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Machine Learning for the Bandgap of Organic—Inorganic Hybrid Perovskites with Voronoi
Structure Representation

WANG Jingzhou, OUYANG Runhai
(Materials Genome Institute, Shanghai University, Shanghai 200444, China)

Abstract: Organic—inorganic hybrid perovskites have promising applications in solar cells and other optoelectronic devices due to
their superior physical and chemical properties. A band gap is a key physical characterization that is related to the efficiency of solar
energy conversion. We performed machine learning for the band gap of hybrid perovskites, and investigated the influence of structural
features based on the Voronoi method on the model accuracy. The results show that compared to machine learning with only element
features as an input, the accuracy of the band-gap models can be improved when the Voronoi structural feature is included in all the
three methods of symbolic regression (VS-SISSO), artificial neural network (ANN) and random forest (RF). In particular, the Voronoi
structural feature is of vital importance in the VS-SISSO model for its nature of being simple explicit expressions. The models from
the three machine learning methods have comparable prediction accuracies, and the VS-SISSO model has better transparency and
interpretability. According to the feature importance analysis, the Voronoi structural feature is the most important among all the input
features.

Keywords: hybrid organic—inorganic perovskites; band gap; Voronoi tessellation; machine learning; symbolic regression
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Fig. 1 Schematics of the Voronoi tessellations
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Table 1 38 features without Voronoi structural description

Feature A B X
Atomic weight”” AW, AW, AW,
Electronegativity (Pauling)?®” g pwling e
Electronegativity (Allred-Rochow)?*”! p7s P

Radius (Ionic)?*! r %

Radius (Van der Waals)™*"! ry N
Radius (Covalent)??”! Iy e

)2 rs rs

Radius (Valence s-orbital M

Radius (Valence p-orbital)”) ry re
Radius (Valence d-orbital)”) ry re
Density of solid®” Pr Px
Chemical scale® Xy Xy
Electron affinity!?”! E) E}
Tonization energies (1st)i*” ES =
Tonization energies (2nd)?*” Exx Exr
Melting point®” MR, MR,
Boiling point"! BR, BR,
Bond enthalpy of B-xP" EBX
Octahedral factor"! H

Goldschmidt’s tolerance factor™! t

New tolerance factor!"! T
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i, VS-SISSO. ANN Fl RF 42 b1 252 ST A
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n=159 IFEALJE H) ANN £ E B2 5% 3 fir.
2k NFFIEBON 38 BN E] 159 F, ANN FE 7 [l
WIRZEM 0.343 eV [FKE] 0.244 eV, ZERKH, 45
FIRFAE NN AT LA TH ANN AR RS T . (H{E 15 0E
AL, 24 n=159 I ANN 0RR 2 m Tl 2R
72 0.15 eV, KB ANN B B A — 2 i & XU
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Table 2 124 Voronoi structural features

Feature Average Maximum Minimum MAE
Effective coordination number CN™® CN™ CN™ CN™¢
Average bond length e e Imn e
Variance of average bond length [ave ffmax [ min [[mac
Ordering parameter "* "™ * o™ o™
Packing efficiency &t g™ gmn &me
Packing radius packing packing packing packing
Volume of Voronoi cell Vg o Vyomoi Vo Vyororoi
Local environment attributes, A

Atomic weight*” AR A Amin A
Electronegativity (Pauling)™*”! AVE AT A AT
Electronegativity (Allred-Rochow)™” oy o ‘;:; .
Radius (Van der Waals)?”! AT A AT AT
Radius (Covalent)?”! A:t% :?\X :1('1‘ ::C
Radius (Valence s-orbital)*” Ar® AT A AT
Radius (Valence p-orbital)™*"! AT AT A AP
Radius (Valence d-orbital)*”! ATE AP AR Al
Density of solid*”) A AT Al A
Chemical scale!”! ALE AR A" AL
Electron affinity!”! Ag® AT" Ag" AE”
Ionization energies (lst)m] A“E\,g AE:X AE‘: AE:
Tonization energies (2nd)?”! AE Ag Ag) AE"
Boiling point"! AgS A Ap Age’
Melting point®” A Aup Awe Alp
Mendeleev number AE AT Ape A
s valence electrons AY® AR AR" A
p valence electrons A® AL AR" AL
d valence electrons ARE* ART* A E ARE*
Row AZE AT AT AT
Atomic number AE AT AR AR
Ground state volume* ¥ A Ay A\l}:‘: A
Ground state bandgap!™**! Ag® Ag AE" AgY

* Feature with zero variance is not included in modeling.

P2 0213 eV, ZEREH], SMRHERIMATT LA
PeFt RF BEAUKEFE . (HEMRERMIZ, ¥ NFHE
4394 38 A1 159 B, RF FIMIARZ & Tl griR £
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EME A KK . 08 n=159 I3 R M, HE
HT 10 FIRFIEA 9 N2 HET Voronoi BIZE AT 45
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k. 3 INZRIRSRHRZ IR Z RN 0.011 eV, H
BIEPIME0.270 eV, R 3 WKiIlghst Rz

e 24 n=159 I, 3 ¥ VS-SISSO I ZrIs St i %
AR ZEH 0.009 eV, HITEFI44E(0.230 eV) i,

[FRE R W% 7 v R Re e M o N RRIE B 38 48 2]
159, VS-SISSO BRIt % 2 M 0.269 eV FFKE]
0.224 eV, KTEWE R, n=38 B IR 2 5
K5 0.269 eV, KT IIZRIRZE 0.014 eV; n=159 I
IR ERAEN 0.224 eV, KT IZiRZ 0.001 eV,

2 MR EHI N T VS-SISSO il i 158 22 34 4 3T il
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Fig. 3 Comparison of the training and testing results between VS-SISSO (repeated 3 times), artificial neural network (ANN) and
random forest (RF). (a) training results with the number of input features N=38 and n=159, respectively; (b) testing results of

n=38; (c) testing results of n=159

%3 {f1L/E89 ANN 1 RF #RE E EBSH
Table 3 Optimized hyper-parameters of ANN and RF models

ANN RF
n Number of hidden Number of neurons of a single L2 regularization Number of decision Maximum depth of decision
layers hidden layer parameter trees trees
38 2 20 0.000 1 100 10
159 4 40 0.000 1 100 10
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