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- CO, to Methanol

Arpad 1. Toldy®?, Prajwal Pisal>3*, Ondfej Krej¢i*®, Patrick Rinke ®%3*® &
Annukka Santasalo-Aarnio'™

Data-driven materials discovery to accelerate the development of new catalysts for the green transition
shows great promise, but requires machine-interpretable experimental data. For this purpose, we
compiled the TheMeCat dataset for the thermocatalytic conversion of CO, to methanol. TheMeCat is
curated from experimental literature sources, and designed for hybrid computational and experimental
catalyst workflows. The dataset captures key catalyst features, process parameters, and methanol
conversion efficiencies. Upon detailed analysis of the generated dataset and the associated variability
in reported values, we perform targeted error analysis to assess consistency and reinforce the need for
clear, structured reporting.

Background & Summary

Capturing and converting CO, into fuels and chemicals offers a promising route to reduce, or potentially
replace, our reliance on fossil fuels!. Among the various utilization strategies, the transformation of CO, into
methanol has attracted the most attention, largely due to methanol’s versatility as a platform chemical®. While
electrochemical and photochemical methods are under active investigation®~°, nearly all methanol today is pro-
duced via thermochemical processes using fossil-derived synthesis gas. Given the maturity of this technology
and the existing infrastructure, thermocatalytic conversion is expected to play a central role in the production
of low-carbon methanol.

This process involves reacting CO, with clean hydrogen, as shown in the reaction: CO, + 3H, — CH;0H + H,0.
Commercial catalysts used for methanol synthesis from syngas (CO + 2H, — CH;OH) already deliver satisfactory
CO conversion rates and methanol yields. However, performance could be significantly enhanced by developing
catalysts specifically tailored for CO,-based methanol synthesis®. Despite significant potential, the high costs asso-
ciated with catalyst development, including design, characterization, and testing, remain a major barrier.

Recently, data-driven material discovery that incorporates artificial intelligence (AI) has led to rapid
advances in the development and optimization of new materials for various applications’ 1.

Machine Learning (ML) algorithms play a crucial role in this process by identifying patterns in datasets, thus
enabling the prediction of material properties, and guiding experimental efforts. By leveraging predictive mod-
els trained on curated data, researchers can efficiently screen candidates, optimize compositions, and accelerate
discovery, all while reducing experimental costs.

For example, Takahashi ef al.!> used a random forest algorithm trained on data from 1,868 catalysts extracted
from the literature to identify key descriptors for optimizing C, yield in the oxidative coupling of methane. From
more than 330 million ML-generated data points, they selected promising catalyst compositions'?. A key feature
of their study, as well as other similar ones, was the ability to compile high-quality datasets, providing ML tools
with machine-readable data on the properties studied'>!. Despite several attempts to compile such datasets for
CO, to methanol thermocatalysis, most existing efforts either do not provide the compiled database'*'6, use
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only the highest-yield measurements from each source'’, or lack important experimental parameters and the
proper documentation of the units used'®. Suvarna et al.'® provide a well-curated dataset to support ML-driven
space-time yield predictions®. However, there is a notable lack of a dataset that provides rigorously standard-
ized chemical compositions with complete molar fractions and incorporates all essential catalytic performance
indicators. Such a dataset would enable more flexible integration with advanced material descriptors and catalyst
analysis.

Recognizing the need for standardized and accessible datasets in catalyst discovery, we collected and curated
the TheMeCat dataset*'. TheMeCat is an open-source, Al-ready dataset focused on the thermocatalytic con-
version of CO, to methanol. Compiled from experimental literature, it is designed to support high-throughput
computational and experimental catalyst screening. As a foundational step toward data standardization in catal-
ysis, TheMeCat aims to promote more consistent and reusable data practices. More broadly, it encourages the
catalysis community to adopt publishing standards that enhance the utility of experimental data for accelerated
materials discovery. To support this goal, we also identify current limitations and propose best practices for data
collection and reporting.

Methods

Data Collection and Processing. TheMeCat was compiled from experimental literature sources. We
acquired potential data sources by searching the literature for studies on experimental CO,-based methanol syn-
thesis, including an initial search on Google Scholar and Web of Science and an ongoing query on PubCrawler
(https://pubcrawler.gen.tcd.ie/with the keywords: (methanol [All Fields] OR CH30OH [All
Fields]) AND (CO2 [All Fields] OR carbon dioxide [All Fields]). Altogether, our
search resulted in more than 500 potential sources.

We applied several criteria to select the studies to be included in TheMeCat. First, we restricted the dataset to
experiments conducted in purely thermocatalytic single-pass packed-bed reactors without any process-driven
enhancements that present confounding factors in the comparison of catalyst materials (e.g., articles on
sorption-enhanced or plasma-assisted synthesis were excluded). Second, we only included studies, in which
CO, and H, are the sole reactants - this led to the exclusion of the rich body of experimental literature aimed at
kinetic model development due to the presence of CO as a reactant. Lastly, we selected studies where the cata-
lyst composition could be quantified at the elemental level, as this information is essential for descriptor-based
machine learning approaches. Elemental composition serves as a fundamental input for model training, allow-
ing for the development of meaningful structure-property relationships that aid in catalyst design.

After applying these criteria, a significant portion of the literature was excluded, resulting in the final dataset
being compiled from 44 sources**%’, resulting in 822 data entries. In order to establish a comprehensive report-
ing framework for thermocatalytic CO,-based methanol synthesis, we incorporated all experimental data points
from each included study.

Notably, data extraction and processing from literature sources had to be carried out manually, as large
language models (LLMs) and natural language processing (NLP) techniques remain limited in this context®-"°.
One major challenge for these tools is interpreting catalyst compositions, as many studies employ ambiguous
or inconsistent reporting conventions that hinder reliable extraction and standardization. Additionally, LLMs
struggle to generate consistent databases when calculations and unit conversions are involved, as these steps
often rely on nuanced methodological details requiring domain-specific reasoning such as the complexities
of gas hourly space velocity (GHSV) discussed in the Process Parameters section. Critical experimental data,
especially those related to less successful conditions, are frequently presented in graphical formats, necessitating
specialized extraction tools. Taken together, these challenges render automated extraction methods unreliable.

We incorporated three primary categories of data into TheMeCat: information on the composition and prop-
erties of the catalyst, details of the experimental processing parameters, and records of the experimental results.
Each of these categories is presented in sections Catalyst Composition and Properties, Process Parameters, and
Catalytic Performance Measures, respectively.

Catalyst Composition and Properties. We included the following data on catalysts into TheMeCat: com-
position, specific surface area, and mean pore diameter, because a) the composition of the catalyst has by far the
largest influence on its activity and b) the specific surface area/mean pore volume are de facto process parameters
that can limit the availability of active sites. Any further data on catalysts, such as preparation methods and pro-
cess parameters were excluded.

The extraction of catalyst composition from each source began by identifying the active and support mate-
rials. The active-support distinction in TheMeCat was based solely on the claims presented in the sources. Since
many catalysts contain multiple materials serving as either active or support components, the dataset allows up
to two active and two support components. Within the categories, the order generally reflects the relative mole
percentages, placing the more abundant material first. When a reduction step was mentioned in the source,
pre-reduction starting materials of the active component were also identified. The composition was then quan-
tified in terms of molar percentage of the entire catalyst material. For example, in a catalyst containing two
active materials on a single support, the molar percentage of the active component one, labeled active_comp_1,
is calculated as

Hul

x 100%,

active _comp_1 = ———m
n“l + n“z + nSl (1)
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wheren, ,n, ,andn, represent the amount of moles of active material 1, active material 2, and support material
in one mole of catalyst, respectively.

The availability of compositional information ranged between the following extremes: 1) full elemental and
molecular composition was available, typically from a combination of inductive coupled plasma (ICP) spectros-
copy, scanning electron microscopy with energy dispersive X-ray spectroscopy (SEM-EDX) and other methods; 2)
the catalyst composition was stated without providing any evidence. In the latter case (and similar cases of lim-
ited information), we assumed that the synthesis succeeded as intended by the authors of the source, and the
claims were taken at face value. Many studies report the presence of various derivative species, specific crystal
facets, etc. during catalyst characterization. These were not considered by us.

The specific surface area Agzrand the mean pore diameter d, of the catalyst obtained through physisorption
evaluated with the Brunauer-Emmett-Teller (BET) method was usually available from the sources in the units
used in the dataset (m?/g and nm, respectively). In some sources, the total pore volume V), is provided in cm®/g
instead of d,,. For such cases, d, can be calculated as™":

4VP
dp = x 1000
Agpr (2)

Process Parameters. TheMeCat includes experimental process parameters such as temperature (7T), pres-
sure (p), the H,/CO, ratio (based on pressure or molar flow; p, /p ., ), catalyst mass (m,,), and gas hourly space
velocity (GHSV). Temperature and pressure were typically repzortecf in units that could be readily converted to
Kelvin and bar, respectively. When temperature was given in degrees Celsius, a rounded offset of 273 was added
for conversion to Kelvin. Catalyst mass was usually provided in grams, which is the unit adopted in TheMeCat.
The H,/CO, ratio was commonly specified either as a ratio of partial pressures or molar flow rates.
The extraction of GHSV, on the other hand, posed several challenges. GHSV in TheMeCat is defined accord-
ing to equation (3), which is the most widely used definition in the studies included (e.g.*>%):
GHSV = v
Meat (3)

where V is the total flow rate of the reactants in normal liters per hour (nL/h) and m,,, is the mass of the catalyst
in the reactor in grams. Thus, GHSV is expressed in units of normal liters per hour per gram of catalyst
(nLh~'g™"), where normal conditions refer to T, = 293.15K and p, = 101325 Pa. When GHSV was specified
under reaction conditions, we used the ideal gas law pV = nRT to convert it to units of (nLh~'g™?). Occasionally,
reported GHSV values included the flow rate of the internal standard, an inert gas used for gas chromatography
(GC) quantification purposes. In such cases, we corrected GHSV to match equation (3) according to:

GHSV = GHSVy, x (1 — x,,), (4)

where GHSVy, is the reported GHSV and x, is the molar fraction (equivalent to the volume fraction) of the
internal standard in the reactant mixture.

Regardless of its specific formulation, calculating GHSV requires that flow rates (or GHSV itself) are reported in
an unambiguous format. Unfortunately, some sources specify V in terms of volume/time (e.g., in units of mL/min)
without specifying the reference pressure and temperature. When “standard conditions”, such as “STP” are specified,
the standard (e.g., the most widely used ITUPAC definition’?) is rarely referenced. Moreover, many sources publish
GHSV on a volumetric basis (i.e., GHSVy in units of h™!) according to equation (5):

GHSV,, = v
Vieg ©)

where Vs typically the volume of the reactor or the catalyst bed. However, many sources do not specify which
reference volume (V) was used to calculate GHSV, and often omit details about the reference temperature and
pressure as well. In many cases, neither V nor GHSV, is sufficiently specified. In such cases, the reference pres-
sures, temperatures, and volumes could mostly be inferred from the reported experimental results to calculate
the GHSV. Finally, a significant portion of sources define GHSV according to equation (3), but use the incorrect
unit of h~1. In those instances, the units were corrected.

Catalytic Performance Measures. Catalytic performance measures included in TheMeCat are CO,
conversion X, methanol selectivity S, methanol yield Y, and methanol space-time yield STY. The first three are
reported as percentages. CO, conversion is defined as

nco,,in—Mco,,out

X = x 100%

1co,in (6)

whereri, ;, and g, o, represent the molar flow rate of CO, that enters and exits the reactor, respectively.
Methanol selectivity S'is given by
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nCHsoH,out

S = x 100%

1¢0,,in~ Mo, 0ut (7)
where iy o1 o, i the molar flow rate of methanol exiting the reactor. Methanol yield Y'is calculated using

" CH,0H, out

Y= — X 100%.
o, .in (8)
Y could also be obtained as a product of X and S
Y = X xS '
100% &)
Finally, the methanol space-time yield STY is defined as
m ou,
sy — [THCH:OH out
mcat ( 10)

where ity o o0, 18 the mass flow rate of methanol exiting the reactor in units of g/h. Combining equations (3)
and (8) and the ideal gas law, STY can be calculated (similarly to, e.g.’!) as

GHSV X Y X M, X
STY = cH,0H X P,

[1+ﬂ]xloo%xRxTnx103

Pco, (11)
where M, o is the molar mass of methanol (i.e., 32.04 g/mol).

Data on X, S, and Y is readily available in almost all sources, although numerical data is typically only pro-
vided for the “best” results, and other data points are relegated to figures. Therefore, extraction of experimental
results required the use of plot digitization software such as PlotDigitizer (https://plotdigitizer.com). Very few
studies publish any assessment of their quantification methods, such as calibration curves (accuracy) or repeat-
ability analysis (precision) for their gas chromatography (GC) methods. However, the uncertainty introduced
by plot digitization was less than a typical GC precision error of 2%, as confirmed by results published both in a
numerical and graphical format.

While STY could be calculated according to equation (11) for most data points, it could not be calculated for
a few data points due to the complete absence of reported flow rates or GHSVs. We left the corresponding field
empty in such cases.

Some of the sources reported GHSV, (eq. (5)) and subsequently STY,

m
STYV _ CH;0H,out
Vcat ( 12)
where V,, = V,is the catalyst volume. At the same time, these sources did not specify the bulk density of the

catalyst, and thus the standard space-time yield cannot be calculated.

We chose not to include STY in this dataset to avoid the following two drawbacks: first, it is impossible
to compare such data to STY reported on the basis of catalyst mass (the approach used by the vast majority of
sources). Second, catalyst powders consolidate when they are loaded into the reactor and sealed oft”?, typically
by a layer of inert material. This leads to an increased bulk density and a reduced catalyst volume, which, in turn,
results in inaccurate GHSV, and STY, figures. From an industrial perspective, STY is arguably the most suitable
performance indicator to compare different catalysts. Therefore, the consistent reporting of STY is of utmost
importance for data-driven catalyst development.

Data Records

TheMeCat is published in a CSV file?'. The first row contains the headers of the columns and each further row
of the dataset represents an individual experimental result reported in the literature. Table 1 describes each
column.

Data Overview

In this section, we analyze the key trends emerging from the dataset to better understand the factors that influ-
ence the catalytic performance. We compare the reported yield and STY. With this we consider STY being the
more appropriate metric for performance evaluation. We then examine how catalyst composition and experi-
mental parameters such as temperature, pressure, and GHSV collectively shape STY outcomes. Based on these
observations, we also discuss limitations inherent to the dataset and propose best practices to guide future data
reporting and collection efforts.

Yield vs. STY. TheMeCat covers a wide range of methanol yield values, from 0% to 45%, as illustrated in
Fig. 1(a). When normalized to space-time yield (ST, expressed as Scn OH/ S h), the distribution shifts, with all
3 ca
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Keyword Description Unit/Data-Type
reference Source of the data in Author (year) format String
doi link Digital Object Identifier (DOI) of the literature source String
catalyst_name Human-readable identifier of the catalyst String
catalyst composition _available | Indicates whether catalyst composition is available Boolean
starting material active 1 First active material before the reduction step String
active comp_1 Chemical formula of the first active component in its reduced state String
active 1 percent Mole percentage of the first active component mol%
starting_material _active 2 Second active material before the reduction step String
active comp 2 Chemical formula of the second active component in its reduced state | String
active_2_ percent Mole percentage of the second active component mol%
support comp 1 Chemical formula of the first support component String
support_1_percent Mole percentage of the first support component mol%
support_comp_ 2 Chemical formula of the second support component String
support 2 percent Mole percentage of the second support component mol%
catalyst_surface _area m2_g Specific surface area of the catalyst m*lg
mean pore diameter nm Reported mean pore diameter. nm
temperature_ k Process temperature K
pressure_bar Process pressure bar
pH2_pCO2_ratio Partial pressure ratio of H, to CO, (or molar flow rates) Unitless
GHSV_nlph gcat Gas hourly space velocity NLh’lgc;t1
catalyst load g Mass of catalyst in the reactor g
CO2_conversion Observed carbon dioxide conversion %
selectivity CH30H Methanol selectivity %

yield CH3OH Methanol yield %
STY g per gcath Space-time yield of methanol per gram of catalyst per hour ga_kOch;h*1
comment process Free-form comments about process parameters String
comment catalyst Free-form comments about the catalyst String

Table 1. Description of dataset columns. If unit information is present, then the data-type is automatically
considered to be float.

catalysts falling below a value of 1.2, as shown in Fig. 1(b). Both yield and STY distributions are right-skewed,
with the majority of entries concentrated at lower values and a few high-performance outliers. Compared to yield,
STY exhibits greater dispersion across the dataset, capturing differences in catalytic performance more effectively.
Hence, normalizing yield with respect to catalyst mass and time mitigates inconsistencies arising from varying
experimental setups.

Catalyst Composition and Its Influence on STY. Figure 2 summarizes the distribution of active and
support components across the dataset. The dataset encompasses a wide range of catalysts, but Cu-based catalysts
dominate, highlighting their established role in industrial methanol synthesis’*”>.

Following Cu, In,O;-based materials are the next most prominent CO, catalysts. As shown in Fig. 2(a),(c),
In,O; is reported in two roles: as a primary active phase in some studies*’ 2>, and as a support in oth-
ers?>3345465376 Qther frequently occurring active elements include Zn, Zr, and precious metals such as Pd, Pt,
Ir, and Au, although less common.

To visualize how different combinations of materials influence catalytic performance, we present a box plot of
STY grouped by pairs of active components in Fig. 3. Each box corresponds to a specific combination of Active
Component 1 (x-axis) and Active Component 2 (color coded), where the orange bars represent catalysts without
Active Component 2.

Cu-based catalysts appear in a spectrum of combinations, including ZnO, K,CO;, Pd, and CeO,. Their STY
values exhibit moderate dispersion relative to other combinations, with median STY clustered around 0.046
gCH;OH/ g, * h-In,05-based systems show broader STY distributions and often higher median values, particu-
larly when combined with oxides such as ZnO, La, 03, or Co;0,.

Several outliers are notable in Fig. 3. For example, the Ir-Pd combination achieves the highest STY in the
dataset, although its significance is limited by its rarity. A similar case is observed for the InNi,O, , catalyst,
which has the second highest STY in the dataset but also appears as a statistical outlier. La-based systems includ-
ing perovskite materials like LaMn,Cu,_,O; and LaMnOj; appear with low representation and low STY.

Correlation of Experimental Parameters with STY.  Catalytic activity is not solely determined by mate-
rial composition; process parameters such as temperature, pressure, and GHSV play a major role in determining
the efficiency of methanol production. Figure 4 visualizes the combined effect of these process parameters on STY.
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Fig. 1 Distribution of (a) the yield and (b) the STY across the dataset.
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Fig. 2 Distribution of Active and Support components across the dataset. The order (1 or 2) in each category
was generally decided, based on Mole percentage.
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Fig. 3 Box Plot of Space Time Yield (STY) Distribution by Active Components.

Temperature values in the dataset range between 433 K and 673 K, with a denser sampling occurring between
480-540 K. Pressure varies between 0.4 bar and 60 bar, but high-pressure studies above 50 bar are relatively rare.
Similarly, GHSV values cover a wide range from 0.87 nLh~'g~! to 240 nLh~'g~!, but a significant number of data
points cluster below 60 nLh~'g™!. Higher STY values are generally observed at moderately elevated temperatures
(above 520 K), pressures (above 30 bar), and GHSV values (above 20 nLh~!g™!), indicating a positive correlation
between these process parameters and catalytic performance.

Technical Validation

To promote consistency and enable robust data-driven analysis, all reported parameters in the dataset were
manually extracted and standardized in terms of units and formats. As mentioned in the Data Collection and
Processing section, LLM-based methods were not feasible due to the inconsistency of information across
sources. Manual extraction ensured alignment with a unified schema, and all entries were independently vali-
dated by multiple reviewers to reduce transcription errors and improve data reliability.

As discussed above, the quality of the dataset ultimately depends on the accuracy of the original exper-
imental reports. The accuracy of the reported methanol yield and STY, in particular, is influenced by many
experimental factors, including the accuracy of process control and analytical instruments. These sources of
uncertainty are rarely disclosed in the literature, yet they can significantly impact reproducibility even under
nominally identical conditions.

To assess this variability, we conducted an error analysis based on multiple reported measurements from the
same experimental groups, presumably made on the same experimental setup.

Table 2 presents selected datapoints from our corpus where such uncertainty could be estimated. Please note
that only a few parameters are listed in the table for clarity and space constraints; other parameters although
recorded are omitted here as they remain constant within each experimental group. We calculated the standard
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Temperature Pressure GHSV STY
(K) (bar) (nLh'g™) (gcmom-Lea 1)
673 60 240 1.253
L1, STY
/551 220 12
6401~ \
180 1
600
0.8
560
0.6
524 0.4
480 0.2
440 0

error (oy) of the yields using the formula o/~/71, where o represents the standard deviation, and # denotes the
number of experiments. The error is often a large fraction of the mean yield (Y). Possible reasons for the
intra-study variability could be either the data-descriptor being agnostic to certain parameters, high sensitivity
to experimental parameters or inconsistencies in reporting.

The only instance of inter-laboratory variability is the comparison of In,05(100.0) catalysts from different
studies®***. The data shown in Table 3 reveal a discrepancy of approximately 30% in methanol yield under nom-
inally identical temperatures and pressures. The differences in the catalysts’ pore sizes and surface area suggest
that the preparation procedure may add additional inconsistency to that caused by varying the experimental
apparatus and sensitivity to reaction parameters. These aspects highlight the need for standardized experimental
protocols and transparent reporting practices in catalysis research.

Overall, the present technical validation provides an initial error analysis and uncertainty structure in the
dataset. More approximate comparisons based on coarse groupings could, in principle, provide insight into
outliers, which then could be removed for better utilization of the database. However, this falls beyond the scope
of this Data Descriptor.

Limitations and Improvement Opportunities. Limitations include those related to the data and those
related to the dataset. Assessing the credibility of each literature source was beyond the scope of this study.
However, it must be noted that the quality of the dataset is only as good as the quality of the data. Both input data
and experimental results suffer from inaccuracies and inconsistencies, as discussed in the Data Collection and
Processing section.

The first limitation of the dataset is its limited scope. For example, Cu and In,O;-based catalysts are over-
represented in the literature. Still, literature on experimental CO,-based methanol synthesis is growing rapidly,
and the dataset could be expanded to several times its current size. As stated above however, the intention of this
study is not to gather all data available, but to establish a reporting framework that enables reports in a format
conducive to data-driven materials discovery and modern open science practices. Regarding the limited scope
of current databases, studies that explore more unconventional material combinations could be particularly
valuable additions for data-driven discovery.

Next, data on catalyst synthesis and reduction is not included due to the large variety of methods used and
the difficulties in comparing them in a quantitative framework. It is envisioned that a future expansion of this
dataset to a database could include catalyst characterization results in the shape of raw data files (of, e.g., X-ray
diffraction spectra) in an open-source format. Similarly, experimental results could be expanded with in-situ
analysis data, such as diffuse reflectance infrared Fourier transform spectroscopy (DRIFTS) where available.
Finally, catalyst stability, an important factor for industrial applicability, could be included if data existed.

Recommendations. Data-driven materials discovery to accelerate the development of new catalysts for
the green transition shows great promise, but requires machine-interpretable experimental data. Therefore, it
is encouraged that all experimental data is published in the spirit of open science. This includes data on catalyst
preparation, characterization, experimental parameters, and experiment outcomes. Ideally, calibration considera-
tions for key instruments should be stated along with proof of accuracy and precision. For example, many studies
claim that the outlet after the back-pressure controller is connected directly to the GC. In such a configuration,
the pressure in the GC’s sample loop is not fully equilibrated to atmospheric pressure, and a correction factor has
to be applied for each pressure and GHSV. However, this practicality is not mentioned in any of the sources. In
addition, reproducibility of data points should be included in the form of error bars from repeated measurements
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Composition T (K) |P(bar) n Y (%) (%)
Au(1.4)/ In,05(98.6)* 473 30 2 0.06 0.01
Co0GaAlO,(10.5)/C/ Si0,(89.5)* 543 30 4 1.03 0.18
493 30 6 5.26 0.29
Cu(50.3)/ In,04(49.7)* o % 6 > 037
533 30 5 6.91 0.60
553 30 5 7.12 0.58
513 30 4 29.24 3.10
533 30 3 28.47 5.08
523 30 3 25.88 4.98
Cu(63.4)/ ZnO(28.1)/ Al,05(8.5)*° 513 40 3 35.51 5.18
513 20 3 16.05 3.04
503 30 3 20.02 4.15
493 30 3 15.94 3.67
Cu(18.0)/ ALO,(82.0)% 513 30 2 1.79 0.01
Cu(18.1)/ AL,O4(78.5)/ ZrO,(3.4)** 513 30 2 1.99 0.11
Cu(18.2)/ ALO,(74.9)/ ZrO,(6.9)** 513 30 2 237 0.08
Cu(18.3)/ ALO,(71.3)/ ZrO,(10.4)% 513 30 2 226 0.01
473 30 3 0.07 0.07
533 30 3 2.44 0.32
1n,0,/Zn0/C 563 30 3 5.15 0.56
593 30 3 6.31 0.63
623 30 3 6.70 0.94
503 30 3 0.71 0.32
In,05(0.1)/ ZrO,(99.9)” 553 50 2 0.78 0.55
523 40 5 11.70 0.05
InNi;0, 5 (10.4)/ Fe;0,(89.6)% 533 20 5 1110 0.56
1r(0.65)/ Pd(0.65)/ In,0,(98.7)% 523 30 4 5.86 0.65
Pd(3.9)/ ZnO(96.1)* 523 20 17 2.59 0.65
Pd(0.8)/ Zn0O(99.2)* 523 20 2 1.00 0.29
Pd(5.5)/Zn(9.0)/ ZrO,(85.5)" 523 30 2 6.96 0.00
Pd(5.4)/Zn(8.9)/ ZrO,(84.2)/ Ca(1.5)* 523 30 2 9.37 0.05
Pd(7.2)/ Zn(11.7)/ CeO,(79.3)/ Ca(1.8)" 503 30 2 9.41 0.01
573 20 4 1.33 0.55
Zn(13.0)/ ZrO,(87.0)*
603 20 3 4.62 0.03

Table 2. Error analysis of methanol yields for repeated measurements: Catalyst compositions are denoted in the
format Active Component 1(n,, ) / Active Component 2(n,, ) | Support Component 1(n, ) | Support Component

2(n 52), where active components are represented in bold and each component’s molar percentage is shown in
parentheses. The column T, P and # refers to the reaction temperature, pressure, and the number of
measurements, respectively. Y is the mean yield of methanol, and oy is the corresponding error in yield.

Area Pore diameter | GHSV
cit. (m?%g) (nm) nLh-!g~! Y (%)
36 69.4 12.30 20 0.94
4 423 52.10 15 0.71

Table 3. Inter-laboratory variability for the same catalysts composition (100% In,0;), and reaction conditions
(Temperature 523 K, pressure 20 bars and H, to CO, pressure ratio 4). Citation source is abbreviated as cit., area
stands for catalyst surface area, pore diameter is depicting pore diameter and Y is yield.

under identical conditions. Meta-data should be used to dispel any ambiguity related to units, reference condi-
tions, etc. Data should be complete and supplied in a tabular format, preferably as comma separated value files
(CSVs), even for less successful experiments. Experiments with negative outcomes (e.g., no catalyst activity or
a catalyst synthesis resulting in an undesired composition) should be reported and enabled by publishers that
prioritize scientific rigor over cite-ability.

However, as a first step, colleagues are encouraged to add their experimental results to this dataset, as it is
intended to be a living document. Since its publication platform, Zenodo, supports version control, members of
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the community are free to add, modify, or correct entries. It can also be expanded with improvement suggestions
including but not limited to those listed in the previous section.

Data availability
The TheMeCat dataset was published on Zenodo and is available under https://zenodo.org/records/17085762.

Code availability
This article does not contain code.
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