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Abstract

In this work, combined Machine learning (ML) and Density Functional Theory (DFT) approaches were
used in order to find descriptors of the catalytic activity of various alloys. In heterogeneous catalysis,
binding energy of an adsorbate is an important descriptor for the estimation of catalytic activity. Therefore,
DFT calculations were first conducted to compute the binding energies of atomic oxygen (Eo) and carbon
(Ec) on various facets [(111), (110), (100)] of late transition metals. In this initial study, we investigated a
ML approach to predict these energies. Gradient Boosting Regression (GBR) emerged as the most effective
model, achieving low errors (RMSE of 0.14 eV for Eo and 0.31 eV for Ec) while considering facet-

dependent adsorption.

Building upon this success of ML-DFT approach, the second study utilized DFT calculated Eo and Ec over
group 11 based single atom alloys (SAAs), which were used as the target variable. Properties of the host
(Cu, Ag, and Au) and guest (dopants) metals were used as input features to construct a dataset for building
a ML model. The GBR model was selected after a comparative study to predict binding energies on SAAs,
as it yields the lowest test errors of 0.22 eV and 0.19 eV for Eo and Ec, respectively. Later, this ML approach
was combined with microkinetic modelling (MKM) for non-oxidative dehydrogenation of ethanol
(NODH). Turnover frequencies for ethanol conversion on NiAu, NiAg, and PtAg on SAAs were predicted
to be increased four-fold (107" s and 107 s™') compared to their respective monometallic counterparts (10

>sand 107 s"), which is of the same order of magnitude derived from DFT.

Furthermore, for the NODH reaction of ethanol to produce acetaldehyde, the third study extended the
aforementioned SAA studies to Ni, Pd, and Pt-doped Cu based diatomic (DAAs) and triatomic (TAAs)
alloys and compared the O-H and a-C-H activation barriers obtained in each case. Two distinct routes over
DAAs and TAAs have been investigated. Route 1, involving O-H activation followed by a-C-H activation,
shows improved O-H activation barrier from 1.03 eV to 0.69 eV over Ni doped SAAs and TAAs,
respectively. In contrast, no significant O-H barrier reduction is observed for Ni doped DAAs (1.04 ¢V)
compared to SAAs (1.03 eV). Route 2, where a-C-H activation occurs first, exhibits a lower a-C-H bond
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cleavage barrier in both Ni doped DAAs (0.83 eV) and TAAs (0.59 eV) compared to the O-H scission in
Route 1. Additionally, increasing concentrations of Pd and Pt on the Cu surface do not lead to significant

barrier reductions in O-H and a-C-H activation, suggesting the need for further exploration of active sites.

Subsequently, in our fourth study, the non-oxidative coupling of methane (NOCM) on a series of transition
metal doped graphene based dual metal site catalysts (DMSCs) was investigated using ML and DFT. The
DFT computed adsorption energies and transition state energies for the initial C-H activation step of NOCM
are used as target variables for training the ML models. In addition, several readily available features (viz.
atomic number, atomic mass, group, period, radius, electronegativity, melting point, boiling point, heat of
fusion, ionization energy, surface energy, density, d-band center, d-band filling, and Wigner-Seitz radius)
associated with both the transition metals doped on graphene are used as input features; which are then
utilized by ML models to predict the catalytic activity of DMSCs. In this study, the extra tree regression
(ETR) model emerges as the best performer, accurately predicting transition state and adsorption energies

with RMSEs of 0.27 and 0.33 eV, respectively.

From the aforementioned studies, the ML approach is demonstrated to provide a rationale for feature
selection from periodic properties of the elements to synthesize catalytically active SAAs and DMSCs for

high throughput in-silico screening.



R

g |, faftr iy gl & SARe fafafr & faavure @iem & foe #=iq @fF T (ML) 3R SR trawrma
R (DFT) e 107 &1 e T g | fauwsi— SR H, Th UsHlac o aiRfei 3ol Ue He@yu! fqarured §
S IAR® A F 3 & oW Aeaqul gidt 81 3, DFT TUMTST &1 YA dRd Ugd fafde de
Tiforer ergaft & fafia uggaft [(111), (110), (100)] TR TRHTY] HTRISH (Eo) 3R HIa (Ec) B STEIST SHolf
DI IOAT Bt 715 | 39 YRS g H, §HA 34 SHoiial o1 Hiawaroh e+ & g ves w=ii= af et &1
Wier foran| Afeue gRET UM (GBR) Ta9 UUTE Aled & ¥4 & IHRT, o gga- 1R fosmH wR faar
FRA IHG Eo & 10 0.14 ¢V 3R Ec & W 0.31 eV & &1 Ffed! (RMSE) W g5 |

ML-DFT 101 &1 38 Tthadl & YR U, GOR 399 § 9Hg 11 TR RivTd Tl tard (SAAs) R DFT
UM Eo 3R Ec BT IUANT faar 1, 58 @160 TR & =4 & SaNT faal 711 8¢ (Cu, Ag, 3R Au) 3R e
(Sew) Yrgait & TN BT TN 399 By F T § far M1 dife Scrie &1 i fbar 51 9% iR e
TR A1 ATSd SR S 9 | GBR Al $I Iafd foban T, &ifch S8 Eo $R Ec & iU 8= 0.22 eV
3R 0.19 ¢V B TIY HH G&0 Iedt & Iy arfEn St ot Higsgaroh &t | a1e &, 39 A=iF a1 eBaior o1
HIgehifpAfed ATSRT (MKM) & 91y fAremar T, difes TaHTd & MR-l Siggsiome (NODH) &t
TN Wi B1 Hiawarft & ST FdH | NiAu, NiAg, 3R PtAg SAAs TR THTd FUTARUN T 3R il
DI P Geifdg MACfs qrbel @ o o TR T 96THR (107 71 3R 103 s71) (1075 571 3R 107 s71) U
T30 T, S DFT 9 UTed &1 775 31 hH &1 URAT0I $1 5|

THF SAATET, T § THIfcSess & Sdred & f NODH Ufdfsran & foe, R siemae & SwRiad SAA
LT DI Ni, Pd, 3R Pt-3I Cu ARG SEI™® (DAAs) 3R NG (TAAs) iy argsit ao s
T 3R Y& A | O-H 3R o-C-H Afehaur aemaff &1 e &1 5| DAAs 3R TAAs WR &t fafRrs At o1
it B 11 A 1, R 0-H Wfhar ued 8T § $R 39& §18 o-C-H Aehavt g 8, i 8 b Ni s
SAAs 3R TAAs TR O-H Tfehaur 147 1.03 eV § 0.69 ¢V d% U Bidl & 39 fAURld, Ni 31 DAAs
(1.04 eV) B T H SAAs (1.03 eV) & ot O-H 141 & 13 Agaqul St Tt ot ot 8 1 71 2, s o-C-
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H Ifhgur Ugd BIdT 8, Ni SIS DAAs (0.83 V) 31R TAAs (0.59 eV) H O-H WhI¥H &t ga1 H o-C-H e
F oGS 9191 B HH USRid Hd1 81 3T 3fATal, Cu Jdg W Pd 3R Pt &t dgal Iigdl O-H 3R o-C-H
feraor & Tyl s St Tet foxardt €, fored afsra wiell o1 3R i Wil o1 STaxadhdT &1 Yd ferdr
=

TP TTe, AY T H, TIRA Aed Sts AW eTid g3id Hed e IR (DMSCs) TR HIgH & TR-
SHTRFHO G (NOCM) Ft Siie A=i @1 3TR DFT &1 UG &b &1 s | NOCM & IR C-H Ffshgur
RO B! DFT 0T TSHIURH Sl 3R YehH0T R Sl b1 ST A& =R & U 1 a1 T &, S ML Arsal
F UiRneror & forg IuanT foran T Sud SifaRed, H3 IUAS B (S URHT] T, TRHTY] SoqqH, g,
3fafdy, e, fagga- BT, eI, HYHID, Yag- B SST, ST-IHRUT 3ol Jdg SHoll, g, 388 Hg,
B-de WA, SR faR-dies s gifoRM Ao & 1y B W SIS & 9 BIad 3Ye & U § ITaNT i
U E: R fR ML BiSw gRT DMSCs B SaRe Tfafafy 3t wfersaaroft 3 fere Sugnt farar s 81 39 sree=

H Tael & IR (ETR) HTed Ta S(waT HeRHdhd! - ST, - HH: 0.27 3R 0.33 eV &% RMSEs &

1y YepHuT fRUTY 3R TSTiRH SHolf 3t Tgt Hiasgaruft &t |

IWRIGd gl §, ML EBHI0 H) Il & 31ad o7 I fqaRures 997 & e T ddh UgH o & forg yeffd
foran T § aifes S=a Yge g7-Rifere! ST & oIt SAR® w0 § Tfhd SAAs 3R DMSCs &1 U=eyur far
S|
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