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ABSTRACT

Adsorption is an essential process that takes place in heterogeneous catalysis. In the current study, solid-
adsorbate interactions occurring between a variety of small molecules and surfaces of group 13 metal
oxides, including 8-Ga>03(100), 8-Ga»03(001), 6-Al.03(100), 6-Al,03(001), 6-Al,03(010), In,03(110) and
In.O3(111), were investigated using DFT calculations and a machine learning (ML)-based statistical
method. The adsorbates utilized for this purpose include CO, CO,, N2, NHs, H>0, acetonitrile, acetone,
acetamide, acetic acid, alkanes, alkenes, aromatic compounds, alcohols, and amines. The results show
that the adsorption energies (Eads) of each metal oxide surface correlate linearly with the highest occupied
molecular orbital (HOMO) energies of the adsorbates and not with energies of the lowest unoccupied
molecular orbital (LUMO) of the small molecules. Moreover, in these systems, contributions to molecular
adsorption are dominated by interactions between the HOMOs of the adsorbates and the surface
conduction band of the metal oxides. Furthermore, surface energy was found to be an important
parameter influencing Eags values of different metal oxides. Finally, the results of statistical analysis using
a ML approach confirmed that adsorbate HOMOs and surface energy of metal oxides are the most
influential factors governing molecular adsorption, and also demonstrated that dipole moments of

adsorbates contribute to controlling to adsorption.

KEYWORDS: Frontier molecular orbital, group 13 metal oxides, DFT calculation, solid-adsorbate

interactions, machine learning (ML), partial dependence plot (PDP)



1. INTRODUCTION
Heterogeneous catalysis is an empirical science because of the complexities of surface interactions and
reactions involved, which make the rationalization and prediction of catalyst performance a formidable
challenge.’"® As adsorption is a fundamental step in reactions taking place on surfaces, an especially
important component of the discovery of novel heterogeneous catalysts and catalytic processes is an
understanding of how reactants are coordinated to and activated on solid surfaces. However, despite
their obvious importance to the field of heterogeneous catalysis, approaches to explore these issues in
a systematic fashion and to develop methods for reliable predictions have not been fully developed.
Since the time of its introduction in the 1950s, frontier molecular orbital (FMO) theory has been
widely used to analyze and predict molecular interactions and reactivities of molecules. Numerous
examples now exist, which show that reaction profiles of organic substances can be explained and even
in some cases predicted by analyzing coefficients and energies of highest occupied molecular orbitals
(HOMOSs) and lowest unoccupied molecular orbitals (LUMOS). Although the utility of FMO theory in
dealing with molecular interactions/reactions has been fully demonstrated, it has not yet been sufficiently
shown that this theoretical method can be applied to gain a complete understanding of solid-adsorbate
interactions in heterogenous systems. This limitation is partly a consequence of the complexity of
surfaces in terms of both structural geometries and electronic properties. Nevertheless, some early
studies have shown that FMO theory can be used to explore solid-adsorbate systems.>*4 For instance,
Hoffmann et al.’>-1® employed concepts of FMO theory and orbital interactions to gain information about
surface-adsorbate interactions on transition metal surfaces. In very early studies, Varma and Wilson'®
found that the chemisorption energy of simple molecule over metal surfaces can be described by a d-
band model, which contains the essential parameters of transition metals such as the mean d-electron
energy, the d-band width, and the number of d electrons. The hybridization of adatom orbitals with the
surface metal orbitals can significantly alter the local density of states of the metal atoms, and
correspondingly the primary binding interaction is determined by the average position of the d band with

respect to the adatom orbital energy and the over width of d band. More recently, Hammer and Ngrskov?2°



extended and popularized the “d-band center theory”, which is a widely used and versatile indicator
(descriptor) of a variety of catalytic reactions occurring on transition metal (alloy) surfaces.?'?? In the d-
band center theory model, the higher the d-states are in energy relative to the Fermi level, the emptier
the antibonding states and the stronger the adsorption energy of an adsorbed species on a transition
metal (alloy) surface. Despite its extensive use in assessing reactions on transition metal surfaces, the
applicability of such analysis based on the FMO theory to treating processes occurring on transition metal
oxide surfaces,?**! which have substantially different structures and properties,?’3>-34 remains
challenging.

In a recent investigation, we explored adsorption of various small molecules on the anatase (101)
and rutile (110) surfaces of TiO, by employing density functional theory (DFT) calculations.®> Machine-
learning (ML) based statistical methods were also used to identify descriptors (indicators) that govern the
adsorption processes. The results of this effort showed that, although complicated at first sight, these
types of molecular adsorption systems can be effectively treated using FMO theory. Specifically, we
found that linear relationships exist between HOMO energies of adsorbates and their adsorption energies
(Eags). The results of this analysis indicated that interactions between conduction bands (CBs) on surfaces
and HOMOs of molecules likely play an important role in governing surface adsorption.

While serving as an important step in exploring the use of FMO theory to understanding/predicting
adsorption on oxide surfaces, our previous study was performed using only a limited number of metal
oxides. To obtain greater insight into the use of FMO theory in treating solid-adsorbate interactions, we
designed and conducted the systematic investigation described below to explore a greater humber of
metal oxide surfaces. In this effort, DFT calculations and FMO analyses were performed to understand
interactions occurring between a number of simple molecules (adsorbates) and surfaces of group 13
metal oxides, including Al,O3, Ga>Os, and In,03. The group 13 metal oxides were chosen because they
serve as excellent catalysts and catalyst supports for a variety of valuable chemical transformation.36-43
The results of this effort show that Eags for these catalysts correlate linearly with HOMO energies of the

small molecule adsorbates and that they do not correlate strongly with adsorbate LUMO energies. The



results of ML based statistical analysis demonstrate that the HOMO energies and dipole moments of
adsorbates play important roles in governing molecular adsorption. In addition, surface energy is
identified to be an important parameter determining the Eags. Because adsorption is a fundamental step
in surface catalyzed reactions and it is directly related to activation of reactants, observations made in
this study give important insight into understanding and predicting reactivities of the molecules on

surfaces of heterogeneous catalysts.

2. COMPUTATIONAL METHOD
2.1 DFT calculations
Periodic DFT calculations were performed using the Vienna ab initio simulation package (VASP, version
5.4.4).44% The functional of Perdew-Burke-Ernzerhof revised for solids (PBEsol)* was used in
combination with the projector-augmented wave method.*” A kinetic energy cutoff of 400 eV was set for
the plane-wave basis sets. Gaussian smearing with a width of 0.2 eV was applied for the occupation of
the electronic levels. The Brillouin zone was sampled with Monkhorst-Pack grids of 4x4x1. Van der Waals
interactions were described by using the dispersion-corrected DFT-D3 (BJ).*® The convergence of force
on each atom was set to 0.03 eV AL,
2.2 Surface models

The surfaces of group 13 metal oxides including 8-Ga,0O3(100), 8-Ga,03(001), 6-Al,03(100), 6-
Al>03(001), 6-Al,03(010), In,03(110), and In203(111) were simulated by using supercell slab models
(Figure 1). The slab models contain four to six sublayers composed of MO unit (M= Ga, Al, or In). The
repeated slabs along the surface normal direction are separated by a minimum vacuum region thickness
of 15 A (see Figure S1 for the side views of the slab models). The top layers with adsorbates were allowed
to relax during geometry optimizations, while the bottom layers were fixed at their original bulk positions.
Detailed information about the compositions of the slab models and the treatment of atomic constraints
during geometry optimizations are provided in Table S1. The adsorption energy (Eags) of an adsorbate

on metal oxide surface is defined as



Eads = Eas — Ea— Es

where Eass, Ea, and Es are the electronic energies of adsorption complex, free-state adsorbate, and bare
metal oxide surface, respectively. The VASP calculated electronic energies of Exs, Ea, and Es using
PBEsol functional as well as the corresponding Eags are provided in Tables S2 and S3. In the discussion
of the Eags results, we referred to the values without zero-point energy (ZPE) corrections. The evaluation
of ZPE contributions over §-Ga,03(100) surface shows the values of ZPE corrections to the Eaqs are
normally less than 0.1 eV (Table S4 and Figure S2), and the ZPE corrected and uncorrected Eags give a
strong linear correlation (R? = 1.00), which suggests that the exploration for the parameters correlating

with Eags Will be insignificantly affected by neglecting ZPE corrections.



6-A1,0,(001) 6-A1,0,(010) "

“In,0,(110) In,0,(111)
Figure 1. Slab models used for DFT calculations of group 13 metal oxide surfaces (top views). The slab

models contain four to six M2Os3 unit (M = Ga, Al, or In element) sublayers, and the repeated slabs along

the surface normal z-direction are separated by a minimum vacuum thickness of 15 A.



2.3 Frontier orbitals of small molecule adsorbates

A variety of small molecules were utilized to investigate adsorbate-surface interaction. The list includes
CO, CO,, N, NHs, H>0O, acetonitrile, acetone, acetamide, acetic acid, alkanes, alkenes, aromatic
compounds, alcohols, and amines. To obtain meaningful orbital energies of isolated molecules from
periodic DFT calculations, it is essential to choose appropriate reference states. In a previous study,3®
we compared HOMOs and LUMOs of various small molecules generated by using three different
computational methods including (1) nonperiodic DFT computations of isolated molecules to produce
benchmark data, (2) periodic DFT computations of isolated molecules contained within a large cubic unit
cell where the FMOs are calculated at the vacuum level, and (3) periodic DFT calculations using a slab
model of metal oxide surface. In the latter case, an anatase TiO; (101) surface was employed and one
atom of the target molecule was fixed at least 5 A from surface during geometry optimization and the
FMOs were calculated from the valence band maximum (VBM) of the TiO; surface. The nonperiodic
calculations were performed at PBE/6-311G(d,p) level of theory using the Gaussian 09 program,*® while
the periodic calculations were carried out using PBEsol functional combined with the projector-
augmented wave method as implemented in VASP program.*+4> The detailed calculation procedures and
the computed values of HOMO and LUMO levels by three different methods were provided in ref. 35.
The results of the earlier effort showed that the HOMO (or LUMO) energies of isolated molecules obtained
using these three approaches possess strong linear correlations. Thus, it is feasible to use HOMOs and
LUMOs arising from periodic DFT computations with an energy reference to vacuum or the VBM level of

metal oxide surfaces for investigating molecular adsorption.

In the current study, the correlation of Eags with FMO levels were analyzed using the HOMO and
LUMO energies (Table S3) taken from ref. 35. These values were obtained from periodic DFT
calculations using PBEsol functional with projector-augmented wave potentials, in which the target
molecule was placed in a large empty unit cell. To check the reliability of DFT-calculated HOMO energies,

we further compared these values with the experimentally measured ionization energy (IP) of gas-phase



molecules (Table S5). The plot of the negative of the IP (-IP) against HOMO energies calculated with
PBEsol functional (Figure S3) shows a satisfactory correction (R? = 0.88), which suggests it is feasible to
use the DFT-calculated HOMO energies for exploring the correlation relationship with Eags. As the
accessible experimental data of electron affinity (EA) are very limited, we did not provide the comparison
of DFT-calculated LUMO energies with EAs. A plot of HOMO versus LUMO energies calculated by
PBEsol functional (Figure S4) shows that no significant correlation exists between these two energy
parameters for each small molecule, suggesting that HOMO and LUMO energies are independent

properties that can be used as separate molecular descriptors for latter ML based statistical analysis.

2.4 Machine learning (ML)
A widely used package, scikit-learn (http://scikit-learn.org, version 0.22.1.postl), was employed for ML
implementations.®® Extra trees regression (ETR), a tree ensemble method (see below for the detailed
information), was used to predict Eags and to identify the relative importance of the variables for the
prediction.3>5152 The hyperparameter used is n_estimators = 200. Default values of scikit-learn were used
for other hyperparameters. Monte Carlo cross validation with 100-times of random leave-20%-out trials
was used for evaluating the prediction performance. The root mean square error (RMSE) and the
coefficient of determination (R?) between the predicted and true values (ground truth) are calculated for
each trial, and averaged to obtain the mean RMSE and R? values. Dragon program (Kode srl, Dragon
(Software for Molecular Descriptor Calculation), version 7.0.6. https://chm.kode-solutions.net, 2016.) was
used to provide descriptors of molecules adsorbed. Surface energies were calculated by using the DFT
method®3 and applied as descriptors.

Tree ensemble methods make prediction by combining multiple regression trees into an ensemble.
A single regression tree represents a simple piece-wise constant function, and an ensemble of multiples
regression trees improves the flexibility of models though it is still a piece-wise constant function. These
approaches are widely known®*% to be applicable to treatment of general high-dimensional data. In

addition, compared to other methods such as the kernel methods, tree ensemble methods are less


http://scikit-learn.org/

dependent on hyperparameter settings and, therefore, they can be utilized reliably by even non ML
experts. Furthermore, tree ensemble methods also provide information about the degree to which each
descriptor contributes to the prediction in the form of an importance score.> Linear methods, such as
ordinary linear regression by least squares (OLR) and least absolute shrinkage and selection operator
(LASSO) regressions, give similar coefficient of descriptor outputs, but they require the assumption that
a linear relationship between the target and descriptors. The importance scores of tree ensemble
methods are nonlinear alternatives to the coefficients on each descriptor arising from the linear methods

for evaluation of the contributions of individual descriptors to the prediction target.

3. RESULTS AND DISCUSSION

3.1 Molecular adsorption on §-Ga03(100)

Because it has served as the focus of earlier studies,®¢-%° the §-Ga,03(100) surface was utilized as a
representative example in our initial discussions of adsorption of small molecules on metal oxides.
Several possible adsorption sites were considered when selecting the most stable adsorption
configuration that should be used to determine the Ea.gs Of an adsorbate. The respective optimized
structures for small molecules adsorbed to the §-Ga,03(100) surface and calculated Eaqs are given in
Figure S5 and Table S3. To search for the existence of correlations between Eaqs and FMO energies of
the adsorbates, plots of Eags versus HOMO energies were constructed (Figure 2a). Indeed, inspection of
these plots suggests that a linear correlation with a R? value of 0.66 does exist between these two
parameters. In contrast, when computed at the present GGA/PBEsol level of theory, the Eags values do
not display a linear correlation with LUMO energies of the adsorbates (R? = 0.00) (Figure 2c). These
findings are in accord with a simple consideration of Lewis acid-base theory,?36%61 which suggests that
small molecules serve as Lewis bases acting as electron pair-donors, and thus it is expected the frontier
orbital occupied by elections (i.e., HOMO) rather than LUMO plays a main role in the adsorbate-surface

interaction.
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Figure 2. Correlation of Eags with HOMO energies of all small molecules (a) and of hydrocarbons and
heteroatom-containing small molecules (b), and LUMO energies of all small molecules (c) adsorbed on
B-Ga,03(100) surface. All the considered adsorbates and the calculated values of Eags and HOMO/LUMO

energies are provided in Table S3.

Moreover, separate plots of Eass versus HOMO energies for two groups of small molecules
classified as hydrocarbons and heteroatom-containing compounds (Figure 2b) have higher linear
correlations (R? = 0.84 for hydrocarbons and R?= 0.88 for heteroatom-containing compounds) than the
one in which all molecules are included in one group. This is likely a consequence of differences in the
nature of orbital interactions associated with adsorption where heteroatom-containing compounds
normally utilize lone electron pair containing orbitals to form chemical bonds with surface Lewis acid sites
on metals, while hydrocarbon adsorption is strongly influenced by van der Waals (vdW) interactions.3%62
A plot of Eagss versus HOMO energies for nine selected hydrocarbons (Figure 3) shows that vdwW
interactions, which increase as the molecular size of the hydrocarbon increases, is a large contributor to
Eads. Because vdW interactions are not directly related to FMO interactions, we speculate that the
observed linear correlation seen in the Eags versus HOMO energy plot for hydrocarbons is a coincidental
effect of molecular size on HOMO energy trends. In any event, the FMO data should still be useful in
establishing preliminarily trends to estimate the Eags of small molecules and to perform ML-based

statistical analysis.
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Figure 3. HOMO energies vs Eags for selected hydrocarbons showing the effect of van der
Waals/dispersion interactions on adsorption to B-Ga.O3(100). The values of vdW correlated and
uncorrected Eags were computed with and without vdW-energy described by Grimme’s D3 correction

method.*8

To evaluate the influence of DFT functionals on the computed Eags, we further employed PBE®?
and revPBE®* functionals as implemented in VASP program.*45 The obtained values of Eass were
provided in Table S6. The comparison with those as determined by PBEsol indicates that the values of
Eags are strongly affected by DFT functionals. However, as shown in Figure S6, the PBEsol calculated
Eads Show a strong correlation with those computed by either PBE (R? = 1) or revPBE (R? = 0.94). This is
possibly due to the error calculations in different DFT methods. As the computed Eags using different
functionals are strongly correlated, we assume the choice of different functionals will not affect our

conclusion on the linear correlation between Eass and HOMO energies.

3.2 Molecular adsorption on other group 13 metal oxide surfaces
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Figure 4 shows plots of HOMO and LUMO energies of small molecules vs. Eags Values for adsorption to
surfaces of other group 13 metal oxides, including B-Ga.03(001), 6-Al,03(100), 6-Al,03(001), 6-
Al;05(010), In203(110), and In203(111). These plots show correlations that are similar to those seen for
adsorption on B-Ga03(001). Specifically, Eags values linearly correlate with HOMO energies of the
adsorbates and they do not display linear correlation with LUMO energies when computed at the present
GGA/PBEsol level of theory. Also, better correlations are obtained by separately treating data for
hydrocarbons and heteroatom-containing compounds. Inspection of slope, intercept and R? data
obtained by linear regression analysis of the Eass vs HOMO energy plots (Table S7) suggests that the
effect of HOMO energies on adsorption depend on the nature of the metal oxide and they vary

significantly when the crystallographic planes are changed.

For the molecular adsorption over isostructural surfaces, i.e., 8-Gaz03(100) vs. 6-Al.03(100) or B-
Gax03(001) vs. 6-Al,0O3(001), the variation from Ga to Al does not afford a consistent trend in the
adsorption strength for the investigated molecules (Table S3). The Eags differences of these adsorbates
are generally less than 0.1 eV, which suggests the change of metal element does not afford a significantly

large variation in the Eags With the scope of isostructural oxide surfaces considered in this study.
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Figure 4. Correlation of Eags with HOMO and LUMO energies of small molecules adsorbed on (a) 8-
Ga»03(001), (b) 6-Al>03(100), (c) 6-Al,03(001), (d) 6-Al>03(010), (e) In203(110), and (f) In.O3(111). All
the considered adsorbates and the calculated values of Eags and HOMO/LUMO energies are provided

in Table S3.

Surface energy is considered to be a factor that governs Eaqgs values for adsorption of molecules
on metal oxide surfaces.3> Adsorption of a single molecule on different surfaces should afford E.qs values
that serve as parameters that can be used in statistical analysis of the surface energies and related
adsorption behaviors of metal oxide surfaces. The usage of surface energy to describe the adsorption
activity may be related to its ability to reflect the degree of coordinative unsaturation of the surface
atoms.%® In the next phase of the current effort, we explored this issue using acetonitrile as a test molecule
to interrogate the properties of group 13 metal oxide surfaces. A major factor governing bonding of
acetonitrile to metal surfaces is interaction of the terminal cyano nitrogen with Lewis acid metal sites. The
respective Eags values of -0.74, —-1.05, —0.76, —1.02, —-1.24, —0.90, —1.00 eV for adsorption to -
Ga»03(100), B-Ga,03(001), 6-Al,03(100), 6-Al,03(001), 6-Al,05(010), In,0O3(110), and In,03(111) were
employed to construct the Eags Vs surface energy plot displayed in Figure 5, which shows that a strong
linear correlation (R? = 0.88) exists between these properties. Accordingly, as the surface energy of the
metal oxide increases the adsorption of acetonitrile becomes stronger. We further analyzed the effect of
surface energy on the slopes of linear regression equations for different metal oxide surfaces (Figure S7),
which indicates that a higher surface energy affords a more negative value of slope for the metal oxide
surfaces with same elements. This may be because a higher surface energy provides a stronger
molecular attraction, which can stabilize the adsorption system to a larger extent, i.e., a more negative

slope.
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Figure 5. Plot of Eags values for adsorption of acetonitrile vs metal oxide surface energies. The surface
energy is defined as (Esiab — Ebuk)/2A, where Esian and Epuic are the electronic energy of the slab and the

bulk unit cell, and A is the surface area of the slab (Table S8).

3.3 Interaction of small molecule FMOs with metal oxide surfaces

Overlap of atomic orbitals in semiconducting/insulating oxides results in the formation of quantized
energy states, which are separated by a band gap into lower energy electron occupied valence bands
(VBs) and higher energy empty CBs. In molecular adsorption on such solid surfaces, stabilization occurs
as a consequence of interactions of FMOs of adsorbates with metal oxide VBs and CBs. As an
approximation, main contributions to stabilization arise from HOMO-CB or LUMO-VB interactions,® in a
manner that depends on the intrinsic properties of the adsorbates and surfaces. HOMO-CB interactions
are associated with electron transfer from HOMOs of adsorbates to empty surface orbitals, while LUMO-
VB interactions are a reverse process in which electrons are transferred from surfaces to adsorbate
LUMOs. According to FMO theory, the energy difference between two interacting orbitals strongly affects
the strength of the orbital interaction, and a smaller difference results in a stronger interaction in the case

of a filled orbital interacting with an unfilled orbital.
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For discussion purposes, we have approximated the energies of CB and VB in the §-Ga,03(100)
surface model using energies of the CBM and the VBM as being +1.80 eV and —0.46 eV, respectively.
Figure 6 shows the density of states (DOS) for the 8-Ga,03(100) surface model and the frontier orbital
energies of selected small molecule adsorbates. In general, the differences in energies between the
HOMOs of small molecules and the CBM of 8-Ga»03(100) are smaller than those between LUMOs and
the CBM. This trend is particularly noticeable for molecules that strongly adsorb to the surface -
Gax03(100). For example, in the case of amines like methyl-, dimethyl- and trimethylamine (Eads = —1.44,
—-1.46, and —-1.34 eV, respectively), the respective HOMO-CBM (LUMO-VBM) energy differences are —
0.48 (7.36), —0.10 (7.42), and —0.01 (7.40) eV. Thus, HOMO-CB instead of LUMO-VB orbital interactions
play a primary role in governing the strengths of solid-adsorbate interactions. The insight gained from
FMO reasoning is consistent with conclusions based on Lewis acid-base theory (see above). In the
adsorption systems probed in this effort, the metal oxide surface provides Lewis acid/electron pair
acceptor sites, while the adsorbates serve as Lewis bases/electron donors. Therefore, it is expected that
HOMO energies of adsorbates should be well correlated with adsorption energies. DOS analysis also
indicates that orbital energies of adsorbed molecules are shifted with respect to those of isolated
adsorbates (Figure S8), This phenomenon along with inspection of visualized electron density
isosurfaces serves as evidence for interactions that occur between adsorbate and solid surface orbitals

(Figure S8).
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Figure 6. Density of states (DOS) for the 3-Ga>03(100) surface model, and HOMO and LUMO energies
of small molecule adsorbates. The DOS was calculated with the Brillouin zone sampled with 6x6x1 k-
point meshes. The HOMO and LUMO energies are given relative to the valence band maxima (VBM) of

B-Gax03(100).
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3.4 ML based statistical analysis

The Eags Values for adsorption of small molecules on group 13 metal oxide surfaces (Table S3) were
calculated at the same level of theory, which provide a clean and consistent data set for use in ML-based
statistical analysis. ML methods can not only provide platforms for predictions but also they can aid in
identifying input variables (descriptors) that are important for making predictions.3>5267 A wide range of
descriptors were evaluated using the Dragon program to identify parameters that are important for
predicting Eaqs for small molecule adsorption to metal oxides. A total number of 3881 very simple ones to
complex descriptors were employed in the statistical analysis along with HOMO, HOMO-1 and LUMO
energies of isolated adsorbates and adsorbed molecules, which have been previously shown to serve as
potential quantum-chemical descriptors.3>6869 In Figure 7 is given a map correlating orbital and surface
energies, molecular weights, and dipole moments. In a manner that is consistent with the DFT calculation
derived correlations in Figures 2 and 4, the Eags parameter strongly correlates with the HOMO energies
of isolated molecules. For the orbital parameters, the HOMO energies of isolated molecules show a
strong correlation with HOMO energies of adsorbed molecule, and additionally have moderate
correlations with the HOMO-1 energies of isolated molecules.

To reduce multicollinearity, we selected five important descriptors, including surface energy,
HOMOs and LUMOs of isolated molecules, dipole moment, and molecular weight. Then a descriptor was
removed when it produces a correlation coefficient (R) that is larger than 0.25 or lower than —0.25 with
one of the five important descriptors. This led to the identification of 106 descriptors, which were used
along with the extra-trees regressor to rate the relative importance of the parameters in predicting Eags.
The ten most important descriptors (details in Table S9) found by using this protocol are listed in the plot
given in Figure 8a. This statistical analysis clearly demonstrates that HOMO energies of isolated small
molecules is the most important descriptor for predicting Eags values and that the descriptor of surface
energies of the metal oxide adsorbents also plays an important role in predicting this property. Moreover,
the results of the analysis based on the ML model also suggest that dipole moment is statistically relevant

for predicting Eags, likely because dipole based interactions between adsorbates and surfaces also
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contributes to making the adsorption process favorable. In order to visualize the marginal effect of the
descriptor values on the predicted target (Eags) response, one-way and two-way partial dependence plots
(PDPs) were computed for the top three descriptors (HOMO of isolated molecules, surface energies of
metal oxide surfaces, and dipole moments of isolated molecules), as shown in Figure 9. Note that only
the relationship of the HOMO values with the other descriptors are shown for two-way PDPs. Obtained
results show that E.gs (negatively) increases with increase in the HOMO energy, surface energy, and
dipole moment. These analyses such as feature importance analysis and PDPs would serve as a useful
tool to identify and quantify important factors (descriptors) to unravel underlying chemical/physical
principles.

To test the predictive capability of the ML model, the data were separated into training and test
sets using a random selection process in which 20% of the data was used as the test set. The predictive
performance of the ETR method, utilizing 106 descriptors and after training, is demonstrated by the highly
linear correlation seen between the Eags and test set DFT values (R? = 0.89) by viewing Figure 8b. The
observed average root mean square error (RMSE) of 0.17 eV demonstrates the high predictive capability
of the ML model. The results illustrate the potential power of using ML-based statistical analysis as a
simple and useful tool for exploring important parameters governing chemical process such as molecular

adsorption.
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Figure 8. (a) Importance scores for high ranking descriptors obtained using extra trees regression (ETR)
with 200 decision trees (Details of the highest ranked descriptors are provided in Table S9); (b)
Adsorption energies of small molecules on group 13 metal oxides and values predicted using the ETR
method; data in ML model were separated into training and test sets using a random selection process
with 20% of the data in the test set.
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the marginal effect of the top three descriptors on Eags for the ETR model. The lines in (a) and contours

in (b) correspond to PDPs. The histogram and scatter plots of the actual values are also shown.
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4. CONCLUSIONS

In the investigation described above, factors governing adsorption of common small molecules on
surfaces of group 13 metal oxide surfaces, including B8-Gaz03(100), 8-Ga.03(001), 6-Al.03(100), 6-
Al;03(001), 6-Al,03(010), In.03(110), and In203(111), were assessed by using DFT calculations and
statistical analysis. The results show that adsorption energies (Eags) of each metal oxide surface display
good linear correlations with the HOMO energies of a variety of small molecule adsorbates while almost
no correlations exist between Eaqs and the LUMO energies of the adsorbates. In addition, the results
demonstrate that molecular adsorption on surfaces is mainly a consequence of interactions of HOMOs
of the adsorbates with surface conduction bands of the metal oxides. Moreover, surface energies are
important factors affecting small molecule adsorption on different group 13 metal oxide surfaces. Finally,
the results of applying a ML approach provide additional evidence for the conclusion that adsorbate
HOMO energies and surface energies strongly contribute to determining Eags. Additionally, they reveal
that dipole moments of adsorbates also contribute to governing strengths of molecular adsorption on
metal oxide surfaces. Herein we have only considered the non-dissociative molecular adsorption over
the metal oxide surfaces with ideal bulk termination, and the factors dominating the adsorption process
may vary for other situations such as dissociative adsorption, the presence of defects like step edges

and surface oxygen vacancies, or surface reconstructions under reaction conditions.”
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