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ABSTRACT: Understanding the nature of chemical bonding and its variation in strength

across physically tunable factors is important for the development of novel catalytic materials.

One way to speed up this process is to employ machine learning (ML) algorithms with onling Post hoe

data repositories curated from high-throughput experiments or quantum-chemical simylatio E|  pnalysig

Despite the reasonable predictive performance of ML models for predicting reactivity

properties of solid surfaces, the ever-growing complexity of modern algorithms, €.g|, Tlegp ga

learning, makes them black boxes with little to no explanation. In this Perspective, we di§cuss \u"

recent advances of interpretable ML for opening up these black boxes from the standpojfés 5% o

feature engineering, algorithm development, and post hoc analysis. We underline the pivatal o Fe&"‘ 8

role of interpretability as the foundation of next-generation ML algorithms and emerging&Al E“g\‘\“ )

platforms for driving discoveries across scigligtiplines. By’ >
ble Mach'\“e\'

hemical bonding at solid surfaces underpins mangounds where ever-growing data sets exist in open-access

technological processes, including industrial separationgpositories, e.g., Catalysis Hub, Computational Materials
pollution remediation, and interconversion of energieRepository, ioChem-BD, and Open Catalyst Pojéct.
mediated by molecular carrierBor catalytic reactions However, the predictive performance of purely data-driven
occurring at gasolid or liquid solid interfaces, adsorption ML models comes with the loss of physical intuition as they
of reactive species onto surface atoms is a prerequisite for béygically have complicated mathematical formulations which
breaking and formation, thus playing a pivotal role in kineticsnake them black boxes. As autonomous materials discovery
Attributed to linear scaling relationsRifsadsorption  platforms with Al agents are actively being developed in the
energies of one or two simple intermediates at site ensembf@éalysis realm, there is an immediate demand for revealing the
largely dictate the activity and selectivity of catalytic materiafgtionale of the decision-making. In this regardettieof
As one of the oldest rules in catalysis, the Sabatier principléerpretable ML has attracted attention over the past few
highlights the importance of such reactivity descriptors in théars, and various strategies are implemented to improve the
volcano-shaped plots of catalytic performance, in whidflysical understanding arising from ML mb%'GNH_EVGF-
optimal sites should haest right binding a nities toward theless, m;erpretabnlty is a notoriously controversial concept,
descriptor species, neither too strong to get poisoned nor téd there is no formal detion agreed upon among domain
weak to be limited by activating sthemical bondsWith expert_s, I\/_IL practltlon_ers, and algorl_thm developers. Bro_adly
recent advances in computing infrastructures and quantufiR€aking, interpretability can be considered as the extraction of
chemical modeling tools, e.g., density functional theory (DFTgsowledge_from_da_ta, while the knowledge relevancy is implied
it has become a routine practice to unravel the function the _attalned |ﬂ3_|gﬁf§. . :
mechanisms of existing catalysts and computationally desiﬁt}grtms Perspective, we critically review recent advances of

improved ones followed by experimental validatiowever, ! pretable ML for opening up black boxes and spléci

the high computational cost of DFT simulations in afor predicting reactivity properties of solid surfaces from the

combinatorial and high-throughput wovk restricts the
size of the chemical space and the structural complexity fgceived: October 6, 2021
active sites that can be explored, prompting the developmeificepted: November 15, 2021
of a new paradigm for catalytic materials discovery.

In recent years, machine learning (ML) algorithms have
been increasingly used to predict energetic properties of
catalytic materials, particularly for metals and metal com-
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Figure 1lInterpretable machine learning of chemical bonding at solid surfaces can be achieved by feature engineering, algorithm developmen
post hoc analysis.

aspects of feature engineering, algorithm development, avfdchemisorption. According to théband theory widely
post hoc analysis (sEgure ). We review the long-lasting applied to transition-metal systems, the adsorption process can
e ort of the catalysis community tal electronic, geometric, be conceptually separated into two interaction steps of
and energetic descriptors as physically intuitive featusglsorbate frontier orbitals with the megastates and then
representations of catalytic sites. We elaborate ML algorithaistates, sequentially (§égure 2). Because the contribution
that are interpretable to some extent because of the constrem thespstates (E) is approximated as a constant for
of model complexity or the integration of domain knowledgeransition-metal surfaces of a given site type, the variation of
We also look into post hoc analysis tools, e.g., permutatibimding energies is solely governed bydtates (Ey).
feature importance, that can provide model-agnostic intdlammer and Ngrskov in the 1990s introducediend
pretations. Finally, promising prospects and existing challengester, i.e., therst moment of the electronic densitydof
regarding interpretable ML to accelerate catalytic materiadtates distribution relative to the Fermi lelgg| &s a key
discovery are discussed. descriptor for understanding reactivity trends of many catalytic
Feature Engineerilige very rst step in developing ML systems (seBigure B), including pristine transition-metal
models is to construct features that are representative of datafaces’ metal alloy$;°* and surfaces with structural defects
samples. Employing informative features may simplify tigstrains and stefsy” or poisons/promotefs.
relationships that need to be learned from data and allowVojvodic et &’ and Xin et a®identi ed thed-band upper
physical interpretation of model predictions. ldentifyingedge, dened as 4 + Wy2 (W, d-bandwidth) or the
physically transparent and relevant features using domamaximum peak position of the Hilbert transform of the
knowledge has been an integral part of fundamental catalysisctronic density al-states distribution, as an improved
and many physics-inspired features were established basedeawtivity descriptor that explicitly considers higher-order
the electronic, geometric,daenergetic information on characteristics of thetband electronic structure. None of
adsorption sites. those descriptors, however, can truly capture the reactivity
Electronic descriptors of site atoms include electrotrends of chemical bonding involving the adsorbate of almost
con gurations from the periodic table of elements and moreompletely lled valence shells and site atoms of nearly fully
complex electronic structures that can be obtained fromccupiedt-states (e.g., hydroxyl adsorption on late transition
guantum-chemical calculations. One of the simplest descripetals and their alloys). To resolve this puzzle withih the
tors of this type for transition metals and their compounddjand theoretical framework, interatomic coupling strength was
e.g., metal oxides, is the number of valence electtonstaf recognized as a crucial factor governing Pauli repulsion
atoms’* It is designed from the intuition that surface metalinteractions, which often dominate ¢hHeand contribution
atoms interact with adsorbing species to maximize their ovetalladsorption energies.
stability by satisfying electron-counting rules. ditbend While most of the electronic descriptors require self-
characteristics, i.e., the moments of the electronic dedsity ofconsistent quantum-chemical calculations, geometric descrip-
states distribution projected onto site atoms, have also betems of surface reactivity arerdsl as the structural properties
widely used to capture the general trends of adsorptionf an adsorption site under theuance of surroundings. One
energies. They are considered physics-inspired and higbfythe most intuitive geometric descriptors is the regular
informative because their development is rooted in the theocpordination number (CN), which is ded as the number of
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Figure 2.(a) Schematic illustration of the formation of a chemical bond between an adsorbate valence fg/ahaidesthtes of a transition
metal surface. (b) The changes in the hydrogen-desorption potentials for Pd overlayers on a variety of metals scale witld-thenghift of the
center ( g). Adapted from ret6. Copyright 2005, John Wiley & Sons.

atoms the site ensemble is directly bonded to. The maximurasulting in improved catalytic performance for oxygen
coordination for an atom in an fcc/hcp metal crystal is 12reduction in fuel ceff.The (CN) can reect the general
Because of bond breaking at interfaces, surface atoms h@gads of adsorption energies on pure metal surfaces and
reduced coordination numbers, e.g., 9 for the fcc {111}-facehape-spea nanoparticles, although it is not directly
To make up for the lack of coordination, surface sites show theplicable for describing complex systems with lattice strains
tendency toward the formation of new chemical bonds. Thiand metal ligands. Ma and *Xiproposed the orbitalwise
results in negative correlations between the CN of a simordination number CN( = s or d) as a reactivity
ensemble and the adsorption strength, consistent with tlaescriptor for metal nanocatalysts, which explicitly takes into
bond-order conservation princifllelsing the CN of surface account interatomic interactions within the tight-binding
metal atoms along with their curvature angles as supplemettitgiory. It is dened as CN = M,/(ty, )% in which

features, Mpourmpakis et’atlucidated how the size, shape, represents or d-orbitals M,; is the second moment of the

and symmetry of Au nanoparticles impact site reactivity in C@rojected density of states onto tharbital at the sitg and
oxidation. In a similar vein, the generalized coordinatiofin, )? is the sum of the square of thelectron hopping
numbeCN) of a surface site was engineered to consider tHBtegrals to relevant valence orbitals of a neighboring atom in
local environment of each coordinating afFhe (CN) of the reference bulk. Hopping mteg_rals depend on_the orbital
an atomi with n, nearest neighbors is ded as size, shape (symmetry), and internuclear distance as

- . . . . approximated on the solid-state tibl&his descriptor
CN = jleN/CNma’ in which Cl is the maximal outperforms semiempirical ndecounting descriptors for

coordination of a bulk atom. This descriptor providesharacterizing the surface reactivity of metal nanoparticles of
fundamental insights into the structueactivity relationships varying size, shape, and composition, which is attributed to its
that successfully guide the design of Pt cavity sites withcansideration of lattice strains and metal ligaiglsré¢ 3.

slightly weaker (0.1 eV) *OH binding than Pt(111), For transition-metal oxides, the adjusted coordination number
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(a) electronic geometric structure ing may uncover potential physical information present in the
structure CN CN CN*, raw input data and make ML models more practical.
¢ d,éf;_ Algorithm Developmétother strategy of achieving model
o CC vi interpretability is to utili devel Igorithms that
(e (@ COL interpretability is to utilize or develop algorithms that are
oC s o |ntr|n$|c_ally mterpreta_lble, e, algorl_thms being readily
descriptive of the relationship between input features and the
(b) e S Y target. Regarding all forms of linear regression as being under
02 & 8 1 ¥ ] 09F o N the ML- umbrella, intrinsically mterpretaple ML has a long
Treecee; T Rt T 06F o4 SXom g history in heterogeneous catalysis. Descriptor-based models for
—~ 00Ff BAIN | o | v o w ] understanding reactivity trends of solid catalysts, such as the
3 e mm E 03f § % o linearizedd-band model of chemisorption, scaling relations,
g02f g el 4 o f 28 © o~ group additivity, and the BrgnstEstans Polanyi (BEP)
Yool s S - v ] relationship, all fall under this type of model by learning from a
' -.,é‘://i ';ﬁ o -03f * *® EA typically small data set of adsorption properties.
o6l % T I " ] Linear regression models can be generally wrigten @s
s e iz T T i=1 X. The betas () represent feature weights or
Coordination humber Coordination number coe cients, and is the intercept or bias. These unknown

parameters can be optimized when met with data as part of the

Figure 3.(a) The electronic structure of a surface metal site is "nke%arning process. For instance, a lineagibeshd model

to its coordination number descriptors. The coordination numbers : . : .
’ . ; : redicts the change in chemisorption energyfrom one

metal sites correlate with the adsorption enerdi€®dib) and*O - .
P g ) etal surface to another with two linear tefmsE=k; 4

(c) at an on-top and a hollow site of Au nanoparticles, respectively. > L
Reprinted from reB& Copyright 2018, The Royal Society of &]kz Vss The rst term denotes the covalent contribution due

Chemistry. to the hybridization of metalstates with the adsorbate
resonance states that are formed after being embedded into the
delocalized metspstates. The second term denotes the Pauli
repulsion contribution caused by the orthogonalization of
(ACN)*°and bond-energy-integrated orbitalwise coordinatiometal d-states and the adsorbate resonance states prior to
number(CN®9” were developed as engineered features torbital hybridization. An optimized model with learned
understand site reactivity trends, showing promise fdrarametersk( andk;) predicts that a positive shift in ithe
generalizing the coordination concept to complex catalytand center leads to a more exothermic covalent interaction,
systems. while a larger coupling matrix element squ¥fgds
Another type of physics-inspired feature that can providgssociated with weaker chemisorption if and only if Pauli
fundamental insights intchemisorption processes are repulsion dominates reactivity trends. The model rationalizes
energetic descriptors. With the adsorbate valency conceffte observed exceptions to the traditidrzdnd model of
Abild-Pedersen and colleagues showed that the bindiggemisorption involving late transition metals and electron-
energies of a hydrogenated species at metal surfaces cafidie adsorbates and proves to be useful in guiding catalytic
linearly described by that of the center heavy atoms, the slopeterials desigh.Montemore et df also used a linear
of which is the ratio of the adsorbate valencies, e.)/# combination of deliberately selected electronic descriptors of
for *CH, scaling withrC (Figure &) This series of linear surface sites to build multivariate reactivtiy modelscérti
scaling relationships (LSRs) have been generalized to hydagsorbates relevant for a wide range of chemisimie= (3.
carbons with multiple carbon atoms and transition-metdlhese descriptors include thieand center (), the number
oxides, sutles, nitrides, and carbid&$The dependency of of p-electrons rf), the coupling matrix element squared
LSRs on site types such as terraces, steps, kinks, or meeiiveen the adsorbate state(s) and rdetiaites \(39), and
adatoms has also been included to improve the predictitlee lling of thed-band ;). All these descriptors can be
accuracy and relevancy for structure-sensitive §jdtems. obtained from look-up tables or estimated by submodels built
complex adsorbates with multiple functional groups, the groupon neighboring atohfsatures. The model is descriptively
additivity concept has been shown to lmemt for predicting  accurate because of its transparency on how each of these
binding energies as the sum of individual molecular-fragmdaatures acts the electronic descriptors and ultimately the
contributions, in analogy to the Benson group-incremeritdsorption energies.
theory (BGIT) originally developed for gas-phase mofécules. Despite being highly transparent, linear regression models
By leveraging both LSRs and group additivity formulagre too restrictive to accurately describe the nonlinearity in
energetic descriptors have been employed to predichemical bonding. To include nonlinear correlations while
adsorption properties of hydrocarbons, oxygenates, furaniedaining the interpretability of linear regression models,
and aromatics on various metal surf&cgsré ).** “° generalized additive models (GAMs) have attracted attention
Having highly informative features sireplihe relationship  recently. These models are linear combinations of nonlinear
that the model must learn and allows practitioners to apphingle-feature components, namely, shape fungtiens,
model-based interpretability approaches. Despite great con=,fi(x).*° A shape function can be any nonlinear relation-
tributions on physics-informed features, there are still bottlship of choice, and the contribution from each feature can be
necks for many trained ML models. Feature engineering aidisectly quantied. Thus, it is capable of providing a descriptive
the construction of such new informed feature sets by drawingderstanding of model predictions. Esterhuizeft asat a
on the practition& current domain experience as well agdecision-tree-based generalized additive model (iGAM) for
insights obtained from the data through exploratory datanraveling factors that irence the chemisorption strength of
analysis. By extracting higher-order features, feature engindererent electron-rich and electron-poor adsorbates on model
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Figure 4.Energetic descriptors are physics-inspired features that are being used widely to predict chemisorption energies of adsorbate speci
Adsorption energies of Clitermediates scale with adsorption energies of the C atom. AdaptedfrGopsefght 2007, American Physical
Society. (b) Group additivity has been used to predict adsorption properties of furanic derivatives on Pd(111). Adajieddpymigref

2014, American Chemical Society.

alloys with subsurface ligarigire . The model supports equations. Unlike traditional regression techniques with
that the strain in the surface metal layer, the numiger of predened model structures, symbolic regression optimizes
electrons in the ligand metal, and dh@bital size of the both mathematical formulas and parameters while learning
ligand metal are the essential characteristics of an adsorptijmm data. Symbolic regression comprises enormously vast
site. Energy deconvolution through shape functions consebmbinations of mathematical operations (+, sqrt, exp, sin, cos,
idates the knowledge that OH adsorption is lessrinped by  log, etc.) on features. Finding the best formula becomes an
strain than other adsorbates (O, Cl, and N) because of thgptimization challenge that has been commonlg tackled with
varying degree of site coordination and the distinct nature genetic programming anchyBsian optimization. The
chemical bondirfg.The feature shape for the numbed-of  attained formulation can er descriptive understanding of
electrons in the ligand metal, on the other hand, sheds light 8¢ underlying correlations. However, similar to any other
a new aspect that has not been directly explored before.interpretable models, a compromise between accuracy and
showed that the binding strength of the electron-riciinterpretability needs to be considered. As the formula
adsorbates (OH, Cl, and F) becomes weaker alirlgeof becomes more complicated (potentially more accurate), the
the d-states in the ligand metal increases, whereas an opposiedel gets less interpretable. An example of employing
behavior was observed for relatively electron-poor adsorbadggibolic regression with attention to this trads-ahe

(O, S, and CH), in agreement with previous studié§The work of Weng et af’jn which a simple descriptor was created
predictive accuracy of GAMs can be improved by includidg describe the OER activity of perovskite oxidessJABO
pairwise interactions resulting in a model known as generalizeiey found nine mathematical formulas that satisfy the

additive models plus interactions (termed (Mg)?l requirements of being descriptive and reasonably predictive.
Nevertheless, pairwise interactions of primary features mak&ong those nine/t showed the best compromise, where
the algorithm convoluted and not easily explainable. (ra + 1o)/ \2(rg+ ry and =rg/rp are the tolerance and

Similar to linear regression, symbolic regression is amtahedral factors, respectively. This model provides physical
algorithm that cers structural interpretability with analytic insights for a rational design strategy, i.e., incorporation of
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Figure 5.(a) With physical understanding of chemical bonding at surfaces, basic structural features can be chosen to predict electronic struc
parameters and then adsorption energies. The general linear models based on the electronic structure properties gave good accuracy for pre
the electronic structure parameddrand center (b), and adsorption energies of various adsorbate species (c). Adaptédl fCopyreght

2020, The Royal Society of Chemistry.

large group IA and A cations (likg RO, C€*, and C&) Those high-level descriptors are derived in iterative steps by
on the A site (increasitigand small 8 TM cations onthe B applying mathematical operators on primary features and then
site (decreasing) resulting in candidate catalysts with ranked with the degree of correlation with the target. By
improved OER activity. keeping the top ranks, SISSO can identify optimal
Symbolic regression has shown a promising aptitude fdimensional descriptors out of the immense feature spaces.
developing interpretable ML models. However, having tdhe SISSO approach has given researchers physical insights
consider a vast dimension of formulas and features isahout the underlying relationship for the prediction of material
weakness of this algorithm. Ideally, only a few features canpveperties, by providing sparse analytical mddefs.
highly relevant in the sense ofrileg the functionality of the  Andersen et af. used this algorithm tond sparse feature
system? not to mention incorporating sparsity into symbolicrepresentations for predicting the adsorption enthalpies of key
regression can make ML models relevant while beimgaction intermediates relevant to CO methanation and oxygen
descriptive. Compressed sensing (CS), as a sparse featwelution on transition metals and their oxides. The com-
selection algorithm, provides low-dimensional models thptessed sensing technique derives algebraic models as a
identify highly relevant descriptors and predict output targetombination of primary features, including atomic, bulk,
simultaneousfy. Two popular CS algorithms in theld of surface, and site propertiEgy(re J. This model unbiasedly
materials discovery are the least absolute shrinkage amttovered the physical factors of surface reactivity that were
selection operator (LASSO) and the sure-independenazquired by thd-band model, including the radius ofdhe
screening and sparsifying operator (SISSO). Acsfaget, orbitals in the bulk TMrf), the lling and width of the-
chemisorption energy for instance, can be predicted by a lindé@nd, coupling matrix element squareg,),( Pauling
combination of a collection of features Y= . Incontrast  electronegativity (PE), and the density of states at the Fermi
to the standard regression, LASSO applies the desire fewvel of thesp and d-bands. For metal oxides, the least
sparsity and enforces zero contributions for some of theomplicated 1D SISSO model idedtithed-bandwidth (V)
features bg/ penalizing the magnitude otoe - and charge transfer energy (CTE), the energredce
cients:®*%°® °8 Nonetheless, LASSO has stability issues fopetween the unoccupied metdland and lled oxygen |2
correlated features and the Sure SISSO algorithm has besstes, as the most important descriptors. Moreover, more
introduced to alleviate this probfer81SSO also assumes that complex descriptors revealed the importance of additional
the property of interest is a linear function of candidat@rimary features, e.g., angular-resolved local order parameters.
descriptors that are nonlinear functions of primary featureBhese features are correlated weakly with the target
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Figure 6 Additive structure of iGAMs allows for display of each fgataeatribution to the adsorption energies. Parity plots for DFT-calculated
and iGAM-predicted adsorption energies on Pt alloys show reasonable predictive accuracy. Addgte@dpmymigtef 2020, Elsevier.

Exemplary primary features

doped oxide metal alloy

Key adsorption enthalpies
Ep.
Ec.

Properties of material

Atomic

electronegativity Example \

I pot'eutlal Prediction of Egy., at Ni-doped RuO,(111):

electron affinity

Bulk Primary feature Abbreviation Value

interatomic distance O* adsorption enthalpy Eo. 3.63eV

radius of d-orbitals Mulliken electroneg. (Ni) ME 4.40 eV

li trix el t : ;

20“; m‘j fHatrix elemen d-band center (Ni, proj.) £q -1.73 eV
urface/site . . . .

work fiiichon d-band kurtosis (Ni, proj.) Ka 7.46 eV

atom-projected band moments Eon. = 0.50 * (Eg, — ME) — 0.99 # £4/K4 + 1.37 eV
Bader charge =-039+023 + 1.37 eV

Connectivity of site =1.21 eV (SISSO)

coordination number vs.  1.35eV (DFT)

Figure 7.The SISSO algorithm uses primary features to identify descriptors for prediction ofsgnegieris. The adsorption energy of OH

is predicted by one of the simplest recognized models for TMO surfaces. Yellow circles mark symmetry-inequivalent adsorption sites or
stepped metal alloy (top, bridge, and 3-fold- and 4-fold-coordinated sites). The primary features are averaged over these atomgd the adsorpiti
is made up of numerous atoms (all but top sites). Reprinted fi@nCepyright 2021, American Chemical Society.

individually, but they appear to be capable of capturing part divide the data set into related subgroups. The subgroup-
the target that electronic primary features do not if combinespecic local models of adsorption energies can be more
with other features, which emphasizes the relevance of feataceurately descriptive compared to global models as the
interactions. underlying mechanism may edi for dierent groups of
Clustering is also one type of learning algorithms witmaterials (such ad-block metals vg-block metals)
interpretability potential rdSng from identifying local Identi cation of subgroups makes models more comprehen-
patterns and relationships. These unsupervised algoritheiBle by understanding similarities anéreinces between

11482 https://doi.org/10.1021/acs.jpclett.1c03291
J. Phys. Chem. Le021, 12, 1147611487


https://pubs.acs.org/doi/10.1021/acs.jpclett.1c03291?fig=fig6&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpclett.1c03291?fig=fig6&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpclett.1c03291?fig=fig6&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpclett.1c03291?fig=fig6&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpclett.1c03291?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpclett.1c03291?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpclett.1c03291?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpclett.1c03291?fig=fig7&ref=pdf
pubs.acs.org/JPCL?ref=pdf
https://doi.org/10.1021/acs.jpclett.1c03291?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

The Journal of Physical Chemistry Letters pubs.acs.org/JPCL

subgroups and providing a simpler pattern of the data localpredict CO and H binding energies on a variety of metal alloy
Ghiringhelli et al. were able taeophysical knowledge of the surface§’ Fung et al! developed the DOSnet models for a
local behavior of O and OH adsorption properties ofwide range of metal alloys and adsorbates, using the CNN
transition-metal alloys using the subgroup-discovery (SGR)gorithm to automatically featurize the electronic density of
local technique. Their modddoolean SG rules, also known asstates and provide physically meaningful interpretations of
selectors, could reveal alloy surface sites that deviate fromactivity trends. Although the interpretability may be
linear scaling relationsHipsThis approach also aided the compromised, representation learning is a promising ML
physical interpretability of SISSO models for H binding ompproach to be explored for automatically gaining physically
single-atom alloy catalysts (SAACs) by providing local trenitstuitive information. Integrating sciemtunderstanding of
of primary features appearing in idedtidescriptors of the physical interactions into the algorithms is an emeejirtg
modef’ For instance, multiple subgroups of surfaces that bingeneralize the models and make them interpretable. A Bayesian
strongly with the H atom were distinguished by commonearning approach was developed by Wang baakd on the
selectors, including the condition theand center of the top  d-band reactivity theory and NewAaderson-type model
surface layer host metals :17. Their analysis also showed Hamiltonians. They used a Bayesian inference algorithm
that a subgroup of SAACs with strong and intermediatgBayeschem) to learn the model parameters on a small ab
binding energies of H atoms is mainly regulated by thiitio data set. Bayschem enables quantitative investigation of
properties of the host metal rather than those of the gueshemical bonding of simple adsorbates on metal surfaces by
metals. providing orbitalwise insights. Bayeschem prediction perform-
Most of the interpretable ML models we discussed so faince is, however, compromised by its interpretability. The
rely on the traditionally hand-crafted features iddnby theory-infused neural network (TinNet) was recently
human experts. Depending solely on the highly specializggveloped that infuses the-band theory of chemisorption
domain knowledge to develop features, however, may restfith deep learning networks to predict reactivity properties of
the generalizability of ML models. The pursuit of Al has beefiansition-metal surfaces. As showhrigare 8 the TinNet

pushing the exploitation of alternatives to manual featuffamework contains two sequential components: a regression
extraction. In this aspect, representation-learning algorithms

are broadly used for identifying relevant features. In a rece~* Regression Module Theory Module
attempt, Esterhuizen et®%iapplied principal component @
analysis (PCA), an unsupervised dimension reductio %
technique, to the atom-projected density-sthtes with the = > m
goal of identifying electic and geometric factors as %

algorithm-derived featurepresentations. This approach | "
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chemisorption energies imnwparison to hand-crafted pmg =
descriptors. More importantly, reconstruction of density c \

states signals from PC descriptors provides insights into h \*' 1.
the materialselectronic structure, surface geometry, anc
composition are linked and, ultimatelyectthe bonding
strength. Spedally, the rst PC descriptor was shown to
mainly capture the ects from the size of surface and ligand (
metals, while the second PC descriptor is correlated with tl
number of valence-electrons in surface metals. The
convolutional neural network, or CNN for short, as a dee
learning framework is also well-established for feature learn
in image recognition. Over the past few years, there has be
huge attention paid to representation learning to extract tt
high-level features from graphs. Xie®8iateraged this tool
for predicting material properties using the crystal grap
convolutional neural network (CGCNN), which is initiated by
converting crystal structures into graphs with atoms as noc [ ] 3
and their connections as edges. The crystal graph encodes Fo ] Zl:’).-‘.’o_.gg_f_1_.qj.lsl..___I _____ ]
atomic information and bond interactions between atom: 12
Convolutional layers are then built on top to get new graphs DFT AEoy (eV) BV2

which each node represents the local environment of the atom.

Using a pooling layer at this stage, a feature vector representing , ) ,

the whole crystal is generated. The global vector from linegigure 8.(@) The TinNet framework with a regression module and a
pooling becomes the key piece in the model interpretability eory module sequentially integrates sdentiderstanding of

roviding contributions from local chemical environments t ysical intgrgctipns into the I.earning' algorithm. (b) Contributions of
p 9 rbital hybridization and Pauli repulsion from rdestadtes t6 OH

the target property. This algorithm has been employed tgysorption energies deconvoluted using TinNet models. (c) TinNet
predict surface reactivity by learning from a large data set. @bws coupling integral squareg))(for 3 , 1, and 4* orbitals
instance, the original CGCNN code has been athdo linearly correlates with the corresponding orbital hybridization energy.
collect neighbor information using Voronoi polyhedra toAdapted from ret3 Copyright 2021, Wang et al.
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module and a theory module. The input into the regression
module built with convolutional neural networks is the feature
representation of the adsorbatghstrate system that encodes
the atomic information and bonding interactions of each atom
with its neighboring environment. The output units from the
regression module then serve as unknown parameters in the
theory module that is built upon tlieband theory of
chemisorption for predicting adsorption propertied-ofedal
site. For a given adsorbate, the predicted adsorption energy
from TinNet can be deconvoluted into the orbital hybrid-
ization and Pauli repulsion contributions, which can give a
detailed physical interpretation not attainable from a purely
regression-based model. This model also provides the
projected density of statemto the adsorbate frontier
orbital(s) andd-band moments of the adsorption site for
interpretation.

Post Hoc AnalysiBo this point we have discussed the
interpretability that can be achieved before and during the
process of learning through feature engineering and algorithm

development, respectlvely. _Staustlcal analysis afte_r training "P¥ire 9.Feature importance scores*0 and*OH adsorption
also oer model interpretation. Post hoc analysis typically,ogels based on the sensitivity analysis of neural network models
separates the interpretation from the model development agfiply an important role for the lower moments of the thbgaid in
has been shown to be generic in generating explanations & reactivity in comparison to higher moments and the distinct
black box models, irrespective of learning algorithms. Thdsanding character of two adsorbates. Reprinted fromo.ref
approaches include visualizing the relationship between tBepyright 2017, The Royal Society of Chemistry.
features and output target, measuring the contribution of
individual features to the model prediction, and approximatingodels, generated by training a simpler model with the
models with interpretable surrogate models. By leveraging teginal modé input data and predictions, can give insights
visualization ability of humans as our core cognitive skill, igto complicated black box mod@lsocal surrogate models
can greatly improve the transparency of ML middedstial  |ike LIME (local interpretable model-agnostic explanations)
dependence plots (PDPs), individual conditional expectatiGgdcus on explaining why spegpredictions were produced
(ICE) plots/® and accumulated localeets (ALES)*'" are  and identifying which parts of a given input contribute the
examples of visualization techniques that have been usediigst to a predictioff. SHAP (SHapley Additive exPlanations)
explain ML models. For instance, Liu éf aked PDPs to  is also a surrogate model inspired by LIME to explain the
interpret tree ensemble regression models of the interactigndiction of an instance by computing the importance rating
between small molecules and group 13 metal-oxide surfagegeach feature for a spegirediction based on the Shapley
revealing that higher HOMO energies, surface energies, angue§>t®
dipole moments statistically lead to stronger molecular In summary, feature engineering can help with the relevance
bindings. of models by introducing informative, physics-based features.
Feature importance analysis determines which features haygorithm-based interpretability may give undistorted explan-
the most impact on model predictions. Permutation featurgtions of the chemisorption process by introducing constraints
importance (PFIl) originally introduced for random-forestinto the structural form of ML models. A traddésetween
models measures the change in prediction error by permutingbdel predictive accuracy and interpretation integrity is often
feature values and is the most prevalent technique fafanifested in algorithm development. Integration of domain
computing and displaying feature contributfohset al’® knowledge into ML algorithms can possibly break this trade-o
utilized sensitivity analysis based on feature permutation 4ad o er further insights into the nature of chemical bonding.
physically comprehend and explain the underlying variableest hoc interpretability allows maintaining the high predictive
that in uence adsorbatmetal interactions in feed-forward accuracy of ML models while providing explanations on how
neural network models. This sensitivity analysis highlighted tiiee predictions are made. Despite signt progress in all
signi cant role of the lower moments of the nebtznd in three aspects, many challenges remain to be addressed on the
site reactivity in comparison to higher moments, a highgrath toward truly interpretable models for driving catalytic
dependency of CO adsorption dbband features than OH materials discovery. Feature engineering is still limited by the
adsorption, and a notableset ofspband properties on OH lack of understanding of the electronic structure and its
adsorption Figure 9. Fung et al’ also used a similar relationship with chemical bonding, particularly for complex
approach to obtain insights into which parts of the DOS ammaterials. One promising direction in engineering of new
accountable for the prediction from the deep neural netwoikformative features is addressing this shortfall by looking into
model (DOSnet) with the full DOS as inputs. Looking intohigh-order features, e.g., convolutions of the electron®ensity.
hydrogen adsorption on Pt, they observed a decrease in tkgorithm development witintegrated domain theories
bonding strength if low-energy states are masked and heavily relies on the improvement of network architectures
increase when masking the high-energy states. Other local and physical models. It is critical to apply approaches that
global feature analysis metrics have also been introducedrassform the network so that its essential building blocks, i.e.,
post hoc techniques to explain ML models, e.g., leave-orike architecture and underlying calculations, become more
covariate-out (LOCG} and Shapley valffe.Surrogate  understandable by humans. Network compression methods

11484 https://doi.org/10.1021/acs.jpclett. 1c03291
J. Phys. Chem. Le021, 12, 1147611487


https://pubs.acs.org/doi/10.1021/acs.jpclett.1c03291?fig=fig9&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpclett.1c03291?fig=fig9&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpclett.1c03291?fig=fig9&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpclett.1c03291?fig=fig9&ref=pdf
pubs.acs.org/JPCL?ref=pdf
https://doi.org/10.1021/acs.jpclett.1c03291?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

The Journal of Physical Chemistry Letters pubs.acs.org/JPCL

such as pruning and distillation are examples of approachesuke E. K. Achenie Department of Chemical Engineering,
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transition metals; however, its generalizatispnietals and  complete contact information is available at:
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