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Acquiring and transferring comprehensive catalyst knowledge through 

integrated high-throughput experimentation and automatic feature 

engineering 

ABSTRACT 

Solid catalyst development has traditionally relied on trial-and-error approaches, limiting 

the broader application of valuable insights across different catalyst families. To overcome 

this fragmentation, we introduce a framework that integrates high-throughput 

experimentation (HTE) and automatic feature engineering (AFE) with active learning to 

acquire comprehensive catalyst knowledge. The framework is demonstrated for oxidative 

coupling of methane (OCM), where active learning is continued until the machine learning 

model achieves robustness for each of the BaO-, CaO-, La2O3-, TiO2-, and ZrO2-supported 

catalysts, with 333 catalysts newly tested. The resulting models are utilized to extract 

catalyst design rules, revealing key synergistic combinations in high-performing catalysts. 

Moreover, we propose a method for transferring knowledge between supports, showing 

that features refined on one support can improve predictions on others. This framework 

advances the understanding of catalyst design and promotes reliable machine learning. 

KEYWORDS: Catalyst informatics; machine learning; high-throughput experimentation; 

descriptor; oxidative coupling of methane 
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1. Introduction 

The intricacy of composition-function relationships has made trials and errors a major driver in 

the development of solid catalysts.[1,2] Individual researchers propose their own hypotheses and 

test various materials as potential catalysts. The research focus then evolves along with improved 

hypotheses and catalysts found in prior research for further refinement. Such a process in catalyst 

development typically proceeds in parallel, leading to the discovery of multiple catalyst families 

differing in their design concepts. This situation is exemplified by oxidative coupling of methane 

(OCM)—a reaction that converts methane, the main component of natural gas and biogas, into 

C2 compounds in a single step.[3] OCM is considered potentially more efficient than the current 

two-step route involving steam reforming and the Fischer‒Tropsch process.[4] However, due to 

the chemical inertness of CH4 when compared to the C2 products, achieving high yields is 

challenging. Currently, few catalysts are known to stably achieve techno-economical 

performance (e.g., C2 yields over 30% otherwise 28% with 80% selectivity) in a conventional 

fixed-bed flow reactor.[5–7] Nonetheless, catalyst development, continued over 40 years since 

1982,[3] has identified several high-performing catalyst families, represented by Li/MgO, 

Sr/La2O3, and Mn–Na2WO4/SiO2.[8–10] Briefly, in Li/MgO, the addition of Li increases the 

number of active sites on the MgO surface.[11–15] However, strategies are needed to prevent Li 

sublimation at high reaction temperatures. In Sr/La2O3, the inclusion of Sr
2+

 in La2O3 introduces 

lattice distortion and/or electronic modulation, which enhances the C2 selectivity of La2O3, likely 

due to the formation of superoxide species (O2
–
).[16,17] The development has been continued 

mainly to strengthen the advantage of low-temperature activity. Mn–Na2WO4/SiO2 is known as 

one of the most promising catalysts for OCM due to its high C2 selectivity and durability, which 

result from the synergistic interactions among the components. Na
+
 stabilizes tetrahedral WO4

2–
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species, active in OCM, by interacting with it and promoting the formation of the cristobalite 

phase of SiO2, which also stabilizes these species. Mn
2+

 aids OCM by facilitating the recovery of 

W
6+

.[18,19] Efforts have been directed at optimizing the conversion-selectivity tradeoff through 

various methods, including catalyst preparation techniques, the addition of extra elements, and so 

on. Likewise, these catalyst families stand on very different design guidelines, and they have 

been developed nearly independently without explicit exchange of design guidelines across the 

families.[20] It is believed that more comprehensive understanding or more rational design of 

catalysts would be achieved if one can clarify and apply the commonalities and differences 

among different catalyst families. 

Data-driven catalysis research, also known as catalyst informatics, aims to accelerate the 

development and understanding of catalysts by discovering applicable trends and patterns hidden 

in catalyst data with the aid of data science techniques such as machine learning (ML) and 

visualization. The bottlenecks in catalyst informatics are the scarce availability of catalyst data 

suitable for data science and the difficulty of hand-crafting descriptors that capture the essence of 

intricate composition-function relationships.[21] Our research group has employed 

high-throughput experimentation (HTE) in the preparation and evaluation of a large number of 

solid catalysts to generate sized, qualified, and consistent datasets for various heterogeneous 

catalysis, including OCM.[22–26] Moreover, we recently introduced an automatic feature 

engineering (AFE) technique, which programmatically designs descriptors that can capture the 

essence of target catalysis, starting from general physical properties of elements such as atomic 

radii and electronegativity.[27] AFE generates a predictive ML model with tailored descriptors 

without requiring researchers to make any assumptions or hypotheses about the target system. 

Using BaO-supported catalysts for OCM as an example, we demonstrated that the recursive 
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refinement of the ML model and descriptors—referred to as the design hypothesis—through 

active learning with AFE ultimately resulted in a robust design hypothesis. This refined 

hypothesis applies to a broad range of catalysts and is powerful in pinpointing various 

high-performing catalysts as well as in comprehending the underlying design guidelines.[27] 

In this study, the same active learning approach integrated with HTE and AFE was 

applied to five catalyst families for OCM. We started with OCM catalyst data previously 

acquired by us for five supports (BaO, CaO, La2O3, TiO2, and ZrO2), and conducted large-scale 

active learning by adding a total of 333 catalysts to establish a robust design hypothesis for each 

support. We then analyzed these design hypotheses to clarify the commonalities and differences 

among the five catalyst families. Importantly, we found that a design hypothesis established for 

one catalyst family could assist in building an ML model for another family based on their 

commonalities. This illustrates how knowledge gained from one catalyst family can be 

transferred to facilitate the design of another family. 

 

2. Method 

In this study, our goal is to establish a design hypothesis for each of the five catalyst families 

corresponding to different support materials, using previously acquired data. However, similar to 

how researchers cannot exclude alternative hypotheses when evidence is limited, AFE cannot 

disregard alternative design hypotheses—ML models with differently tailored descriptors that fit 

the training data similarly—when the diversity of catalysts in the training data is restricted. 

Therefore, we employed an active learning strategy as illustrated in Figure 1. This strategy uses 

farthest point sampling (FPS) within the descriptor space defined by AFE to propose catalysts 

that are maximally dissimilar to those included in the training data.[28] These catalysts serve as 
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rigorous control experiments for validating the proposed design hypothesis. The performance of 

the proposed catalysts is then assessed using HTE to reinforce the training data and update the 

design hypothesis via AFE. This iterative process aims to eliminate design hypotheses that do 

not generalize well across catalysts, leading to a robust and experimentally validated design 

hypothesis. Further details are provided below. 

 

2.1. Dataset 

Our group has accumulated OCM data for quaternary catalysts represented as M1–M2–

M3/Support using a consistent experimental protocol through HTE.[22,27,29,30] M1–3 

represent the supported elements, which can be selected, with duplication allowed, from Li, Na, 

Mg, K, Ca, Ti, V, Mn, Fe, Co, Ni, Cu, Zn, Sr, Y, Zr, Mo, Pd, Cs, Ba, La, Ce, Nd, Eu, Tb, Hf, W, 

and none (none indicates no addition of elements). The support is selected from MgO, Al2O3, 

SiO2, CaO, TiO2, ZrO2, BaO, La2O3, and CeO2. M1–3 are chosen from 28 elements (including 

“none”), creating 4,060 candidate catalysts. The “none–none–none” combination is excluded as 

no features can be assigned within the AFE algorithm. This constitutes a parameter space 

containing 4,059 catalysts per support and a total of 36,531 catalysts. The loading amount of 

supported elements, except for none, is 0.37 mmol per gram of support per selection. 

In this study, out of 636 quaternary catalysts that we have reported,[30–32] we extracted 

381 catalysts relating to CaO, BaO, La2O3, TiO2, and ZrO2 supports, for establishing design 

hypotheses through active learning. CaO and La2O3 were selected as they are the most studied 

basic oxides in the history of OCM, and likely possessing distinct catalyst designs.[33] BaO was 

selected as a reference to these supports but with higher C2 yields and selectivity. Dissimilar to 

these, the redox-active support TiO2 and the non-redox-active support ZrO2, both from Group 4, 
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were incorporated to investigate potential correlations between their general physical properties 

and the proposed design hypotheses. Among the 381 catalysts, 175 were obtained via random 

sampling from the entire space, while the remaining 206 catalysts were obtained to validate 

various ML techniques.[30–32] 

 

2.2. Automatic feature engineering 

AFE is a technique that automates the design of physically meaningful features for a given 

catalyst dataset within the framework of supervised ML. It involves a structured pipeline of 

feature assignment, synthesis, and selection. First, it assigns physical quantities of elements to 

catalysts with their elemental compositions reflected through commutative operations. Then, 

from these assigned primitive features, it synthesizes higher-order features that involve 

non-linear and combinatorial effects through mathematical operations. Eventually, from the 

synthesized large array of features, a specified number of features, i.e., descriptors, that optimize 

the score of supervised ML, are selected. 

In this study, we utilized 58 parameters of elements stored in XenonPy with 

normalization,[34] following previous literature. These parameters were assigned to each catalyst 

using five types of commutative operations (maximum, minimum, average, product, standard 

deviation), resulting in 290 primary features. These primary features were further synthesized 

into 3,480 features using twelve function forms (x, sqrt(x), x
2
, x

3
, ln(x), exp(x), and their 

reciprocals, where x denotes each primary feature). We employed a genetic algorithm-based 

approach to select eight features that minimize the mean absolute error (MAE) in leave-one-out 

cross-validation (LOOCV) with Huber regression.[35] This process involved evaluating 

approximately 4,000,000 models per dataset with different feature combinations and selecting 
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the combination of features (X) and model (f(X)) with the lowest cross-validation (CV) score as 

the most plausible design hypothesis. The adoption of Huber regression, a type of multiple linear 

regression, aimed not only to prevent overfitting due to its reduced number of parameters but 

also to ensure robustness against outliers (such as experimental failures). The number of selected 

features was empirically determined to balance the CV score and the cost of feature selection. 

Further details on the AFE itself and parameter selection are referred to in our previous 

literature.[27] 

 

2.3. Farthest point sampling 

To validate and refine the design hypothesis obtained in Section 2.2, we added 10 or 20 catalysts 

in each cycle of active learning for experimental testing. Among these, 90% were selected using 

FPS within the normalized eight-dimensional feature space determined by AFE. This approach 

recommends evaluating the most extrapolative data to the current design hypothesis. Further 

details on FPS, including its methodology and implementation, are provided in Figure S1 and the 

accompanying description. The remaining 10% corresponded to the re-evaluation of catalysts 

that showed the largest deviations between observation and prediction in the last cycle. This step 

helped to eliminate experimental errors. 

 

2.4. High-throughput experiment 

The preparation and evaluation of the catalysts proposed in 2.3 were conducted under the same 

experimental methods and conditions as those used when acquiring the original training data, 

which are briefly described as follows. 
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Materials 

Metal precursors: LiNO3, NaNO3, Mg(NO3)2, KNO3, Ca(NO3)2·4H2O, Ti(OiPr)4, VOSO4·xH2O 

(x = 3–5), Mn(NO3)2·6H2O, Fe(NO3)3·9H2O, Co(NO3)2·6H2O, Ni(NO3)2·6H2O, Cu(NO3)2·3H2O, 

Zn(NO3)2·6H2O, Sr(NO3)2, Y(NO3)3·6H2O, ZrO(NO3)2·xH2O (x = 2), (NH4)6Mo7O24·4H2O, 

Pd(OAc)2, CsNO3, Ba(NO3)2, La(NO3)3·6H2O, Ce(NO3)3·6H2O, Nd(NO3)3·6H2O, 

Eu(NO3)3·5H2O, Tb(NO3)3·5H2O, Hf(OEt)4, and (NH4)10H2(W2O7)6. These were purchased from 

one of the following suppliers: Sigma-Aldrich, Kanto Chemical, Wako Pure Chemical Industries, 

Alfa-Aesar, or Sumitomo Chemical. 

Oxide supports and their precursors: Ca(OH)2 (3.0 m²/g, Wako Pure Chemical Industries), 

Ba(OH)2·8H2O (1.1 m²/g, Wako Pure Chemical Industries), La2O3 (8.3 m²/g, Wako Pure 

Chemical Industries), TiO2 (17.4 m²/g, anatase type, Kanto Chemical), and ZrO2 (3.2 m²/g, 

Kanto Chemical). 

 

Catalysts preparation 

The catalyst preparation was conducted using a parallelized wet impregnation method, where 

support powder was impregnated with an aqueous solution of specified metal precursors at 50 °C 

for 6 hours. The loading amount of elements was fixed at 0.37 mmol/g-support per selection 

within M1–3. After impregnation, the powder was vacuum-dried and calcined in air at 1000 °C 

for 3 hours. When the precursors involved metal alkoxides, the impregnation was performed in 

two steps: First with an aqueous solution of the other precursors, followed by impregnation with 

an ethanol solution of metal alkoxides. 

 

Catalysts evaluation 
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The catalysts were evaluated for OCM using a custom-built HTE system.[22] The system 

functions through a combination of a gas mixer, flow distributor, electric furnace bearing 

reactors, autosampler, and quadrupole mass spectrometer (QMS), enabling the automated 

evaluation of the performance of 20 catalysts under a programmed sequence of reaction 

conditions. The catalysts were fixed into 1 cm-high beds in reaction tubes (made of fused quartz 

tubes with 4 mm and 2 mm inner diameters), with the aid of quartz wool. After inline activation 

at 1000 °C for 3 hours in an oxygen stream, the 20 catalysts were tested under 135 conditions 

varying in temperatures (700, 750, 800, 850, and 900 °C), total gas flow rates (10, 15, 20 

mL/min/channel), CH4/O2 ratios (2, 4, 6 mol/mol), and Ar partial pressures as a balance gas 

(0.15, 0.40, 0.70 atm). Each catalyst was labeled based on its highest C2 yield among the 135 

conditions. 

 

3. Results and discussion 

3.1. Active learning for obtaining robust design hypotheses 

In conventional hypothesis validation, researchers add data not only to confirm the validity of the 

main hypothesis but also to eliminate alternative hypotheses that could similarly explain the 

original data. Likewise, when training data is limited, AFE may provide multiple design 

hypotheses with similar scores, regarded as alternative design hypotheses. These arise due to 

multicollinearity among features within the given data,[36] and eliminating incorrect or less 

robust hypotheses requires active learning. In this study, catalysts were selected by FPS to 

expand the diversity of the data, thereby testing the robustness of the proposed design 

hypotheses. By repeating active learning cycles, design hypotheses that do not apply to diverse 

data are filtered out, resulting in more robust and reliable design hypotheses. According to our 
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previous report, the active learning cycle was conducted five times, and in some cases, six 

times.[27] 

Taking CaO-based catalysts as an example, the development of design hypotheses along 

with the active learning cycles is demonstrated in Table 1. Notably, across all cycles, the MAECV 

values were similar to the MAEtrain values, indicating an absence of overfitting. Both the 

MAEtrain and MAECV values remained within a narrow range of 1.6–1.9%, comparable to the 

experimental error (1.5–2% in C2 yields). This suggests that AFE found design hypotheses that 

similarly fit to the training data, even though its diversity increased along with the cycles. On the 

other hand, the elimination of less robust design hypotheses that did not apply to the newly 

added data led to variation in the selected features. In Table 1, the selected features are ordered 

by their permutation feature importance. Three features—minimum covalent radius Pyykko 

double, minimum atomic radius Rahm, and minimum covalent radius Cordero—consistently 

appeared in most cycles with high importance, despite slight differences in functional forms. 

These features are thus considered as irreplaceable descriptors for the performance of CaO-based 

catalysts. Other less important features varied from cycle to cycle, corresponding to the 

elimination of less robust design hypotheses. 

Less robust design hypotheses are eliminated through active learning, but this does not 

necessarily lead to convergence onto a single design hypothesis. Some feature combinations may 

be thoroughly collinear across the entire space (i.e., the 4059 catalysts), making them 

indistinguishable regardless of data addition. Such global collinearity implies that design 

hypotheses, despite bearing differing features, exhibit similar predictive behavior over the entire 

space and are therefore considered similarly robust. To investigate this, we compared the 

predictive behavior of the design hypothesis obtained in one cycle with that obtained in the last 
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cycle. Specifically, we predicted the C2 yields for the 4059 catalysts using two design hypotheses 

and calculated the MAE between the two prediction sets. Figure 2 illustrates the development of 

MAE values across active learning cycles. For all supports, the MAE value tended to decrease 

significantly in the early stages of active learning. This reflects that less robust design hypotheses 

proposed by AFE due to limited data were quickly corrected in these early stages. In the later 

stages, changes in MAE became much smaller, indicating that the predictive behavior of the 

design hypotheses stabilized with data augmentation. In the final cycle, MAE values for all 

supports were below 2%, comparable to or lower than the experimental error (further reduction 

in MAE is considered meaningless due to limitations in experimental precision). Based on this, 

we concluded that the design hypotheses had become sufficiently robust for use in subsequent 

analyses. The predicted values derived from these design hypotheses are considered to be 

sufficiently reliable as measured values, and are used in the subsequent analysis. Note that design 

hypotheses are based on the correlation between the physical characteristics of catalyst 

compositions (particularly features derived from the properties of constituent metals) and their 

performance. 

Active learning for the five supports added a total of 333 catalysts to the original dataset, 

which contained 381 catalysts. Their measured OCM performances are summarized in Figure S1 

and digitally available in a database platform (https://cads.eng.hokudai.ac.jp/).[37] Also, all 

predicted C2 yields from robust design hypothesis are summarized in csv file as supporting 

information. 
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3.2. Extracting catalyst design guidelines 

The design hypotheses obtained in 3.1 for the five catalyst families were utilized to extract 

catalyst design guidelines. Specifically, we analyzed the relationships between the catalyst 

elemental compositions and their predicted C2 yields to identify rules such as high-performing 

designs for each support, as well as similarities and differences across supports. 

First, we analyzed the distribution of predicted C2 yields for the 4059 catalysts across 

each support (see Figure S3). The distributions varied by support, with medians ranked as BaO > 

La2O3 > CaO > TiO2 > ZrO2. This suggests that basic oxides generally achieved better yields, 

consistent with common practices in OCM. To investigate the overall similarity between the 

supports irrespective of absolute yield differences, the Pearson’s correlation coefficient was 

derived between the predicted C2 yields for the 4059 catalysts across different supports (Figure 

3). A high positive correlation coefficient between supports indicates that their design 

hypotheses are generally similar. It can be seen that the correlation coefficients among CaO, 

BaO, and La2O3 were all above +0.8, indicating that not only do these basic supports generally 

achieve higher yields, but their design hypotheses are also similar. On the other hand, the design 

hypotheses for the group 4 oxides, TiO2 and ZrO2, showed lower similarity. This difference is 

believed to arise from whether redox activity is present or absent. Interestingly, La2O3 held the 

highest correlation with the other supports, suggesting the generality of the design hypothesis for 

La2O3. The fact that the correlation coefficients are not equal to 1 suggest that globally similar 

design hypotheses are not identical when examined locally. This local variation highlights the 

impact of individual chemical properties reflected on the resulting design rules for each support. 

Next, to analyze design rules for high-performing catalysts, we created a subset of 

catalysts with predicted C2 yields in the top 10% for each support and analyzed the frequency of 
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occurrences of individual elements within this subset. The results are visualized in Figure 4a in a 

periodic table format, where elements with higher frequencies are considered more effectively 

paired with the corresponding supports. Additionally, focusing on the three most frequent 

elements for each support, we analyzed the frequency of secondary elements appearing in 

association with these main elements. Figure 4b presents the results in pie charts. Insights 

obtained from Figures 4a and 4b for each support are summarized below. 

 CaO: Elements most frequently appearing in high-performing catalysts are Sr > Mg > Ca > 

Cs. Alkaline earth metal elements are predominant, followed by rare earth elements and 

group 4 elements. Notably, Cs is the only alkali metal element that appeared frequently. The 

effectiveness of pairing alkaline earth metal elements, especially Sr, with CaO is 

well-known in the literature, suggesting the validity of the established design 

hypothesis.[38] The secondary elements frequently associated with the top three 

elements—Sr, Mg, and Ca—are shown in Figure 4b. The patterns of secondary elements are 

reasonably similar among these elements, predominantly including alkali metal, alkaline 

earth metal, rare earth, and group 4 elements excluding Ti. Particularly, Cs is the most 

frequently appearing secondary element, although alternative alkaline earth metal elements 

were expected to be more frequent from Figure 4a. This suggests a synergistic combination 

between alkaline earth metal elements and Cs on CaO, which can also be confirmed in 

Figure S4. 

 BaO: The trends of elements frequently appearing on BaO are quite different from those on 

CaO, the same alkaline earth metal oxide (Figure 4a). There is no overall preference for 

alkaline earth and rare earth elements; rather, specific elements are frequently found on BaO. 

In particular, La has a significantly higher frequency of appearances, followed by Mo, Cs, 
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Zn, and Sr in this order. From Figure 4b, the elements associated with La are quite diverse, 

suggesting that the La–BaO combination alone can achieve high performance. For Mo, Zn 

and W in addition to La are frequently paired. It was reported that Zn‒La combination is 

effective in enhancing catalyst stability and preventing carbon deposition in OCM.[39] The 

association of Mo and W suggests that increasing the amount of group 6 elements can 

improve performance, as evidenced by the observed high yield for W–W–W/BaO. Cs is 

frequently associated with the main elements, La, Mo, and Sr. The specificity of Cs among 

the alkali metal elements was also observed on CaO. 

 La2O3: The elements frequently appearing on this basic oxide are similar to those on CaO, 

with a prevalence of alkaline earth metal and rare earth elements excluding Ce, as well as 

group 4 elements excluding Ti. It was reported that doping La2O3 with elements having an 

oxidation state equal to or lower than that of La (3+) enhances the activity,[16] which aligns 

with the frequent occurrence of alkaline earth metal (2+) and rare earth elements (3+) 

excluding Ce, which usually bears a 4+ oxidation state. Notably, Ba appears 

overwhelmingly frequently, similar to the La–BaO combination for BaO. The diversity of 

elements associated with Ba further supports strong synergy between La and Ba. Our 

previous work demonstrated that using BaO and La2O3 as a mixed support results in a 

complementary effect, where BaO’s high C2 selectivity at high temperatures and La2O3’s 

high activity at low temperatures together increase C2 yields.[29]  

 TiO2: Alkaline metal elements, particularly Cs, are significantly prevalent (Cs >> K > Li). 

Although the Cs–TiO2 combination has not been reported for OCM, Cs is known to enhance 

the photocatalytic activity of TiO2 by promoting its reduction.[40,41] This suggests that Cs 

might also facilitate the redox action of TiO2 in OCM. Cs is frequently associated with 
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elements that prefer a 4+ oxidation state, such as Hf and Ce, followed by other rare earth 

elements. [42,43] 

 ZrO2: Similar to TiO2, alkaline metal elements are frequently observed on ZrO2, though the 

strong emphasis on Cs seen on TiO2 is largely diminished. Additionally, alkaline earth metal 

and early transition metal elements are more prevalent overall. From Figure 4b, it is evident 

that alkaline metal and alkaline earth metal elements often appear in conjunction with early 

transition metal elements. This suggests that ZrO2, with minimal intrinsic OCM activity on 

its own, benefits from elemental combinations that can form oxometalate anions, which are 

active for OCM.[44,45] 

We have also analyzed the design rules for catalysts in the bottom 10% based on 

predicted C2 yields (Figure S5). In contrast to high-performing catalysts, the design rules for 

low-performing catalysts are less dependent on the supports, with late transition metals being 

predominant. These elements are known to catalyze non-selective combustion, implying their 

overall effectiveness in methane combustion, regardless of the support. 

 

3.3. Transferability of design hypotheses 

Experienced catalyst researchers often apply knowledge and experience gained from other 

catalytic systems when developing catalysts for new systems. This transfer requires a certain 

degree of intuition, and replicating this leap through data science is a key aspect of catalyst 

informatics. Here, to demonstrate this concept, we attempt to transfer design hypotheses across 

different catalyst families. 

The underlying idea is to exploit the similarities of design hypotheses across different 

catalyst supports. Specifically, a design hypothesis obtained for one support was converted to 
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features to assist in acquiring a design hypothesis for another support through AFE. The most 

straightforward approach for this is to directly use the predicted C2 yields for one support as a 

feature, as suggested by the correspondence of the predicted yields across supports (cf. Figure 3). 

Additionally, we considered using the descriptors obtained for one support as features through 

dimensional reduction. This approach is based on an assumption that the similarities observed 

between elements or elemental combinations on one support could hold for another support, 

regardless of the C2 yields. Here, we reduced the original eight features to two features using two 

different methods. One method utilizes principal component analysis (PCA), which maximizes 

variance in the higher-dimensional space, effectively representing the distribution of elemental 

combinations in the original feature space. The other method is based on t-distributed stochastic 

neighbor embedding (t-SNE), which prioritizes preserving the local relationship between 

elemental combinations in the original space, effectively capturing the similarity of the 

combinations.[46] These features derived from design hypotheses on different catalyst families 

are referred to as “design hypothesis features” to distinguish them from the standard features 

derived from the XenonPy elemental physical properties. 

Figure 5 compares the MAECV scores of ML models that incorporate at least one design 

hypothesis feature from other supports with those that use no such features. The comparison 

covers three catalyst families: CaO, La2O3, and ZrO2. The figure displays the design hypothesis 

features selected via AFE, along with their ranking in permutation feature importance. For CaO 

and La2O3, incorporating design hypotheses from other supports significantly reduced MAECV 

scores, surpassing the fluctuations (error bars in Figure 5) observed with genetic algorithm-based 

feature selection. In both cases, the predicted C2 yield on BaO was identified as the most 

important descriptor, aligning with the high correlation of predicted C2 yields between these 
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supports shown in Figure 3. Additionally, while less critical, the t-SNE feature from TiO2 was 

selected for both supports. For ZrO2, transferring design hypotheses from other supports did not 

lower MAECV scores, consistent with its distinct design hypothesis compared to the other 

supports, as discussed in section 3.2. Interestingly, only t-SNE features were selected from the 

dimensionally reduced features, with none of the PCA features being chosen. This suggests that 

local relationships or similarities between elemental combinations are more effective for 

transferring knowledge than their distribution in the original feature space. This finding is 

promising for catalyst researchers, as local similarities are more accessible than distributions in 

the feature space. 

In summary, we demonstrated that within the context of AFE, knowledge can be 

effectively transferred from one catalyst family to another. This is considered beneficial for 

catalyst development in two aspects: first, it improves the prediction accuracy of ML models, 

allowing more precise pinpointing of high-performing catalysts; second, it could accelerate the 

active learning as providing validated design hypotheses as features is equivalent to providing 

established knowledge to the ML process. 

 

4. Conclusion 

The empirical aspect of catalyst development often leads to a focus or bias toward specific 

compositions, resulting in fragmented pieces of knowledge that are difficult to integrate. 

However, in the realm of catalyst informatics, iterative updating of both descriptors and machine 

learning (ML) models, accompanied by strategic data additions, can yield more comprehensive 

and applicable catalyst knowledge. In this study, by employing high-throughput experimentation 

(HTE) and automatic feature engineering (AFE), we implemented active learning to acquire 
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comprehensive catalyst knowledge for each of BaO-, CaO-, La2O3-, TiO2-, and ZrO2-supported 

catalysts applied to oxidative coupling of methane (OCM). The acquired knowledge was then 

used to extract catalyst design rules and evaluate the potential for knowledge transfer across 

them. 

Active learning was performed for each catalyst family, starting with previously acquired 

training data. A design hypothesis, comprising an ML model and descriptors, was generated by 

AFE, which produced numerous catalyst features and selected the most plausible ones in the 

context of supervised ML. Challenging catalysts were identified using farthest point sampling 

(FPS) and were experimentally tested to enhance the training data and refine the design 

hypothesis. This process was repeated five to six times, resulting in a robust design hypothesis 

applicable to all compositions, providing comprehensive catalyst knowledge for each support. 

The established design hypotheses were then used to identify catalyst design rules and 

evaluate their similarities and differences across supports. We identified synergistic 

combinations frequently found in high-performing catalysts, such as alkaline earth metals for 

CaO, La for BaO, Ba for La2O3, Cs for TiO2, and alkali metals for ZrO2, along with some novel 

findings. 

Finally, we introduced a method for transferring catalyst knowledge between different 

supports using AFE, leveraging the similarities between the design hypotheses. It was 

demonstrated that the descriptors or the model’s output refined through active learning on one 

support could be adapted into features that enhanced the predictive accuracy of the ML models 

on other supports. 

In summary, this paper established a data scientific framework for acquiring 

comprehensive catalyst knowledge, which can aid in designing novel and diverse 
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high-performance catalysts. Additionally, transferring validated design hypotheses across 

different catalyst systems enhances model reliability and may reduce the need for extensive 

active learning. 
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Impact statement 

Integrating high-throughput experimentation and automatic feature engineering in a loop enables 

the development of robust machine learning models, leading to comprehensive and transferable 

catalyst knowledge. 
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Figures and captions 

Figure 1. Active learning cycle employed in this study. Automatic feature engineering (AFE) is 

applied to a given catalyst dataset to derive a design hypothesis—a machine learning (ML) model 

with tailored descriptors. Catalysts recommended by farthest point sampling (FPS) are evaluated 

using high-throughput experimentation (HTE). The resulting data are integrated back into the 

dataset, and this iterative process continues until a robust design hypothesis is established, 

elucidating the relationship between catalyst compositions and performances. 

 

Figure 2. Development of the predictive behavior of design hypotheses through active learning. 

The MAE was calculated by comparing the predicted C2 yields for the 4059 catalysts between 

the design hypothesis obtained in one cycle and that from the previous cycle. Lower MAE values 

indicate greater similarity between the predictive behaviors of the two design hypotheses. In the 

early stages of active learning, MAE values tended to decrease significantly, reflecting the 

elimination of less robust design hypotheses due to data addition. In the later stages, further data 

addition led to minor changes in MAE, suggesting that the design hypotheses became similarly 

robust. Note that any accidental increase in MAE values during some cycles was due to the 

random nature of the genetic algorithm during feature selection; In such a case, the sixth cycle 

was added.  
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Figure 3. Similarity of design hypotheses across supports. The Pearson’s correlation coefficient 

between the predicted C2 yields for the 4059 catalysts across different supports was calculated 

and visualized as a heatmap. A correlation coefficient closer to 1 indicates that two design 

hypotheses are similar. It can be seen that basic oxides such as CaO, BaO, and La2O3 have 

similar design hypotheses, which differ from those of TiO2 and ZrO2. 
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Figure 4. Design rules in high-performing catalysts. These summarize the characteristics of 

catalysts with predicted C2 yields in the top 10% for each support. (a) A heatmap in a periodic 

table format visualizes the frequency of appearances of individual elements in the 

high-performing catalysts. Elements with higher frequencies (shown in darker red) are more 

likely to contribute to high performance when paired with the respective support. (b) For the top 

three most frequent elements in (a), pie charts illustrate the frequency of appearances of 

secondary elements associated with these main elements. If an element is selectively associated 

with a specific secondary element, it suggests a synergy between these elements. 
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Figure 5. Results of transferring knowledge from one catalyst family to another in the context of 

data science. Design hypotheses obtained from other supports were converted into various 

features (referred to as design hypothesis features) and used in ML model building with AFE. 

Models incorporating design hypothesis features (red bars) exhibit a reduction in MAECV scores 

compared to models without these features (blue bars) for CaO and La2O3, indicating effective 

knowledge transfer. In contrast, ZrO2, which lacks similarity to other supports, does not show a 

reduction in MAECV. Error bars represent the standard deviation of MAECV values from three 

independent feature selection runs. The figure also includes the selected design hypothesis 

features along with their permutation feature importance rankings. 
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Tables and captions 

Table 1. Development of design hypotheses for CaO-based catalysts throughout the active 

learning cycles. This table presents the scores and selected features of the design hypothesis 

obtained in each individual active learning cycle. 

Cycle MAECV (train)
a
 Selected features

b
 

0 1.65% (1.70%) 

1. 1/(covalent_radius_pyykko_double_min) 

2. ln(covalent_radius_cordero_min) 

3. (atomic_radius_rahm_min)
1/2

 

4. (density_max)
2
 

5. 1/ln(thermal_conductivity_ave) 

6. ln(density_ave) 

7. (atomic_weight_min)
3
 

8. 1/exp(gs_est_fcc_latcnt_max) 

1 1.75% (1.67%) 

1. 1/(covalent_radius_cordero_min) 

2. 1/(covalent_radius_pyykko_min) 

3. (atomic_radius_rahm_min)
1/2

 

4. 1/(covalent_radius_pyykko_double_min)
1/2

 

5. ln(atomic_radius_rahm_min) 

6. exp(num_f_unfilled_max) 

7. (gs_mag_moment_max)
3
 

8. ln(period_ave) 

2 1.85% (1.79%) 

1. (first_ion_en_max)
2
 

2. 1/(polarizability_min)
1/2

 

3. (atomic_radius_rahm_min)
1/2

 

4. 1/(covalent_radius_pyykko_double_min)
1/2

 

5. (num_f_unfilled_std)
1/2

 

6. (num_d_valence_max)
2
 

7. (hhi_p_max)
3
 

8. num_f_valence_ave 

3 1.63% (1.56%) 

1. 1/(covalent_radius_pyykko_double_min) 

2. 1/(covalent_radius_cordero_min) 

3. (atomic_radius_rahm_min)
1/2

 

4. (num_d_valence_max)
2
 

5. 1/(covalent_radius_pyykko_triple_min) 

6. ln(vdw_radius_uff_max) 

7. 1/(hhi_p_ave) 

8. 1/exp(num_f_unfilled_std) 

4 1.67% (1.62%) 

1. 1/(covalent_radius_pyykko_double_min)
1/2

 

2. (atomic_radius_rahm_min)
1/2

 

3. (covalent_radius_cordero_min)
1/2

 

4. (covalent_radius_pyykko_triple_min)
1/2

 

5. covalent_radius_cordero_ave 

6. (num_d_valence_std)
2
 

7. exp(fusion_enthalpy_max) 
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8. heat_capacity_mass_std 

5 1.67% (1.65%) 

1. (atomic_radius_rahm_min)
1/2

 

2. 1/(covalent_radius_pyykko_double_min)
1/2

 

3. ln(covalent_radius_cordero_min) 

4. (bulk_modulus_max)
2
 

5. 1/(sound_velocity_max)
1/2

 

6. 1/ln(covalent_radius_pyykko_double_std) 

7. 1/exp(heat_capacity_mass_min) 

8. exp(gs_mag_moment_max) 
a 

Mean absolute error (MAE) in C2 yields during cross validation (CV) and the same during 

training in the parentheses. 

b 
Eight features were selected that minimized the MAECV value. They are listed in order of 

permutation feature importance. 
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Figure S1. Illustration of selecting data using FPS. To determine the next data point to be sampled, 

the following operations were repeated. I. In the selected feature space, calculate the euclidean 

distance from each un-sampled data point to all sampled data points. Select the minimum distance 

to each un-sampled data point. II. Among the un-sampled data points, select the one with the 

largest minimum distance (farthest from the sampled data points). III. The selected data point is 

then removed from the un-sampled data points and added to the sampled data points. 
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Figure S2. Scatter plot shows 726 catalysts experimentally tested in our previous and current 

studies, with a) 381 catalysts previously evaluated and b) 333 catalysts evaluated in this study 

plotted separately. The x-axis represents CH4 conversion, while the y-axis represents C2 selectivity. 

Different supports are represented by symbols with varying colors and shapes. Histograms outside 

the plot area show the data distribution for each support. 
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Figure S3. Box plot of predicted C2 yields for each support, where the line: the median value, the 

box: the interquartile range (IQR), and the whisker: 1.5 times the IQR with any data points 

beyond the whisker regarded as outliers. 

 

Figure S4. Pie chart illustrating the frequency of appearances of secondary elements associated 

with Cs–CaO. 
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Figure S5. Design rules in low-performing catalysts. These summarize the characteristics of 

catalysts with predicted C2 yields in the bottom 10% for each support. A heatmap in a periodic 

table format visualizes the frequency of appearances of individual elements in the 

low-performing catalysts. Elements with higher frequencies (shown in darker blue) are more 

likely to contribute to low performance when paired with the respective support. 


