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Leveraging machine learning engineering to
uncover insights into heterogeneous catalyst
design for oxidative coupling of methane†

Shun Nishimura, *a Xinyue Li,a Junya Ohyama b and Keisuke Takahashi *c

Machine learning (ML)-assisted catalyst investigations for oxidative coupling of methane (OCM) are

assessed using published datasets that include literature data reported by different research teams, along

with systematic high-throughput screening (HTS) data. Support vector regression (SVR) is performed on

the selected 2842 data points. The first SVR leads to eight catalysts with C2 yields higher than 15.0% under

the current reaction conditions, but the second attempt with the updated dataset including the first

validation results does not improve the prediction because of spatial shrinkage. The Bayesian optimization

processes also start with datasets of 3335 data points, and are considered for three cycles using the

updated dataset. Repeating the Bayesian processes certainly improves the C2 yields observed in the

validation results, but the convergence of the elements presents another issue. Accordingly, data-driven

catalyst investigations involve a different set of defect issues from the conventional style of catalyst

investigations. The unveiling of issues in the highly active OCM catalyst investigation by ML engineering

conducted for this study is intended to clarify future challenging subjects for ML-assisted research

innovations. Actions to proactively discover the encounters with serendipity to broaden the scope of the

material survey area using ML approaches and/or working with the researcher's intuition can increase the

possibility of fortuitous discoveries and the achievement of desired outcomes.

1. Introduction

Informatics approaches have been eagerly pursued by catalyst
scientists in recent years. Data-driven catalyst design and
discovery of hidden trends using machine learning (ML)
engineering and/or data management are hoped to guide direct
access to the goal of achieving desired performance more
effectively than using conventional approaches.1–6 In fact, the
combined use of informatics techniques can suggest
“unreported” areas in some cases, and can suggest unexpected
areas in catalyst research. The exploration of these areas can
engender new motivations for revealing important hidden
characteristics in components known to have catalyst
performance. Literature data are commonly available classic
big data. Analyses of these data from an informatics

perspective have revealed common trends of catalyst
components and the roles of the respective element, which has
been helpful for subsequent proposals of catalyst design.7–11

Nevertheless, the inherent biases arising from differences
among research groups related to aspects such as preparation
methodology, reactor design, and elucidation manner must be
considered carefully because these biases can sometimes
mislead the ML considerations.12–14 A recent paper presents
the argument that even identifying the best performance based
on the literature remains challenging because of the variety of
reaction situations.15 Since the concept of high-throughput
screening (HTS) was discussed in 1970,16 the design and use of
HTS to generate large datasets have received much attention.
Various types of atmospheric fixed-bed reactor systems
consisting of 6,17,18 16,19 20,20 48,21 49,22 and 64 (ref. 23)
parallel tubes have enabled the systematic screening of large
data. The combined use of a “smart” laboratory with robotics24

is expected to transform big data-driven informatics
investigations of catalysts into a popular style of catalyst
research in the near future. However, interestingly, the HTS
approach reportedly generates much “garbage data” during
experimental trials,25 and another report presents a debate
about the importance of such extra “negative data”.26

Apparently, emphasizing that the skills of conventional catalyst
scientists are still needed is better to guide the story of such
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innovative research technologies properly. Computational
simulations such as density functional theory (DFT)
calculations are the third type of big data. They have been used
conventionally as a tool to prove the expected mechanisms for
the characteristic properties of developed catalysts. With
increasing attention devoted to data-driven catalyst
investigation, the conventional DFT goal has shifted from
understanding to discovering catalysts, leading to the next idea
for catalyst design.27,28 The cost of DFT processing remains
high, but DFT for screening catalysts29,30 is also proving to be a
powerful tool for the next style of catalyst design. By virtue of
the development of innovative technologies such as quantum
computing, computational simulation can again be a game
changer in the field of materials science. Big data of these three
types can reveal emerging movements of the catalyst
informatics: the literature, HTS experiments, and
computational simulation data-driven catalyst investigations.31

The application of supervised ML to the discovery of
catalysts with exceptional catalytic performance still entails
many persistent issues related to its capabilities and accuracy
for validation. A well-defined trained ML regression model,
by its very nature, follows popular rules in original datasets,
i.e., relations between a material and its performance as
determined by some selected descriptors. For this reason, it
constitutes a successful approach when the common rule can
represent the feature at the outer range. However, in most
cases, because of the nature of ML regression, outlier
performance data cannot be predicted directly from typical
trends in the data. Furthermore, a persistent issue is the
difficulty in ascertaining global descriptors that represent
specific trends between catalyst materials and catalysis
characteristics. This difficulty particularly arises for
heterogeneous catalyst areas because the heterogeneous
catalyst performance depends on multi-dimensional
characteristics such as the catalyst components, loading level,
size and morphology, crystallinity, oxidation state, density of
active species, surface roughness, defects, and acid–base
nature. Indeed, clarification of the causal analysis requires a
long history, except in the cases of selected components and
a simple target reaction. Some examples are CO oxidation
over gold-based catalysts at ambient temperature, for which a
long discussion has been had for the identification of active
sites.32 Elucidating such multiple networks between the
nature of catalyst materials and the trends of catalysis
features requires a great cost, which might never improve
and which might yield only temporary results. Therefore,
more important than the construction of a comprehensive
ML model, unveiling of the current issues in supervised ML-
aided heterogeneous catalyst investigation can clarify future
topics for this innovative research field: how the “imperfect”
supervised ML regression acts during steps in a catalyst trial-
and-error process for catalyst investigation.

For this study, oxidative coupling of methane (OCM),
which was discovered in the 1980s,33,34 is chosen as a model
reaction for ML-aided catalyst investigation. For OCM, there
is a 40 year history of catalyst studies using conventional

methods. It is noteworthy that, in 2014, one US start-up
company established a pilot scale OCM process to provide
ethylene to the US market,35 but the cost-effective design of
OCM plants remains a challenge compared to the process via
naphtha cracking.36,37 Consequently, the successful
implementation of ML to aid OCM catalyst investigation is
an attractive dream to propose an alternative path forward
for this research area. The present study, based on big data
generated from earlier literature data along with systematic
HTS data,11,20,38 investigates supervised ML using support
vector regression (SVR) and Bayesian optimization with an
expected improvement (EI) function for ternary element
supported OCM catalysts (M1–M2–M3/support).

2. Experimental
2.1. OCM reaction

The OCM reaction was conducted in a conventional fixed-bed
reactor system with a tube furnace (L = 270 mm; ARF-30KC,
Asahi Rika Co. Ltd., Japan). The well-ground powder catalyst
(50 mg) was sandwiched between quartz glass wool (<10 mg
as sum) at the neck position of a step-jointed quartz tube
reactor (4 mm ID, 235 mm length (from top) – 2 mm ID, 150
mm length (from bottom)). The reactor temperature was
monitored using an R-type thermocouple, with the tip placed
near the outer quartz wall of the catalyst bed location. The in
situ catalyst pre-treatment was applied at 500 °C for 30 min
under an O2 flow (30.0 ml min−1); then the OCM performance
was investigated at 500–850 °C at 25 °C intervals under a
CH4/O2/N2 flow (21.0/7.0/3.0 ml min−1) (Fig. S1 in the ESI†).
The reaction mixture was evaluated after 3–4 min at each
reaction temperature using a device (Micro GC FusionTM;
INFICON Co., Ltd.) equipped with a dual-column system
consisting of an Rt-Molsieve 5A column (0.25 mm × 10 m, Ar
carrier, backflush) and an Rt-U-Bond column (0.25 mm × 8
m, He carrier). The amounts of the target gases H2, O2, N2,
CH4, CO, CO2, C2H4, and C2H6 were estimated according to
our earlier reports using N2 as an internal standard.39,40

2.2. Catalyst preparation

All chemicals used for this study are presented in Table S1 in
the ESI.† Multicomponent M1–M2–M3 supported catalysts
were prepared with co-impregnation using a parallel
synthesis method.39,40 All elemental resources (0.20 mmol for
each) and support materials (1.0 g) were placed in a glass
tube (φ18) with 6 mL of highly purified water (18.2 MΩ ×
cm), and were mixed at 50 °C for 6 h under vigorous stirring
with a magnetic stirrer. The slurry was centrifuged under
vacuum at 80 °C and was dried overnight at 110 °C. The
resulting precipitate was well-ground using an alumina
mortar and was placed in an alumina crucible (φ54); then it
was calcined at 900 °C for 3 h in a furnace (KDF 300-Plus;
Denken Highdental Co. Ltd.). Water-sensitive metal resources
such as Ti(OiPr)4 and BiCl3 were impregnated successively
with ethanol solvent (two-step) before calcination. For the
ethanol solvent, a set at 60 °C was used for centrifugation
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and the vacuum step. The reference catalysts none(M1)–
none(M2)–none(M3)/support (denoted as “bare”) were
prepared using the same protocol with no metal resources.

Conventional NaMnW/SiO2 was prepared using co-
impregnation and was used as a standard catalyst to
determine the potential of the catalysts, as in our earlier
studies.13,29,39,40 Both 0.93 mmol of Mn(NO3)2·6H2O and 0.37
mmol of Na2WO4·2H2O were dissolved in 300 mL of
deionized water in a round-bottom flask. Then, after 2.5 g of
SiO2 was added to the flask with vigorous stirring using a
magnetic stirrer, it was mixed for 24 h at 50 °C. The water
solvent was removed gradually using a rotary evaporator
system heated to 65 °C. The resultant product was dried
overnight at 110 °C. The resulting powder was well ground
using an alumina mortar, placed in an alumina crucible
(φ73), and was calcined at 1000 °C for 3 h in a furnace (KDF
300-Plus). As shown in Fig. S2 in the ESI,† the as-prepared
NaMnW/SiO2 has good performance in the OCM reaction,
with the best C2 yield value of 17.6% at CH4/O2 = 3.0 and
19.9% at CH4/O2 = 1.8 under the present experiment
conditions: 31.0 ml min−1 of total flow including N2 balance
(3.0 ml min−1, const.) at a furnace length of 270 mm.

2.3. Machine learning methodology

For the OCM reaction, open-source systematic high-
throughput screening (HTS) datasets of 300 random
catalysts38 and 59 NaMnW-based catalysts20 were provided by
Taniike et al., whereas 4759 experiment data points reported
in the literature and patents were collected by Shimizu
et al.11 For the 300 + 59 HTS datasets, only “the best C2 yield
value” of each catalyst and its reaction conditions were
selected to reduce the data effects of HTS in the data source.
Pre-treatment of the datasets was conducted according to the
following points. Particularly, the literature data include
incomplete data such as i) the sum of the partial pressures of
the reactants is higher than 1.0, ii) information related to the
flow rate and/or the support is missing, and iii) the label of
the support is inadequate as metal catalyst. In some cases,
the authors can manually expect the type of support when
the cation % is higher than 60%. In addition, cations of 4–5
kinds, anions of 1–2 kinds, and mixed support usage
information of 2–3 kinds were removed because they were
outliers of the target of this study. From the HTS datasets,
none(M1)–none(M2)–none(M3) was also removed. Then, 2842
data points were used as the dataset at the beginning of this
study. They are presented as List0.csv in the ESI.†
Accordingly, the element survey area used for the present
study was found with 52 loading element variations from Ag,
Al, Au, Ba, Be, Bi, Ca, Cd, Ce, Co, Cr, Cs, Cu, Dy, Er, Eu, Fe,
Ga, Ge, Hf, In, K, La, Li, Lu, Mg, Mn, Mo, Na, Nb, Nd, Ni, Pb,
Pd, Pr, Pt, Rb, Re, Sb, Si, Sm, Sn, Sr, Tb, Th, V, W, Y, Yb, Zn,
Zr, and “none”, and 37 support variations from Al2O3, BEA
zeolite, BN, BaO, BeO, Bi2O3, CaO, CeO2, Dy2O3, Eu2O3,
Fe2O3, Gd2O3, K2O, La2O3, Li2O3, MgO, Mn2O, Na2O3, Nb2O5,
Nd2O3, Pb2O3, Pr2O3, Sb2O3, Sc2O3, SiC, SiC nanofibers, SiO2,

Sm2O3, SnO, SrO, Tb2O3, ThO2, Y2O3, Yb2O3, ZSM-5 zeolite,
ZnO, and ZrO2.

To represent the catalyst material and reaction condition
information, the following methods are implemented in the
descriptor setting: i) catalyst component represented by a
one-hot encoding manner, where binary numbers 0 and 1 are
assigned into the box in the survey table; and ii) reaction
temperature, which was divided by 10 for input data, and
partial pressure of iii) CH4 gas (pCH4

), iv) O2 gas (pO2
), and v)

balance gas (pInert). The use of one-hot encoding is
particularly helpful to reduce the space expansion of the sort
order of ternary components (permutations, 3P3 = 6 ways).
The division process at temperature is for space control for
space awareness by ML. The ML output data under the
diluted condition of pInert > 0.2 were excluded according to
the validation condition at pN2

≒ 0.1. In addition, the
predicted components with the element thorium (Th) are
skipped for validation because of the very low availability of
Th salts.

Support Vector Regression (SVR) was implemented with
a radial basis function kernel of C = 14 and gamma =
0.25. Cross-validation was examined with a train and test
split of 80% and 20%, evaluated using the mean R2 values
on 10 random data splits. The Gaussian process regression
was implemented using Scikit Learn.41 The kernel of the
Gaussian process regression was optimized, where the
kernel consists of WhiteKernel, ConstantKernel × Radial
Basis Function (RBF), and ConstantKernel × DotProduct as
described in our recent report.42 The standard deviation
(SD) of the predicted variable distribution at a data point
is also calculated during Gaussian process regression.
Bayesian optimization was applied to find data points with
large SDs and with high C2 yield by Gaussian process
regression based on the acquisition function of updated
Expected Improvement (EI) calculated using the following
eqn (1) and (2) as:

U = (ymax + μ − ξ)/σ (1)

EI = σ × U × Φ(U) + σ × φ(U) (2)

where ymax stands for the highest C2 yield in the trained
dataset, ξ is the optimization parameter calculated from the
SD of the predicted variables multiplied by 0.01, μ and σ

respectively denote the predicted C2 yield and SD calculated
using Gaussian process regression, and Φ(U) and φ(U)
respectively represent the cumulative distribution function
and probability density function of U in eqn (1).42

2.4. Workflow

Catalyst validations were performed under conditions not
specified by ML, but under identical conditions to the fixed
compositions of the CH4/O2/N2 flow (21.0/7.0/3.0 mL min−1).
Because the reactivity in OCM is influenced by both reaction
conditions43,44 and reactor design,45,46 clarification is based not
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on absolute, but on relative OCM performance in comparison to
the well-known NaMnW/SiO2 catalyst as a standard catalyst
under identical conditions, which has the best C2 yield of 17.6%
under the standard CH4/O2/N2 flow conditions (21.0/7.0/3.0 mL
min−1) at a furnace length of 270 mm (vide infra). The strict
reaction situation with high CH4 + O2 concentration (ca. 90.3%)
is selected in this study for validation. Once a markedly active
OCM catalyst has been found by this protocol, optimization of
the reaction conditions and reactor design can be specifically
examined. To update the input data, experimental validation
results with C2 yield higher than 5.0% are added to the dataset
for the next ML prediction. All input data used for this study are
presented in List0.csv in the ESI.† As shown in Scheme 1, two-
times trials of SVR prediction and three times-trials (+one) of
Bayesian-optimization processing by EI were investigated. All
experimentally obtained data are presented in Table S3, in the
ESI.† Experimentally obtained data for SVR-2 were not included
in the dataset for additional prediction and validation studies,
but these components, Cat. No. 37–55 in Table S3 in the ESI,†
were excluded for Bayesian validations to reduce the experiment
cost because the catalyst potentials have already been
investigated under the current conditions.

3. Results

The first SVR (denoted as SVR-1) implemented in the selected
2842 data points based on the systematic HTS and literature

data obtained a mean R2 score of 0.54 in the cross-validation
(Fig. 1(a)). The data referred from the literature include much
information to describe both the catalyst components in
terms of the preparation method, metal loading, metal rate,
and activation protocol, in addition to the catalyst
performance by reaction conditions, reactor design,
elucidation methodology, etc. When these categories are set
individually as a descriptor index, the amount of data is
insufficient for regression by ML because each report in the
literature includes different descriptor index information
collected according to the different experiences of each
research team. In addition, even if common information
exists for several descriptors collected from data in the
literature, excessive variation of descriptors engenders
overfitting problems. In brief, the existence of poor relations
of descriptor indices with the target function will misguide
the literature data-driven ML. From the viewpoint of
extracting loose correlation from literature data, for this
study, the catalyst component by element variation (M1–M2–
M3/support) and reaction conditions by pCH4

, pO2
, and pInert

are selected as the descriptors. The obtained R2 score value is
not higher than 0.6, which is one threshold for a good
regression model. However, the authors believe that the list
of ML predictions for the first validation presents nice ideas
for our goal: the development of OCM catalysts for M1–M2–
M3/support with a high C2 yield performance.

The list of catalyst components and corresponding
reaction conditions proposed by SVR-1 is presented in List1.
csv in the ESI.† When the export range is set to the predicted
C2 yield higher than 18.00% under pInert ≤ 0.2 conditions,
there are 92 lines of predictions, including M1–M2–M3/
support components, reaction temperature, pCH4

, pO2
, pInert,

and the corresponding C2 yield value. There are 36
components ranging from 18.00 to 22.61% of the C2 yield. In
the first validation, all 36 catalysts are prepared and
evaluated for these reactivities for OCM. At this time, 11 out
of 36 (30.6%) catalysts are binary element supported

Scheme 1 Schematic illustration of the dataset history for prediction
and validation. At the steps indicated by the red arrows, the validation
data points with C2 yield greater than 5.0% were added to the datasets
for the subsequent prediction.

Fig. 1 Cross-validation plots for the (a) first and (b) second trials by
SVR on the best scoring case out of 10 examinations.
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catalysts. As shown in Fig. 2(a), the results include eight
catalysts with C2 yield higher than 15.0% under the present
reaction conditions: LiMnW/SiO2 (16.6%), MnRbW/SiO2

(17.8%), KMnW/SiO2 (18.8%), NaMnW/SiO2 (18.3%),
LiBaNone/La2O3 (15.6%), SrLaNone/La2O3 (15.3%), NaCeW/
SiO2 (15.3%), and LiSrNone/La2O3 (16.2%). The two
categories of catalyst with high C2 values are Na–Mn(or Ce)–
W/SiO2-derivatives and M1–M2–none/La2O3 categories. To
investigate novel catalysts for OCM with high C2 yields
further, the second SVR prediction (SVR-2) is investigated
based on the updated dataset of 3071 data points. One of our
observations about this strategy is that ML prediction might
allow revisitation of its predictions after validation trials,
much as conventional scientists do during catalyst
development. To increase the influence of the exact reaction
situation and to reduce the influence of the literature and
the HTS experimental situation, all data points of C2 yield
higher than 5.0% from the first validation results were added
for the next validation. The cross-validation is shown in
Fig. 1(b). Its mean R2 score is 0.54, which is the same as that
of SVR-1. The results of the second prediction by SVR are
listed in List2.csv in the ESI.† The maximum value of the
predicted C2 yield (21.73%) was similar to 22.61% at SVR-1. It
contains 11 lines with the predicted C2 yield higher than
18.00%, with three types of NaCeW/TiO2, NaMnW/SiO2, and
LiMnNone/MgO catalysts under different reaction conditions.
However, these three have already been examined in the first

validation based on SVR-1. They are duplicate components.
In other words, after importing the first validation data, the
SVR was not able to suggest other potential OCM catalysts
based on C2 yields higher than 18.00%: the space for
predicting catalyst components was reduced in high C2 yield
ranges (>18.00%). Reaction conditions might still strongly
influence these OCM performances (viz. C2 yield). However,
this point is not the subject of this study. When the screening
area for data extraction was extended to the predicted C2

yield above 16.00%, an additional 255 lines were suggested.
Therefore, the second prediction list includes catalyst
components of 91 types, including 14 duplicates with first
validation in the range of predicted C2 yields from 16.00% to
21.73%. It is noteworthy that 50 out of 91 types (54.9%) are
made by binary element-supported categories (M1–M2–none/
support). Moreover, it is apparent that a lower diversity of
OCM catalysts has appeared in the continuous use of the SVR
way for the second regression. Tentatively, catalysts with a
predicted C2 yield value higher than 16.75% were selected for
the second validation, excluding duplicate components from
the first validation. Accordingly, the 19 catalysts are
examined. As presented in Fig. 2(b), the two C2 yield values
of 15.9% for BaEuHf/CaO and 15.7% for the SrMoNone/BaO
catalyst are observed as values higher than 15.0%. In other
words, SVR-2, which included real data after the validation of
SVR-1, failed to improve the experimentally obtained results
in the validation.

To explore other possible approaches for ML prediction, the
authors specifically examine Bayesian optimization based on
the EI index, the score of which guides the experiment to a
higher potential value at the data missing pieces in the C2 yield
space.42 Preliminarily, Bayesian optimization was implemented
using the 3071 data points of Dataset 2 (denoted as Bayesian-0,
in Scheme 1). The results for predicted C2 yields higher than
16.00% are presented in List3.csv in the ESI.† At this stage, 263
out of 637 lines (41.3%) are binary element supported catalysts.
When a component survey is conducted from the high EI
values, excluding both duplicate components with validation
first and second and Th containing elements, the following 25
catalysts can be selected as candidates for the subsequent
validation: NaCeW/BaO, KSmNone/La2O3, NaCeW/La2O3,
NaKNone/La2O3, NaSrNone/La2O3, LiKSm/CaO, KEuNone/
La2O3, NaSrNone/BaO, LiKNone/La2O3, NaCeNone/BaO,
LiSrNone/BaO, LiBaNone/ZnO, KMoNone/La2O3, LiNaNone/
BaO, LaBaNone/La2O3, KBaNone/La2O3, LiCeSm/CaO,
NaKNone/La2O3, LiKMo/CaO, KLaNone/La2O3, KSrNone/La2O3,
KSmNone/CaO, NaBaNone/BaO, LaBaNone/ZnO, and KCeSm/
CaO. Despite the application of Bayesian optimization based
on the EI index, a high occurrence of binary element supported
catalysts (19/25 catalysts) was achieved.

To expand the study area for Bayesian optimization
investigation, 264 unpublished data points from 39 catalysts
prepared using the same preparation protocol and evaluated
with the same reactor and profiles were applied in our
laboratory. Then the populated Dataset 3 with 3335 data points
was implemented into the Bayesian optimization (denoted as

Fig. 2 Best C2 yield plots of the (a) first and (b) second validation
based on the SVR method.
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Bayesian-1 in Scheme 1). There are 406 lines with C2 yields
higher than 16.00%; 38.2% (155 lines) are still the binary
element supported catalysts. Consequently, 20 catalysts
selected tentatively based on the high EI score without
duplicate catalysts from Cat. No. 1–95 in Table S3 in the ESI,†
were tested for validation 3. Repeatedly, we examined
validation 4 by Bayesian-2 and validation 5 by Bayesian-3
according to the same catalyst selection procedures: duplicate
components with earlier validation stages were skipped for the
next validation. The corresponding prediction lists are included
in the ESI† as the List4, List5, and List6.csv files. In variation 5
based on Bayesian-3, we did not test the 20 catalysts selected
from the higher EI value, but instead we tested all 22 catalysts
in the range of the predicted C2 yields higher than 16.00%.
These three-times Bayesian-based validation results presented
by the best C2 yield values are shown in Fig. 3. It is readily
apparent that the trends of the best C2 yield values are moving
gradually to the higher value by the validation steps. Indeed,
the numbers of occurrences with the best C2 yield value higher
than 15.00% were 3, 8, and 14 catalysts, respectively, in the first
(20 catalysts), second (20 catalysts), and third (22 catalysts)
validation by Bayesian optimization. Therefore, Bayesian
optimization investigation based on the EI index is helpful to
guide the next experiment to improve the OCM performance
and C2 yield. However, the results indicated that the maximum
C2 yields were not changed at around 16.0–16.5%. In addition,
La2O3-based catalysts are frequently found: 36 types among 62
catalysts. It can be considered that La2O3-based categories
possess potentially high performance for OCM. Moreover,
spinning the roulette wheel for selection of appropriate M1–
M2–M3 components for the La2O3 support from the selected
fields by one-hot encoding becomes a mother target for
Bayesian optimization. However, it has the C2 yield limit as its
nature at around 16% under the present reaction conditions.
In fact, bare La2O3 exhibited the highest C2 yield of 14.0% in
the present state among the bare support catalysts studied,
including bare anatase-TiO2, SiO2, MgO, CaO, BaO, ZnO, and
Y2O3 from the references in Table S3 in the ESI.† When further
Bayesian optimization is implemented by Dataset 6 (as
Bayesian-4 in Scheme 1), several components aside from Cat.
No. 1–158 in Table S3 in the ESI,† and the Th element are still
suggested, as well as the following 18 catalysts with C2 yields
higher than 16.00%: 17 components of CaBaLa, CaBaSm,
SrBaEu, NaCaBa, MgBaEu, SrBaNd, MgKBa, CaCsBa, KSrBa,
MgBaNd, BaNdNone, SrSmNone, LiCaBa, CaSnBa, CaSrEu,
MgCaEu, and SrCaNd for the La2O3 support, and one
component of KBaCe for the CaO support. The corresponding
prediction lists are included in the ESI† as the List7.csv file.
These do not appear to be attractive for additional validation
because of their strong convergence toward La2O3-derivatives
in the predictions.

4. Discussion

These results indicate that both ML-assisted catalyst
investigations present some challenging issues. The first SVR

has well assisted in finding OCM catalyst trends providing
high C2 yield made from Na–Mn (or Ce)–W/SiO2-derivatives
and M1–M2–none/La2O3 categories. The highest C2 value in
this report was obtained here by KMnW/SiO2 (18.8%).
However, the second SVR has demonstrated spatial shrinkage

Fig. 3 Best C2 yield plots of the first, second and third validations
based on Bayesian optimization based on the EI.

Catalysis Science & Technology Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

1 
ge

as
se

m
án

nu
 2

02
3.

 D
ow

nl
oa

de
d 

on
 2

02
5-

10
-1

7 
12

:3
8:

49
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d3cy00596h


4652 | Catal. Sci. Technol., 2023, 13, 4646–4655 This journal is © The Royal Society of Chemistry 2023

in the field of C2 prediction. Bayesian optimization based on
EI provides an excellent guide for C2 improvement.
Particularly, it shows improvement of the superior La2O3-
derived performance by M1–M2–M3 components. However,
to a limited degree, it has opened a path to the extraordinary
potential of catalyst design.

For the initial Dataset 1, which comprises 2842 data
points, the distribution of C2 yield values, which were
rounded to the nearest integer, is shown in Fig. 4(a). The
maximum value of C2 yield in this dataset is 32.0%. However,
the distributions at such high C2 yields are not mother fields.
Briefly, the C2 yield below 8.0% includes about 50% of the
data points. About 95% have occupied the range of C2 yield
below 20.0%. The mean C2 yield was 8.9%, with a standard
deviation of 6.30%. Therefore, this trend of the original
dataset is one reason for the upper limit of 22.61% of the C2

yield predicted by SVR-1. Fig. 4(b) shows the distribution of
C2 yield values, which were rounded to the nearest integer, in
the additional data points based on experiment validation 1
based on SVR-1 in Dataset 2. It includes the C2 yield in the
range of 3.4% to 18.8%; the mean C2 yield was 11.2%. It is
noteworthy that approximately 85% of the points in the
additional data are located at C2 yields below 14%. One can
infer that these additional data are associated with an
increase in the effect of not the high but the medium C2 yield
area in the next dataset of Dataset 2, leading to difficulties in
the improvement of the second prediction by SVR.

This is one characteristic of ML prediction that
distinguishes it from catalyst investigations conducted based
on human intuition. A human can revisit considerations
along the trail and change the views of angles for the next
plan to find a high-performance catalyst. In contrast, data-
driven catalyst investigation requires “upper” changes close
to the target performance in the dataset because it includes
consideration of the trend of the base dataset for the

prediction. To overcome such common issues in ML
prediction, taking actions to create serendipity “proactively”
is a key technology for data-driven approaches targeting
exceptional performance catalysts. Furthermore, one-hot
encoding, by which the numbers 0 and 1 are filled in the
selected elemental indexes, was applied for this study to
describe the catalyst components. It helps to reduce the
complexity of the catalyst description method. In other
words, the regression field cannot extend its views to other
factors such as wt%, element ratios, and the preparation
conditions. This lack of extension is another factor that has
led to shrinkage of the SVR prediction domain at such an
early stage of catalyst investigation in this study. There
remains the dilemma for catalyst description between cost
and accuracy, as described above. Therefore, time is
necessary to discuss how to represent appropriate catalyst
information for ML studies, especially for prediction. In
addition, the effects of molten salts47,48 and methyl radical
(CH3˙) generation capability49,50 in OCM at higher reaction
temperatures have been discussed by in situ analytical
techniques. How to apply such information on active states
and surface/gas-phase changes based on experimental
evidence would be the next subject.

Fig. 5 presents the distribution of C2 yield values, which
were rounded to the nearest integer, at additional data points
based on experiment validations 3, 4, and 5, into the dataset
for the subsequent Bayesian optimization processes. It is
readily apparent that the additional experimentally obtained
data points improved the OCM performance of the C2 yield
value gradually; the mean C2 yield was changed from 12.6%
to 13.1% and 14.3% in the data. Therefore, the Bayesian
optimization certainly conducted the upper changes of the
experimentally obtained data. However, as described above,
La2O3 is recognized as an active support in OCM during the
Gaussian process regression. Therefore, La2O3 is converged
as an optimal support within the train data. The upper limit
of C2 yield was believed to be around 16% under the present
reaction conditions. Compared to the bare La2O3 reactivity
(viz. 14.0%), some selected M1–M2–M3 components have
positive potential for C2 yield in OCM. Therefore, it is
apparent that the Bayesian optimization greatly reduces the

Fig. 4 Distribution of round-off C2 yield values for (a) the initial
dataset 1 consisting of 2842 data points from the literature and HTS,
and (b) the additional data points based on experiment validation 1.

Fig. 5 Distribution of round-off C2 yield values at additional data
points based on experiment validations 3, 4 and 5, into the dataset for
the subsequent Bayesian optimization processes.
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number of experiment trials needed to find optimal catalysts.
This feature is difficult for humans in such a large survey
area of element combinations as M1–M2–M3 and the
support. However, this still falls short of the desired goal of
data-driven catalyst investigation: the discovery of unexpected
catalysts. It is noted as an important difficulty that the
prediction field continues to emphasize examination of the
existence of high-potential candidates such as La2O3-
derivatives during Bayesian optimization processes. Bayesian
optimization processes can benefit from incorporating a
broader range of experimentally obtained data into the
catalyst component. To overcome the continual turning of
the roulette wheel to select the M1–M2–M3 components of
the interesting support (e.g., La2O3) from the selected fields
by one-hot encoding, it is necessary to broaden the scope of
support utilization. This approach can enhance the
likelihood of encountering fortuitous discoveries and of
achieving desirable outcomes.

From the viewpoints of the lower-temperature OCM
feature, which is one attractive subject, especially for La2O3-
based catalysts,39,51,52 very attractive catalysts are presented
in Table S3 in the ESI.† The 12 (+2) components among 48
(+5) examinations in the La2O3-derived catalysts are found to
be positive components assisting the lower-temperature OCM
based on the La2O3 nature in the experimentally obtained
data. Actually, two appearances in five catalysts are from
unpublished datasets. As shown in Fig. 6, SrEuNone (4.4%),
MgSrNone (11.9%), MgCaNd (10.9%), MgTiSr (9.5%), CaTiSr
(11.6%), CaLaNone (10.2%), CaSrNone (12.0%), TiLaNone
(8.0%), TiSrNone (10.6%), CaTiEu (13.0%), LaEuNone (7.0%),
MgCaTi (12.5%), MgCaSr (14.4%), and CaBaNd (10.9%) gave
C2 yield at 500 °C under the present conditions. The numbers
in parentheses are the C2 yields at 500 °C. Because the bare
La2O3 was inactive at 500 °C, these 12 components were
found serendipitously to be the positive compositions for
activating the La2O3-based lower-onset temperature OCM.
Another attempt is made to investigate the effects of total
water production on OCM performance. It has been
discussed that adding water vapor to the OCM atmosphere
has both positive and negative effects on its
performance.53–55 In this study, the total water collected in a
trap tube during the pre-treatment and reaction in the

experiment sequence shown in Fig. S1 is also recorded in the
ESI† (Table S3). Therefore, if some correlations were found
between the amount of water produced and OCM reactivity,
then it would be helpful for additional discussion of water
effects. However, the contributions remain unclear, as shown
in Fig. S3 in the ESI.† It can be inferred that the sum of water
production includes a variety history in the reaction, which
makes it difficult to show trends with the C2 yield. Further
considerations based on experimentally obtained data can be
discussed freely as an open source via the CADS platform.52‡
The authors infer that additional opportunities exist for
knowledge extraction into the next views of the OCM in a
data-driven manner.

Conclusions

Support vector regression (SVR) and Bayesian optimization
based on the Expected Improvement (EI) index were
implemented for ternary element component-supported
catalyst investigation for the oxidative coupling of methane
(OCM) reaction. The dataset was compiled from the
published literature and patents, including a systematic high-
throughput screening (HTS) experiment, after careful
verification of its accuracy by humans, one-by-one, and was
updated with experimentally obtained data in validations
during the progress of this study. The first trial of SVR
afforded some potential OCM catalysts with C2 yield higher
than 15% under the conditions used for this study, but the
second trial was unable to show improved validation results
towards the higher C2 yield field because the additional data
points based on the first validation for updating use in the
second validation did not include exceptional results that
cannot contribute to improvement of the SVR method. The
Bayesian optimizations were repeated three times using
updated experimentally obtained data from validations. It is
noteworthy that the Bayesian optimizations showed gradual
improvement in the appearance of higher C2 yields in data
points collected from the validation experiment. However,
another difficulty was observed. The prediction field
continues to emphasize examination of the existence of high-
potential candidates such as La2O3-derivatives during
Bayesian optimization processes, leading to the lack of
diversity of predicted materials. Although the La2O3-
derivatives certainly show good potential for OCM, there is
apparently limited performance at around a C2 yield of 16%
under the present reaction conditions. The Bayesian
optimization-assisted heterogeneous catalyst investigation
can access the high potential area towards the goal, but
enhancement of the likelihood of encountering fortuitous
discoveries is necessary to avoid spatial shrinkage in the
prediction fields. Developing new active discovery algorithms
to create serendipity proactively through ML is one action for

Fig. 6 Characteristic lower-temperature OCM features of La2O3-
based M1–M2–M3 catalysts determined from the experimentally
obtained data (Table S3, in the ESI†).

‡ Data Availability: All data generated during this study are available free of
charge in the web platform Catalyst Acquisition by Data Science (CADS) for
shared usage, https://cads.eng.hokudai.ac.jp.
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the next challenge. From the perspectives of the different
characteristics of data-driven and human-intuition-driven
catalyst investigation, synergistic cooperation for the greatest
benefits achieved together is another path to expand the
future prospects for ML engineering use.
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