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ABSTRACT: The empirical aspect of descriptor design with limited data in catalyst informatics entails a logical contradiction
as it relies on sufficient prior knowledge for exploring the unknown. In this study, we developed a technique for automatic
feature engineering (AFE) that works on small catalyst data without requiring any prior knowledge of the target catalysis.
This technique generates a large number of features through mathematical operations on general physicochemical features
of catalytic components, and extracts the relevant features for the desired catalysis, essentially screening a large number of
hypotheses on a machine. AFE yielded reasonable regression results for three types of heterogeneous catalysis: oxidative
coupling of methane (OCM), conversion of ethanol to butadiene, and three-way catalysis, where only the training set was
swapped. Moreover, through the application of active learning that combines AFE and high-throughput experimentation for
OCM, we successfully visualized the machine’s process of acquiring precise recognition of catalyst design. AFE is a versatile
technique for data-driven catalysis research and a key step towards fully automated catalyst discoveries.

INTRODUCTION

Natural science has been essentially driven by the sense
of individual researchers in designing hypotheses and vali-
dating them through experiments. However, the emerging
data-driven approach is challenging this tradition by
achieving significant success in many fields including catal-
ysis.I™* The major bottleneck in data-driven catalysis re-
search, particularly in the context of experimental catalyst
discoveries, is the limited availability of data with sufficient
quantity and quality for effective machine learning (ML).58
Exceptin limited cases of crystal structures® and organic re-
actions,0 this data limitation has rendered the application
of deep learning impractical, and forced researchers to ad-
dress the issue of descriptor design in ML.1! Indeed, de-
scriptor design based on the individual researchers’ in-
sights into structure-activity relationships, such as the d-
band center in metal nanoalloys'? and the buried volume in
organometallic asymmetric catalysis,'? constitutes a key as-
pect of the progress of catalyst informatics.®14 16 However,
such descriptor design is generally challenging and ad hoc,
as it requires deep domain knowledge to identify all the im-
portant factors for the target catalysis.1617 In particular,
practical solid catalysts constitute multiple components
that are structured in an ill-defined manner, whose complex
interplay over multiple spatiotemporal scales results in the
overall catalytic performance.181°

To overcome these issues, in this study, we developed an
automatic feature engineering (AFE) technique that works
on small data for complex materials such as solid catalysts
without requiring any prior knowledge of the target system.
The AFE is a pipeline of (i) assigning a series of features to

materials of arbitrary compositions, (ii) synthesizing a large
number of higher-order features considering nonlinear and
combinatorial effects, and (iii) selecting a feature subset in
the context of supervised ML. We investigated the applica-
bility of AFE for various heterogeneous catalysis with differ-
ent catalyst designs. Moreover, its extension to active learn-
ing in combination with high-throughput experimentation
(HTE) was carried out to refine a feature set and obtain a
globally fit model.

RESULTS AND DISCUSSION

Figure 1a depicts the workflow of AFE. Here, we consider
supported multi-element catalysts as a typical example,
whose dataset lists the elemental composition and perfor-
mance of individual catalysts. Proposing a feature of these
catalysts is equivalent to hypothesizing its importance. This
AFE technique is based on the premise of our scarce
knowledge of the system, which is not unusual in today’s
R&D with the continuously emerging demands over a short
period of time. The first step of AFE involves the assignment
of primary features to the catalysts by computing commu-
tative operations of a feature library such as maximum and
weighted average to account for the notational order invar-
iance and elemental compositions of the catalysts.?? The fea-
ture library collects all possible features of the catalyst con-
stituents (such as the properties of elements and molecules)
from all available sources, assuming that all features are
equally probable. In the next step, higher-order features,
also called compound features,?1"23 that are arbitrary func-
tions of the primary features (first-order) and products of
two or more of these functions (second or higher-order) are
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Figure 1. Automatic feature engineering (AFE) and its demonstration. (a) Schematic of the AFE pipeline. Prediction of (b) Cz yields
in the oxidative coupling of methane (OCM), (c) butadiene yields in ethanol conversion, and (d) light-off temperatures for NO con-
version in three-way catalysis. Eight features that minimized the mean absolute error (MAE) in leave-one-out cross-validation
(LOOCV) with Huber regression were selected from 5,568 first-order features.

synthesized. This considers the non-linear and combinato-
rial aspects of the problem and compensates for the short-
age of the expressive power of simple ML models suitable
for small data. In the final step, the optimum feature combi-
nation that maximizes the performance of supervised ML is
selected from the large pool of the features (typically 103-
109). Hence, AFE generates a vast number of features (hy-
potheses) and recommends the most plausible combination
in the context of supervised ML. In the literature, prese-
lected physical properties of elements have been employed
to describe multi-element catalysts.2426 However, these
properties have been hardly utilized to systematize feature
engineering through the synthesis and screening of a large
number of features. AFE was demonstrated on three HTE
datasets of supported multi-element catalysts for different
catalysis?7732 (Figures 1b-d, the datasets are given in Tables
S1-3). 5,568 first-order features were created by applying
8 types of commutative operations and 12 types of func-
tions to 58 features of elements stored in XenonPy.33 Then,
eight features were selected to minimize the mean absolute
error (MAE) in leave-one-out cross-validation (LOOCV)
with Huber regression. Huber regression3* not only miti-
gates the risk of overfitting on small data but also provides
robustness against experimental errors and singular cata-
lysts. Refer to the Method section and Table S4 of Support-
ing Information (SI) for further details. Reasonable regres-
sion results in all cases evidenced the versatility of the
method in tailoring the features for individual catalysis
without prior knowledge.

Researchers cannot exclude alternative hypotheses when
available data is limited. Similarly, AFE proposes different
models with similar scores when the training data is limited
in size or distribution. An active-learning strategy enables
AFE to exclude locally fit models and identify a globally fit

model, i.e., the true hypothesis set. This was practiced using
the oxidative coupling of methane (OCM) dataset shown in
Table S1. The dataset includes the C: yield of catalysts with
up to three elements selected from an element library and
supported on BaO, each at a fixed amount. 27 Initially, eight
first-order features were selected based on LOOCV-MAE in
Huber regression on a given training dataset. Then, twenty
catalysts were prepared and evaluated through HTE, where
eighteen were selected via farthest point sampling (FPS) in
the selected feature space and two were chosen based on
their highest absolute errors in the regression. The obtained
data were fed back to AFE to update the feature space (Fig-
ure 2a). This process was repeated four times, resulting in
the addition of 80 new catalysts (Table S5). Figures 2b and
2c provide a summary of the relevant scores and individual
test results, respectively. In the first cycle, the largest diver-
sification of catalyst composition driven by FPS moderately
increased the MAEwaincv values, but subsequent cycles did
not largely change these values. The final MAErainv,cv values
(2.2-2.3%) were higher than the typical experimental error
(1.0-2.0%) partly because the linear model failed to capture
0% C: yield data. Excluding these data points reduced the
MAEcv to ~1.9%. The changes in the test score were larger
than those in the training and CV scores. Several extrapola-
tions occurred during the first cycle, where the predicted
yield was >30% or <0%, resulting in an extremely large
MAE:test. As the cycle progressed and the catalysts in the
training dataset diversified sufficiently, these extrapola-
tions disappeared and the difference between the observa-
tions and predictions decreased monotonically. The Pear-
son’s correlation coefficient between the regression models
increased from 0.6 in Cycles 0 and 1 to 0.9 in Cycles 3 and 4,
indicating the convergence of the feature engineering to-
wards a global model.
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Figure 2. Active learning implemented for the OCM catalyst design. (a) Schematic of the active learning loop. The feature engineering
was repeated five times with the data of 20 catalysts added per update. The model scores and the testing results are shown in (b)
and (c), respectively. Eight features were selected from 5,568 first-order features to minimize the MAE in LOOCV with Huber regres-
sion. The development of the feature engineering and prediction is visualized based on t-distributed stochastic neighbor embedding
(t-SNE) in (d). The circled data points are the test results except for the last cycle, which used the training data instead. The color
reflects the predicted or observed Cz yield, and the counters indicate the Gaussian kernel density estimation for the Cz yield above

18%.

Figure 2d visualizes the progress of the feature engineer-
ing using t-distributed stochastic neighbor embedding (t-
SNE).35 The plot shows all 4,060 catalysts in the library (in-
cluding both tested and untested ones) with the color indi-
cating the predicted Cz yield, and circled data points repre-
senting the test results. With the advancement of active
learning, the data were divided into a larger number of clus-
ters, which represents the machine’s process of refining a
feature space to distinguish the catalysts better through dis-
tinct composition-performance relationships. Then, the
question is how does the machine perceive the composi-
tion-performance relationships? This was addressed in two
steps. First, the dataset was subjected to manual statistical
analysis, as shown in Figure S1. Early transition metals such
as Mo and Zr and heavy alkali metals such as K and Cs are
attributed high performance (Figures S1a,b). This is be-
cause early transition metals can form oxometalate anions
active for OCM when they were combined with Ba in the
support or other supported elements with low electron af-
finity.283637 Alkali metals can enhance the C: selectivity by
strengthening the basicity of alkali earth metal oxides.3840
In contrast, late transition metals (excluding Zn with com-
pletely filled 3d orbitals) tended to decrease the C: yield
with increasing group number (Figures S1a,c), as they act as
combustion catalysts.*! Next, keeping the abovementioned
researcher’s observations in mind, the machine’s percep-
tion was interpreted by analyzing the distribution of indi-
vidual elements in the feature space (Figure S2). Figure 3
summarizes the regions where individual elements are con-
centrated after active learning, which decodes the machine
perception. It can be seen that late transition metals form
separate clusters, whereas Mo and W are concentrated in
narrow regions, indicating that the machine recognizes
these elements as having differently significant impacts on

the performance. In contrast, elements with a wide spatial
distribution either have limited data points (e.g. La) or ex-
hibit significantly different performances depending on
their combination (e.g. Mg and Mn). Elements with overlap-
ping distributions are not only similar in their physico-
chemical properties but also in their impact on the catalytic
performance. For example, the high-performing K and Cs
have overlapping distributions, whereas the less effective Li
and Na are separated from them. These observations align
with the researchers' understanding acquired from Figure
S1.

100 25
75 4
! 3 20
. K ;
50 'y Mo
25 Li Mn
15 O
<
= Mg Co 3
04 o
o
L AN S
» 10 &
-25 - =
Ni,Cu
504
Pd Fe 5
s
—754
2 Zn
-100 . T r T : T T 0
-100 -75 -50 =25 0 25 50 75 100

Figure 3. Machine perception of the OCM catalyst design. The
feature space of the latest model is visualized by t-SNE, along
with the Gaussian kernel density estimation for the Cz yield
above 18%. The dotted lines indicate the regions where cata-
lysts containing individual elements are concentrated.
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Application of the same analysis to the unselected feature
set and the feature set selected before active learning (Fig-
ure S3) revealed the essentiality of both feature engineering
and active learning in achieving that level of discrimination.
Eventually, AFE transformed general physicochemical
knowledge of elements into an OCM-specific one, while ac-
tive learning enhanced the machine’s accuracy in discrimi-
nating elements.

CONCLUSIONS

In summary, we have developed and demonstrated AFE
as a versatile technique to enable effective ML for small data
of solid catalysts with diverse compositions. It designs
highly expressive features specific to a given catalyst sys-
tem without requiring prior knowledge of the system. The
availability of process-consistent datasets obtained through
HTE was crucial in the development of AFE. Active learning
that integrated AFE, FPS, and HTE in aloop helped eliminate
alternative hypotheses and identified a true hypothesis set
that applies to diverse catalysts. This is attributed to the
ability of the machine to develop a feature or knowledge
space for recognizing composition-performance relation-
ships of catalysts. Incorporating AFE into automated exper-
iments*2 would enable highly efficient autonomous catalyst
design. Moreover, the knowledge acquired for a specific sys-
tem will not only help predict the performance of unknown
compositions in the same system but also assist in acquiring
knowledge for different systems through transfer learning.
As the machine accumulates knowledge across many cata-
lytic systems, it will ultimately develop comprehensive cat-
alytic knowledge and achieve catalyst development freed
from researchers' experiences and knowledge.
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