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Direct Design of Active Catalysts for Low Temperature Oxidative 
Coupling of Methane via Machine Learning and Data Mining
Junya Ohyama,*a Takaaki Kinoshita,b Eri Funada,b Hiroshi Yoshida,a Masato Machida,a Shun 
Nishimura,c Takeaki Uno,d Jun Fujima,e Itsuki Miyazato,e Lauren Takahashie and Keisuke Takahashi*e

Direct design of low temperature oxidative coupling of methane (OCM) catalysts is proposed via machine learning and data 
mining. 58 OCM catalysts are experimentally synthesized and evaluated. Collected 58 data are then classified by 
unsupervised machine learning in multi-dimensional space where active catalysts group for low temperature OCM is 
identified. Data mining then identifies the physical rule within the group. Catalysts satisfying such physical rule is designed 
where 2 undiscovered low temperature OCM catalysts are found and experimentally validated. Thus, machine learning and 
data mining reveal the hidden physical rule behind the catalysis leading to the direct design of catalysts. Hence, machine 
learning and data mining open up the insight of powerful strategy for designing catalysts.

Introduction
Direct design of solid catalysts has been a challenging matter as 
catalytic activity is strongly coupled with experimental 
conditions and how the elements of the periodic table are 
combined.1, 2 In general, numerous experiments are performed 
in order to better characterize how the elements affect various 
catalytic properties. By better understanding how the elements 
affect catalysis and the roles they play in solid catalysts, steps 
can be taken closer towards effective catalyst design. 
Additionally, by understanding the underlying physical and 
chemical patterns and rules that are hidden within catalyst 
data, one can then, in principle, design catalysts more directly 
by using said trends and patterns.3-5 In such circumstances, data 
science plays a crucial role in revealing patterns hidden within 
catalyst data where various factors affecting catalytic activities 
are simultaneously treated within a multi-dimensional space.5-8 
In particular, unsupervised machine learning and frequent item-
set mining (FIM) within the data mining are of interest. 
Unsupervised machine learning is a type of machine learning 
used for identifying hidden patterns and groups within datasets 
where Gaussian Mixture Model (GMM) is implemented9, 10. 
Data mining is applied to find all significant combinations of 

physics and chemistry in the data. 9, 10 Such data science can 
provide potential catalyst candidates from a large space of 
catalyst components. It should be noted that the prediction by 
the data science does not guarantee targeted performance for 
each catalyst component, but rather, it provides a list of 
possible components which might include new catalysts. Here, 
the direct design of catalysts from a large space of catalyst 
components is proposed through combinatorial use of 
unsupervised machine learning and data mining. 

OCM is chosen as a prototype reaction where the reaction 
aims the direct conversion of methane (CH4) into 
ethylene/ethane (C2H4/C2H6, C2 compounds). OCM is one of the 
promising methods offering energy-efficient conversion of 
methane to C2 compounds as platform chemicals.11-14 Previous 
studies have shown that alkali and alkaline earth metals are 
effective elements for OCM catalysts.12, 15, 16 Among them, Na 
catalysts modified with Mn and W, namely, Mn-Na2WO4/SiO2, 
have been developed and studied as catalysts showing 
relatively high performance for OCM; however, their C2 
selectivity and yield do not meet the practical interest.11, 17-21 
This might be due to the high reaction temperature, e.g., more 
than 700 °C, where non-selective radical reactions in gas phase 
proceed.11 In addition, such high reaction temperature requires 
special materials for the reactors with heat durability. Thus, 
OCM catalysts activating CH4 at lower temperature are 
desirable. In previous studies, catalyst materials containing rare 
earth elements such as La and Ce are effective for low-
temperature C-H activation of hydrocarbons and OCM 
reaction.22-25 For instance, La2O3-CeO2 nanofiber has been 
developed as an OCM catalyst exhibiting relatively high C2 
selectivity at low temperature.26, 27 Here, active catalysts for low 
temperature OCM are explored using unsupervised machine 
learning and FIM.
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Workflow
Direct design of active catalysts for low temperature OCM is 
carried out following five main steps. The details of the 
workflow followed are illustrated in Figure 1. The first step is 
data collection. Here, data is procured via experiment where 58 
OCM catalysts are experimentally prepared and evaluated. The 
data collected from the 58 OCM catalysts are then classified 
based on C2 yield at 400, 500, 600, 700, 800, and 900°C where 
GMM within the unsupervised machine learning is 
implemented. Within the classified groups, active catalyst 
groups for low temperature OCM are identified. Data mining is 
then implemented in order to determine common physical 
rules within the groups. Once the physical rules of active 
catalysts for low temperature OCM are identified, catalysts are 
then designed based on the physical rules that are deemed to 
result in low temperature OCM. Lastly, experimental synthesis 
and validation are performed.

Figure 1. The roadmap for design low temperature OCM catalysts.

Results and Discussion
Experimental Method and Data Collection

OCM data collection for machine learning and data mining are 
performed in experiment. In particular, 58 catalysts shown in 
Figure 2 are synthesized and evaluated where 58 catalysts 
consist of various mono-metal oxides, 1wt% M/La2O3, and 1 
wt% indium (In) modified rare earth oxide, 0.5-0.01wt% 
In/La2O3, 0.1wt% In/Nd2O3, and 0.1wt% In/Eu2O3 (Table S1-3). 
OCM reaction is conducted by flowing a 72% CH4/ 22% O2/ 6% 
N2 gas (34 mL min-1) to a catalyst (50 mg) at 400 to 900 °C in a 
fixed bed flow reactor. Figure 2(a) shows the reaction results 
over 19 mono-metal oxides at 500, 600, and 700 °C. The details 
of all reaction data are presented in the Supplementary 
Information. Three rare-earth metal oxides provide C2 
compounds from 500 °C: , Nd2O3, Eu2O3, and Pr6O11 exhibit C2 
yield of 14, 13, and 3%, respectively at the low temperature of 
500°C. On the other hand, the other oxides, in particular, typical 
elements need more than 600°C for significant C2 production. 
In addition, Mn-Na2WO4/SiO2, a reference catalyst, produces C2 
compounds at more than 800°C (Table S1), though it exhibits a 
significant C2 yield higher than 12%. Thus, rare-earth metal 

oxides are effective for the low-temperature OCM, which 
agrees with the results in the literature.24, 26, 27

Surface modification of La2O3 with a different metal species 
is performed using 25 elements for further exploration of 
catalyst materials for the low temperature OCM as shown in 
Figure 2(b). Figure 2(b) shows the reaction results over the 
modified La2O3 with 1wt% metal loading (1wt% M/La2O3). 
Alkaline and alkaline earth metals modified La2O3 catalysts 
exhibit superior low-temperature activity compared to La2O3, 
agreeing with the previous results in the literature.28, 29 For 
instance, Mg/, Ca/, Sr/ and Ba/La2O3 provide C2 yield of 8%, 
17%, 17%, and 10% at 500°C. In addition, 1wt% In/La2O3 (C2 
yield 14%), Zn/La2O3 (15%),  Fe/La2O3 (11%), and Ag/La2O3 (9%) 
also effective for the low-temperature OCM. Therefore, the 
surface modification with basic and transition metals can also 
increase the low temperature OCM activity. The In loading is 
varied in In/La2O3 from 0.01 to 1 wt%, and the other rare-earth 
metal oxides are also modified with the same In loadings. As 
shown in Figure 2(c), the catalytic performance of In/La2O3 
depends on the ln loading, and shows the highest at 0.1 wt%. 
The low-temperature activity of La2O3, Sm2O3, and Gd2O3 are 
improved by In modifications. In contrast, in the case of Nd2O3 
and Eu2O3, the catalytic performance is not improved or 
decreased. Thus, the effect of surface modifications with 
another metal depends on the loading and the kind of metal 
oxides, possibly due to variation of OCM-effective surface sites 
such as surface oxygen species or basicity.24, 30 Thus, various 58 
OCM catalysts are experimentally performed and collected as 
data.
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Figure 2. C2 yield during the OCM reaction at 500°C (red), 600°C (blue), and 700°C (gray) 
over (a) various mono-metal oxides and Mn-Na2WO4/SiO2 as a reference; (b) 1wt% 
M/La2O3; (c) 1 wt% In modified rare earth oxide, 0.5-0.01wt% In/La2O3, 0.1wt% In/Nd2O3, 
and 0.1wt% In/Eu2O3.

Machine Learning 

Machine learning is performed with the collected 58 catalysts 
data. In particular, unsupervised machine learning is 
implemented in order to classify the OCM catalysts based on 
how catalysts response against the change of temperature. 
Here, GMM within scikit-learn, unsupervised machine learning, 
is used where the number of component and covariance are set 
to 5 and full, respectively.31 The convergence threshold is set to 
1e-3. The following 6 descriptors are selected for GMM: C2 yield 
at 400, 500, 600, 700, 800, and 900°C for each catalyst. 
Classified catalysts by GMM are illustrated in Figure 3. Unique 
feature of each group is then investigated via parallel 
coordinate as shown in Figure 4 where parallel coordinate 
represents the C2 yield at 400, 500, 600, 700, 800, and 900°C. 
Color in Figure 4 represents the predicted group by GMM. 
Figure 4 demonstrates that GMM classifies the catalysts based 
on change of C2 yield against the temperature. More precisely, 
catalysts in group 1 are less active catalysts. Catalysts in group 
0 and 3 have production of C2 at above 600°C and 700°C, 
respectively. Catalysts in group 4 have production of C2 at 
500°C; however, the amount of C2 yield is less than one in group 
2. In such circumstance, catalysts in group 2 can be considered 
to be active catalysts at low temperature as large production of 
C2 yield is observed at 500°C. One can consider that low 
temperature OCM catalysts can be designed in principle if 
common physical rules in group 2 are revealed. Thus, GMM can 
classify catalysts data based on the catalysts‘ unique features in 
a rational manner.

Figure 3. Classified OCM catalysts by GMM.

Figure 4. Parallel coordinate of C2 yield at 400, 500, 600, 700, 800, and 900°C. Color 
represents the predicted group by GMM.

Extracting Common Physical Features

In order to search for the common physical rules of Group 2 
shown in Figure 3, an itemset mining analysis is conducted for 
physical properties of each catalyst. The explanation of itemset 
mining is described in the Method section. Focusing on 
elements in the main metal oxides (MOx) and modifiers (Ad), 
various elemental property values are collected from a periodic 
table.32 All value ranges for MOx and Ad are presented in Table 
1. Each quantity is discretized and itemized in the following 
manner for the use of itemset mining. First, items (or 
categories) representing inequality expressions are determined 
for each property by dividing the range of values of each given 
property value of the 58 catalysts by a given division number. 
The resulting number is then used to establish the range for 
each item. For example, if the division number is four, then six 
items are able to be created. When applying this to periodic 
table groups (which are 14 in total), then the resulting value 
“3.5” is used to determine the boundaries between items. 
Given this, a division number of 4 is used and the periodic table 
groups (Group) of Ad are divided into six items: “Ad_Group < 
3.5”, “3.5 ≦ Ad_Group”, “Ad_Group < 7.0”, “7.0 ≦ Ad_Group”, 
“Ad_Group < 10.5”, and “10.5 ≦  Ad_Group”. As an example, 
the record corresponding to Fe, which belongs to periodic group 
8, has three items for “Ad_Group”, such that “3.5 ≦  
Ad_Group”, “7.0 ≦ Ad_Group”, and “Ad_Group < 10.5”. In this 
way, the 19 catalysts in Group 2 are converted to records that 
have items generated in the above way for all properties listed 
in Table 1. In this study, 20 is used as the division number in 
order to narrow down rules for searching catalysts. 
Subsequently, a part of functionality of Linear time closed 
itemset miner (LCM)9 is used to find the common items for all 
catalysts in Group 2 where the details of how LCM is applied are 
discussed in the Method section. LCM found a common itemset 
included in all records corresponding to the 19 catalysts in 
Group 2. Finally, the common items for all properties are 
consolidated to represent common ranges as shown in Table 2. 
These ranges specify the common rules which must be satisfied 
by the elements of the catalysts in Group 2. From here, the 
elements in the same range as M of MOx and Ad in Group 2 are 
investigated and listed in Table 3. Note that the list in Table 3 
includes the elements not found in the experimental data: e.g., 
Al, Sc, Ga, Sr, and Cd for Ad. More importantly, the 
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combinations of MOx and Ad in Table 3 can form new catalyst 
compositions that are not only not present in the original data 
used in this study but also not present in previous literature. In 
other words, new catalyst materials are able to be predicted 
using the data mining method.

In order to validate the prediction by the itemset mining 
method, new Ad/MOx catalysts are prepared by choosing Y2O3 
as MOx and Al, Ca, Ni, Zn, and Ag as Ad on the basis of Table 3. 
The OCM reaction results using the predicted catalysts are 
presented in Figure 5, where Al/Y2O3 and Ag/Y2O3 exhibit C2 
yield at the low temperature of 500°C, where the other catalysts 
do not show activity at 500°C (Table S4). Note that Y2O3 alone 
does not produce C2 at 500°C as shown in Figure 2. To our 
knowledge, the compositions of Al/Y2O3 and Ag/Y2O3 have not 
been previously reported as the OCM catalysts in the 
literature.11, 12 Thus, new catalyst materials are developed by 
the machine learning and the itemset mining method. The 
results indicate that the approach taken in this work could 
innovate how catalyst materials are designed and developed.

A possible chemical reason for the low temperature OCM 
activity of the Group 2 catalysts and the predicted catalysts are 
investigated. According to the literature, the surface oxygen 
species on OCM catalysts, more specifically, the ratio of the 
surface superoxide (O2

–) to the lattice oxygen (O2–), can describe 
the low temperature activity.24 Thus, the surface oxygen species 
of several catalysts including the Group 0-4 catalysts and the 
predicted catalysts was analyzed by X-ray photoelectron 
spectroscopy (XPS) as shown in Figure S1. Peak fitting analysis 
suggested that the O1s XPS of the catalysts are composed of 
three peaks at 529-530, 531-532, and 533-534 eV, which are 
assignable to O2

–, carbonate (CO3
2–), and O2–, respectively.24 

Figure S2 shows a plot of the C2 yield at 500 °C against the ratio 
of O1s XPS peak areas at 529-530 and 533-534 eV of the 
catalysts. There is a tendency that C2 yield increases with an 
increase of the ratio and then decreased, although the catalysts 
containing alkaline and alkaline earth metals are out of the 
trend. Thus, one can consider that the common catalyst 
features extracted by the data science techniques contain 
descriptors of catalytically active surface oxygen species and 
other activity controlling factors, and thus give a list of possible 
candidates containing Al/Y2O3 and Ag/ Y2O3 which actually show 
the low temperature activity.

Table 1. Various elemental properties and their value ranges of MOx and Ad.

Elemental property MOx Ad

Abundance in crust (Abundance) (mg/kg)
Allen electronegativity (Allen_e-neg) 

Atomic radius (Å)
Atomic weight

Boiling point (K)
Covalent radius (Å)
Crystal radius (Å)
Density (g/cm3)

Electron configuration [a]

Group [b]

Heat capacity (J/gK)
Ionic radius (Å)

Melting point (K)
Pauling electronegativity (Pauling_e-neg)

Period [b]

Thermal conductivity
Valence electron

Van_der_Waals_radius (Å)
Electron affinity (e-aff-ev) (eV)

Electron affinity (e-aff-kJmol) (kJ/mol)
1st Ionization energy (ion-e_1st) (kJ/mol)

2nd Ionization energy (ion-e_2nd) (kJ/mol)
3rd Ionization energy (ion-e_3rd) (kJ/mol)
4rd Ionization energy (ion-e_4th) (kJ/mol)
5rd Ionization energy (ion-e_5th) (kJ/mol)
6rd Ionization energy (ion-e_6th) (kJ/mol)
7rd Ionization energy (ion-e_7th) (kJ/mol)
8rd Ionization energy (ion-e_8th) (kJ/mol)
9rd Ionization energy (ion-e_9th) (kJ/mol)

10rd Ionization energy (ion-e_10th) (kJ/mol)

2 - 82300
0 - 1.824

1.18 - 2.53
24.3059 - 173.045

1180 - 5017
0 - 1.98

0.53 - 1.49
1.738 - 8.57

1 - 2
2- 14

0.155 - 1.023
1.25 - 2.15

505.08 - 2750
0 - 1.96

3 - 6
0.1 - 2.3

1 - 2
0 - 2.17

0 - 1.11207
0 - 107.2984
502.9 - 906.4

965.2 - 1816.7
1850.3 - 7732.7

0 - 11577
0 - 14842
0 - 18379
0 - 23326
0 - 27465
0 - 31853
0 - 38473

0 - 56300
0 - 1.88
0 - 2.98

0 - 195.08-
0 - 5869
0 - 2.25
0 - 1.81

0 - 21.46
0 - 3

0 - 14
0 - 3.582

0 - 2.6
0 - 3695
0 - 2.36

0 - 6
0 - 4.2
0 - 10

0 - 2.75
-1 - 2.1251
0 - 205.041

0 - 906.4
0 - 7298.1
0 - 11815

0 - 10542.5
0 - 13630
0 - 18020
0 - 21711
0 - 25661
0 - 31653

0 - 141362

[a] Number indicating electron number Ne in the outermost sphere. 1: Ne < 2, 2: 2 
≤ Ne < 10, 3: 10 ≤ Ne. [b] On the periodic table.

Conclusions
Direct design of low temperature OCM is proposed via machine 
learning and data mining. 58 OCM catalysts data are prepared 
and evaluated in experiments. Unsupervised machine learning 
classified the 58 OCM catalysts based on response of C2 yield 
against temperature changes. Unsupervised machine learning 
reveals the catalysts group which is active at low temperature 
OCM. Data mining identified the common physical rules in the 
active group. Low temperature OCM catalysts are then 
designed based on satisfying the physical rules. In particular, 
predicted Al/Y2O3 and Ag/Y2O3 are discovered to be active at 
low temperature OCM in experiment. Thus, the proposed direct 
design of catalysts discovered the two unreported active OCM 
catalysts at low temperature. Thus, machine learning and data 
mining would innovate how catalysts are searched and gives a 
strategy for designing catalysts.
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Table 2. The common property value ranges in MOx and Ad of the group 2.

MOx Ad
MOx_Abundance < 4116.9
MOx_Allen_e-neg < 1.1856

MOx_Atomic_radius < 
2.3949999999999996
MOx_Atomic_radius ≥ 
1.9224999999999999

MOx_Atomic_weight < 158.17109
MOx_Atomic_weight ≥ 

83.80153999999999
MOx_Boiling_point < 3865.9

MOx_Boiling_point ≥ 1755.55
MOx_Covalent_radius < 1.782

MOx_Crystal_radius < 
1.3940000000000001

MOx_Crystal_radius ≥ 1.01
MOx_Density < 8.2284
MOx_Density ≥ 4.1292

MOx_Electron_configulation < 1.05
MOx_Group < 3.2
MOx_Group ≥ 2.6

MOx_Heat_capacity < 0.3286
MOx_Ionic_radius < 1.97
MOx_Ionic_radius ≥ 1.79

MOx_Melting_point < 
1852.0320000000002

MOx_Melting_point ≥ 1066.31
MOx_Pauling_e-neg < 1.274

MOx_Period ≥ 4.95
MOx_Thermal_conductivity < 0.21

MOx_Valence_electron ≥ 
1.9500000000000002

MOx_Van_der_Waals_radius < 0.1085
MOx_e-aff-ev < 0.556035

MOx_e-aff-ev ≥ 
0.11120699999999999

MOx_e-aff-kJmol < 
53.64919999999999

MOx_ion-e_10th < 19236.5
MOx_ion-e_1st < 603.775

MOx_ion-e_1st ≥ 523.0749999999999
MOx_ion-e_2nd < 1220.65

MOx_ion-e_2nd ≥ 
1007.7750000000001

MOx_ion-e_3rd < 2438.54
MOx_ion-e_4th < 6367.35

MOx_ion-e_4th ≥ 
3473.1000000000004

MOx_ion-e_5th < 8163.1
MOx_ion-e_6th < 9189.5

MOx_ion-e_7th < 11663.0
MOx_ion-e_8th < 13732.5

MOx_ion-e_9th < 14333.85

Ad_Atomic_radius < 2.533
Ad_Atomic_weight < 
146.31300000000002

Ad_Boiling_point < 3227.95
Ad_Covalent_radius < 2.025
Ad_Crystal_radius < 1.5385

Ad_Density < 10.73
Ad_Electron_configulation < 2.1

Ad_Group < 
13.299999999999999
Ad_Heat_capacity < 

1.0745999999999998
Ad_Ionic_radius < 2.21

Ad_Melting_point < 1847.5
Ad_Pauling_e-neg < 2.006
Ad_Valence_electron < 2.5

Ad_Van_der_Waals_radius < 
2.0625

Ad_e-aff-ev < 
1.3438250000000003

Ad_e-aff-ev ≥ 
-0.062470000000000026

Ad_e-aff-kJmol < 
133.27665000000002

Ad_ion-e_10th < 
42408.600000000006

Ad_ion-e_2nd < 
2189.4300000000003
Ad_ion-e_3rd < 8270.5

Table 3. The elements having the same items as MOx and Ad of the group 2 catalysts.

MOx Ad
Y, La, Nd Sm, Eu, Gd Mg, Al, Ca, Sc, Fe, Co, Ni, Cu, Zn, 

Ga, Sr, Ag, Cd, In, Ba, Es, Fm, Md, 
No, Lr, Rf, Db, Sg, Bh, Hs, Mt, Ds, 

Rg, Cn

Figure 5. C2 yield during the OCM reaction at 500°C (red), 600°C (blue), and 700°C (gray) 
over the predicted catalysts together with that over Y2O3 for comparison.

Methods
Catalyst preparation

The metal oxides and the precursors for modifiers are 
commercially available as listed in Table S5. The modified metal 
oxides are prepared by a conventional impregnation method 
where metal oxide powder is impregnated with aqueous 
solution of metal precursor. After the impregnation, the 
powder is dried at 110 °C and then calcined at 600 °C to prepare 
the modified metal oxides. Mn-Na2WO4/SiO2 is prepared by 
impregnation of SiO2 in an aqueous solution containing 
Mn(NO3)2 and Na2WO4. The suspension is stirred at 50 °C for 24 
h, and then evaporated at 65 °C. The resulting solid is dried at 
110 °C overnight and calcined at 1000 °C for 3 h to obtain Mn-
Na2WO4/SiO2 having 1.9wt% Mn and 5.0wt% Na2WO4

Catalytic reaction

OCM is performed on a conventional fixed bed reactor, where 
catalyst powder of 50 mg is put in a quartz tube with inside 
diameter of 4 mm. The catalyst is pretreated under O2 flow of 
8.3 mL min-1 at 400 °C. OCM reaction is conducted at 400-900 
°C under a mixed gas of 24 mL min-1 CH4, 7.5 mL min-1 O2, and 2 
mL min-1 N2. The effluent gas is analyzed by gas chromatograph 
with a thermal conductivity detector (Agilent 490). C2 yield is 
determined by ((effluent C2 conc. / effluent N2 conc.) / (initial 
CH4 conc. / initial N2 conc.)) ×2×100 (%).
Linear Time Closed Itemset Miner (LCM)

LCM within itemset mining is implemented in order to see the 
common rule in catalysts.9 Within LCM, itemset mining inputs a 
transaction database and output all frequent itemsets in the 
database. A transaction database is composed of records such 
that each record is a set of items. Here items are some entities, 
for example {banana, apple, orange, grape} that are three 
items. An itemset is a set of items such as {banana, orange}. An 
example of a transaction database is {banana, orange}, {banana, 
apple, grape}, and {apple, orange, grape}. The frequency of an 
itemset is defined by the number of records including the 
itemset. For example, the frequency of {apple, grape} in the 
above example database is two, since it is included in the 
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second and the third records. For given a user specified support 
threshold θ, an itemset is called frequent itemset if its 
frequency is no less than θ. Itemset mining algorithm inputs a 
transaction database and the user specified support threshold, 
and outputs all the frequent itemsets in the database. Note that 
in general, a transaction database may have numerous frequent 
itemsets, and an itemset mining algorithm always outputs all 
frequent itemsets. Thus, any two different itemset mining tools 
always produce the same solution, thus the difference on their 
computational time. Hence, LCM is chosen due to its 
computational speeds. 
Characterization

XPS measurement is performed with a K-ALPHA instrument 
(Thermo Fisher Scientific, UK) using Al Kα radiation. The energy 
is calibrated by referencing the C1s peak to 285.0 eV.
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