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Note S1: Dataset preparation

The first dataset (D1) being a collection of triple-cation-mixed-halide perovskites with a general structural
formula FA\MACs; .y, )Pb,Sn_yBriClil3.ij, was grouped by Yang et al., and this was originally extracted
from ‘The Perovskite Database Project’ built by Jacobson et al., compiling the experimentally reported
values.!? Here, among the 610 entries in D1, 598 were unique, with bandgap values ranging from 1.17 -
3.16 eV, with the majority falling between 1.6 and 1.9 eV. In D1, 33 datapoints correspond to Cs-based
systems. These entries were retained with the intention that the compositional diversity present in
B- and X-site of Cs-systems can greatly contribute to the structure-property relationship learned
by our XGB model, which has a stronger influence in band gap prediction compared to A-site
features. However, the limitation to D1 is that the A-site is restricted to mixing of only 3 types of cations.
To address these limitations and to introduce numerous variations in A-site substituents, a second database
(D2) was included, generated by Kim et al., consisting of 1,346 HOIPs that were optimised through a
combined approach of atomistic structure search and DFT.? In addition to D1, D2 encompasses 14
additional organic cations in A-site besides MA* and FA"; Pb?", Sn?>* and Ge?* as B-site cations, and all 4
halides, without involving any intra-combinations of A, B, and X sites unlike mixed perovskites. However,
the results from D2 should be considered with the proviso that the asymmetrical geometry and bond rotation
flexibility of the organic cations used in the A-site can lead to multiple HOIP perovskites with the same

elemental composition, which in turn can exhibit different bandgaps.* Out of 1346 entries in D2, the



bandgaps of such perovskite molecules were averaged, resulting in a final dataset of 192 data points ranging

between 1.2 — 4.9 eV. Along with this, 67 manually gathered HOIP points with similar composition to D1

were added, but with greater variety in A-site mixing. Out of this 67, only 27 were unique and are uploaded

in the github page (Band-gap-and-band-edge-prediction-of-HOIPs) along with their references.

This approach effectively allows to capture hidden trends in A-site substitution and may enhance the ability

of machine learning models to predict the impact of changes in the target property arising from A-site

replacement. Further data pre-processing was conducted to merge D1, D2 and extra datapoints into a

consolidated table for subsequent ML training, with band gap as the target property.
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Fig. S1 Normal distribution curves of train and test set for band gap prediction

Table. S1 Initial pool of 82 features generated

S.No. Features Corresponding site
1 . Al, A2, A3, B1, B2, X1, X2 & X3-
Ratio .
site

2 Average molecular weight (MW) A-site
3 Average atomic weight (AW) B & X-site
4 Atomic number (AN) B & X-site
5 Average ionic radii (IR) A, B & X-site
6 Average Mulliken’s electronegativity .

A, B & X-site

(x)

7 Average ionization energy (IE) B & X-site
8 Average dipole polarizability (DP) B & X-site
9 Average electron affinity (EA) B & X-site
10 Average atomic radii (AR) B & X-site
11 Average atomic density (AD) B & X-site


https://github.com/Ahamm00/Band-gap-and-band-edge-prediction-of-HOIPs

12 Valence electrons (VE) B1, B2, X1, X2 & X3-site

13 Oxidation state (OS) A, B & X-site
14 Radii of (s+p) orbital (ris*?)) B & X-site
15 No. of electrons in s, p, d and f orbitals B1, B2, X1, X2 & X3-site

16 Feature crossovers from features (2-11)
(l+l' I_I, I/’)

17 Tolerance factor (Old — t; New - 1) Perovskite

Respective sites

18 Target property — Band gap (E;) Perovskite

The above features are extracted from ‘Mendeleev — A Python package’ except for the calculated electronegativity

values of A-site cations and literature sourced values of pseudopotential atomic orbital radii °.

NOTE S2: Machine Learning methods and Evaluation Metrics

Random Forest Regression (RFR):

RFR is an ensemble learning method that combines the predictions of multiple decision trees to enhance

N
the accuracy and robustness of the model. ¢ In this approach, the predicted output f rf &) for a given input

X is computed as:

N
1
Fl®y = S Y EQ)

i=1

where E(X) represents the outputted energy predicted by the i tree for input X over the average ensemble
of several trees, and IV is the total number of trees in the forest. This aggregation of predictions effectively
mitigates the risk of overfitting, which can occur in single decision trees, by leveraging the diverse
structures and decision boundaries of multiple trees. As a result, RFR not only provides more reliable
predictions but also offers improved generalization performance across various datasets. This methodology
is particularly advantageous in complex regression tasks where the relationships between features and target

variables are nonlinear and multifaceted.

Decision Tree Regression (DTR):



DTR is a predictive modelling approach that utilizes a tree-like structure to partition the input space into
smaller subsets.” The target property to be predicted is derived by recursively splitting the dataset based on

feature values until no further gains can be achieved or the maximum tree depth is reached. At the terminal

nodes, the mean predicted output value E, for a given number of samples M is calculated as:

where E; represents the predicted outputs from the samples that fall within that node. This methodology
allows DTR to model complex relationships between features and target variables, making it particularly
effective in scenarios where the data exhibits nonlinear characteristics. The tree's interpretability further

enhances its appeal in various applications, providing clear insights into the decision-making process.
Gradient Boosting Regression (GBR):

GBR is an advanced predictive modelling technique that enhances overall prediction accuracy by
combining multiple weak models, typically decision trees.® This method iteratively refines its predictions

by focusing on minimizing the errors of preceding models, resulting in a more accurate ensemble. The final

prediction function Fy(&) can be expressed as

Fy =) f(Xw,)

n=1

In this equation, N denotes the total number of trees in the ensemble, fX,wy) represents the prediction

h oL . . . .
from the n° model, and W indicates the weight assigned to this model. By aggregating the outputs of these
individual models, GBR effectively captures complex relationships within the data, making it particularly

effective for regression tasks that involve nonlinear dependencies and high-dimensional feature spaces.



Extreme Gradient Boosting Regression (XGB):

XGB builds upon the principles of Gradient Boosting Regression (GBR) while introducing several key

enhancements that improve performance and efficiency.” While it shares the same prediction function

N

Fy =) f(tw,)
n=1 , XGB employs advanced optimization techniques, including second-order Taylor

approximations, to refine the model updates. Additionally, it incorporates regularization terms to reduce
overfitting and enhance generalization. Designed for computational efficiency, XGB also supports parallel
processing and has robust mechanisms for handling missing values, making it particularly suitable for large

and complex datasets.

2
Coefficient of Determination (R2): The coefficient of determination, R” , measures the goodness of fit of
the regression model by indicating how well the predicted values align with the actual values. It is

calculated as:

2
Z(ytrue - ypred)
2 - 1 _
- 2
Z(y true — YV true)

R

Where Y true represents the actual values, Ypred represents the predicted values, and Ytrue is the mean of

the actual values. The closer the R 2 value is to 1, the better the model fits the data.

Root Mean Squared Error (RMSE): RMSE is the square root of MSE and provides a measure of the
model's prediction error in the same units as the target variable. RMSE is often preferred because it
combines both the magnitude and variance of errors, penalizing large deviations more than MAE. RMSE

1s defined as:

1
RMSE = \/NZ(ytrue - ypred)z



A lower RMSE indicates a better fit and less prediction error.

Pearson's Correlation (r): Pearson's correlation coefficient 7 measures the linear relationship between

two variables, indicating the strength and direction of the relationship. It is defined as:

Z(ytrue - 5Itrue) (ypred - 3/pred)

r =
_ 2 _ )
\/Z (ytrue - ytrue) Z (ypred - ypred)

Here, 7 ranges from -1 to 1, where:

°
=
\Y

0 Positive correlation.

e 7 < 0:Negative correlation.

e 7 = 0:No correlation. The larger the absolute value of 7, the stronger the correlation.
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Fig. S2 Normal distribution curve of the train and test set for band edge (VBM) prediction

Table. S2 29 A-site cations and their ionic radii %12

A-site cation Chemical formulae Ionic radii (A)

Ammonium (Am) [NH*]* 1.46
Methylammonium (MA) [CH;NH;]* 2.17
Dimethylammonium (DMA) [(CH3),NH;3]* 2.72
Trimethylammonium (TMA) [(CH3);NH3]* 2.53
Tetramethylammonium (TTMA) [(CH3)/NH;]* 2.92



Ethylammonium (EA) [C,HsNH;]* 2.74

Propylammonium (PA) [C3H,oNT* 2.52
Isopropylammonium (IPA) [C3H,oNT* 2.58
Butylammonium (BA) [CsH N 2.86
Hydroxylammonium (HA) [NH;O0H]* 2.16
Formamidinium (FA) [NH,(CH)NH,]* 2.53
Acetamidinium (Ac) [CoH;N, ] 2.77
Hydrazinium (Hz) [NH;NH,]* 2.17
Guanidinium (Gua) [C(NHy);]* 2.78
Imidazolium (Im) [CsN,Hs]* 2.58
Azetidinium (Az) [(CH,);NH,]* 2.50
Tropylium (Tr) [C/H,T* 3.33
Methylphosphonium (MP) [CH;PH;]* 2.49
Ethylenediammonium (EDA) [CoHoNT* 2.54
Tertiarybutylammonium (TBA) [C4H|NT* 2.62
Thiazolium (Th) [C3H4NST* 3.20
Piperazinium (Pz) [CsH N, T* 322
Dabconium (DABCO) [CeHizNoI* 3.39
Pyrollinium (Py) [NC,Hg]* 2.72
Isobutylammonium (IBA) [C4H N 3.60
Diethylammonium (DEA) [C4H N 3.85
Phenylammonium (PhA) [CsHgNT* 3.88
Pyrollidinium (Pyd) [C4HNT* 3.22
Protonated Protonated Formamide (Fm) [NH;COH]* 1.90

The ionic radii of all the divalent B-site cations used in this study are extracted from Shannon’s ionic radii database
except for Bi?* with a reported radius of 1.14 A13-15,



Actual vs Predicted Bandgap DTR(Training Set)
R2: 0.989 | MAE: 0.04 | MSE: 0.01 | RMSE: 0.07

Actual vs Predicted Bandgap DTR(Test Set)
R2: 0.969 | MAE: 0.09 | MSE: 0.02 | RMSE: 0.14
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Fig. S3 Regression fit plot for DTR, RFR and GBR algorithms for both train and test sets.




Actual vs Predicted Bandgap XGB (Training Set)
R2:0.9988 | MAE: 0.0179 | MSE: 0.0006

Actual vs Predicted Bandgap XGB (Test Set)
R2: 0.9879 | MAE: 0.0625 | MSE: 0.0080
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Fig. S4 Regression fit plot for best performed XGB model.
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Fig. S5 Comparison plot between R? score of different algorithms for
band gap prediction
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Fig. S6 Comparison plot between loss functions of different algorithm for band gap
prediction
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Table S3. Comparison between evaluation metrics for bandgap prediction

Machine learning models

Evaluation metrics

RFR DTR GBR XGB
Train Test Train Test Train Test Train Test
R2 0.988 0.972 0.989 0.969 0.992 0.982 0.998 0.989
RMSE 0.08 0.14 0.07 0.14 006 0.11 0.03 0.09
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Fig. S7 To identify the optimal combination of hyperparameters, an exhaustive grid search was performed,

focusing on two highly influential hyperparameters: n_estimators and learning_rate, while keeping the

maximum depth constant at (a) max depth =2, (b) max depth = 3 and (¢) max depth = 4. A 2D surface plot

was generated to visualize the relationship between the cost function (RMSE) and these hyperparameters.

For instance, a lower RMSE was achieved when the maximum depth was set to 2. The figures shown above

provide further insights into how the error landscape evolves with changes in depth and other parameters.

In these cases, the simplicity of the error surface resulted in the first local minimum being identical to the

global minimum, meaning that the optimization process quickly found the most optimal solution without

getting side tracked by other potential minima.
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Fig. S8 The above plot shows the visualization of forward selection
strategy. The model shows highest R2 score when the number of features
is 18, after which there is no significant improvement in the training

score and the test score shows fluctuations.

Table S4. Optimized subset of 17 features after feature engineering

Features  Importance score in (%) Expansion
AD (X) 50.72 Atomic Density of X-site
v (B+X) 22.60 Mulliken’s electronegativity of (B+X)
L(A+X) 298 Mulliken’s e(lzcic;?)negatlwty of
IR (B+X) 5.55 Ionic Radii of (B+X)
IE (B) 3.26 Ionization energy of B-site
Ratio (X2) 2.30 Proportion of X2-site

Ratio (X1) 1.98 Proportion of X1-site



AW (B) 1.61 Atomic weight of B-site

Ratio (X3) 0.94 Proportion of X3-site
AN (X3) 0.68 Atomic Number of X3-site
AN (X1) 0.60 Atomic number of X1-site
IR (A/X) 0.59 Ionic Radii of (A/X)
1(A-B) 0.32 Mulliken’s electronegativity of (A-B)
1(A) 0.29 Mulliken’s electronegativity of A
Ratio (B1) 0.17 Proportion of B1-site
IR (B/X) 0.06 Ionic Radii of (B/X)
IR (X) 0.04 lonic radii of X-site

Table S5. Comparison of evaluation metrics with available literature (*PC — Perovskite composition, *c
— Manually calculated values which were not available in the corresponding literature)

S. Perovskite Area of Data

. . Algorithm . Features R?> RMSE Year Ref
No.  description application Points
HOIP-
C 16
1 ABX, Solar cells GBR 212 14 0.969 0.291¢ 2018
2 HOILP- Solar cells GBR 192 32 0.827 0.448¢ 2019 10
ABX;
Inoreanic Ferroelectric
3 & Photovoltaic GBR 564 134 0.923 0.619¢ 2019 17
ABX;
solar cells
Mixed 69
4 HOIP- Solar cells ANN (Train) + PC - 0.06 2019 18
ABXj; 9 (Test)
5 HOIP- Solar cells GBR 906 32 0.943  0.293 2020 19
ABX;
6 DHOIP Solar cells GBR 525 8 097 0.244 2021 20
GBR-
Modell 196 24 0.908 0.256
GBR-
Model?2 196 19 0.887 0.284
7 DHOIP Solar cells GBR- 11161 24 0.876 0.3 2022 21
Model3
GBR-
Model4 2113 24 0.769  0.533
GBR-
Models 2113 24 0.791 0.216
8 DHOIP Solar cells GBR 4456 95 092 0307 2022 2
Mixed 204
9 HOIP- Solar cells XGB (Train) + PC - 0.055 2022 2
ABXj; 23 (Test)
10 Mixed Solar cells GBR 610 27 099 0.059 2023 2
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Fig. S9 Scatter plots between predicted bandgap values by XGB and important features



¥-site Halide combinations

Predicted Bandgap value [eV]

Fig. S10 Impact of halide combination in bandgap tuning

Table S6. Evaluation metrics obtained for band edge prediction

Machine learning models for band edge prediction

Evaluation metrics

RFR DTR GBR XGB
Train Test Train Test Train Test Train Test
R? 0.932 0.756 0.942 0.832 0974 0.902 0.992 0.812
RMSE 0.08 0.15 0.07 0.12 005 0.13 0.03 0.13

Table S7. Other formulae generated using GPSR with their RMSE values.

S. No. Formula RMSE
1 Eypy = [0451- (E,+t)]-IR(B+X)  0.159
2 Eygy= (0452~ t)-[E, +IR(BB+X)]  0.160
3 E,py= -0513 - [Eg +IR(B + X)| 0.161
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Table S8. Comparison of VBM & CBM values obtained through GBR, GPSR (SR) and conventional
formula (CF) with reported literature (Rep). All the VBM and CBM values taken here are with respect to
Absolute Vacuum Scale.

Rep VBM VBM
Rep Rep XGB VBM VBM
E, - Error Error Error - Error
HOIP CBM VBM E, -SR -CF Ref
No [eV GBR (GBR) (SR) (CF) Avg. (Avg)
[eV] [eV] [eV] [eV] [eV]
] [eV] [eV]

1 MAPbI; -39 545 155 152 -542 0.03 -537 0.08 -532 0.13 -537 0.08
2 MAPbI; -4.06 -567 1.61 152 -542 0.25 -537 030 -532 035 -537 0.30
3 MASnBr; -339 -554 215 191 -548 0.06 -550  0.04 -567 -0.13 -555 -0.01
4 FASnl; -4.5 -5.9 1.4 .15 -5.07 0.83 -5.04 086 -559 031 -523 0.67
5 MAPbI; 385 545 1.6 152 -542 0.03 -537 0.08 -532 013 -537 0.08
6 MASnI; 348 474 126 132 -499 -025 -513 -039 -552 -0.78 -521 -0.47
7 MAPbDI; -3.88  -539 151 152 -542  -0.03 -537 002 -532 0.07 -537 0.02
8 MASnI; -3.63 473 1.1 132 -499 -026 -513 -040 -552 -0.79 -521 -0.48 z
9 FAPbI; -423  -576 1.53 1.3 -5.04 0.72 -522 054 541 035 -522 0.54
10 MAPbDI; -3.9 -5.4 1.5 .52 -542 -0.02 -537 003 -532 008 -537 0.03
11 MASnBr; -342 -5.67 225 191 -548 0.19 -550 017 -5.67 0.00 -555 0.12
12 FASnI; -4.12 -534 122 115 -5.07 0.27 -5.04 030 -559 -025 -523 0.11
13 MASnI; -3.7 -5 1.3 132 -4.99 0.01 -5.13  -0.13  -552  -0.52 -521 -0.21
14 MAPDbBr; -3.69 -6 231 216 -5.80 0.20 -547 053 544 056  -5.57 0.43
15 MAPbBr; -342 -573 231 216 -580 -0.07 -547 026 -544 029 -557 0.16
16 FASnLLbBr -43 -6 1.7 122 -5.33 0.67 -5.04 09 -571 029 -536 0.64 2
17 FASnI; -426  -547 121 115 -5.07 0.40 -5.04 043 -559 -0.12 -523 0.24
18 FASnLbBr -396 -552 156 122 -533 0.19 -5.04 048 571 -0.19 -536 0.16
19 FASnIBr, -3.78 -553 175 141 -574 -021 -516 037 -576 -0.23 -555 -0.02
20 FASnBr; -339 -554 215 166 -567 -0.13 -534 020 -578 -024 -560 -0.06
21 DMASnBr; -3.65 -6.5 285 236 -5.84 0.66 -6.08 042 -544 1.06 -579 0.71 2
22 MASnI; -4 -5.5 1.5 1.32 -5 0.5 -513 037 552 -0.02 -522 0.28
23 MASnLBr  -3.6 -5.4 1.8 1.34 -5.1 0.3 -5.08 032 566 -0.26 -528 0.12
24 MASnBrl  -3.2 -5.2 2 .52 -547 -027 -519 001 -572 -052 -546 -0.26
25 MASnBr; -2.8 -5.1 23 191 -548  -0.38 -5.5 -04 -5.67 -057 -555 -045
26  MAGel; -3.2 -5.2 2 .50 -590 -070 -5.02 0.18 -553 -033 -548 -0.28
27 FAGels -3.2 -5.5 23 1.70  -590 -040 -531 0.19 -541 009 -554 -0.04
28 DMASnl; -142 -419 277 175 -595 -1.76 -569 -1.50 -530 -1.11 -565 -1.46
29 DMAGel; -051 -359 3.08 175 -591 -232 -542 -183 -539 -180 -557 -1.98
30 FASnCl; -383 -733 35 238 -6.00 1.33 -592 141 578 155 -590 1.43
31 MASnCl; -336 -6.85 349 255 -597 0.88 -6.01 084 -5.71 1.14  -5.90 0.95
32  MAPWCl;  -3.77 -692 315 282 -595 0.97 -630 062 -546 146 -590 1.02 3
33 FAPbCl; -398 -694 296 251 -6.00 0.94 -6.08 086 -560 134 -5.89 1.05
34  FASnBr; 3.6 -623 263 166 -567 0.56 -534 089 -578 045 -5.60 0.63
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28

29

30
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35 MAPbBr; -425 -6.6 235 216 -5.80 0.80 -548 112 544 1116  -5.57 1.03
36 FAPbBr; -451 -67 219 192 -586 0.84 -5.62  1.08 -554 1.16 -5.67 1.03
37 MASnBr; -3.42 -5.67 225 191 -548 0.19 -550 017 -5.67 0.00 -555 0.12
38 MAPbI; -436  -593 157 152 542 0.51 -537 056 -532  0.61 -537 0.56
39 FAPbI; -447  -624 1.77 130 -5.04 1.20 -522 1.02 -541 083 -522 1.02
40 MASnI; -4.07  -539 132 132 -499 0.40 -513 026 -552  -0.13 521 0.18
41 FASnl; -4.12 -534 122 115 -5.07 0.27 -5.04 030 -559 -025 -523 0.11

Note S3: Statistical Analysis of Solar to Hydrogen Conversion (STH) Efficiency

The solar to hydrogen conversion efficiency can be determined statistically by the following consecutive

equations.

Nsth = MNabs - Meu @8

P(hw) d(hw)

Naps =
P(hw) d(hw)

o8 |78

2)

T P(hw)
AG { —— d(hw)

New = o
f P(hw) d(hw)
E
g

3)

where, abs and "eu corresponds to efficiency of light absorption and carrier utilization. P(A@) represents

the AM1.5 G solar flux as a function of photon energy (hw). The XGB predicted band gap values are given

as input for the term E g with AG = 1.23 eV minimum Gibbs’ free energy required for water splitting and
E represents minimum photon energy to participate in the redox reactions.
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E =

E, x(Hy) 20.2,x(0,) 2 0.6

E,+02- x(Hy), x(Hy)<02x(0,) =06
E;+0.6- x(0,), x(H,)=0.2,x(0,)<0.6

E +08- x(Hy) - x(0,), x(H,) <0.2,x(0,) <0.6

Here, X (H 2) and X (02) represents the overpotentials required for HER and OER reaction to occur.

Table S9. Predicted band gap, band edge and STH efficiency values for the final 21 compounds

ML
S.No. A B X1 X2 X3 Compound predicted \/(]\3}1;/[ C(l\%/l;/[ 2;2;{
E, (V)

1 Methylphosphonium Sn  Br Br I  MPSnBrI 1.6 1.17 -0.43 23.14
2 Protonated Formamide Sn I Br FmSnl,Br 1.47 098 -0.49 19.79
3 Methylammonium Ag I Br MAAgl; 1.53 1.03 -0.50 19.53
4 Hydrazinium Sn I Br HzSnl,Br 1.52 1.02  -0.50 19.26
5 Methylammonium Ag I I MAAgl; 1.49 097 -0.51 18.74
6 Methylammonium Ag Br Br I MAAgBrl 1.63 1.11  -0.53 17.96
7 Hydroxylammonium  Sn I Br HASnLBr 1.57 1.03 -0.54 17.45
8 Hydrazinium Ag I Br HzAgl,Br 1.64 1.07 -0.57 15.97
9 Hydrazinium Ag I I HzAgl; 1.58 1.01 -0.57 15.73
10 Propylammonium Sn I Br PASnl,Br 1.8 1.20 -0.60 14.62
11 Protonated Formamide Sn Br Br 1 FmSnBr,l 1.66 1.06 -0.60 14.39
12 Hydrazinium Ag Br Br I HzAgBnl 1.74 1.13  -0.61 13.94
13 Protonated Formamide Ag I I Br FmAgl,Br 1.59 096 -0.62 13.49
14 Hydrazinium Sn Br Br 1  HzSnBrl 1.7 1.07 -0.63 13.26
15 Hydroxylammonium Ag I I HAAgI; 1.68 1.04 -0.64 12.62
16 Azetidinium Sn I Cl AzSnl,Cl 1.89 1.23  -0.66 11.98
17 Methylphosphonium  Sn I Cl MPSnLCl 1.88 1.22  -0.65 11.98
18  Protonated Formamide Ag Br Br [ FmAgBnl 1.68 1.02  -0.67 11.77
19 Hydroxylammonium Sn Br Br [  HASnBrl 1.77 1.10  -0.67 11.57
20 Hydroxylammonium Ag Br Br [ HAAgBrl 1.84 1.17  -0.67 11.37
21 Hydroxylammonium Ag [ I  Br HAAglBr 1.77 1.10  -0.68 11.37
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Fig. S11 (a) Orthorhombic MASnlI; unit cell and (b) MASnI; perovskite structure.
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Fig. S12 Radial Distribution Function of Sn-I and Sn-Br for FmSnI2Br
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