe-K- 
Mn 

α-Fe2O3, 
Fe3O4, 
KFe11O17, 
Mn2O3 

Fe5C2, Fe7C3, 
α-Fe2O3, Fe3O4, FexMn1−xO, Fe, 
n-Paraffin 

Fe5C2 (93), 
Fe3O4 (7), FeO 
(<1), 
MnCO3, n-Paraffin  

* Numbers in brackets mean the amount of phase estimated by RIR method 
(only Fe-containing phases were used for estimation). 
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[61] and for the Fe catalyst investigated in the present work are similar 
and both may be explained by an error of data extrapolation. 

For the Fe-K-Al catalyst CO selectivity is around 94 % that is close to 
100 % at zero conversion. Wherein the values of methane and C2+ hy
drocarbons selectivity are less than 4 % and close to zero. The difference 
form 0 %/100 % is not statistically significantly. Therefore, the data on 
this catalyst correspond to the conception of two-stage mechanism of 
CO2-FT. 

For the Fe-K catalyst, the estimated selectivities at zero CO2 con
version are 62.7 % for CO, 29.4 % for C2+ hydrocarbons and 6.8 % for 
methane. Similar values were obtained for the Fe-K-Mn catalyst (see 
Table S3, the supplementary material). It is also worth noting that CH4 
selectivity is approximately constant over a wide range of conversion for 
both Fe-K and Fe-K-Mn catalysts. Non-zero values of CH4 selectivity at 
zero CO2 conversion for these catalysts means that methane is a primary 
product in CO2 conversion and, as in the case of the Fe catalyst, the 
direct formation of methane from CO2 takes place over these catalysts. 
Moreover, high values of C2+ hydrocarbons selectivity at zero CO2 
conversion are observed for these catalysts. This indicates the presence 
of direct route of CO2 hydrogenation to C2+ hydrocarbons via FT reac
tion. It can be explained by a concept that active sites (or ensembles of 
closely neighbored sites) responsible for chain growth (i.e., hydrocarbon 
formation via FT) can also activate and hydrogenate CO2 to CO with 
hydrogen. Fig. 3 shows different routes of hydrocarbon formation via FT 
mechanism (excluding the methanation reaction). Direct CO2-FT means 
that the active sites responsible for FT reaction are also able to hydro
genate CO2. Although, active sites for CO and CO2 hydrogenation to C2+

hydrocarbons via FT reaction may also be different leading to a 
sequential reaction path to hydrocarbons via CO as gas-phase interme
diate (see Fig. 3, blue & green route). 

Because iron carbides are known to be the active component for CO 
hydrogenation to form hydrocarbons via FT reaction [7,8], it can be 
postulated that iron carbides are able to hydrogenate CO2 to hydrocar
bons via FT reaction. In fact, the conversion-selectivity data presented in 
the Fig. 2 is an experimental proof of the presence of the direct route of 
CO2 hydrogenation to C2+ hydrocarbons over iron carbides in CO2-FT. It 
agrees with the results of first-principles microkinetic modeling per
formed by Seung Ju Han et al. [62]. They demonstrated that unpro
moted iron carbides can catalyze the RWGS reaction. However, it was 
shown that unpromoted Fe3O4 is more active in the RWGS compared to 
iron carbides. 

From the presented results (Fig. 2) one can see that the Fe-K and Fe- 
K-Mn catalysts show very similar behavior. According to XRD data, the 
phase composition of both catalysts is similar except for the existence of 
a Mn-containing phase in the form of MnCO3 in the case of the spent Fe- 
K-Mn sample. Given the similar performance for Fe-K and Fe-K-Mn, one 

Fig. 2. Selectivity-conversion relationship obtained for different catalysts. Reaction condition: pressure – 15 bar; temperature – 300 ◦C; CO2:H2:N2 – 1:3:1.  

Fig. 3. Different pathways for CO2/CO hydrogenation via FT. * and ** stand for 
different surface sites. 
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can suppose that the Mn in the spent Fe-K-Mn catalyst is preferably in 
the form of MnCO3 and does not take a part in CO2 hydrogenation. It is 
also worth mentioning the difference in activity of the Fe-K and Fe-K-Al 
catalysts (see Fig. 2) which have complex and differing phase compo
sition according to the XRD data. The fraction of iron oxides in the spent 
Fe-K-Al catalyst is around 34 wt% and higher than in the spent Fe-K 
catalyst with just 4 wt%. Thus, the differing amounts of iron oxides 
may define the difference in the selectivity-conversion relationships of 
these catalysts. 

The analysis of selectivity-conversion relationships allows one to 
make the following conclusions. The direct CH4 formation from CO2 
takes place in addition to the RWGS reaction and CO hydrogenation via 
FT reaction over the Fe, Fe-K, and Fe-K-Mn catalysts. The direct CO2 
hydrogenation to C2+ hydrocarbons via FT reaction plays a significant 
role for at least the Fe-K and Fe-K-Mn catalysts. 

3.3. Hydrocarbon distribution analysis 

To analyze the hydrocarbon distribution observed over the different 
catalysts, the ASF distribution was used. Fig. 4 shows the distribution of 
the hydrocarbons formed in CO2 hydrogenation over Fe and Fe-K cata
lysts in corresponding ASF coordinates. The hydrocarbon distribution 
for Fe-K-Al and Fe-K-Mn catalysts are presented in Fig. S8 (see the 
supplementary material). 

For all catalysts the distributions of the sum of paraffins and olefins 
corresponds to ASF except for C1 and C2 which is typical for products of 
CO2 hydrogenation over Fe-based catalysts [33]. The value of the chain 
growth probability for unpromoted Fe catalyst is around 0.50 and 
clearly lower than the values for K-doped catalysts which have α in a 
range 0.65–0.68. The higher chain growth probability for K-doped cat
alysts correlates with the lower CH4 selectivity compared to the 
unpromoted Fe catalyst. Moreover, the low value of α for the Fe catalyst 
explains why wax was not detected by XRD on the surface of the spent Fe 
catalyst. 

Paraffins and olefins distributions are also presented in Fig. 4 and S7 
in the corresponding ASF coordinates. A linear relationship in ASF co
ordinates is observed in the case of paraffins and olefins distributions for 
K-promoted catalyst except for ethylene and methane selectivity. 
Wherein, the values of α for these catalysts is a little higher for paraffins 
than for olefins (see Fig. 4 and Table S2, the supplementary material). 
The chain growth probability of the Fe-K catalyst is 0.71 in the case of 
paraffins distribution compared to α for olefins distribution being 0.66. 

For the Fe catalyst, deviation from ASF distribution related to non-linear 
dependence of hydrocarbon selectivity in the corresponding coordinates 
is observed for the paraffin distribution. Thus, the chain growth prob
ability depends on the carbon number. In this case, the calculated values 
of α are 0.18 and 0.68 for carbon number ranges of C1-C3 and C8-C10, 
respectively. 

The reasons of deviations from ASF distribution have been already 
analyzed and described [63]. An increase in CH4 selectivity may be 
related to additional routes of methane formation. One of them is the 
methanation reaction from CO2 not via FT reaction [15,35] that agrees 
with the analysis of conversion-selectivity plots. The other reason may 
be a double-bond split of α-olefines with higher carbon number leading 
to additional methane production [21]. Yet another possible explana
tion was put forward by Wojciechowski and Sarup discussed [64,65] 
who proposed that the excess of methane selectivity may alternatively 
be described with a separate parameter of the termination probability. 
According to their idea, the methane termination probability parameter 
(the rate constant) is 10 times higher than the one of other hydrocarbons 
(C2H6, C3H8 etc.). 

The observed decrease in C2 selectivity compared to the ASF distri
bution is due to high reactivity of C2H4 or surface C2-intermediates 
participating in the chain growth compared to olefins with a higher 
carbon number [66,67]. Our data also confirm that the decrease in C2 
selectivity is only observed in the olefin distribution. The decrease in 
ethylene selectivity is higher for unpromoted Fe catalyst compared to 
the catalysts doped by K (see Fig. 4, right) which correlates with the 
higher activity of unselective hydrogenation to CH4. It should be also 
noted that the chain growth probability for the catalysts doped by 
alkaline metal is higher than for the unpromoted Fe catalyst (see 
Table S2). It indicates the difference in hydrogenation ability of the 
obtained catalysts. It is known that unpromoted Fe-based catalysts have 
higher hydrogenation ability that can be reduced by the promotion of 
alkali metals leading to enhanced bonding strength of adsorbed CO2 
[18]. 

The difference in the values of the chain growth probability for olefin 
and paraffin distributions can be presented as an exponential decrease in 
olefin-paraffin ratio with the chain length in the form On/Pn∝exp( −

Cn), where C − the natural logarithm of the ratio of α calculated by 
paraffin and olefin distributions. In the work [63] Van der Laan and 
Beenackers concluded that the secondary reactions of olefins on 
Fe-based catalysts are responsible for the observed decrease in 
olefin-paraffin ratio with increasing carbon number. Wherein, the most 

Fig. 4. The hydrocarbons distribution in products of CO2 hydrogenation over Fe and Fe-K catalysts in ASF coordinates. The C3-C10 range of hydrocarbons was used 
for fitting the data except for paraffin distribution in the case of Fe catalyst where C1-C3 and C8-C10 ranges were used. Reaction condition: pressure – 15 bar; 
temperature – 300 ◦C; CO2:H2:N2 – 1:3:1; GHSV – 10,970 ml h−1 g−1; time on stream – 25 h. 
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important secondary reaction is re-adsorption of olefins resulting in 
initiation of chain growth processes. On the other hand, it may alter
natively be explained by the presence of carbon number dependence for 
olefin desorption. By using an exponential dependence of olefin 
desorption rate constant, Branislav Todic et al. [68] developed a kinetic 
model of CO-FT that was able to describe such behavior in olefin and 
paraffin distributions. 

The non-linear relationship of paraffin distribution over carbon 
number for the Fe catalyst may be related to the presence of two 
different types of active sites taking part in the molecular processes of 
the chain growth mechanism as discussed in the work [69]. In this case, 
the hydrocarbon distribution can be described as: 

Wn = X⋅n⋅(1 − α1)
2αn−1

1 + (1 − X)⋅n⋅(1 − α2)
2αn−1

2 , (21)  

where X and 1 −X are the fraction of hydrocarbon products having 
molecular weight distribution parameters α1 and α2 respectively; Wn – 
weight fraction of an alkane with carbon number n in paraffins. The 
calculated parameters X, α1 and α2 for paraffin distribution in the case of 
the Fe catalyst are 0.86, 0.15, 0.63 respectively. It implies the presence 
of ‘low-selective’ active sites responsible for chain growth via FTS with 
the chain growth probability of around 0.15. The fraction of hydrocar
bons formed by these ‘low-selective’ sites is predominant and accounts 
for around 86 % of all hydrocarbons. The existence of the ‘low-selective’ 
sites could be one of main the reason for high selectivity of the Fe 
catalyst to CH4. 

Because catalysts were tested at different CO2 conversion, we could 
estimate the chain growth probability α at various CO2 conversion, see 
Fig. S9. One can see that the chain growth probability as the key 
parameter of catalyst selectivity slightly depends on CO2 conversion 

which agrees with the data analysis of CO2 hydrogenation catalysts [33]. 
However, it is worth mentioning the decrease in α at low CO2 conversion 
for the Fe-K-Al catalyst. 

3.4. Segmental rates analysis 

For a more detailed analysis of the processes occurring in the CO2 
hydrogenation over the obtained catalysts, the segmental rates of CO2 
consumption, CH4, CO, and C2+ formations along the catalyst bed were 
calculated and are shown in Fig. 5. The overall CO2 consumption rate 
decreases along the catalyst bed for all the samples. It is obviously 
related to a decrease in the concentration of CO2 and H2 transforming 
into products of reactions. Wherein, a sharper decrease in CO2 con
sumption is observed for Fe and Fe-K-Al catalysts compared to Fe-K and 
Fe-K-Mn ones. Already within the front part of the catalyst bed 
(extending to around 20 % of the bed length for the Fe catalyst and 30 % 
for Fe-K and Fe-K-Mn catalysts), the rate of CO production decreases to 
nearly zero where it stays for the remaining part of the bed. A sharper 
decrease in the CO formation rate is also observed for the initial 20 % 
bed-part in the case of the Fe-K-Al catalyst. For this catalyst, CO for
mation rates become negative for the remaining part. It means that the 
rate of CO-FT becomes higher than the rate of the RWGS reaction. 

The rate of methane formation is high at the beginning part and 
decreases along the catalyst bed for the Fe catalyst. Since CO2 and H2 are 
the main compounds in the gas flow at the beginning of the catalyst bed, 
carbon dioxide (not carbon monoxide) seems to be responsible for the 
high rate of CH4 production at the beginning of the bed. If this catalyst is 
compared to the ones doped by K, a strong reduction of CH4 formation is 
obvious. The initial rate of methane formation for the unpromoted Fe 
catalyst is around 6 times higher than the rates of the K-doped catalysts. 

Fig. 5. The segmental rates of CO2 consumption, CH4, CO, and C2+ formation over the obtained catalysts.  
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For the rate of formation of C2+ hydrocarbons, volcano-like curves are 
observed along the catalyst bed. However, no maximum is observed in 
the case of the Fe catalyst. It is worth noting that rates of C2+ hydro
carbon production are similar along the catalyst bed for all the catalysts. 
There is only slightly difference in the front part of the catalyst bed (~ 
10 % of length). A slight decrease of C2+ hydrocarbon formation rate is 
seen for the unpromoted Fe catalyst along the whole length. Compared 
to other catalysts, the Fe-K-Al catalyst is showing a lower C2+ formation 
rate at the initial part of the bed. In conclusion, the rates of hydrocarbon 
formation over K-doped catalysts do not significantly differ. 

The difference in selectivity-conversion relationships (Fig. 2) for the 
Fe-K-Al catalyst compared to Fe-K and Fe-K-Mn catalysts is rather 
related to their different activity in the RWGS reaction. As shown above, 
according to XRD data, the Fe-K-Al catalyst contains 36 wt% iron oxides 
which is higher than in the Fe-K and Fe-K-Mn catalysts which contain 
only 4 and 7 wt%, respectively. Since iron oxide is known to be active in 
the RWGS reaction and to play a key role in CO formation from CO2 [8], 
the difference in the content of iron oxide may explain the different 
activities of the K-promoted catalysts in the RWGS reaction. Indeed, the 
Fe-K-Al catalyst with the highest iron oxides content was more active in 
the RWGS reaction than the Fe-K and Fe-K-Mn catalysts. Moreover, the 
higher amount of iron oxides in the Fe-K-Al catalyst compared to the 
Fe-K and Fe-K-Mn catalysts could explain the fact that the direct route of 
CO2 hydrogenation to C2+ hydrocarbons is not observed in the case of 
the Fe-K-Al catalyst. This may be related to higher activity of iron oxides 
to catalyze the RWGS reaction compared to direct CO2-FT route, and, 
thus, the contribution of the direct route is much lower than the RWGS 
reaction in CO2 hydrogenation over the Fe-K-Al catalyst. 

The presence of a maximum for hydrocarbon production rate 

(Figure 5, C2+ production) agrees with the concept of the two-stage 
mechanism of CO2 hydrogenation where CO is an intermediate com
pound for hydrocarbons production. In addition, the maximum in the 
rates of C2+ hydrocarbon formation is shifted compared to the maximum 
of CO concentration (it corresponds to the rate of zero CO production 
because the rate is the derivative of concentration) along the catalyst 
bed. This shift might also indicate an additional pathway of hydrocarbon 
formation from CO2. On the other hand, it could also be correlated with 
the increase in H2O concentration along the bed that may reduce the rate 
of FT e.g. by competitive adsorption on active sites. 

Because the rates of hydrocarbon formation should follow the ASF 
distribution for an ideal FT, a comparison of the experimental rates and 
the ones calculated from ASF distribution may give additional infor
mation about differences in the mechanism of CO2 hydrogenation over 
the 4 catalysts. Fig. 6 presents how the ratio between the observed rates 
of C1-C6 hydrocarbon formation, and the rates predicted via ASF 
changes along the catalyst bed. 

From the presented data one can see that the rates of C3+ hydro
carbons formation correspond to the ASF distribution for all the catalysts 
because of the relative rates being close to one. A slight decrease in the 
relative rate of C2 formation with increasing length of the catalyst bed is 
observed. In the case of CH4, the formation rates are higher than 1 at the 
front and decrease along the first part of catalyst bed (around 30 %) and 
become constant for the rest of the bed (close to 1 for K-promoted cat
alysts and around 1.5–1.7 for the Fe catalyst). The initial decrease in
dicates the presence of an additional pathway of methane formation not 
via FT mechanism which may be the direct methanation reaction dis
cussed above. The rate of CH4 formation for the unpromoted Fe catalyst 
decreases also over the first part of the bed, but it remains 1.5–1.7 times 

Fig. 6. The relative segmental rates of C1-C6 hydrocarbon formation. The “red” shaded region visualizes the excess-methane formation compared to the values 
calculated by ASF distribution. 
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higher than the rate calculated by the ASF distribution for the remaining 
part of the catalyst bed. This deviation from ASF distribution for the 
remaining part of the bed (>30 % of the bed) could be connected to the 
existence of low-selective active sites (chain growth probability around 
0.18) responsible for hydrocarbons formation only on the Fe catalyst. 

3.5. Temporal analysis of CO2 and H2 interaction with spent catalysts 

The interaction between CO2 and spent catalysts was studied by 
pulsing of a CO2:Ar mixture at 300 ◦C. A comparison of transient re
sponses of CO2 and Ar transformed to dimensionless form according to 
[46] showed that the modified CO2 response crosses the Ar response 
(Figs. S10). Such intersection is a fingerprint of reversible adsorption of 
CO2 [46]. To derive kinetic parameters of this interaction, the experi
mental CO2 responses were fitted to a simple micro-kinetic model, which 
assumes reversible non-dissociative CO2 adsorption: 

CO2 + ∗ ̅̅→
k+ CO∗

2

CO∗
2 ̅̅→

k− CO2 + ∗

(22) 

The experimental and simulated responses are compared in Fig. S11. 
The residual values illustrating the goodness of fit, results of sensitivity 
and correlation analyses are shown in Table S4 and S5. The values of the 
parameters resulting from the fitting procedure are summarized in  
Table 3. Due to a correlation between the total concentration of active 
sites N0 and the constant of CO2 adsorption k+, only their product N0⋅ 
k+ = keff

+ , further called an effective constant, could be determined. It is 
worth mentioning that such a correlation is frequently found in kinetic 
modeling of TAP experiments [70]. For better comparison of the 
adsorptive properties of spent catalysts the ratio keff

+ /k−being an efficient 
equilibrium constant of CO2 adsorption (Keff

eq ) is provided in logarithmic 
form. According to the values in Table 3, doping of Fe with K led to an 
increase in keff

+ accompanied by the decrease in k−. Thus, the presence of 
K increases the equilibrium constant of CO2 adsorption. The addition of 
Al led a further increase in this constant. It is worth mentioning that the 
CO2 adsorption ability for Fe-K and Fe-K-Mn catalysts are similar in TAP 
which agrees with the catalytic data where Fe-K and Fe-K-Mn catalysts 
demonstrated similar activity. 

The ability of spent catalysts to activate gas-phase hydrogen was 
investigated by H/D exchange tests at 300 ◦C using a H2:D2:Ar mixture. 
Due to negligible amounts of HD formed in these experiments, a quan
titative evaluation was not possible. Nevertheless, some relevant infor
mation can be obtained from analyzing the shape and the order of 
appearance of D2, HD, H2 and Ar recorded in these experiments 
(Fig. S12). For the spent Fe and Fe-K-Al catalysts, the HD response is 
broader than that of D2 and H2 and its maximum is situated after those of 
D2 and H2. This is a clear sign of HD formation, i.e., these catalysts are 
able to break H-H and D-D bonds and to form new H-D bonds. Since the 
broadening of HD response is more marked over the Fe catalyst, it can be 
assumed that this catalyst possesses higher activity towards HD forma
tion. No significant difference between the HD and D2 responses was 
observed for the Fe-K catalyst versus the Fe-K-Mn one. Both catalysts 
show lower activity towards HD formation in comparison to the spent Fe 
and Fe-K-Al catalysts. Therefore, addition of K reduces the ability of Fe- 
based catalysts to activate gas-phase hydrogen. Using Al as promoter 
diminishes this effect, whereas the presence of Mn does not have an 

influence. Considering the phase composition of the spent Fe-K and Fe- 
K-Mn catalysts, which consist of predominantly iron carbides, and the 
spent Fe and Fe-K-Al catalysts, which consist of a mixture of iron oxides 
and carbides phases, one can assume that H2-D2 exchange occurs over 
the surface of iron oxide phase at the condition of TAP experiment. 

3.6. The proposed reaction scheme of CO2 hydrogenation 

Based on the obtained results, we can suggest the reaction pathways 
occurring at CO2 hydrogenation over Fe-based catalysts. The scheme of 
main routes of CO and hydrocarbons formation is presented in Fig. 7. 

Besides the previously established routes via RWGS with the for
mation of CO as intermediate followed by hydrogenation to C2+ hy
drocarbons via FT reaction, the direct routes of hydrocarbon formation 
may not be neglected for some catalysts. Methane can be formed as a 
product of CO2/CO hydrogenation via FT reaction as well as via an 
additional direct CO2 hydrogenation (methanation reaction). The route 
of direct methanation was shown to occur over all obtained catalysts but 
to a different extent. The direct route of CO2 hydrogenation to C2+ hy
drocarbons via FT reaction plays a role at least for Fe-K and Fe-K-Mn 
catalysts. The difference in activity of the Fe-K-Al catalyst compared 
to the Fe-K and Fe-K-Mn catalysts is related to their different ability to 
catalyze the RWGS reaction. The higher activity of Al-promoted catalyst 
in RWGS reaction may be explained by the higher content of iron oxide 
according to XRD data (see Table 2). Thus, in the case of the Fe-K-Al 
catalyst, the lower contribution (approximately zero) of direct route of 
CO2 hydrogenation to C2+ hydrocarbons compared to the Fe-K and Fe-K- 
Mn catalysts may be related to higher activity in RWGS reaction. In the 
case of the unpromoted Fe catalyst, high CH4 selectivity compared to K- 
promoted catalysts was observed that can be caused by the two reasons. 
The first one is the methanation reaction. The other one is the presence 
of low-selective active sites with the low chain growth probability (α is 
around 0.18). 

4. Conclusions 

The analysis of reaction pathways occurring over Fe-based catalysts 
demonstrated that except for the RWGS reaction and CO hydrogenation 
via FT reaction, additional routes of hydrocarbon formation from CO2 
can be important in the carbon dioxide hydrogenation. One of them is 
the methanation reaction which occurs over all four catalysts. The direct 
pathway of C2+ hydrocarbon formation via FT reaction plays a signifi
cant role at least for the Fe-K and Fe-K-Mn catalysts. In the case of the Fe- 
K catalyst, the spent sample consist of predominantly Fe5C2 phase. From 
this we conclude that certain iron carbides are able to hydrogenate CO2 
directly to C2+ hydrocarbons. Accordingly, the concept of requiring iron 
oxides as an essential active component for catalyzing the RWGS reac
tion in CO2-FTS need to be revised. 

The ASF analysis of hydrocarbon distribution in the products of CO2 
hydrogenation over the unpromoted Fe catalyst indicates the presence 
of two types of active sites responsible for hydrocarbon formation via FT 
reaction. Wherein, low-selective active sites with a chain growth prob
ability of around 0.18 are responsible for high CH4 selectivity as well as 
for an additional direct pathway of CO2 hydrogenation to methane. 

Table 3 
Kinetic parameters of CO2 adsorption over spent catalysts.  

Sample keff
+ , s−1 k−, s−1 logKeff

eq 

Fe 19.4 1.13 2.85 
Fe-K 128 0.15 6.75 
Fe-K-Al 8190 0.08 11.5 
Fe-K-Mn 341 0.28 7.11  

Fig. 7. Scheme including all observed reaction pathways for CO2 hydrogena
tion over Fe-based catalysts. The difference between CO-FT and CO2-FT path
ways is presented in Fig. 3. 
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These sites explain the low selectivity of unpromoted Fe-based catalysts 
and also the necessity of suppressing their formation by doping with 
alkaline metals. 

The obtained results expand the knowledge about reactions pathway 
occurring in CO2 hydrogenation over Fe-based catalysts and are 
important for accurate kinetic modeling of the process of CO2-FT syn
thesis. Moreover, further elucidating the role of iron carbide in the direct 
pathway of CO2 hydrogenation to hydrocarbons may help in preparing 
new catalytic systems with improved performance and high selectivity 
to the desired products. 
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[43] J. Pérez-Ramírez, E.V. Kondratenko, Evolution, achievements, and perspectives of 
the TAP technique, Catal. Today 121 (2007) 160–169. 

[44] K. Morgan, N. Maguire, R. Fushimi, J.T. Gleaves, A. Goguet, M.P. Harold, E. 
V. Kondratenko, U. Menon, Y. Schuurman, G.S. Yablonsky, Forty years of temporal 
analysis of products, Catal. Sci. Technol. 7 (2017) 2416–2439. 

[45] M. Soick, D. Wolf, M. Baerns, Determination of kinetic parameters for complex 
heterogeneous catalytic reactions by numerical evaluation of TAP experiments, 
Chem. Eng. Sci. 55 (2000) 2875–2882. 

[46] J.T. Gleaves, G.S. Yablonskii, P. Phanawadee, Y. Schuurman, TAP-2: an 
interrogative kinetics approach, Appl. Catal. A: Gen. 160 (1997) 55–88. 

[47] M. Rothaemel, M. Baerns, Modeling and simulation of transient adsorption and 
reaction in vacuum using the temporal analysis of products reactor, Ind. Eng. 
Chem. Res. 35 (1996) 1556–1565. 

[48] R.F. Sincovec, N.K. Madsen, Software for nonlinear partial differential equations, 
ACM Trans. Math. Softw. 1 (1975) 232–260. 

[49] F. Gao, L. Han, Implementing the Nelder-Mead simplex algorithm with adaptive 
parameters, Comput. Optim. Appl. 51 (2012) 259–277. 

[50] Python Software Foundation. Python Language Reference, version 3.8. Available at 
http://www.python.org. 

[51] C.R. Harris, K.J. Millman, S.J. van der Walt, R. Gommers, P. Virtanen, 
D. Cournapeau, E. Wieser, J. Taylor, S. Berg, N.J. Smith, R. Kern, M. Picus, 
S. Hoyer, M.H. van Kerkwijk, M. Brett, A. Haldane, J.F. del Río, M. Wiebe, 
P. Peterson, P. Gérard-Marchant, K. Sheppard, T. Reddy, W. Weckesser, H. Abbasi, 
C. Gohlke, T.E. Oliphant, Array programming with NumPy, Nature 585 (2020) 
357–362. 

[52] Plotly Technologies Inc, Collaborative data science (2015). https://plotly.com. 
[53] O.A. Bulavchenko, A.A. Pochtar’, E.Y. Gerasimov, A.V. Fedorov, Y.A. Chesalov, A. 

A. Saraev, V.A. Yakovlev, V.V. Kaichev, Chemical and texture promoters in Cu-Fe- 
Al oxide nanocomposite catalysts for combustion of solid fuel gasification products, 
Appl. Catal. A: Gen. 590 (2020), 117364. 
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Calculation of the segmental rates 

In this part, the procedure of the calculation of the segmental rates is described. As an example, the rates of CO formation and CO2 consumption are 

estimated in the case of the catalytic data of the Fe-K catalyst. The intermediate results and the calculated values of the rates are presented in the 

following table: 

segment number i 1 2 3 4 5 6 7 8 9 10 11 
flow 𝐹𝑖, cm3·h-1 36000 17500 11000 7850 5890 4570 3600 2840 2200 1630 1097 

CO2 conversion, % 2.2 4.7 7.3 10.2 13.1 15.9 17.9 20.1 22.3 25.3 30.3 
CO selectivity, % 62.2 60.7 59.0 56.8 53.0 49.1 45.0 40.9 36.1 29.3 21.0 

 
𝛾𝑖 32.8 16.0 10.0 7.16 5.37 4.17 3.28 2.59 2.01 1.49 1.00 

𝑚𝑖
𝑐𝑢𝑚, g 0.0030 0.0063 0.0100 0.014 0.019 0.024 0.030 0.039 0.050 0.067 0.100 

𝑚𝑖, g 0.0030 0.0033 0.0037 0.004 0.0047 0.0054 0.0065 0.0082 0.011 0.017 0.033 
𝑛̇𝑖

𝐶𝑂2, 102·mmol·s-1 0.2659 0.2591 0.2521 0.2442 0.2363 0.2287 0.2232 0.2173 0.2113 0.2031 0.1895 
𝑛̇𝑖

𝐶𝑂, 102·mmol·s-1 0.0037 0.0078 0.0117 0.0158 0.0189 0.0212 0.0219 0.0224 0.0219 0.0202 0.0173 
𝑟𝑖

𝐶𝑂2, mmol·s-1·g-1 0.0199 0.0206 0.0191 0.0197 0.0168 0.0141 0.0084 0.0073 0.0054 0.0048 0.0041 
𝑟𝑖

𝐶𝑂, mmol·s-1·g-1 0.0124 0.0122 0.0107 0.0101 0.0066 0.0043 0.0010 0.0006 -0.0004 -0.0010 -0.0009 
 

Dimensionless parameter 𝛾𝑖 is estimated according to the following formula: 

𝛾𝑖 =
𝐹𝑖

min({𝐹𝑖})
, 

where min({𝐹𝑖}) is 1097 cm3·h-1 in our case. 
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The values of dimensionless parameter 𝛾𝑖 are used for calculating of the catalyst weight for 

each segments according to the following formulas: 

𝑚𝑖
𝑐𝑢𝑚 = ∑ 𝑚𝑗

𝑖

𝑗=1

=
𝑚𝑐𝑎𝑡

𝛾𝑖
, 

𝑚𝑖 = 𝑚𝑖
𝑐𝑢𝑚 − 𝑚𝑖−1

𝑐𝑢𝑚, 

where 𝑚𝑐𝑎𝑡 is the overall catalyst weight (in our case 𝑚𝑐𝑎𝑡 = 0.100 g). It is worth noting that 

𝑚0
𝑐𝑢𝑚 is equal to 0. The molar flow of CO2 and CO were calculated according to the following 

formulas: 

𝑛̇𝑖
𝐶𝑂2 = 𝐶𝐶𝑂2

∙ min({𝐹𝑖}) ∙ (1 − 𝑋𝐶𝑂2
), 

𝑛̇𝑖
𝐶𝑂 = 𝐶𝐶𝑂2

∙ min({𝐹𝑖}) ∙ 𝑋𝐶𝑂2
∙ 𝑆𝐶𝑂 , 

where 𝐶𝐶𝑂2
is molar concentration of CO2 in inlet of the reactor (in our case the one is equal to 

0.2). Thus, the rates of CO2 consumption and CO formation can be calculated: 

𝑟𝑖
𝐶𝑂2 =

𝑛̇𝑖−1
𝐶𝑂2 − 𝑛̇𝑖

𝐶𝑂2

𝑚𝑖
 

𝑟𝑖
𝐶𝑂 =

𝑛̇𝑖
𝐶𝑂 − 𝑛̇𝑖−1

𝐶𝑂

𝑚𝑖
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Reaction pathways analysis 

It is known that the conversion-selectivity plots are usually used for the analysis of the 

reaction pathways occurring over the catalysts. Let’s consider two-stages mechanism of 

hydrocarbon formation via the following reactions: 

1. 𝐶𝑂2 + 𝐻2 ⇄ 𝐶𝑂 + 𝐻2𝑂  (RWGS) 

2. 𝐶𝑂 + 2𝐻2 ⇄ −(𝐶𝐻2) − +𝐻2𝑂 (CO-FT) 

Let 𝑟𝑅𝑊𝐺𝑆 and 𝑟𝐶𝑂−𝐹𝑇 be the rates of the reactions 1 and 2, respectively. Selectivity for i-

compound 𝑆𝑖 can be defined as: 

3. 𝑆𝑖 =
𝑟𝑖

∑ 𝑟𝑗
𝑛
𝑗=1

, 

where 𝑟𝑖 – the rate of the formation of i-product, 𝑛 – the number of products. Then, CO and 

hydrocarbon selectivity can be presented as: 

4. 𝑆𝐶𝑂 =
𝑟𝐶𝑂

𝑟𝐶𝑂 + 𝑟𝐶𝐻2

=
𝑟𝑅𝑊𝐺𝑆 − 𝑟𝐶𝑂−𝐹𝑇

 𝑟𝑅𝑊𝐺𝑆 − 𝑟𝐶𝑂−𝐹𝑇 + 𝑟𝐶𝑂−𝐹𝑇
=

𝑟𝑅𝑊𝐺𝑆 − 𝑟𝐶𝑂−𝐹𝑇

𝑟𝑅𝑊𝐺𝑆
= 1 −

𝑟𝐶𝑂−𝐹𝑇

𝑟𝑅𝑊𝐺𝑆
 

5. 𝑆𝐶𝐻2
=

𝑟𝐶𝐻2

𝑟𝐶𝑂 + 𝑟𝐶𝐻2

=
 𝑟𝐶𝑂−𝐹𝑇

 𝑟𝑅𝑊𝐺𝑆 − 𝑟𝐶𝑂−𝐹𝑇 + 𝑟𝐶𝑂−𝐹𝑇
=

𝑟𝐶𝑂−𝐹𝑇

𝑟𝑅𝑊𝐺𝑆
 

Because at zero CO2 conversion the CO concentration is equal to 0 (there are only CO2 and H2 

in the gas feed) we have that: 

6. lim
𝑋𝐶𝑂2→0

𝑟𝐶𝑂−𝐹𝑇 = 0 

Thus, by combining expression 6 with 4 and 5 we can see that in the case of the two-stages 

mechanism the CO and hydrocarbons selectivities are 100 and 0 %, respectively, at zero CO2 

conversion. In the case of the mechanism including direct route of hydrocarbons formation from 

CO2: 
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1. 𝐶𝑂2 + 𝐻2 ⇄ 𝐶𝑂 + 𝐻2𝑂  (RWGS) 

2. 𝐶𝑂 + 2𝐻2 ⇄ −(𝐶𝐻2) − +𝐻2𝑂 (CO-FT) 

1. 𝐶𝑂2 + 3𝐻2 ⇄ −(𝐶𝐻2) − +2𝐻2𝑂 (CO2-FT) 

CO and hydrocarbon selectivities can be presented as: 

1. 𝑆𝐶𝑂 =
𝑟𝐶𝑂

𝑟𝐶𝑂 + 𝑟𝐶𝐻2

=
𝑟𝑅𝑊𝐺𝑆 − 𝑟𝐶𝑂−𝐹𝑇

 𝑟𝑅𝑊𝐺𝑆 − 𝑟𝐶𝑂−𝐹𝑇 + 𝑟𝐶𝑂−𝐹𝑇 + 𝑟𝐶𝑂2−𝐹𝑇
=

𝑟𝑅𝑊𝐺𝑆 − 𝑟𝐶𝑂−𝐹𝑇

𝑟𝑅𝑊𝐺𝑆 + 𝑟𝐶𝑂2−𝐹𝑇
 

2. 𝑆𝐶𝐻2
=

𝑟𝐶𝐻2

𝑟𝐶𝑂 + 𝑟𝐶𝐻2

=
 𝑟𝐶𝑂−𝐹𝑇 + 𝑟𝐶𝑂2−𝐹𝑇

 𝑟𝑅𝑊𝐺𝑆 − 𝑟𝐶𝑂−𝐹𝑇 + 𝑟𝐶𝑂−𝐹𝑇 + 𝑟𝐶𝑂2−𝐹𝑇
=

𝑟𝐶𝑂−𝐹𝑇 + 𝑟𝐶𝑂2−𝐹𝑇

𝑟𝑅𝑊𝐺𝑆  + 𝑟𝐶𝑂2−𝐹𝑇
 

And selectivity to CO and hydrocarbons at zero CO2 conversion are: 

1. lim
𝑋𝐶𝑂2→0

𝑆𝐶𝑂 =
𝑟𝑅𝑊𝐺𝑆

𝑟𝑅𝑊𝐺𝑆 + 𝑟𝐶𝑂2−𝐹𝑇
= 1 −

𝑟𝐶𝑂2−𝐹𝑇

𝑟𝑅𝑊𝐺𝑆 + 𝑟𝐶𝑂2−𝐹𝑇
 

2. lim
𝑋𝐶𝑂2→0

𝑆𝐶𝐻2
=

 𝑟𝐶𝑂2−𝐹𝑇

𝑟𝑅𝑊𝐺𝑆 + 𝑟𝐶𝑂2−𝐹𝑇
= 1 −

𝑟𝑅𝑊𝐺𝑆

𝑟𝑅𝑊𝐺𝑆 + 𝑟𝐶𝑂2−𝐹𝑇
 

One can see that selectivity of hydrocarbons are not equal to 0 % at zero CO2 conversion and 

defined by the rates of RWGS and CO2-FT reactions.  
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Product selectivity calculation at zero CO2 conversion 

To estimate the values of product selectivity at zero CO2 conversion, the data about 

conversion-selectivity-relationship was approximated by 2-order polynomial function which 

was used for calculating product selectivity at zero CO2 conversion: 

𝑆𝑖 = 𝐴 ∙ 𝑋𝐶𝑂2

2 + 𝐵 ∙ 𝑋𝐶𝑂2
+ 𝐶, 

where 𝑆𝑖 – selectivity of i-product; 𝑋𝐶𝑂2
 – CO2 conversion; 𝐴, 𝐵, 𝐶 – coefficients of the 

polynomial function. The first 5 points closest to zero CO2 conversion were used for 

determining polynomial coefficients.  

In the case of unpromoted Fe catalyst, C2+ hydrocarbon selectivity at zero conversion 

was around 4.4%. Because this value is a little higher than zero, we performed Monte Carlo 

simulation for estimating an error in determination of this value. For this, we added Gauss noise 

(with 𝜎 = 0.0167 · 𝑥𝑖 and mean = 0; where 𝑥𝑖 – C2+ selectivity or CO2 conversion) to the 

current data and created 500 sets of noised conversion-selectivity-relationship data. For each 

set of conversion-selectivity-relationship points, the polynomial coefficients were calculated 

and used for estimating C2+ selectivity at zero CO2 conversion. The result of Monte Carlo 

simulation is presented in the Figure S2. One can see that the obtained values of C2+ selectivity 

are in a range of 0-10%. An obtained big error is related to an absent of the information about 

selectivity in a range of extremely low CO2 conversion and non-linear behavior of C2+ 

selectivity and conversion relationship. 
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Figures 

 

Figure S1. The distribution of hydrocarbon rates in ASF coordinates (equation 19). 
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Figure S2. The result of Monte Carlo simulation for estimating C2+ selectivity at zero CO2 

conversion. Green dots – experimental data. Blue dots – simulated data. The red solid line – 

experimental data approximation using 2-order polynomial function. Black dash lines – 

simulated data approximation using 2-order polynomial function. 
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Figure S3. TPR-H2 curves of fresh catalysts. 
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Figure S4. XRD patterns of as-prepared catalysts. λ = 0.7093 Å (Mo-K-α1) 
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Figure S5. XRD patterns of reduced catalysts. λ = 0.7093 Å (Mo-K-α1) 
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Figure S6. XRD patterns of spent catalysts. λ = 0.7093 Å (Mo-K-α1) 
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Figure S7. Time on stream profiles of CO2 conversion and product selectivity in CO2 
hydrogenation over the obtained catalysts. Reaction condition: pressure – 15 bar; temperature 
– 300 °C; CO2:H2:N2 – 1:3:1. 
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Figure S8. The hydrocarbons distribution in products of CO2 hydrogenation over Fe-K-Al and 

Fe-K-Mn catalysts in corresponding ASF coordinates. Reaction condition: pressure – 15 bar; 

temperature – 300 °C; CO2:H2:N2 – 1:3:1; GHSV – 10 970 ml· h-1·g-1; time on stream – 25 h. 
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Figure S9. The dependencies between the chain growth probability  and CO2 conversion for 

the obtained catalysts. C3-C10 range of hydrocarbons was used for fitting the data. Reaction 

condition: pressure – 15 bar; temperature – 300 °C; CO2:H2:N2 – 1:3:1. 
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Figure S10. Dimensionless responses of Ar and CO2 obtained after pulsing of CO2:Ar = 1:1 at  

300 °C over spent catalysts. 
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Figure S11. Comparison of simulated responses obtained with kinetic model with the  

experimental CO2 responses over spent catalysts. 
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Figure S12. Height-normalized responses of Ar, H2, D2 and HD obtained after pulsing of  

H2/D2/Ar = 1:1:1 at 300 °C over spent catalysts. 

 

 



20 
 

Tables 

Table S1. Elemental composition and textural characteristics of as-prepared catalysts. 
Catalyst Composition, wt. % Specific surface 

area, m2·g-1 
Pore volume, 

cm3·g-1 
Pore size, 

nm  K Mn Al 
Fe - - - 4 0.08 45 

Fe-K 4.42 (4.62)* - - 13 0.12 40 
Fe-K-Al 4.11 (4.36)* - 2.94 (3.01)* 30 0.13 17 
Fe-K-Mn 4.06 (4.23)* 5.99 (5.94)* - 26 0.12 20 

* theoretical content 
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Table S2. The catalytic performances of the obtained catalysts. C3-C10 range of hydrocarbons was used for calculating the chain growth probability 

by fitting the data in corresponding ASF coordinates. Reaction condition: pressure – 15 bar; temperature – 300 °C; CO2:H2:N2 – 1:3:1; GHSV – 10 

970 cm3· h-1·g-1; time on stream – 25 h. 

sample CO2 
conversion, % 

Selectivity, % Olefins 
content in 
C2-C4, % 

chain growth probability 

CO CH4 C2-C4 C5+ alcohols all 
hydrocarbons paraffins olefins 

Fe 30.2 10.6 42.2 35.9 10.8 0.5 46.4 0.50 0.18-0.68* 0.47 
Fe-K 30.3 21.0 9.2 29.2 37.3 3.2 87.7 0.66 0.71 0.66 

Fe-K-Al 28.3 27.9 8.4 25.9 35.1 2.7 87.8 0.68 0.72 0.67 
Fe-K-Mn 30.2 19.6 10.0 31.1 35.9 3.3 87.2 0.65 0.69 0.64 

* Because  depends on the carbon number, carbon number ranges of C1-C3 and C8-C10 were used for calculating . See Figure 3. 
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Table S3. The product selectivity at zero CO2 conversion in carbon dioxide hydrogenation over 

Fe-based catalysts. 

sample Selectivity, % 
CO CH4 C2+ alcohols 

Fe 76.3 18.5 4.4 0.8 
Fe-K 62.7 6.8 29.4 1.1 

Fe-K-Al 94.0 3.3 2.6 0.1 
Fe-K-Mn 62.4 7.2 29.3 1.1 
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Table S4. Kinetic parameters of CO2 adsorption over spent catalysts. The confidence interval 

for each parameter is listed in the parenthesis below the parameter. 

Catalysts 𝑘+
𝑒𝑓𝑓, s-1 𝑘−, s-1 residual 

Fe 
1.94∙101 

(1.84∙101 – 2.04∙101) 
1.13∙100 

(5.69∙10-1 - 1.88∙100) 
8.64∙10-4 

 

Fe-K 1.28∙102 
(1.27∙102-1.29∙102) 

1.50∙10-1 
(8.53∙10-2  - 2.12∙10-1) 

1.16∙10-3 

 

Fe-K-Al 
8.19∙103 

(8.17∙103 - 8.21∙103) 
8.29∙10-2 

(8.13∙10-2 - 8.41∙10-2) 
2.95∙10-3 

 

Fe-K-Mn 3.41∙102 
(3.39∙102 - 3.43∙102) 

2.77∙10-1 
(2.45∙10-1 - 3.08∙10-1) 

1.54∙10-3 
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Table S5. Correlation matrix of kinetic parameters obtained from modelling procedure for CO2 

adsorption over spent catalysts.  

Catalysts N0 and 𝑘+
 N0 and 𝑘− 𝑘+ and 𝑘− 

Fe -0.9699 0.3131 0.2988 

Fe-K -0.9722 0.2175 0.1618 

Fe-K-Al -0.7893 0.4130 -0.1079 

Fe-K-Mn -0.9673 0.1290 0.0617 
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Kinetics-constrained neural ordinary differential equations: Artificial neural 
network models tailored for small data to boost kinetic model development 
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A B S T R A C T   

Artificial neural networks (ANNs) are powerful tools for solving a wide range of tasks in fundamental and applied 
science. However, training and building reliable ANN models requires a lot of data which so far hinders their 
wider application in kinetic modelling where typically only small (experimental) datasets are available. In the 
present work we propose a method to design ANN models for kinetic modelling that can be trained even with 
small data sets as are typically available. The key idea is to constrain the architecture of the ANN models by 
integrating kinetic and thermodynamic knowledge leading to what we call Kinetics-Constrained Neural Ordinary 
Differential Equations (KCNODE). The feasibility and effectiveness of the approach is first demonstrated in a 
numerical experiment using the catalytic hydrogenation of CO2 to methane as example. Next, we demonstrate 
the approach for real experimental data of a more complex reaction, the hydrogenation of CO2 to higher hy
drocarbons (CO2-FT). Finally, the ANN trained for CO2-FT is used to derive an improved mechanistic model for 
the reverse water gas shift reaction which is a key reaction in the CO2-FT reaction network. This last step ex
emplifies how the opportunity to obtain reliable ANN models from small data opens new ways to approach 
kinetic model development.   

1. Introduction 

The use of ordinary differential equations (ODEs) for describing 
dynamic systems plays a key role in different fields of applied science 
and engineering. One of these fields is kinetic modelling of heteroge
neous catalytic reactions. Another is the development of reliable models 
for describing catalytic process for scale-up or optimizing industrial 
plants in chemical engineering [1]. Traditionally, the development of 
such models builds upon a microkinetic analysis that requires a deep 
knowledge about the reaction mechanism. Postulating rate-determining 
steps and equilibrium stages or a most abundant reaction intermediate 
are general approaches to simplify the model resulting in Langmuir- 
Hinshelwood-Hougen-Watson (LHHW) expressions [2]. Moreover, the 
parameter estimation from experimental data is still an untrivial 
calculation problem [3]. 

In recent years, there has been a rapid rise in the use of machine 
learning (ML) and data science methods for solving many complex tasks 
in the different fields of science, industry, and business. These methods 
were successfully applied for smart discovery of high-performance and 
functional materials [4], revealing the latent knowledge from the 

material science literature [5], modelling complex physicochemical 
processes [6,7] etc. [8–12]. The modern approaches of ML are also 
applied for accelerating the development of kinetic models [13,14]. 

Artificial neural networks (ANNs) as universal approximators [15] 
are a frequently applied machine learning instrument. Their popularity 
is related to their flexibility to be used in various types of ANN archi
tectures [16–20]. In the field of dynamic system modelling, Maziar 
Raissi et al. [7] introduced physics informed neural networks (PINN) as 
a kind of neural networks for solving forward and inverse problems 
involving nonlinear partial differential equations. They embed the 
knowledge about physical laws into the loss function and, thus, the 
trained ANN models satisfy the experimental data as well as the gov
erning equations. Weiqi Ji et al. successfully applied PINN for solving 
stiff chemical problem [21]. Gabriel S.Gusmão et al. [22] generalized 
PINN for any chemical kinetics that was called kinetics-informed neural 
networks. Despite of the effectivity of the suggested approach, it still 
requires knowledge about the reaction mechanism and reaction rate 
expressions. 

In 2018, Ricky T. Q. Chen et al. introduced a new family of deep 
neural network models that are Neural ODEs [23]. They suggested 
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parametrizing the derivative of the hidden state using a neural network: 

dx
dt

= ANN(x, t, θ) (1) 

The application of neural ODEs is an attractive approach for data- 
driven modelling of dynamic systems including kinetic models 
[24,25]. In fact, ANN can be used for approximating reaction rate ex
pressions that are usually unknown. Weiqi Ji and Sili Deng [26] sug
gested a new type of neural ODE – chemical reaction neural network 
(CRNN) for autonomous identifying reaction pathways. The architecture 
of CRNN is based on the law of mass action and the Arrhenius law. 
Despite of successfully demonstration for numerical examples [26], in 
the case of complex dynamic system of biomass pyrolysis [27], it is 
difficult to interpret the developed CRNN model. This is caused by the 
fact that many chemical processes including heterogeneous and cata
lytic reactions cannot be described by simple power-law-like equations. 

In summary, ANNs are a powerful instrument of ML for developing 
quantitative regression models and can be applied for solving a lot of 
tasks. The main advantage is that only data are required for building 
models, and, thus, in the case of kinetic modelling, it obviates the need 
to suggest (guess) reaction mechanism, rate-determining stage etc. 
However, one of the known disadvantages in applying neural networks 
is the requirement of a lot of data for training [28]. This so far limits the 
usage of ANNs in the case of small data sets which are typically available 
for experiment-driven development of kinetic models. Therefore, a 
methodology to obtain reliable ANN-based models from small data sets 
would be extremely valuable because it could significantly expand the 
scope of applying ANN models. In the present work we investigated new 
approaches to apply neural ODEs for kinetic modelling based on small 
data sets. The hydrogenation of CO2 to hydrocarbons served as an 
example. To solve the small data problem and to improve the predicting 
ability of the models, the architecture of ANN was constrained by inte
grating the kinetic and thermodynamic knowledge. The novelty of the 
current study is that we introduce a new approach for kinetic modeling 
based on neural ODE that can be applied even for small noisy data. The 
efficiency of these new ANN models was validated by carrying out nu
merical experiments using a recent LHHW-type model of CO2 hydro
genation to methane from literature [2]. The suggested approach was 
finally applied to a more challenging problem, the kinetics of CO2 hy
drogenation into hydrocarbons, which was modelled based on real 
measured experimental data. 

2. Methodology 

In this part the approach for kinetic modelling of catalytic reactions 
using neural ODE is presented. Two neural ODE models are described: 
the baseline neural ODE used as a reference as well as an improved 
neural ODE whose architecture was constrained with general informa
tion about kinetics and thermodynamics. As an example, the architec
ture of the neural ODE models for kinetic modelling of CO2 
hydrogenation to methane is presented. The following set of the chem
ical reactions was used: 

CO2 + H2⇄CO + H2O (RWGS) (2)  

CO + 4H2⇄CH4 + H2O (CO-FT) (3) 

As a basic model, the following neural ODE model was used in the 
numerical experiment: 

dF
dV

= ANN(p, T, θ), (4)  

where F are molar flows of compounds, V – the catalyst volume, the 
reaction temperature T, and the vector of the partial pressure p, θ – 
learnable parameters of ANN. In such notation the inputs of neural 
network have partial pressure of components, and, thus, the partial 
pressure was calculated by the following formula: 

pi =
Fi⋅PΣ
∑

Fj
, (5)  

where PΣ is the total pressure. It is worth mentioning that there are 
parameters like T or PΣ which are independent of V and should be 
constant along the reactor length. Parameterized neural ODE (PNODE) 
[29] suggested by Kookjin Lee and Eric J.Parish is an extension of neural 
ODE and was developed for cases when such independent parameters 
have to be taken into account. The main idea is to use additional 
encoder-decoder neural layers. Despite of authors demonstrated the 
effectiveness of PNODEs on benchmark problems from computational 
physics, the suggested approach still has a disadvantage. It is related to 
the complication of the architecture of neural ODEs and an increase in 
number of learnable parameters that require more data for model 
training. In our work we suggest a simpler approach for the problem of 
independent parameters that does not require to use additional ANN 
learnable variables. Our approach is to return zeros values as outputs of 
the ANN implementation for such constant parameters (their derivatives 
are zero). This makes them to be constant and independent of V. 

In the case of improved neural ODE model, the following modifica
tions were applied. Firstly, instead of using ANN for approximating 
molar flows of each component as in the baseline model, we suggest 
using ANN for approximating the reaction rates which are the feature of 
most interest to reaction engineers but also the basis for a detailed, 
mechanism-based kinetic modelling. In the case of the CO2 hydrogena
tion to methane, the considered reactions are RWGS and CO-FT. It is 
worth mentioning that reactions pathways can be obtained by analyzing 
selectivity-conversion dependencies for any reaction networks [30–33]. 
So, the rates of formation/consumption of each compound can be 
calculated by using the stoichiometric matrix Mν of the corresponding 
reactions: 

rc = MνrR, (6)  

where rc and rR are the vectors of the compound and reaction rates. 
Secondly, the ANN model of the rate expression is split into two parts. 
The first part is a feedforward neural network where inputs are partial 
pressure of components, and the second one is the Arrhenius-type 
expression for temperature dependence of rates. The second part rep
resents a neural network layer with exponential activation function that 
is applied in the CRNN [26]. ‘Arrhenius’ temperature Tm as input for this 
layer was used and is defined as: 

Tm =
1
R

(
1
T

−
1

Tref

)

(7)  

where R – the gas constant, T – temperature, Tref = 573.15 K. Thus, 
weights and biases for this layer represent the activation energies and 
the logarithm of rate constants, respectively. The next step is to integrate 
the information about thermodynamic of the RWGS reaction. At equi
librium of partial pressure of components, the rate of RWGS reaction 
must be equal to 0 and if the reaction product Π is more than Keq the rate 
must be negative. Finally, the trivial information that the rates must be 
equal to 0 at the absence of reagents is added (the rates should be zero if 
the partial pressure of involved reagents is zero). As summary, the rates 
can be presented as: 

rRWGS = kref
RWGSexp

(

−
ERWGS

a

R

(
1
T

−
1

Tref

) )

⋅

pCO2 pH2

(

1 −
Π

Keq

)

ANN(p, θ)

(8)  

rFT = kref
FT exp

(

−
EFT

a

R

(
1
T

−
1

Tref

) )

⋅

pCOpH2 ANN(p, θ)

(9) 
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Π – the reaction product of the RWGS that can be defined as: 

Π =
pCOpH2O

pCO2 pH2

(10)  

We refer to such type of neural ODE a ‘Kinetics-Constrained Neural ODE’ 
(KCNODE). The general idea and the architecture of KCNODE for kinetic 
modelling of CO2 hydrogenation to methane are presented in the Fig. 1. 

It is important to emphasize that for any values of neural network 
parameters the following constraints are met:  

• Material balance.  
• The rate of RWGS reaction is 0 at equilibrium. At Π < Keq the rate >

0.  
• Arrhenius dependency of the rates on temperature.  
• The rates are equal to 0 in absence of reagents. 

It is worth also noting the key difference between our approach and 
PINN models. In PINN, the knowledge about physical laws is embedded 
at training of ANN by using corresponding loss functions. In our case, the 
architecture of ANN is already intrinsically constrained by kinetic and 
thermodynamic knowledge. 

3. Experimental part 

3.1. Numerical data generation 

To train and validate the ANN models, the data from a typical fixed 
bed reactor are needed. Since one of the tasks in the present study is to 
develop a kinetic model of CO2 hydrogenation to higher hydrocarbons 
(CO2 Fischer-Tropsch synthesis (CO2-FTS)) using ANNs, for the numer
ical experiment we have selected the kinetic model recently published 
by Lucas Brübach et al. [2]. The authors demonstrated that the sug
gested kinetic model describes the CO2-FTS well. This model is based on 
two reactions: the RWGS and CO-FT reaction. Based on elementary re
action steps, the authors suggested the following empirical LHHW ex
pressions for describing the rates ri of the RWGS and CO-FT reactions: 

rRWGS =

kRWGS

(

pCO2

̅̅̅̅̅̅̅pH2

√
−

pCOpH2 O

Keq
̅̅̅̅̅̅
pH2

√

)

(

1 + aRWGS
pH2 O

pH2

)2 (11)  

rFT =
kFT pCOpH2

(

1 + aFT
pH2 O

pH2
+ bFT pCO

)2 (12) 

To simplify the numerical experiment, we did not model the hy
drocarbons distribution in full detail but considered methane to be the 
only product of CO-hydrogenation reaction (rFT was used as rate of 
methane formation). 

The temperature dependency of the rate constants is given by re- 
parameterized Arrhenius equation: 

ki = ki,ref exp
(

−
Ea,i

R

(
1
T

−
1

Tref

) )

(13) 

For calculation of the equilibrium constant Keq of the RWGS reaction 
at different temperature the following expression was used: 

logKeq = 3.933 −
4076

T/K − 39.64
(14) 

The values of all parameters used in the simulations can be found in 
the Table S1. As reactor model, we selected the steady-state ideal plug- 
flow reactor model. It was assumed that temperature and total pressure 
are constant along the reactor length; axial dispersion and wall effect are 
negligible; internal and external mass transfer limitations are also 
negligible. Based on this, the data was generated by the solving the 
following system of ordinary differential equations: 

dFj

dV
= ρc

∑

i
νi,jri, (15)  

For solving this stiff system of ordinary differential equations, the nu
merical Adams/BDF method with automatic stiffness detection and 
switching was used [34]. The developed reactor model was used for 
generating training and test data sets. A small training data set 
mimicking a typical set of catalytic experiments that could be used for 

Fig. 1. Topology of kinetics-constrained neural ordinary differential equation. tanh, sigmoid and exp are neural layers with hyperbolic tangent, sigmoid and expo
nential activation functions, respectively; product is a layer which returns the multiplication of all the inputs; the sign ‘ × ’ expresses matrix multiplication and the 
sign ‘ + ’ is the concatenation. Fi – molar flow of i-compound; PΣ – the total pressure; Pi – the partial pressure of i-compound; Π – the reaction product; K – the 
equilibrium constant. 
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creating the kinetic models in conventional way was used for training 
ANN models. The reaction conditions used for generating the training 
data set are presented in the Table 1. The catalyst volume V was varied 
in a range from 10-4 to 10-1 cm−3. For each reaction conditions, the 7 
points of V were uniformly spaced in a logarithmic scale across the 
chosen range. In the case of training the baseline model (see the baseline 
model), the data with zero molar flows of CO2 + CO or zero flow of H2 
were additionally added. In these cases, the molar flows are constant 
along the reactor length and equal to the molar flows at the reactor inlet. 

To investigate the influence of data size on the generalization of 
neural ODE models, training datasets with different amount of data
points were generated (see Table 2). 

To make the modelling task more realistic, we added Gauss noise to 
the data to imitate an experimental error. Training sets with 0.0, 2.5 %, 
5.0 %, and 10 % noise were generated. To validate the performance of 
the obtained neural ODE models, another larger test data set was 
generated by a full factorial design [35] using the following reaction 
conditions:  

• Temperature: 255, 285, 315, 345 ◦C.  
• Pressure: 12, 14, 16, 18 bar.  
• CO2 molar flow: 0.0, 0.5, 1.2 mol⋅s−1.  
• H2 molar flow: 2.5, 4.0, 5.5 mol⋅s−1.  
• CO molar flow: 0.0, 0.3 mol⋅s−1.  
• CH4 molar flow: 0.0, 0.3 mol⋅s−1.  
• H2O molar flow: 0.0, 0.3 mol⋅s−1. 

The molar flow of N2 was set to 1.0 mol⋅s−1. Thus, the total amount of 
different reaction conditions was 1152 (compared to 8 in the training 
data set, Table 1). The catalyst volume V was varied in a range from 10-4 

to 1 cm−3. For each reaction conditions, the 20 points of V were uni
formly spaced in a logarithmic scale across the chosen range. 

3.2. The architecture of the baseline neural ODE 

The neural network consists of 3 layers with 8, 8, and 5 nodes per 
layer, and with activation functions: hyperbolic tangent, exponential 
and linear, respectively. The first layer consists of 6 inputs: partial 
pressure of compounds (for CO2, CO, H2, H2O, CH4) and temperature. 
The output of the linear layer is expanded by concatenating with 3- 
dimensional zeros vector (for temperature, total pressure and N2 
molar flow). Before training, the value of total pressure and temperature 
were scaled by dividing by the maximum values. 

3.3. The architecture of the kinetics-constrained neural ODE 

3.3.1. CO2 hydrogenation to methane 
The detailed architecture of the KCNODE for modelling of CO2 hy

drogenation to methane was described in the methodology. The hidden 
layer of the neural network with a hyperbolic tangent activation func
tion consists of 8 nodes. The first layer consists of 6 inputs: partial 
pressure of compounds (for CO2, CO, H2, H2O, CH4) and temperature. To 
investigate the performance of KCNODE models, an analogue model 

with 20 nodes in the hidden layer was also constructed. Before training 
the values of pressure was scaled by dividing by the maximum total 
pressure. 

3.3.2. CO2 hydrogenation to hydrocarbons 
The suggested approach was applied for kinetic modeling of the 

process of CO2 hydrogenation into hydrocarbons using real experi
mental data. It is generally accepted [36,37] that the process of CO2-FT 
synthesis proceeds in two stages: the RWGS reaction followed by CO 
hydrogenation via FT mechanism. Besides, an additional pathway of 
direct CO2 hydrogenation to methane, also known as the Sabatier re
action, occurs over Fe-based catalysts that was suggested in the works 
[30,33,38,39]. Thus, the following reaction set was used for building the 
model: 

CO2 + H2⇄CO + H2O (16)  

CO +

(

2 + 1
/n

)

H2→1
/nCnH2n+2 + H2O (17)  

CO + 2H2→1
/nCnH2n + H2O (18)  

CO + 2H2→
1
n
CnH2n+1OH +

(

1 −
1
n

)

H2O (19)  

CO2 + 4H2→CH4 + 2H2O (20)  

The reaction of CO hydrogenation via FT mechanism has a kinetic 
limitation. The mass fraction Wn(n – carbon number) of hydrocarbons 
(or alcohols) in the products can be described by the Anderson-Schulz- 
Flory (ASF) distribution [40–42]: 

Wn = n(1 − α)
2αn−1 (21)  

where n is carbon number, α is the chain growth probability that is 
defined as ratio between the rate of the chain prolongation per the sum 
of the chain prolongation and termination rates [43]. The equation al
lows describing the formation of each product observed using only a few 
parameters. Thus, assuming the validity of the ASF the formation rate of 
compound with carbon number n can be defined as: 

rn = nαn−1r1 (22)  

The expression (22) was also used to describe the formation of olefins 
and alcohols because they correspond to ASF except for CH3OH and 
C2H4 (see Fig. 3, D and E). To consider these deviations from ASF, 
additional dimensionless empirical coefficients (δen and δOH) were used 
and the rates of methanol and ethylene formation are defined as: 

rC2H4 = 2⋅δen⋅αen⋅ren
1 (23)  

rCH3OH = δOH ⋅rOH
1 (24)  

Here, it is worth mentioning that ren
1 means the rate of formation of 

Table 1 
Reaction conditions for generating the training data set.  

# Temperature, ◦C Pressure, bar Molar flow, mol⋅s−1 

CO2 CO H2 N2 

1 250 10  1.0 0  3.0  1.0 
2 300 10  1.0 0  3.0  1.0 
3 350 10  1.0 0  3.0  1.0 
4 300 15  1.0 0  3.0  1.0 
5 300 20  1.0 0  3.0  1.0 
6 300 10  1.0 0  2.0  1.0 
7 300 10  1.0 0  6.0  1.0 
8 300 10  0.5 0.5  3.0  1.0  

Table 2 
Reaction conditions for generating the training datasets with different size.  

# Number of experimental 
data pointsa 

Used reaction 
conditions b 

Values of V, cm−3 

1 112 1–8 10-4, 3.2⋅10-4, 10-3, 3.2⋅10- 

3, 10-2, 3.2⋅10-2, 10-1 

2 80 1–8 10-4, 5.6⋅10-4, 3.2⋅10-3, 
1.8⋅10-2, 10-1 

3 48 1–8 10-4, 3.2⋅10-3, 10-1 

4 20 2, 3, 5, 7, 8 10-2, 10-1  

a number of experimental data points = number of reaction conditions ×

number of points of V × number of reactions; 
b reaction condition used for the data generation from Table 1. 
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‘hypothetical’ alkene with carbon number 1 which are not considered as 
a product of CO2 hydrogenation but used only to calculate the rates of 
alkene formation. The deviation from ASF distribution in C2 could be 
due to high reactivity of ethylene or C2-intermediates participating in 
the chain growth compared to other olefins [44–46]. A decrease in 
methanol selectivity compared to ideal ASF distribution could be 
explained by a separate parameter of the termination probability. So, 
Panzone et al. found that the methanol termination probability param
eter (the rate constant) is 3.5 lower than the one of other alcohols [47]. 
In the case of paraffins, a non-linear dependence of hydrocarbon dis
tribution in the corresponding ASF coordinates is observed (see Fig. 3, 
C). Such non-linear behavior can be related to the presence of the two 
different types of active sites taking part in processes of the chain growth 
that was discussed in the works [46,48]. Thus, the rate of paraffin for
mation with carbon number n can be described as: 

rn = μ⋅n⋅αn−1
an1

⋅ran
1 + (1 − μ)⋅n⋅αn−1

an2
⋅ran

1 , (25)  

where μ and 1 −μ are the fraction of paraffin products having molecular 
weight distribution parameters αan1 and αan2 respectively. It is worth 
noting that the suggested parameters like the chain growth probability 
αan1 , αan2 , αen, and αOH; empirical coefficients δen and δOH; fraction μ also 
depend on reaction conditions (partial pressure of compounds, tem
perature), and that the ANN model was used for predicting the values of 
these parameters. 

The inputs for the hidden layer of ANN in the case of modeling of the 
CO2-FT process are partial pressure of compounds (CO2, CO, H2, H2O), 
temperature, and time on stream. Time on stream was used because an 
activation-deactivation process was observed (see Fig. S9) during the 
measurement of the catalyst activity in CO2 hydrogenation. The ANN 
was used for predicting the reaction rates (16)–(20) as well as the sug
gested parameters (αan1 , αan2 , αen, αOH, δen, δOH, and μ). Thus, the number 
of outputs for each a node of the hidden layer was 12. For the hidden 
layer of the ANN with a hyperbolic tangent activation function 8 nodes 
were used. The model takes into consideration the formation of alkanes 
and alkenes (up to 15 carbon number), and alcohols (up to 7). Before 
training the value of total pressure was scaled by dividing by the 
maximum total pressure and time-on-stream was scaled by dividing by 
the maximum value of time-on-stream in the experimental data set. 

3.4. Training neural network models 

The Runge-Kutta 3/8 Method (RK4) and Runge-Kutta of order 5 of 
Dormand-Prince-Shampine method (DOPRI5) method were used for the 
integration of neural ODE [49]. Training neural network models was 
carried out by minimization of the loss functions using ADAM [50] 
optimizer with a learning rate of 0.005. The training ended when the 
loss function flatlined. In the case of the numerical experiment, the 
following loss function was used: 

loss = MSE(Fexp, Fpred), (26)  

where MSE is the mean squared error. 
In the case of training KCNODE using experimental data the 

following loss function was used: 

loss = 5⋅MSEi=(CO2 ,CO,CH4)

(
Fexp

i

Fscale
i

,
Fpred

i

Fscale
i

)

+

1
3

MSEi=alkene

(
Fexp

i

Fscale
i

,
Fpred

i

Fscale
i

)

+

1
3

MSEi=alkane

(
Fexp

i

Fscale
i

,
Fpred

i

Fscale
i

)

+

1
3

MSEi=alcohol

(
Fexp

i

Fscale
i

,
Fpred

i

Fscale
i

)

(27)  

where Fscale
i – a characteristic scale for compound i that was calculated as 

a maximum value for the molar flow of i-compound in the dataset. In the 
work [51] Suyong Kim et al. suggested using such the scaling (dividing 
by Fscale

i in the expression (27)) to mitigate stiffness of ODE. Another, 
reason for splitting the loss function in this way is to make the contri
bution of each hydrocarbon (or alcohol) in the loss function smaller than 
the contribution of CO2, CO, and CH4. This is related to the point that 
only few parameters (αan1 , αan2 etc.) are needed to describe hydrocarbon 
(and alcohol) distribution (36 measured compounds: 15 paraffins + 14 
olefins + 7 alcohols). L2-regularization was used for mitigating stiffness 
of neural ODE at training. The parameter of the regularization was set to 
10-6. 

3.5. Catalyst preparation, characterization, and testing 

For measuring data for kinetic modeling of CO2 hydrogenation to 
hydrocarbons, a typical Fe-based catalyst doped by K and Cu was pre
pared by incipient wetness impregnation method using Al2O3 support. 
The full description of preparation method and catalyst characterization 
can be found in the supplementary material. The catalysts were tested in 
CO2-FT reaction at the following reaction conditions:  

• Temperature in a range 250–310 ◦C.  
• Pressure in a range 10–20 bar.  
• Modified residence time in a range 52.4–5327 kg⋅s⋅m−3.  
• CO2:H2 ratio in a range 1.5–6.0.  
• CO:CO2 ratio in a range 0.0–0.52. 

Time on stream was at least 14 h for each reaction condition. The 
detailed description of catalytic experiments and experimental setup can 
be found in the supplementary material. The absence of any external 
heat transfer, external diffusion limitations, the wall effect, and axial 
dispersion were checked by applying Mears and Weisz-Prater criteria 
[52,53] (see supplementary material). It is worth noting that the cata
lysts were periodically tested at the same condition (baseline) during 
catalytic measurements. This allowed to follow activation-deactivation 
processes occurring under CO2 reaction conditions (see Fig. S9). 

3.6. Software and hardware specifications 

Python programming language (version 3.9.12-64bit, Windows 10 
Pro) was used for calculation [54]. Scientific libraries NumPy [55] 
(version 1.23.0), SciPy [56] (version 1.8.1), Pandas [57] (version 
1.23.0), Scikit-learn [58] (version 1.1.1) were used for data analysis and 
evaluation. Pytorch [59] (version 1.12.0) and Torchdyn [49] (version 
1.0.3) were used for building and training neural networks models. 
Plotly [60] (version 5.9.0) was used to visualize the results. All calcu
lations were performed by using 11th Gen Intel Core i-7 11700F (no GPU 
was used). All the code is openly available on GitHub at https://github. 
com/LIKAT-Rostock/kcnode-paper. 

4. Results 

4.1. Numerical experiment 

In this part we investigated the generalization of the neural ODE 
models trained by using the small, simulated data set. The process of 
training the neural ODE models represented as dependency between loss 
function and epoch number is summarized in the Fig. S1. The general
ization of the obtained models in predicting training and test data sets 
are presented in Fig. 2. 

One can see that the baseline model fits the training data correctly 
which corresponds to the low value of loss function (see Table 2). 
However, this model performs poorly when it was used for predicting 
and describing data outside of the training range. This is clearly visible 
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in Fig. 2 (B-C) where the baseline model was used for extrapolating and 
fitting the test data set. Accordingly, a high value for the loss function 
was obtained for the test data test (Table 2). ANN models are known to 
require a lot of data for training, and the obtained result proves this. 

Therefore, we can conclude that the standard approach for chemical 
kinetics modelling using neural ODE cannot be applied when ANN 
models are trained based on small data set. 

To improve the neural ODE models, the kinetic and thermodynamic 
information about CO2 hydrogenation to methane was added into the 
architecture of neural ODE model. From the lower row of plots in Fig. 2 
one can see that the suggested approach improves the predicting ability 
of ANN model significantly. With this model, the value of the loss 
function for the test data set has decreased around 2900 times compared 
to the baseline model (Table 3). Moreover, the KCNODE model can 
describe the data outside of the training range correctly that is seen from 
the presented results. It is also worth noting that the loss function for the 
training data set in the case of the KCNODE model is lower than in the 
case of the baseline model (see Table 3). Wherein, the numbers of 
learnable parameters for the baseline and KCNODE models are 177 and 
70, respectively. Thus, an increased number of parameters of the base
line model is not enough to achieve the same low value of the loss 

Fig. 2. Comparison of the generalization capability between baseline neural ODE (top) and kinetics-constrained neural ODE (bottom) models. A and D: Parity plots 
for molar flows of reagents and products. B and E: Observed (dots) and fitting (line) data of dependencies between the molar flow of CO2 and the catalyst volume V 
for training data and their extrapolation (reaction condition: CO2:H2:N2 – 1:3:1, pressure – 10 bar). C and F: Observed (dots) and fitting (line) data of dependencies 
between the molar flow of CO2 and the catalyst volume V for selected test data (reaction condition: CO2:CO:H2:H2O:N2 – 0.7:0.3:4:0.2:0.5, pressure – 12 bar). 

Fig. 3. The loss function of the test data for the obtained KCNODE models 
trained with different non-noisy and noisy training datasets having various 
number of experimental data points. The loss function was calculated by the 
expression (26). 

Table 3 
Values of loss function of the obtained models for training and test data sets.   

Loss function 
training data set test data set 

Baseline model 5.2⋅10-4 0.58 
KCNODE 0 % 0.4⋅10-4 2.0⋅10-4 

KCNODE 2.5 % 1.6⋅10-4 4.6⋅10-4 

KCNODE 5.0 % 3.1⋅10-4 4.0⋅10-4 

KCNODE 10 % 1.6⋅10-3 1.1⋅10-3 

KCNODE 20 N* 0.4⋅10-4 2.1⋅10-4 

% means the value of Gauss noise in the training data set; *Kinetics-constrained 
neural ODE model with 20 nodes in the hidden layer and was trained by ‘no- 
noise’ data. The loss function was calculated by the expression (26). 
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function for training data set as in the case of the KCNODE model. 
It is well-known that real data has experimental errors that can in

fluence the performance of ANN models. This can be especially critical 
in the case of small data sets. For investigating this influence, KCNODE 
models were obtained by using the training data sets with added Gauss 
noise (0–10 %). The loss function values for the models trained on data 
of various noise levels are presented in the Table 3 (training of the 
models in Fig. S2, parity plots can be found in Fig. S3). One can see an 
increase in the values of the loss function for training and test data sets 
with increasing noise in the training data, but the values of the loss 
function for test data have the same order of magnitude in the case of 
0–5 % of Gauss noise. Thus, the generalization of KCNODE models 
trained with noisy data is still high. It is interesting to mention that the 
obtained KCNODE models are quite resistant to overfitting. This cannot 
at all be said about the baseline model. To investigate the resistance of 
KCNODE model to overfitting in more detail, the model with an 
increased number of learnable parameters (the number of nodes in the 
hidden layer was increased from 8 to 20) was trained by using the same 
training data set (see Table 3). The obtained model has also high pre
dicting ability. Wherein, the number of parameters of the obtained ANN 
model is 166 and even higher than the number of independent experi
mental data points (the number of reaction conditions × the number of 
points of V × the number of reactions = 8⋅7⋅2 = 112 < 166). 

Since the obtained results indicates that the KCNODE models are not 
prone to overfitting, we investigated in more detail how the training 
data size impacts the performance of KCNODE models. Fig. 3 shows the 
values of the loss function of the test data for the KCNODE models 
trained with different datasets of varying size. One can see that a 
decrease in the data size does not lead to significant change in the loss 
function for noisy and non-noisy training data sets. A large increase in 
the loss function is observed only for the smallest training data set with 
only 20 experimental data points. 

Thus, we demonstrated that neural ODE models additionally con
strained by adding kinetic and thermodynamic knowledge can be used 
to successfully model the kinetics of CO2 hydrogenation to methane 
using a small data set even in the presence of noise in the data. They 
described experimental data correctly, wherein, the obtained models do 
not show a tendency for overfitting during the training. The presence of 
chemistry knowledge in the architecture of KCNODE model is the reason 
for the resistance to overfitting. The next part of work is devoted to 
applying this approach for kinetic modeling CO2 hydrogenation to hy
drocarbons using real experimental data. 

4.2. Modelling of CO2 hydrogenation to hydrocarbons 

The KCNODE model was applied for kinetic modeling of CO2 hy
drogenation to hydrocarbons. To validate the generalization of KCNODE 
model, 10-fold cross validation was used. The training runs of the model 
are presented in Fig. S4. The absence of an increase in values of the loss 
function for the test data sets during the training indicates that the ANN 
models are not overfitting. The mean values of the loss function are 
2.5⋅10-3 and 1.6⋅10-2 for training and test data sets, respectively. A parity 
plot comparing experimental and predicted values of molar flows in the 
test data is presented in Fig. 4A. The final KCNODE model was trained by 
using all the experimental data because the ANN model was shown to be 
not prone to overfitting. 

As seen in Fig. 4, the obtained model correctly describes the 
conversion-selectivity profiles of CO2 hydrogenation as well as the dis
tribution of the reaction products (alkanes, alkenes, and alcohols). The 
profiles of the reaction products and reagents at other reaction condi
tions are also correctly described (see the supplementary material, 
Figs. S5–S8). Thus, the KCNODE was successfully applied for describing 
the kinetics of CO2 hydrogenation to hydrocarbons over Fe-based cata
lysts and is able to predict reactant consumption and products formation 

Fig. 4. A: Parity plot of the KCNODE model for describing CO2 hydrogenation to hydrocarbons using 10-fold cross validation. B: Product selectivity versus CO2 
conversion at reaction condition: CO2:H2:N2 – 1:3:1, pressure – 15 bar temperature – 270 ◦C. C, D, E: Experimental and fitting data representing products distribution 
for alkanes, alkenes, and alcohols, respectively. 
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as well as the hydrocarbon (and alcohol) distribution. 

5. Discussion 

Kinetic modeling of CO2 hydrogenation over Fe-containing catalysts 
is usually based on empirical LHHW models. Riedel et al. [61] were the 
first who investigated the kinetics of CO2 hydrogenation and suggested a 
LHHW model based on RWGS, CO-FT, and CO2-FT reactions, where only 
propane was considered as a product of the FT synthesis. In the work [2], 
Brübach et al. suggested a new LHHW type kinetics expressions for 
modeling CO2 hydrogenation, but they also considered only one organic 
compound (C4) for describing reaction products. It is noted that the 
development of models predicting hydrocarbon distribution is a difficult 
task for kinetic modeling of CO2 hydrogenation. Panzone et al. [62] 
developed a semiempirical macrokinetic model to describe products of 
CO2 hydrogenation including hydrocarbon distribution using the ASF 
distribution. Recently, a microkinetic approach was applied that 
allowed obtaining the models successfully describing reagent con
sumption and products formation as well as hydrocarbon distribution of 
CO2 hydrogenation that were demonstrated in works [47,63]. From the 
presented works one can see the complexity of kinetic modeling of CO2 
hydrogenation to hydrocarbons. In our work we demonstrated that 
KCNODE could be successfully applied for describing the kinetics of this 
complicated reaction. 

It is worth mentioning that the calculational and time costs for 
building ANN models are significantly lower compared to the develop
ment of a kinetics model in the traditional way which requires deep 
knowledge about mechanism of reactions and great expertise in making 
appropriate simplifying assumptions, and for the solving inverse kinetic 
task (Fig. 5). In contrast, an easily obtained KCNODE model can already 
be used for further development, e.g. scale-up related modelling in 
chemical engineering. However, the KCNODE model can be also used for 
gaining insights into the underlying chemical processes by generating 
virtual data. It could be considered as an intermediate model helping to 
develop a kinetic model based on fundamental mechanistic principles 
and to elucidate the reaction mechanism. 

To demonstrate this procedure of using the KCNODE as intermediate 
model, we screened the literature for kinetic models of the RWGS re
action to find the kinetic expression that is best matching the rates 
estimated by the developed KCNODE model and the one calculated by 
the LHHW expressions suggested in the literature (see the supplemen
tary material). We also derived a new type of LHHW expression for 
describing the rate of the RWGS based on elementary reaction steps: 

rRWGS =

k
(

pCO2 pH2 −
pCOpH2 O

Keq

)

̅̅̅̅̅̅̅pH2

√
(

1 + a⋅pCO + b⋅ pH2O̅̅̅̅̅̅
pH2

√ + c⋅pCO2

)2 (28)  

which is a composition of the models suggested in two publications 
[2,64]. We found that our model fits the data as well as the best liter
ature model but has fewer parameters. Thus, the KCNODE model was 
useful as an intermediate model to identify a suitable rate equation for 
the RWGS reaction. In a similar way, the KCNODE model can be used to 
develop and test other rate equations that may then be based on 
fundamental principles. Applying this procedure for other parameters 
(like rFT, α, etc.) as well as the analysis of the catalyst activation/deac
tivation of CO2-FTS was out of scope for the current investigation but 
would be of great interest. It worth mentioning that the suggested 
approach can be easily expanded and applied in the kinetic modelling of 
continuous stirred-tank reactor. 

6. Conclusions 

In summary, we have introduced the KCNODE (Kinetics-Constrained 
Neural Ordinary Differential Equation) approach for describing kinetics 
of heterogeneous catalytic reactions. The approach is based on con
straining the architecture of neural ODE by integrating general knowl
edge about kinetics and thermodynamics of a catalytic process. A 
numerical experiment demonstrated that KCNODE model can be used 
for kinetic modeling of CO2 hydrogenation to methane using a small 
data set. The method does work even in presence of noise in the data. 
The developed approach could also be successfully applied for modeling 
the kinetics of CO2 hydrogenation to hydrocarbons based on experi
mental data. The obtained KCNODE model was able to describe reagent 
consumption and product formation as well as their distribution 
correctly. Because the KCNODE models can be trained on small data sets 
and are resistant to overfitting, the approach can be recommended for 
the fast development of kinetic models of any catalytic reaction; the 
KCNODE model can also help in developing kinetic models based on 
fundamental principles and for elucidating reaction mechanism. An 
application of the KCNODE for other catalytic reactions in homogeneous 
and heterogeneous catalysis would be of great interest. Training ANN 
models on small data does not incur high computational costs which 
makes the development such ANN approachable for many researchers. 
The KCNODE significantly expands the scope of usage of neural ODE for 
describing, analyzing, and developing models based on ordinary dif
ferential equations. 

Fig. 5. Comparison of traditional and KCNODE-based kinetic modeling.  

A. Fedorov et al.                                                                                                                                                                                                                                



Chemical Engineering Journal 477 (2023) 146869

9

CRediT authorship contribution statement 

Aleksandr Fedorov: Conceptualization, Investigation, Methodol
ogy, Data curation, Writing – original draft, Writing – review & editing. 
Anna Perechodjuk: Investigation. David Linke: Conceptualization, 
Supervision, Project administration, Funding acquisition, Writing – re
view & editing. 

Declaration of Competing Interest 

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper. 

Data availability 

Data will be made available on request. 

Acknowledgements 

Financial support from German Federal Ministry of Education and 
Research (BMBF) through the project InnoSyn (FKZ: 03SF0616B) and 
from German Research Foundation (DFG) through the project NFDI4Cat 
(DFG no. 441926934) are gratefully acknowledged. The authors thank 
Dr. Henrik Lund and Dr. Armin Springer for the XRD analysis and 
recording SEM images as well as Anja Simmula for ICP-OES measure
ment. The authors also thank Reinhard Eckelt and Dr. Hanan Atia for 
BET and TPR-H2 measurement. 

Appendix A. Supplementary data 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.cej.2023.146869. 

References 

[1] G. Yablonsky, V. Bykov, A. Gorban, V. Elokhin, Kinetic Models of Catalytic 
Reactions, Elsevier, 1991. 

[2] L. Brübach, D. Hodonj, P. Pfeifer, Kinetic analysis of CO2 hydrogenation to long- 
chain hydrocarbons on a supported iron catalyst, Ind. Eng. Chem. Res. 61 (2022) 
1644–1654. 

[3] S. Matera, W.F. Schneider, A. Heyden, A. Savara, Progress in accurate chemical 
kinetic modeling, simulations, and parameter estimation for heterogeneous 
catalysis, ACS Catal. 9 (2019) 6624–6647. 

[4] P. Priya, N.R. Aluru, Accelerated design and discovery of perovskites with high 
conductivity for energy applications through machine learning, npj Comput. 
Mater. 7 (2021) 90. 

[5] V. Tshitoyan, J. Dagdelen, L. Weston, A. Dunn, Z. Rong, O. Kononova, K.A. Persson, 
G. Ceder, A. Jain, Unsupervised word embeddings capture latent knowledge from 
materials science literature, Nature 571 (2019) 95–98. 

[6] G.E. Karniadakis, I.G. Kevrekidis, L. Lu, P. Perdikaris, S. Wang, L. Yang, Physics- 
informed machine learning, Nat. Rev. Phys. 3 (2021) 422–440. 

[7] M. Raissi, P. Perdikaris, G.E. Karniadakis, Physics-informed neural networks: A 
deep learning framework for solving forward and inverse problems involving 
nonlinear partial differential equations, J. Comput. Phys. 378 (2019) 686–707. 

[8] M. Bogojeski, L. Vogt-Maranto, M.E. Tuckerman, K.-R. Müller, K. Burke, Quantum 
chemical accuracy from density functional approximations via machine learning, 
Nat. Commun. 11 (2020) 5223. 

[9] H. Gerdes, P. Casado, A. Dokal, M. Hijazi, N. Akhtar, R. Osuntola, V. Rajeeve, 
J. Fitzgibbon, J. Travers, D. Britton, S. Khorsandi, P.R. Cutillas, Drug ranking using 
machine learning systematically predicts the efficacy of anti-cancer drugs, Nat. 
Commun. 12 (2021) 1850. 

[10] D. Silver, J. Schrittwieser, K. Simonyan, I. Antonoglou, A. Huang, A. Guez, 
T. Hubert, L. Baker, M. Lai, A. Bolton, Y. Chen, T. Lillicrap, F. Hui, L. Sifre, G. van 
den Driessche, T. Graepel, D. Hassabis, Mastering the game of Go without human 
knowledge, Nature 550 (2017) 354–359. 

[11] F. Ashtiani, A.J. Geers, F. Aflatouni, An on-chip photonic deep neural network for 
image classification, Nature 606 (2022) 501–506. 

[12] A.V. Fedorov, I.V. Shamanaev, Crystal Structure Representation for Neural 
Networks using Topological Approach, Mol. Inf. 36 (2017) 1600162. 

[13] J. Burés, I. Larrosa, Organic reaction mechanism classification using machine 
learning, Nature 613 (2023) 689–695. 

[14] J.T. Margraf, H. Jung, C. Scheurer, K. Reuter, Exploring catalytic reaction networks 
with machine learning, Nat. Catal. (2023). 

[15] K. Hornik, M. Stinchcombe, H. White, Multilayer feedforward networks are 
universal approximators, Neural Netw. 2 (1989) 359–366. 

[16] G. Bebis, M. Georgiopoulos, Feed-forward neural networks, IEEE Potentials 13 
(1994) 27–31. 

[17] W. Rawat, Z. Wang, Deep Convolutional Neural Networks for Image Classification: 
A Comprehensive Review, Neural Comput. 29 (2017) 2352–2449. 

[18] S.M. Anwar, M. Majid, A. Qayyum, M. Awais, M. Alnowami, M.K. Khan, Medical 
Image Analysis using Convolutional Neural Networks: A Review, J. Med. Syst. 42 
(2018) 226. 

[19] J. Zhou, G. Cui, S. Hu, Z. Zhang, C. Yang, Z. Liu, L. Wang, C. Li, M. Sun, Graph 
neural networks: A review of methods and applications, AI Open 1 (2020) 57–81. 

[20] Y. Yu, X. Si, C. Hu, J. Zhang, A Review of Recurrent Neural Networks: LSTM Cells 
and Network Architectures, Neural Comput. 31 (2019) 1235–1270. 

[21] W. Ji, W. Qiu, Z. Shi, S. Pan, S. Deng, Stiff-PINN: Physics-Informed Neural Network 
for Stiff Chemical Kinetics, Chem. A Eur. J. 125 (2021) 8098–8106. 

[22] G.S. Gusmão, A.P. Retnanto, S.C.d. Cunha, A.J. Medford, Kinetics-informed neural 
networks, Catalysis Today, (2022). 

[23] R.T.Q. Chen, Y. Rubanova, J. Bettencourt, D. Duvenaud, Neural ordinary 
differential equations, (2018). 

[24] S. Kim, W. Ji, S. Deng, Y. Ma, C. Rackauckas, Stiff neural ordinary differential 
equations, Chaos 31 (2021), 093122. 

[25] O. Owoyele, P. Pal, ChemNODE: A neural ordinary differential equations 
framework for efficient chemical kinetic solvers, Energy AI 7 (2022), 100118. 

[26] W. Ji, S. Deng, Autonomous Discovery of Unknown Reaction Pathways from Data 
by Chemical Reaction Neural Network, Chem. A Eur. J. 125 (2021) 1082–1092. 

[27] W. Ji, F. Richter, M.J. Gollner, S. Deng, Autonomous kinetic modeling of biomass 
pyrolysis using chemical reaction neural networks, Combust. Flame 240 (2022), 
111992. 

[28] W. Yang, T.T. Fidelis, W.-H. Sun, Machine Learning in Catalysis, From Proposal to 
Practicing, ACS Omega 5 (2020) 83–88. 

[29] K. Lee, E.J. Parish, Parameterized neural ordinary differential equations: 
applications to computational physics problems, Proc. Math. Phys. Eng. Sci. 477 
(2021) 20210162. 

[30] M. Albrecht, U. Rodemerck, M. Schneider, M. Bröring, D. Baabe, E.V. Kondratenko, 
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J. Carey, İ. Polat, Y. Feng, E.W. Moore, J. VanderPlas, D. Laxalde, J. Perktold, 
R. Cimrman, I. Henriksen, E.A. Quintero, C.R. Harris, A.M. Archibald, A.H. Ribeiro, 
F. Pedregosa, P. van Mulbregt, A. Vijaykumar, A.P. Bardelli, A. Rothberg, 
A. Hilboll, A. Kloeckner, A. Scopatz, A. Lee, A. Rokem, C.N. Woods, C. Fulton, 
C. Masson, C. Häggström, C. Fitzgerald, D.A. Nicholson, D.R. Hagen, D. 
V. Pasechnik, E. Olivetti, E. Martin, E. Wieser, F. Silva, F. Lenders, F. Wilhelm, 
G. Young, G.A. Price, G.-L. Ingold, G.E. Allen, G.R. Lee, H. Audren, I. Probst, J. 
P. Dietrich, J. Silterra, J.T. Webber, J. Slavič, J. Nothman, J. Buchner, J. Kulick, J. 
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Catalyst preparation, characterization, and testing 

For kinetic modeling of CO2 hydrogenation to hydrocarbons the Fe-K-Cu/-Al2O3 

catalyst was prepared by wet impregnation method, characterized by X-ray diffraction (XRD), 

temperature-programmed reduction with H2 (TPR-H2), low-temperature N2 adsorption, 

scanning electron microscopy (SEM). The elemental composition of the prepared catalyst was 

determined by inductively coupled plasma (ICP). This part of the work is devoted to 

describing catalyst preparation, characterization, and its testing in CO2 hydrogenation.  

Experimental part 

Catalyst synthesis 

Fe-K-Cu/γ-Al2O3 catalyst was prepared via incipient wetness impregnation. γ-Al2O3 

(99%, Alfa Aesar, 32-63 micron, APS powder) was used as a support. Briefly, γ-Al2O3 was 

firstly impregnated with desired amount of an aqueous solution contains Fe(NO3)3⋅9H2O 

(98+%, Thermo scientific), Cu(NO3)2⋅3H2O (99+%, Fluka) and K2CO3 (99%, Merck) to 

obtain the Fe-K-Cu/-Al2O3 catalyst with content of Fe, K, Cu being to 10, 2.5, and 1 wt. %, 

respectively. After that, the slurry was dried at 70 °C for 12 h and calcined at 110 °C for 5 h 

and 400 °C for 5 h.  

Catalyst characterization 

XRD powder pattern was recorded on a Panalytical X'Pert θ/2θ -diffractometer 

equipped with Xcelerator detector using automatic divergence slits and Cu Kα1/α2 radiation 

(40 kV, 40 mA; λ= 1.54060 Å, 1.54443 Å). Cu beta-radiation was excluded using a nickel 

filter foil. The measurements were performed with 0.021° s-1 or 0.005° s-1, respectively. 

Samples were mounted on silicon zero background holders. Obtained intensities were 

converted from automatic to fixed divergence slits (0.25°) for further analysis. Peak positions 

and profile were fitted with Pseudo-Voigt function using the HighScore Plus software 

package (Panalytical). Phase identification was done by using the PDF-2 database of the 

International Center of Diffraction Data (ICDD). 

To determine the surface area of the catalysts, low-temperature nitrogen adsorption-

desorption isotherms were obtained at -196 °C using Micromeritics ASAP 2010 setup. Before 

the measurements, the samples were heated in the vacuum at 300 °C for 2 hours. The initial 
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branch of N2 adsorption isotherm in the range of P/P0 (0.05-0.25) was used to calculate the 

BET surface area. 

The metal loading in the catalyst was determined by inductively coupled plasma 

optical emission spectroscopy (ICP-OES) on Varian 715-ES ICP-Emission-Spectrometer. 10 

mg of each sample was mixed with 8 ml of aqua regia. The sample preparation system 

“Multiwave PRO” from Anton Paar was used at 220 °C and 50 bar for the sample digestion 

with a microwave-assisted method. The digested solution was filled up to 100 ml and 

measured with ICP-OES. The data analysis was performed on the Varian 715-ES software 

“ICP Expert”. 

The tests of temperature-programmed reduction with hydrogen (TPR-H2) were 

performed in a Micromeritics Autochem II 2920 instrument. Before the tests, 75 mg sample 

was loaded into the U-shaped quartz reactor and heated up to 250°C in the flow of Ar (50 

cm3·min-1) for 30 min with heating rate of 20 °/min. After cooling down to room temperature, 

a flow (5% H2 in Ar) was fed (50 cm3·min-1) to the reactor followed by heating to 750 °C with 

a constant heating rate 10 °/min. The hydrogen consumption was measured using a TCD 

detector. 

The catalyst was analyzed by a field emission scanning electron microscope (SEM, 

MERLIN® VP Compact, Co. Zeiss, Oberkochen, Germany) equipped with an energy 

dispersive X-ray (EDX) detector (XFlash 6/30, Co. Bruker, Berlin, Germany). The sample 

was mounted on heavy metal-free Al-SEM-carrier (co. PLANO, Wetzlar, Germany) with 

adhesive conductive carbon tape (Spectro Tabs, TED PELLA INC, Redding, USA) and 

coated with carbon (5.0 nm thickness) under vacuum (CCU 010 HV-Coating Unit, Co. 

Safematic GmbH, Zizers, Switzerland). Representative areas of the sample were analyzed and 

mapped for elemental distribution on basis of the EDX-spectra data by QUANTAX ESPRIT 

Microanalysis software (version 2.0). SEM-images were taken from the selected regions 

(conditions like applied detector, accelerating voltage, working distance are given in the 

figures). 

Catalytic tests 

Catalytic tests were carried out in an in-house developed setup containing 16-

continuos-flow fixed bed stainless-steel tube reactors. The reactors are grouped in sets of 4. 

Each of these reactor sets has its own heating; the heating design assures high heat-transfer 

rates between furnace and reactor tube in order to maintain the set temperature even for more 

exothermic reactions. The outer and inner diameters of reactors are 9.53 and 7.04 mm, 
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respectively. CO2, H2, N2, and He gases were dosed by electronic mass flow controllers 

(Brooks 5850s). The total flow of feed gases was equally distributed among all the reactors 

and a bypass channel. The outlet lines from reactors are split at 150°C into a main flow and a 

sample portion where the sample portion is connected to a 16-channels automatic valve to 

select and direct one stream to a gas chromatograph through a heated line (the temperature is 

180 °C). A flow of He (3 ml·min-1 per reactor) is additionally added to this sample stream to 

prevent condensation of long-chain hydrocarbons. The main flows are led through hot traps 

where a wax phase is condensed (at 150 °C). The remaining gas streams are combined and 

passed through a cold trap where H2O is condensed before they reach the electronic pressure 

controller (Brooks 5866s).  

The feed components (bypass channel) and the reaction products were analyzed by on-

line Agilent 7890A gas chromatograph equipped with a thermal conductivity detector (TCD) 

and two flame ionization detectors (FID). HP Plot/Q (for CO2) and MolSieve 5A (for H2, O2, 

N2, and CO) columns were connected to TCD. For separating hydrocarbons and alcohols, 

PONA (for C5-C16 hydrocarbons and C2-C7 alcohols) and HP Plot/Q (for C1-C4 hydrocarbons 

and CH3OH) columns connected to FIDs were used. 

The principal scheme of reactors and heating sets numeration is presented in Figure 

S10. The required amount of catalyst (size 0.08-0.20 mm) was diluted by SiC (ESK-SiC, F54, 

0.2-0.5 mm fraction) to further minimize temperature gradients. The weight ratio of catalyst to 

SiC was to 1:2. Regardless of the mixture of the catalyst and SiC, an additional layer of SiC 

(800 mg, ESK-SiC, F54, 0.2-0.5 mm fraction) was added on the top of the bed to ensure plug 

flow and to preheat the reaction feed. In Table S2 the list of different catalyst loading, and 

reactor heating sets are presented.  

Before catalytic testing the as-prepared catalyst was heated up to 300 °C (the heating 

rate was 5 °/min) in N2 flow at 5.0 bar (abs.) and after that were reduced in-situ. The hydrogen 

concentration was increased stepwise, starting with 10 % H2 in N2 flow for 10 min, then 30 % 

H2 in N2 flow for 10 min, 50 % H2 in N2 flow for 10 min, and finally undiluted CO-H2 

mixture (CO:H2 was 1:2) for 240 min. During these steps the temperature was kept at 300 °C, 

pressure at 5.0 bar (abs.) and gas hourly space velocity (GHSV) was 18 000 cm3·h-1·g-1. The 

catalytic setup construction allows one to feed two different gas flows through reactors. One 

of them was used for feeding treatment and reaction gas mixtures. Another one was used for 

feeding N2 flow. Because of the different catalyst loading was used, the samples were pre-
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treated in series to achieve the same GHSV for all reactor channels. Namely, while the 

catalysts with the same mass were reduced according to the above procedure, other catalyst 

samples were kept in the N2 flow. After the reduction, the gas mixture (CO2:H2:N2 ratio was 

1:3:1) was supplied into reactors at pressure 15 bar, 300 °C, and at 45.8 cm3·min-1 flow per 

each channel for 20 hours to achieve steady-state condition. After this, the total flow was 

decreased up to 18.3 cm3·min-1 and reactor temperature was decreased/increased according to 

selected conditions (Table S2). After reaching the target temperature, the reactors were kept at 

the current flow for 15 min followed by catalytic measurements. In Table S3 different 

reaction conditions used for testing catalyst activity are presented. It is worth noting that the 

selected conditions were applied in series. Time on stream for each reaction condition was 15 

hours. Conditions with number 2, 6, 9, and 12 are repetitions which allowed one to investigate 

the processes of activation/deactivation occurring under CO2-FT condition. 

The CO2 conversion (𝑋) and products selectivity were calculated by the following 

equations: 

𝑋 = 1 −
𝑛̇𝐶𝑂2

𝑜𝑢𝑡

𝑛̇𝐶𝑂2

𝑖𝑛
 

𝑆𝑖 =
𝑎𝑖 ∙ 𝑛̇𝑖

𝑜𝑢𝑡

∑ 𝑎𝑗 ∙ 𝑛̇𝑗
𝑜𝑢𝑡𝑛

𝑗=1

 

where 𝑛̇𝐶𝑂2

𝑖𝑛  – the molar flow of CO2 in the inlet flow; 𝑛̇𝐶𝑂2

𝑜𝑢𝑡  – the molar flow of CO2 in the 

outlet flow; 𝑆𝑖 – the selectivity of i-product; 𝑎𝑖 – the carbon number of i-product; 𝑛̇𝑖
𝑜𝑢𝑡 – the 

molar flow of i-product in the outlet flow. 

The absence of any external heat transfer, external diffusion limitations, the wall 

effect, and axial dispersion were checked by applying Mears and Weisz-Prater criteria [1, 2]. 

In the case of internal diffusion limitation, applying the corresponding criteria is not trivial 

task because liquid wax is formed under FT condition inside the catalyst pores. To check the 

influence of internal diffusion, catalysts of different particle size were tested under CO2-FT 

condition (see Table S4). One can see that CO2 conversion is similar in a range from 0.08-

0.40 mm which allows to conclude that internal diffusion limitation can be neglected for the 

studied particle size range (0.08-0.20 mm). 
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The wall effect is negligible if 𝑑𝑟𝑒𝑎𝑐𝑡𝑜𝑟

2∙𝑅𝑐𝑎𝑡𝑎𝑙𝑦𝑠𝑡
> 10. The obtained value was 50.3 that is more than 

10. External diffusion limitation is negligible if: 

𝑟𝑜𝑏𝑠 ∙ 𝜌𝑏 ∙ 𝑅𝑐𝑎𝑡𝑎𝑙𝑦𝑠𝑡 ∙ 𝑛

𝑘𝑑 ∙ 𝐶
< 0.15 

External heat transfer limitation is negligible if: 

𝑟𝑜𝑏𝑠 · 𝜌𝑏 · 𝑅𝑐𝑎𝑡𝑎𝑙𝑦𝑠𝑡 · 𝐸𝑎 ∙ ∆𝐻

𝑘𝑔 ∙ 𝑅 ∙ 𝑇2
< 0.15 

Axial dispersion is negligible if: 

40 · 𝑛 · 𝑅𝑐𝑎𝑡𝑎𝑙𝑦𝑠𝑡

𝑃𝑒𝑎𝑥 ∙ 𝐿𝑏𝑒𝑑
ln (

1

1 − 𝑋
) < 1 

The following equations and parameters values were used for estimation: 

a. 
𝑆ℎ =

2 · 𝑘𝑑 ∙ 𝑅𝑐𝑎𝑡𝑎𝑙𝑦𝑠𝑡

𝐷
= 2 + 0.552 ∙ 𝑅𝑒1/2 ∙ 𝑆𝑐1/3 

 

b. 
𝑅𝑒 =

2 · 𝑢𝑓𝑒𝑒𝑑 · 𝑅𝑐𝑎𝑡𝑎𝑙𝑦𝑠𝑡 · 𝜌𝑓𝑒𝑒𝑑

𝜇
 

 

c. 
𝑆𝑐 =

𝜇

𝜌𝑓𝑒𝑒𝑑 · 𝐷
 

 

e. 

1

𝑃𝑒𝑎𝑥
=

0.3

𝑅𝑒 · 𝑆𝑐
+

0.5

1 +
3.8

𝑅𝑒 · 𝑆𝑐

 

 

The values of the parameters used for calculation of corresponding criteria are listed in Table 

S5. Figure S11 shows the distributions of the values of corresponding criteria calculated for 

different reaction conditions. One can clearly see that external diffusion and external heat 

transfer limitations are not relevant. In the case of axial dispersion, some values are a little 

higher than 1. However, we assumed that axial dispersion can be also negligible to simplify 

the calculations. 
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Results and discussion 

Elemental composition and textural characteristics of as-prepared catalyst and support 

are summarized in Table S6. The content of dopants in the obtained catalyst measured by ICP 

is slightly lower than the theoretical one. The small difference can be related to the 

preparation method. The values of specific surface area, pore volume, and pore size for the 

prepared catalyst are lower than for -Al2O3. It is obviously caused by the deposition of active 

component on the surface of alumina support.  

To identify the phase composition of the obtained catalyst, XRD analysis was 

performed. In Figure S12 one can see XRD pattern of the Fe-K-Cu/-Al2O3 catalyst. 

According to the obtained results, the catalyst contains -Al2O3 (PDF 01-074-4629) and -

Fe2O3 (PDF 01-089-8104) phases that are indicated by the corresponding reflexes. No K- or 

Cu- containing phases were detected in the obtained catalyst. 

A selected region of Fe-K-Cu/-Al2O3 catalyst was analyzed by SEM and the 

elemental distribution was determined on basis of the EDX-spectra (see Figure S13). One can 

that the distribution of Cu, Fe, and K in Fe-K-Cu/-Al2O3 is very homogeneous. 

TPR-H2 measurement was carried out to investigate the reducibility of the supported 

catalyst (see Figure S14). The reduction occurs in a broad temperature range from 200 to 750 

°C. Maxima for H2 consumption (Tmax) were found at 312, 360 and 542 °C. According to the 

literature data, the process of the reduction of Fe2O3 occurs via three stages 

(Fe2O3→Fe3O4→FeO→Fe) [3]. Moreover, it is known that copper oxide in mixed CuO-Fe2O3 

catalysts is reduced at lower temperature compared to Fe2O3 [4]. Thus, the double signal at 

lower temperature (Tmax = 312 °C and Tmax = 360 °C) can be ascribed to the reduction of CuO 

to Cu and of Fe2O3 to Fe3O4. The reduction of Fe3O4 to FeO/Fe is responsible for a broad 

signal at higher temperature with Tmax= 542 °C. 
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Elucidating LHHW expression for RWGS reaction 

In this part we describe procedure of reconstructing the rate expression for the RWGS 

reaction. By screening the literature data, we tried to find Langmuir-Hinshelwood-Hougen-

Watson (LHHW) expression which is the most suitability to RWGS rate obtained by the 

developed ANN model. First, we calculated the rates of RWGS using the developed 

KCNODE at the following conditions: 

• CO2 pressure: 1.5, 2.1, 3.3, 3.7 bar. 

• CO pressure: 0.0, 0.12, 0.24, 0.36 bar. 

• H2 pressure: 7.0, 8.0, 9.0, 10 bar. 

• H2O pressure: 0.0, 0.5, 1.0, 1.5 bar. 

• Temperature: 280 °C. 

• Time on steam: 100 hours. 

The data set was generated by the full factorial design [5]. The list of reaction rate expressions 

used is presented in Table S7. The search for the values of parameters of LHHW expressions 

were performed by minimizing the following loss function: 

1

𝑁
∑(𝑟𝑖

𝐾𝐶𝑁𝑂𝐷𝐸 − 𝑟𝑖
𝐿𝐻𝐻𝑊)

2
𝑁

𝑖=1

 

where 𝑟𝑖
𝐾𝐶𝑁𝑂𝐷𝐸 – the value of RWGS reaction rate calculated by the developed KCNODE 

model at reaction condition i; 𝑟𝑖
𝐿𝐻𝐻𝑊 – the value of RWGS reaction rate calculated by the 

LHHW model at reaction condition i. The Levenberg–Marquardt algorithm was used for 

minimization of the loss function [6]. The values of the loss function and coefficient of 

determination R2 obtained for the different LHHW expressions suggested in the literature are 

summarized in Table S7. 

After the analysis the obtained results (Table S7), we suggested the following reaction 

mechanism for describing the RWGS reaction: 
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1 CO2 + * ⇄ CO2* equilibrium 

2 H2 + 2* ⇄ 2H* equilibrium 

3 CO2* + H* ⇄ CO* + OH* RDS 

4 CO* ⇄ CO + * equilibrium 

5 OH* + H* ⇄ H2O + 2* equilibrium 

 CO2 + H2 ⇄ CO + H2O  

* - active site. 

Assuming the elementary reaction step 3 is rate-determining, the rate of RWGS can be 

presented as: 

S.1. 𝑟𝑅𝑊𝐺𝑆 = 𝑘3𝜃𝐶𝑂2
𝜃𝐻 − 𝑘−3𝜃𝐶𝑂𝜃𝑂𝐻 

Assuming elementary reactions steps 1, 2, 4, and 5 are in quasi equilibrium, the surface 

concentrations of intermediates can be presented as: 

S.2. 𝜃𝐶𝑂2
= 𝐾1𝑝𝐶𝑂2

𝜃 

S.3. 𝜃𝐻 = √𝐾2𝑝𝐻2
𝜃 

S.4. 𝜃𝐶𝑂 =
1

𝐾4
𝑝𝐶𝑂𝜃 

S.5. 𝜃𝑂𝐻 =
1

𝐾5

𝑝𝐻2𝑂𝜃2

𝜃𝐻
=

𝑝𝐻2𝑂𝜃

𝐾5√𝐾2𝑝𝐻2

  

By incorporating eq. S.2-S.6 to S.1, the rate of RWGS becomes as: 

S.6. 𝑟𝑅𝑊𝐺𝑆 = 𝑘3𝐾1√𝐾2𝑝𝐻2
𝑝𝐶𝑂2

𝜃2 − 𝑘−3
1

𝐾4𝐾5√𝐾2

𝑝𝐶𝑂𝑝𝐻2𝑂

√𝑝𝐻2

𝜃2 

With the catalytic site balance and reactions 1, 2, 4, and 5 we can derive: 

S.7. 𝜃 = 1 − 𝜃𝐶𝑂2
− 𝜃𝐻 − 𝜃𝐶𝑂 − 𝜃𝑂𝐻 

S.8. 𝜃 =
1

1+𝐾1𝑝𝐶𝑂2+√𝐾2𝑝𝐻2+
1

𝐾4
𝑝𝐶𝑂+

𝑝𝐻2𝑂

𝐾5√𝐾2𝑝𝐻2
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Because CO2, CO, H2O are more strongly adsorbed than H2 on the surface of iron 

carbides/oxides [7], the contribution of √𝐾2𝑝𝐻2
 in the denominator can be neglected, and 

thus, the following expression for the rate of RWGS reaction was obtained: 

S.9. 𝑟𝑅𝑊𝐺𝑆 =

𝑘3𝐾1√𝐾2𝑝𝐻2𝑝𝐶𝑂2−𝑘−3
1

𝐾4𝐾5√𝐾2

𝑝𝐶𝑂𝑝𝐻2𝑂

√𝑝𝐻2

(1+𝐾1𝑝𝐶𝑂2+
1

𝐾4
𝑝𝐶𝑂+

𝑝𝐻2𝑂

𝐾5√𝐾2𝑝𝐻2

)

2 =

𝑘3𝐾1√𝐾2(𝑝𝐶𝑂2𝑝𝐻2−
𝑘−3𝑝𝐶𝑂𝑝𝐻2𝑂

𝑘3𝐾1𝐾2𝐾4𝐾5
)

𝑝𝐻2
0.5(1+𝐾1𝑝𝐶𝑂2+

1

𝐾4
𝑝𝐶𝑂+

𝑝𝐻2𝑂

𝐾5√𝐾2𝑝𝐻2

)

2 =
𝑘(𝑝𝐶𝑂2𝑝𝐻2   −  

𝑝𝐶𝑂𝑝𝐻2𝑂

𝐾𝑒𝑞
)

𝑝𝐻2
0.5(1  +  𝑎·𝑝𝐶𝑂+𝑏·

𝑝𝐻2𝑂

𝑝𝐻2
0.5 +𝑐·𝑝𝐶𝑂2)

2 

where 𝑘 = 𝑘3𝐾1√𝐾2; 𝑘−3

𝑘3𝐾1𝐾2𝐾4𝐾5
= 𝐾𝑒𝑞 – equilibrium constant of the RWGS reaction; 𝑎 =

1

𝐾4
; 𝑏 =

1

𝐾5√𝐾2
; 𝑐 = 𝐾1. Figure S15 shows the dependency between the values of the rates of 

the RWGS reaction estimated by the developed KCNODE model and by the LHHW model 

(expression 9). 
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Figures  

 

Figure S1. Dependency between loss function and number of epochs at training baseline and 

KCNODE models using simulated dataset of CO2 methanation reaction. For the first 104 

iterations the systems of ODE were integrated by Runge-Kutta method. After this, the solver 

was changed to more precise but slower Dormand-Prince-Shampine method. 
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Figure S2. Dependency between loss function and number of epochs at training KCNODE 

models using simulated dataset of CO2 methanation reaction with Gauss noise. For the first 

104 iterations the systems of ODE were integrated by Runge-Kutta method. After this, the 

solver was changed to more precise but slower Dormand-Prince-Shampine method. 
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Figure S3. Parity plot of the obtained neural KCNODE models trained with noisy data.  

Values in % in lower right corners expresses the amount of Gauss noise added. 
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Figure S4. Dependency between loss functions (for training and test datasets) and epoch 

number during training the KCNODE model using 10-fold cross-validation. 
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Figure S5. Outlet molar flows of reagents and products as a function of time-one-stream for 

reactor channels 1 and 4. Numbers from 1 to 12 stand for different reaction conditions (see 

Table S3). 
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Figure S6. Outlet molar flows of reagents and products as a function of time-one-stream for 

reactor channels 5, 6, 7, and 8. Numbers from 1 to 12 stand for different reaction conditions 

(see Table S3). 
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Figure S7. Outlet molar flows of reagents and products as a function of time-one-stream for 

reactor channels 10 and 11. Numbers from 1 to 12 stand for different reaction conditions (see 

Table S3). 
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Figure S8. Outlet molar flows of reagents and products as a function of time-one-stream for 

reactor channels 14 and 15. Numbers from 1 to 12 stand for different reaction conditions (see 

Table S3). 
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Figure S9. Change of CO2 conversion/CO selectivity as a function of time-one-stream for 

catalyst repeatedly tested at the same reference reaction conditions (the condition numbers are 

2, 6, 9, and 12) for the selected reactor channels 4, 8, 10, 15 (see Table S3). 
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Figure S10. Scheme of the labelling of reactors and heating sets. 
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Figure S11. Distributions of the values for all reaction conditions for validation the influence 

of A - External diffusion; B - External heat transfer, C - Axial dispersion for all experimental 

conditions applied. 
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Figure S12. XRD pattern Fe-K-Cu/-Al2O3 catalyst. 
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Figure S13. SEM picture (A) and the distribution of elements (B)-(E) based on EDX spectra. 
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Figure S14. TPR-H2 curve of Fe-K-Cu/-Al2O3 catalyst. 
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Figure S15. Parity plot of the rate of the RWGS reaction estimated by the KCNODE model 

versus those estimated by the LHHW model (equation S.9).  
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Tables 

Table S1. Values of parameters used for simulating the plug flow reactor for CO2 

hydrogenation to methane. 

Parameter Value Dimension 

𝑘𝑅𝑊𝐺𝑆,𝑟𝑒𝑓 81.3 mol·g-1·s-1·bar-1.5 

𝑎𝑅𝑊𝐺𝑆 16.3 - 

𝐸𝑎,𝑅𝑊𝐺𝑆 115 kJ·mol-1 

𝑘𝐹𝑇,𝑟𝑒𝑓 63.9 mol·g-1·s-1·bar-2 

𝑎𝐹𝑇 9.07 - 

𝑏𝐹𝑇 2.44 bar-1 

𝐸𝑎,𝐹𝑇 67.8 kJ·mol-1 

𝑇𝑟𝑒𝑓 573.15 K 

𝜌𝑐 1.0 g·cm-3 
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Table S2. Catalyst loading list for the setup. 

Reactor 

number 

Heating set 

number 

Reaction 

temperature, °C 

Catalyst 

loading, mg 

1 
1 310 

100 

4 630 

5 

2 290 

100 

6 250 

7 630 

8 1630 

10 
3 270 

100 

11 630 

14 
4 250 

250 

15 1630 
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Table S3. Reaction conditions used in the present study. Time on stream was 15 hours for 

each condition. 

Condition 

number 

Flow rate, 

cm3·min-1 

Gas composition, mol. % 
Pressure, bar 

CO2 CO H2 N2 

1 18.3 20.0 - 60.0 20.0 15 

2 45.8 20.0 - 60.0 20.0 15 

3 114.4 20.0 - 60.0 20.0 15 

4 45.8 32.0 - 48.0 20.0 15 

5 45.8 11.4 - 68.6 20.0 15 

6 45.8 20.0 - 60.0 20.0 15 

7 45.8 16.0 4.0 60.0 20.0 15 

8 45.8 13.2 6.8 60.0 20.0 15 

9 45.8 20.0 - 60.0 20.0 15 

10 45.8 20.0 - 60.0 20.0 20 

11 45.8 20.0 - 60.0 20.0 10 

12 45.8 20.0 - 60.0 20.0 15 
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Table S4. Activity of the Fe-K-Cu/-Al2O3 catalyst for different particle sizes. Reaction 

condition: pressure – 15 bar; temperature – 300 °C; CO2:H2:N2 – 1:3:1; GHSV – 5 100 cm3· 

h-1·g-1; time on stream – 20 h. Before catalytic test, the catalyst was reduced in H2 at 400 °C 

for 4 hours. 

Particle size, mm CO2 conversion 

0.08-0.20 26.0 

0.20-0.32 26.7 

0.32-0.40 26.8 
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Table S5. The list of parameters used for estimating criteria for the validation of diffusion and 

heat transfer limitations. 

Parameter Dimension Value 

𝑟𝑜𝑏𝑠 measured reaction rate mol·g-1·min-1 - 

𝜌𝑏 bulk catalyst density g·cm-3 0.65 

𝑅𝑐𝑎𝑡𝑎𝑙𝑦𝑠𝑡 catalyst particle radius mm 0.07 

𝑛 reaction order - 2 

𝑋 conversion - - 

𝑘𝑑 mass transfer coefficient a m·s-1 0.061 

𝐶 bulk concentration of reactant mol·m-3 - 

𝑆ℎ Sherwood number a - - 

𝑅𝑒 Reynolds number b - - 

𝑆𝑐 Schmidt number c - - 

𝐷 diffusion coefficient  cm2·s-1 0.5* 

𝑢𝑓𝑒𝑒𝑑 gas feed velocity m·s-1 - 

𝜌𝑓𝑒𝑒𝑑 gas feed density kg·m-3 - 

𝜇 dynamic viscosity kg·m-1·s-1 2.5·10-5 

𝐸𝑎 activation energy kJ·mol-1 50 

∆𝐻 reaction heat kJ·mol-1 150 

𝑘𝑔 heat transport coefficient kJ·m-2·s-1·K-1 2.0 

𝑅 gas constant J·mol-1·K-1 8.31 

𝑇 temperature K - 

𝑑𝑟𝑒𝑎𝑐𝑡𝑜𝑟 reactor diameter mm 7.04 

𝐿𝑏𝑒𝑑 catalyst bed length cm - 

𝑃𝑒𝑎𝑥 Peclet number e - - 

* at 300 °C and atmospheric pressure. The values at different temperature and pressure were re-

Diffusion coefficient was calculated in each case according to the following formula: 

𝐷(𝑃, 𝑇) = 𝐷(𝑃0, 𝑇0)
𝑃0 · 𝑇1.5

𝑃 · 𝑇0
1.5  
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Table S6. Elemental composition and textural characteristics of as-prepared catalysts. 

Sample 

Composition, wt. % Specific 

surface 

area, m2·g-1 

Pore 

volume, 

cm3·g-1 

Pore 

size, 

nm 

Fe K Cu 

-Al2O3 - - - 216 0.46 7 

Fe-K-Cu/-Al2O3 8.0 (10)* 1.9 (2.5)* 0.8 (1.0)* 193 0.38 6 

* theoretical content in brackets 
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Table S7. The form of LHHW models used for modeling the RWGS reaction using the values 

of the RWGS reaction rates calculated by the KCNODE model. The values of the loss 

function, coefficient of determination R2 , and estimated parameters are also presented.  

Expression R2 
loss 

function 
Values of parameters Literature link 

𝑘 (𝑝𝐶𝑂2
𝑝𝐻2

  −  
𝑝𝐶𝑂𝑝𝐻2𝑂

𝐾𝑒𝑞
)

𝑝𝐻2

0.5 (1  +   𝑎 · 𝑝𝐶𝑂 + 𝑏 ·
𝑝𝐻2𝑂

𝑝𝐻2

0.5 + 𝑐 · 𝑝𝐶𝑂2
)

2 

0.986 1.71·102 

k = 1.6·10-1 mmol min-1 g-1 bar-1.5 

a = 2.2 bar-1 

b = 4.2 bar-0.5 

c = 0.16 bar-1 

Present work 

𝑘 (𝑝𝐶𝑂2
𝑝𝐻2

  −  
𝑝𝐶𝑂𝑝𝐻2𝑂

𝐾𝑒𝑞
)

(1  +   𝑎 · 𝑝𝐶𝑂 + 𝑏 · 𝑝𝐻2𝑂 + 𝑐 · 𝑝𝐶𝑂2
+ 𝑑 · 𝑝𝐻2

)
2 

0.985 1.80·102 

k = 1.3·10-1 mmol min-1 g-1 bar-2 

a = 3.4 bar-1 

b = 2.2 bar-1 

c = 0.21 bar-1 

d = 0.075 bar-1 

Hakeem et al. 

[8] 

Choi et al.[9] 

𝑘 (𝑝𝐶𝑂2
𝑝𝐻2

  −  
𝑝𝐶𝑂𝑝𝐻2𝑂

𝐾𝑒𝑞
)

(1  +   𝑎 · 𝑝𝐶𝑂 + 𝑏 · 𝑝𝐻2𝑂 + 𝑐 · 𝑝𝐶𝑂2
)

2 

0.972 3.39·102 

k = 5.5·10-2 mmol min-1 g-1 bar-2 

a = 2.2 bar-1 

b = 1.4 bar-1 

c = 0.16 bar-1 

Hakeem et al. 

[8] 

𝑘 (𝑝𝐶𝑂2
𝑝𝐻2

  −  
𝑝𝐶𝑂𝑝𝐻2𝑂

𝐾𝑒𝑞
)

𝑝𝐶𝑂 + 𝑎 · 𝑝𝐻2𝑂 + 𝑏 · 𝑝𝐶𝑂2
+ 𝑐 · 𝑝𝐻2

 

0.964 4.36·102 

k = 7.1·10-3 mmol min-1 g-1 bar-2 

a = 0.82 

b = 0.052 

c = 0.015  

Panzone et 

al.[10] 

𝑘 (𝑝𝐶𝑂2
𝑝𝐻2

  −  
𝑝𝐶𝑂𝑝𝐻2𝑂

𝐾𝑒𝑞
)

𝑝𝐻2

0.5(𝑝𝐶𝑂 + 𝑎 · 𝑝𝐻2𝑂 + 𝑏 · 𝑝𝐶𝑂2
)
 

0.944 6.72·102 

k = 2.2·10-2 mmol min-1 g-1 bar-1.5 

a = 0.84 

b = 0.11 

Saeidi et 

al.[11] 

𝑘 (𝑝𝐶𝑂2
𝑝𝐻2

  −  
𝑝𝐶𝑂𝑝𝐻2𝑂

𝐾𝑒𝑞
)

(1  +   𝑎 · 𝑝𝐶𝑂 + 𝑏 · 𝑝𝐻2𝑂)
2 

0.935 7.81·102 

k = 2.5·10-2 mmol min-1 g-1 bar-2 

a = 1.6 bar-1 

b = 0.98 bar-1 

Hakeem et al. 

[8] 

𝑘 (𝑝𝐶𝑂2
𝑝𝐻2

  −  
𝑝𝐶𝑂𝑝𝐻2𝑂

𝐾𝑒𝑞
)

𝑝𝐶𝑂 + 𝑎 · 𝑝𝐻2𝑂 + 𝑏 · 𝑝𝐶𝑂2

 
0.930 8.39·102 

k = 7.5·10-3 mmol min-1 g-1 bar-2 

a = 0.83 

b = 0.107 

Riedel et 

al.[12] 

𝑘 (𝑝𝐶𝑂2
𝑝𝐻2

  −  
𝑝𝐶𝑂𝑝𝐻2𝑂

𝐾𝑒𝑞
)

𝑝𝐻2

0.5 (1  +   𝑎
𝑝𝐻2𝑂

𝑝𝐻2

)
2  0.782 2.62·103 

k = 4.9·10-2 mmol min-1 g-1 bar-1.5 

a = 6.6 

Brübach et 

al.[13] 

𝑘 (𝑝𝐶𝑂2
𝑝𝐻2

  −  
𝑝𝐶𝑂𝑝𝐻2𝑂

𝐾𝑒𝑞
)

𝑝𝐻2

0.5 (1 + 𝑎 ·
𝑝𝐶𝑂𝑝𝐻2𝑂

𝑝𝐻2

0.5 )

 0.586 4.98·103 
k = 3.7·10-2 mmol min-1 g-1 bar-1.5 

a = 30 bar-1.5 
Yang et al.[14] 
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