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ABSTRACT

Perovskite solar cells based on lead-halide perovskites have attracted significant attention as

prime candidates for next-generation solar cells because of their high-power conversion efficiency.

To avoid the toxicity of lead-based perovskites, alternatives such as tin-halide perovskite have been

investigated. However, the photovoltaic performance of these alternatives is relatively low, and novel

perovskites with low cost, low toxicity, and high performance have not yet been discovered. In this

study, to investigate whether promising alternative perovskites exist, a high-throughput material

search scheme based on materials informatics was developed and performed for novel perovskite

solar cell materials. Using this scheme, over 28 million AA'BB'X3X’;s double perovskite-like

compositions were screened. Among the 24 most promising candidates identified, 5 were

well-known organic-inorganic tin-halide perovskites and 17 were novel sodium-, potassium-, and

ammonium-based tin-halide perovskites. Interestingly, two novel transition-metal-based perovskites

were also identified as promising solar cell materials. The pioneering material search scheme

reported is expected to find use in the identification of practically feasible materials for a number of

real-world applications.
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Introduction

Organic-inorganic hybrid perovskites such as methylammonium lead iodide (MAPbI;) have

enormous potential as solar cell materials because of their suitable band gaps for solar light

absorption [1], very small exciton binding energies [2], and long carrier diffusion lengths [3]. The

power conversion efficiency (PCE) of perovskite solar cells (PSCs) skyrocketed from 3.8% in 2009

to 23.3% in 2018 [4,5]. Therefore, PSCs are prime candidates for next-generation solar cells and are

expected to provide a solution to the energy problem. However, the toxicity of lead-based hybrid

perovskites is a serious obstacle to their practical application [6]. To avoid the toxicity of lead,

lead-free hybrid perovskites in which other ions are substituted for lead have been examined both

experimentally and using computational simulations [7—15]. However, the PCEs of lead-free PSCs

based on CH3;NH;3Snl;, which is widely used as an alternative to lead-based perovskites, are

significantly lower than the PCEs of lead-based PSCs [5,7]. Additionally, Snl,, which is the main

degradation product of tin-based perovskites, may present even greater toxicity concerns than

lead-based perovskites [16]. Therefore, the development of novel perovskites with high photovoltaic

performance is required.

Recently, data-driven machine learning and materials informatics have succeeded in the

discovery of novel materials such as solid-state electrolytes [17], organic light-emitting diodes [18],

shape memory alloys [19], piezoelectrics [20], and polymers for organic photovoltaics [21]. These

approaches have also been employed for crystal structure prediction [22-25], physical property
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prediction [26-31], and high-throughput computational screening [32,33]. Accordingly, massive and

efficient material design based on machine learning and materials informatics has attracted

significant attention in the field of materials science.

In this study, we developed a massive and highly efficient material search scheme based on

materials informatics and applied it to the screening of over 28 million AA'BB'X3X’; double

perovskite candidates. In this material search scheme, in addition to the semiconductor properties of

the candidates such as the band gap and carrier effective mass, the synthetic feasibility, toxicity, and

cost, which were rarely considered in previous studies, were systematically analyzed using an

informatics strategy based on a combination of experimental and the theoretical databases newly

built from our calculations. To date, many lead-free and tin-free perovskites have been reported from

material searches based on computational simulations [13—15]. However, there have been no

successful experimental reports regarding the alternative perovskites proposed from these

computational simulations, possibly because these previous reports used only theoretical databases

from first-principles calculations. In particular, it is difficult to calculate the band gaps of hybrid

perovskites because of the electron correlation and the strong spin-orbit coupling [34]. In this study,

we estimate band gaps based on the experimental databases to guide novel material searches for

PSCs. Through the screening of 28 million candidates, we identified alternative perovskites with

suitable semiconductor properties, stable cubic or pseudo cubic structures, low toxicity, and low cost

for use in PSCs.
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Methods

Machine learning models for band gap prediction

To train the machine learning model for band gap prediction, a training dataset of high

quality is required. Past studies have employed band gap datasets evaluated by first-principles

calculations [35,36]. However, studies indicated that electron correlation and relativistic spin-orbit

coupling (SOC) play important roles in the band gap calculations of PSC materials [34]. To

determine the efficacy of the band gap learning model, we used an experimental band gap dataset of

282 perovskites. The details are summarized in Table S1 and Figure S1 (see Supplemental Material)

[37].

To define the feature vectors for each AA’BB’X3X’3 double perovskite, we used atomic and

ionic features of the six constituent ions (A, A’, B, B’, X, and X”) of the perovskite. For each ion, we

used nine elemental features (viz. first ionization potential, electron affinity, Mulliken

electronegativity, ionic radius, group number, Pettifor’s Mendeleev number [38], ionic HOMO level,

ionic LUMO level, and ionic HOMO-LUMO gap). Therefore, an AA’BB’X3X’3 double perovskite is

described by a 54-dimensional feature vector in the target chemical space. To determine the first

ionization potentials and electron affinities for organic molecules and ionic HOMO/LUMO levels for

all ions, density functional theory (DFT) calculations were carried out. The computational details and

features for each element and organic molecule are summarized in Table S2 (see Supplemental

Material).
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Using the band gap data set and the feature vectors, we validated machine learning models
for band gap prediction. Figure 1 illustrates the validation process. In this process, the band gap
dataset was randomly split into a training set and a test set in ratios of 80% and 20%. Ten pairs of a
fitting set and a validation set with ratios of 60% and 40% were generated from random splits in the
training set. Using the fitting sets, validation sets, and test sets, the accuracy of the band gap
predictor was validated. As the preprocess for regression coefficient fitting and cross-validation, the
features were scaled by normalization, and the dimension of the feature vector was reduced from 54
dimensions to 15 dimensions by principal component analysis (PCA). After the preprocessing,
machine learning models were trained via fitting and cross-validation using the 10 pairs of the fitting
set and the validation set. Next, the trained machine learning models were tested using the test set. In
order to investigate the generality of the machine learning models, this process was iterated for 50
cycles with different random seeds to split the band gap data set, and the accuracies of the machine
learning models were assessed by averaging R” values for the training sets (RZ;,) and test sets
(Riest):

The averaged RZ,i,, averaged Rz, and root mean squared errors (RMSEs) in the test set
for each regression model are listed in Table 1. In this assessment, we employed multiple linear
regression (MLR), Ridge regression, Lasso regression, support vector machine regression (SVR)
with a linear kernel or Gaussian kernel, and Gaussian process regression (GPR) with a Gaussian

kernel as regression models. These are implemented in the scikit-learn library [39]. In addition,
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ensemble learning models such as random forest and neural network are also known as powerful
regression models. However, in this study, the number of data sets was insufficient to perform these
regressions, and they were not reasonable for this study. For linear-regression-based prediction
models (MLR, Ridge regression, Lasso regression, and SVR with a linear kernel), the averaged
RZ,i, and averaged RZg are very low; hence, these models cannot predict the band gaps of
perovskites. On the other hand, for nonlinear regression-based prediction models (SVR and GPR
with a Gaussian kernel), the prediction accuracies are dramatically improved. This result implies that
nonlinear correlation between the band gap and the features is important for band gap prediction, and
similar perovskites show similar band gaps. In particular, SVR with a Gaussian kernel shows the best
prediction accuracy in our examination, and the averaged RZ,;,, averaged R, and RMSE in the
test set are 0.89, 0.65, and 0.81 eV, respectively. We employed this SVR with a Gaussian kernel as
the band gap predictor. To improve the prediction accuracy, additional band gap data are required.
We believe that our machine learning model will be improved by an expanded band gap dataset in

the future.

Computational details for first-principles calculations
First-principles calculations were carried out to perform structural optimization and
determine the band gap, electron and hole effective mass, and exciton binding energy. For structural

optimization, the ion positions and cell parameters in a 2 x 1 % 1 cubic-based unit cell (Figure S2)
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were optimized with the convergence threshold for a change of 10™ eV in the total energy. After the
structural optimizations, the direct band gap, indirect band gap, electron and hole effective mass, and
exciton binding energy were calculated using the optimized structure. These calculations were
performed using the Perdew-Burke-Ernzerhof (PBE) exchange correlation functional with the
DFT-D3 method as a van der Waals correction [40,41], projector augmented wave (PAW)
pseudopotentials, 700-eV plane-wave cutoff, and 10 x 10 x 10 sampling k-point grid in Vienna ab
initio simulation package (VASP) code [42,43].

For the most promising novel perovskites, more accurate DFT calculations were carried out
to evaluate the formation enthalpies, light absorption coefficients, and levels of conduction band
minimum (CBM) and valence band maximum (VBM). A computationally inexpensive theoretical
approach based on PBE + U calculations with fitted elemental-phase reference energies (FERE) was
used for reoptimizations of the structure and estimations of the formation enthalpy [44]. Here, the
values of the effective on-site Coulomb interactions (U) were taken from [44], and the most stable
crystal structures of each pure element were taken from the Materials Project [45]. The other
computational details are similar to the above calculations. Furthermore, a Heyd-Scuseria-Ernzerhof
(HSEO06) screened hybrid functional with a 2 X 4 x 4 sampling k-point grid was used to evaluate the
light absorption coefficients and the levels of CBM and VBM [46]. The light absorption coefficients

were estimated based on the calculations of the imaginary part of the frequency-dependent dielectric
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matrix implemented in VASP code [47]. The levels of CBM and VBM were determined using

empirical equations [48,49]:

Ec = ()(A)(A')(B)(B')(>3()()?Z')1_10 + %Eg D,
Ey = Ec—E; (2).
where E: and Ey are the CBM level and VBM level relative to the vacuum level, respectively. xa,
Xa» XB> XB» Xx»and yx denote the absolute electronegativities of A, A’, B, B’, X, and X’ atoms in

AA’BB’X;3X’; double perovskite, respectively [S50], and Eg is the band gap calculated by an HSE06

functional.
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Results and discussion

We developed a high-throughput material search for novel PSC materials. Figure 2 depicts

the novel AA'BB"X;3X’; double perovskite search scheme. In this material search scheme, not only

the feasibility of the perovskite structure and its band gap but also its toxicity and cost were

systematically considered. First, AA'BB'X;3X’'; compositions were generated from a library of ions.

For the A and A’ cations, 18 cations including alkali metal, alkali earth metal, group-3 metal, and

organic cations were employed. For the B and B’ cations, 85 cations including transition metals and

p-block metals were employed. For the X and X' anions, nine anions including chalcogens and

halogens were employed. The specific ions are listed in Figure 2 (a). From the ion library,

28,125,225 AA'BB’X;X's compositions were generated. These were screened in a stepwise manner

according to the material search scheme.

In the first screening step of the material search scheme, the ability of the generated

AA'BB’X;3X’'; compositions to form a perovskite was evaluated using the general properties of the

constituent ions (viz. ionic valence, valence electron number, and ionic radius). A composition was

considered to be synthetically feasible if it met the following seven criteria: (1) its charge was neutral,

(2) it had an even number of electrons, (3) its tolerance factor TF fell between 0.8 and 1.1 [51], (4)

its octahedral factor OF was greater than 0.4 [51], (5) the ionic radii difference and ratio of its A and

A’ cations met the criteria in eq. (3); (6) the ionic radii difference and ratio of its B and B’ cations met

11
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the criteria in eq. (4); and (7) its X and X' anions had the same group number. 7F and OF are defined
as
rx +rx

= egrrp O

oF =2 (4.
%
where 7z is the average ionic radius of the A and A’ cations, rg is the average ionic radius of the B
and B’ cations, and rg is the average ionic radius of the X and X' anions. Shannon’s ionic radii and
effective radii were used for atomic ions and molecular ions, respectively [52,53]. However, TF and
OF were defined for ABX3 single perovskites, and these factors do not consider the differences
between the ionic radii of A and A’, B and B’, or X and X' in AA'BB'X3X'; double perovskites.
Recently, Bartel et al. reported a new tolerance factor to predict the stability of A;BB"Xs-type double
perovskites [54]. Even with Bartel’s tolerance factor, it may be impossible to predict the stabilities of
AA'BB’X;X’3 double perovskites because Bartel’s tolerance factor cannot consider the differences
between A and A’ or X and X'. Therefore, the conventional TF and OF parameters and Bartel’s new
tolerance factor cannot simply be applied to AA'BB’X;X’; double perovskites; additional conditions

are required. The 5th and 6th conditions consider the differences in the ionic radii of A and A’ and B

and B’, respectively, by applying the following rules:

T, o

0.73 < rA <137, |ra—ru <0454 (5)
AI
1 o

0.50 < TB <200, |rg—rg| <2004 (6).
BI
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where 75, 757, Tg, and 7y are the ionic radii of the A, A’, B, and B’ cations, respectively. The 5th,

6th, and 7th conditions were determined from our dataset of 282 experimental perovskite compounds

(see Table S1 in the Supplemental Material). AA'BB'X;3X’; compositions that satisfy the seven

criteria are expected to be able to form a perovskite structure; 128,357 such AA'BB'X;X's were

identified in this step, and only these combinations proceeded to the next screening step.

In the second screening step, the band gaps of the 128,357 AA’'BB'X;3X’; double perovskites

were predicted using a machine learning model. Support vector machine regression (SVR) with a

Gaussian kernel trained on the experimental band gap data of 282 perovskite compounds was

employed as the machine learning model. The band gaps and compositions of 282 perovskites are

listed in Table S1 (see Supplemental Material). The feature vectors for the 128,357 AA'BB'X3X"3

double perovskites were generated from the atomic and ionic information of the constituent elements.

The details are summarized in the Supplemental Material. To identify novel double perovskites with

suitable band gaps, we set a band gap criterion of 1.4 + 0.8 eV. The values of 1.4 and 0.8 eV

correspond to the ideal band gap for p-n-junction-based solar cell materials according to the

Shockley-Queisser limit and the error bar of our SVR, respectively [55]. Through this screening,

10,918 AA'BB’X3X's double perovskites with suitable band gaps were identified. The 10,918

perovskites included conventional hybrid perovskites such as MA;Pb,ls (=MAPbI3), for which the

band gaps determined experimentally and by our SVR were 1.48 and 1.69 eV, respectively [56].
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In many material search studies, the development of such a database of 10,918

AA'BB’X;X’; double perovskites might be the end goal. However, to target materials with the

potential for practical application, we considered two additional criteria (toxicity and cost) in this

work. These criteria were selected because the toxicity of the widely used Pb-based hybrid

perovskites is a serious problem [6], and low manufacturing cost is a merit of PSCs.

In the third screening step, the 10,918 identified perovskites were evaluated in terms of their

toxicity and cost. The Guideline for Elemental Impurities Q3D was employed for the toxicity

estimation [57]. These guidelines classify elements into four classes: highly toxic Class-1 elements,

moderately toxic Class-2 elements, low-toxicity Class-3 elements, and low or nontoxic other

elements. Pb, Hg, As, and Cd are Class-1 elements, and Co, V, Ni, Tl, Au, Pd, Ir, Os, Rh, Ru, Se, Ag,

and Pt are Class-2 elements. In this evaluation, AA'BB'X;3X'; perovskites including a Class-1 or -2

element, such as MA,Pb,ls and other Pb-based perovskites, were rejected, and 2,146 low-toxicity

double perovskites consisting of only Class-3 and other elements were found. After the toxicity

evaluation, the cost of the remaining 2,146 double perovskites was estimated using the Chemicool

database [58]. This database lists the price of each element in pure and bulk form. Using this

database, the cost of each of the 2,146 double perovskites was estimated in US dollars (USD) per

mole, and the 500 AA'BB'X3X'3 double perovskites with the lowest cost were selected. Note that the

prices of each element were collected for these estimations in February 2018 and may change over

time. The latest prices can be seen in the Chemicool database [58]. Here, the toxicities and costs of
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perovskites were considered in the screening scheme. However, we would suggest that this screening

step is not necessarily required in general material studies since the toxicities and costs are not

physical properties and relatively evaluated.

In the final screening step, first-principles calculations were performed to calculate the

structures, band gaps, carrier effective masses, and exciton binding energies of the 500 AA'BB'X3X';

double perovskites. The band gaps predicted by machine learning, estimated costs, optimized

structures, and semiconductor properties as calculated by density functional theory (DFT) for the 500

candidates are listed in Table S4 (see Supplemental Material), and the computational details are

summarized in the Supplemental Material. From among the 500 candidates, the 24 most promising

AA'BB’X;X’; double perovskites were identified and are listed in Table 2 along with their band gaps,

costs, structural properties, hole and electron effective masses, exciton binding energies, and

theoretical PCEs. The 24 perovskites identified meet the following criteria: (1) a cubic or pseudo

cubic optimized structure with Bravais lattice vector length ratios of 1.90 < |a|/|b|] < 2.10, 1.90

< la|/|c|] < 2.10, and 0.95 < |b|/|c|] < 1.05, and angles between the Bravais lattice vectors of

89.0° < a,B,y < 91.0°% (2) a hole and electron effective mass of less than 1.00 a.u.; and (3) equal

direct band gap and indirect band gap values. Of the 24 perovskites identified, five are organic

tin-halide hybrid perovskites such as methylammonium tin iodide (MASnl;) and formamidinium tin

iodide (FASnl3). These organic tin-halide hybrid perovskites are well-known and are already

employed as alternative perovskites in PSCs. Their identification reproduces the results of alternative
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experimental perovskite searches in recent years, and suggests that our material search scheme is a

very reliable method. In addition, sodium-, potassium-, and ammonium-based multi-A-cation

tin-halide perovskites that have not been reported in previous studies, namely, KMASn,Brg,

KMASI’lzBI'3I3, KMASIlzI6, KNH4SH2BI‘6, KNH4SII2BI'3I3, KNH4SI]216, and NaNH4Sn216, WwEre

identified. Furthermore, 10 inorganic tin-halide perovskites, namely, KSnBr;, K,Sn,;Br;l5, K,Sn,Clsl;,

KSnl3;, NaKSn;Brs, NaKSn,Brs;l;, NaKSnyls, Na,Sn,Bril;, Na,Sn,Clzl;, and NaSnlz, are first

reported in this study. These perovskites contain the well-known tin-halide framework. Therefore,

the existence of these perovskites is easy to imagine. In addition to the tin-halide perovskites, two

novel inorganic perovskites were identified. One is a copper-halide-based perovskite, CaSrCu,ls, and

the other is a sulfide perovskite, CaBaMnNbS¢. These perovskites include divalent A- and A’-cations

and transition metals as the B- and B'-cations. The compositions are significantly different from

those conventionally used in the PSC field, and they have not been investigated as PSC materials.

However, we expect that CaSrCu,ls, CaBaMnNbSg, and similar perovskites will show appropriate

properties for use as solar cell materials.

For the novel organic-inorganic tin-halide, inorganic tin-halide, CaSrCu,ls, and

CaBaMnNbS; perovskites, more detailed examinations are needed to investigate the thermochemical

stabilities, light absorbance, and levels of CBM and VBM. Table 3 lists the formation enthalpies

calculated by PBE + U with FERE, band gaps calculated by the HSE06 functional, gap types, and

levels of CBM and VBM relative to the vacuum level for the novel perovskite candidates. In addition,
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Figure S3 illustrates the imaginary parts of the frequency-dependent dielectric function

corresponding to the light absorption spectra for each novel perovskite. Notably, the HSE06

functional might seriously underestimate the band gaps of CaSrCu,ls and CaBaMnNbS¢ because of

the strong electron correlations of Cu and Mn atoms. The formation enthalpies are exothermic for all

novel perovskites, and the candidates discovered in this study can be thermochemically stable as

perovskite structures. All novel organic-inorganic tin-halide and inorganic tin-halide perovskites

show direct band gaps and are expected to have relatively large light absorption coefficients in the

visible light region (see Figure S3). However, the band gaps calculated by HSE06 are smaller than

those predicted by machine learning. Therefore, the HSE06 calculations might underestimate the

band gaps of the novel organic-inorganic tin-halide and inorganic tin-halide perovskites. By contrast,

for the CaSrCu,ls and CaBaMnNbSg perovskites, the gap types are indirect band gaps, and the light

absorption coefficients are expected to be relatively small (see Figure S3). However, CaSrCu,ls and

CaBaMnNbSg perovskites show thermochemical stability and small effective masses of electrons and

holes. These characteristics are related to high carrier mobility. Therefore, CaSrCu,ls, CaBaMnNDbSg,

and similar perovskites can be expected as potential candidates for photovoltaic materials, and we

suggest that experimental studies are needed for these novel perovskites.
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Conclusion

In this study, we examined if promising alternative perovskites with low cost, low toxicity,

and high photovoltaic performance exist. To investigate this efficiently, a high-throughput material

search scheme based on materials informatics was developed and applied to the screening of

28,125,225 AA'BB'X3X'; double perovskite candidates. This scheme systematically considered not

only the semiconductor properties of the candidates (such as the band gap and carrier effective mass)

but also the feasibility of their synthesis, toxicity, and cost, which have rarely been considered in

previous studies. This study used a combination of informatics strategies based on experimental

databases and a newly built theoretical database.

To accelerate the material search, the synthetic feasibility, toxicity, and cost were estimated

from elemental and atomic information. Furthermore, band gaps were predicted by an SVR machine

learning model with a Gaussian kernel. The machine learning model was trained on the experimental

band gap data of 282 perovskites. We believe that this dataset will be useful in follow-on studies in

material research. Our high-throughput material search scheme can systematically consider the

physical properties, toxicity, and cost, and can be modified for use in other material searches. For

example, it could be extended to search for novel perovskite materials for the water-splitting

photocatalytic reaction by simply changing the band gap screening criteria. Our work represents a

pioneering material search method based on materials informatics that can consider various criteria

with the aim of identifying materials for practical applications.
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Through the materials search scheme, 24 promising candidates were discovered from

28,125,225 AA'BB'X;X'5-type compositions. Among the 24 discovered perovskites, 22 candidates

were tin-halide perovskites, five of which are already well-known and employed as alternative

materials for PSCs. Their identification is consistent with the results of recent experimental studies

[7,8,59-61] and confirmed the reliability of our material search scheme. Novel sodium, potassium,

and ammonium-based tin-halide perovskites were also identified. Therefore, we propose that not

only MA-, FA-, and caesium-based perovskites but also sodium-, potassium-, and ammonium-based

perovskites represent promising alternative PSC materials. In addition to the tin-halide perovskites,

two novel transition-metal-based perovskites, CaSrCul¢ and CaBaMnNbSs, were identified.

Therefore, the answer to the question, “Do promising alternative perovskites other than tin-halide

perovskites exist?” is “yes.” We report that there are alternative perovskites other than tin-halide

perovskites that show low toxicity, low cost, and high performance as PSCs from the standpoint of

materials informatics. This result represents valuable information to guide experimental alternative

perovskite searches.
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428  Table 1. Averaged R values for training set RZ.,in and test set RZ, and root mean squared error

429  (RMSE) in test set for each band-gap prediction model.

Regression model Ri.n RZEs RMSE
MLR 0.46 0.36 1.11
Ridge regression 046 0.37 1.10
Lasso regression 0.45 0.36 1.11
SVR with linear kernel 043 0.34 1.12

SVR with Gaussian kernel  0.89  0.65 0.81

GPR with Gaussian kernel  0.90 0.58 0.89

430
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431

432

433

Table 2. Band gap predicted by machine learning (Eg), estimated cost, Bravais lattice vector length ratios (|al/|bl, [al/|c|, and [b]/|c|),

angles between Bravais lattice vectors (o, B, and y), electron effective mass mg, hole effective mass my,, exciton binding energy E}, and

theoretical PCE of 24 most promising perovskites identified.

Perovskite Eg/eV Cost/$ mol™ |a|/|b| la|/|c| |bl/|c| a/degree B/degree  y/degree  mi/au. myp/au.  Ey/meV  PCE/%
CaBaMnNbSg 2.18 194 1.91 1.91 1.00 90.0 90.0 90.0 0.55 0.62 0 13.6
CaSrCuyl, 1.81 171 2.00 2.00 1.00 90.0 90.0 90.0 0.36 0.45 10 19.1
FASnl; 1.51 122 1.96 2.00 1.02 90.0 90.0 90.1 0.84 0.10 4 222
KSnBr; 1.92 159 2.00 2.00 1.00 90.0 90.0 90.0 0.79 0.09 9 174
K,Sn,Br3l3 1.13 179 1.98 1.98 1.00 90.0 90.0 90.0 0.81 0.07 0 22.1
K5Sn,Cl;31; 1.75 167 1.98 1.98 1.00 90.0 90.0 90.0 0.98 0.13 5 19.8
KSnl; 1.14 198 2.00 2.00 1.00 90.0 90.0 90.0 0.74 0.08 2 22.1
KMASn,Brg 1.99 121 1.99 2.00 1.00 90.5 90.0 90.0 0.94 0.15 33 16.4
KMASn;Br;l; 1.17 141 1.98 1.98 1.00 90.2 90.3 89.9 0.97 0.13 14 222
KMASn,lI¢ 1.16 160 2.00 1.99 1.00 90.4 90.0 90.0 0.81 0.11 9 222
KNH,4Sn,Brg 1.97 121 2.00 2.00 1.00 90.2 90.0 90.0 0.83 0.08 1 16.7
KNH;Sn,Br3l3 1.14 140 2.00 1.99 1.00 90.8 90.1 90.0 0.79 0.08 0 22.1
KNH,4Sn,lg 1.12 160 2.00 2.00 1.00 90.1 90.0 90.0 0.72 0.07 0 22.0
MAFASn,ls 1.39 122 1.98 1.98 1.00 90.1 89.4 90.0 1.00 0.09 2 23.0
MA,Sn,;Br;l3 1.33 103 1.99 1.97 0.99 90.4 90.0 90.1 1.00 0.13 13 22.9
MA,Sn,Cl3l; 1.96 91 1.96 1.96 1.00 89.9 89.8 90.5 0.88 0.12 11 16.8
MASnI; 1.29 122 2.00 1.98 0.99 90.3 90.0 90.0 0.78 0.15 16 22.3
NaKSn,Brg 1.94 126 2.00 2.00 1.00 90.0 90.0 90.0 0.78 0.07 0 17.2
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434

435

NaKSn,Br;15
NaKSn,l,
Na,Sn,Br;l;
Na,Sn,Cl;15
NaSnl;
NaNH4Sn,l¢

2.12
1.54
1.48
1.92
1.86
1.22

135
138
112
100
147
126

1.99
2.00
2.00
1.99
2.00
2.00

1.99
2.00
2.00
1.99
2.00
2.00

1.00
1.00
1.00
1.00
1.00
1.00

90.0
90.0
90.0
90.0
90.0
90.1

90.0
90.0
90.0
90.0
90.0
90.0

90.0
90.0
90.0
90.0
90.0
90.0

0.86
0.73
0.81
0.91
0.72
1.00

0.18
0.07
0.18
0.15
0.07
0.07

13

22

14.5
21.9
223
17.4
18.3
223
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437

438

Table 3. Formation enthalpies, direct band gap, indirect band gap, gap type, and levels of CBM and VBM relative to vacuum level of 19 novel

perovskites identified.

Perovskite Formation enthalpy / kJ mol”’  Direct band gap/ eV Indirect band gap/eV Gaptype CBMlevel/eV VBM level / eV
CaBaMnNbS, -1664 0.55 0.00 Indirect -4.63 -4.63
CaSrCuyls -1125 0.65 0.08 Indirect -4.88 -4.97
KSnBr; -610 0.70 0.70 Direct -5.04 -5.74
K,Sn;Br;l; -1053 0.39 0.39 Direct -5.01 -5.40
K2Sn,Cls1; -1161 0.46 0.46 Direct -5.31 -5.77
KSnlj; -458 0.46 0.46 Direct -4.80 -5.26
KMASn;,Brg -1158 0.95 0.95 Direct -5.53 -6.48
KMASn,Br;l; -1002 0.56 0.56 Direct -5.51 -6.08
KMASn;I6 -878 0.54 0.54 Direct -5.33 -5.87
KNH4Sn,Brg -1117 0.51 0.51 Direct -5.76 -6.27
KNH4Sn,Br;l3 -960 0.29 0.29 Direct -5.66 -5.95
KNH4Sn;l¢ -828 0.32 0.32 Direct -5.45 -5.77
NaKSn,Brg -1075 0.49 0.49 Direct -5.23 -5.72
NaKSn;Br;3]; -919 0.51 0.51 Direct -5.04 -5.55
NaKSn,lg -785 0.37 0.37 Direct -4.93 -5.29
Na,Sn,Br;l; -821 0.66 0.66 Direct -5.05 -5.71
Na,Sn,Cls1; -941 0.51 0.51 Direct -5.27 -5.78
NaSnl; -327 0.24 0.24 Direct -5.07 -5.32
NaNH4Sn;l -699 0.20 0.20 Direct -5.60 -5.80
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439  Figure Caption

440
ay. | B o
Vie® V] :,? Data set containing
282 double perovskites
80% l (l) Random 20%
Training set Test set
2 Raudoml
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1 60% 40%
10 60% 40%
Cross validation l Test
Machine learning model : (D Preprocess — (@ Regression
) -
Rtrain Réest
441

442  Figure 1. Training and test processes for machine learning models for band gap prediction.
443  Percentages in figure are split ratios for each set. Random seed for (1) Random was changed every

444  time in 50 iterations, and random seed for (2) Random was fixed in the iterations.
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(a)
18 A & A’-cations : 85 B & B’-cations :
Li*, Be*, Na*, Mg2, K+, Ca> || B, C¥, N, N5, AP+, Si*, P3, P5*, Sc™, Ti¥*, Ti*,
Sc¢3t, Rb™, Sr¥7, Y3, Cs*, Ba? || V3, V¥, Vo7, Cr27, Crt, Crf, Mn?*, Mn?", Mn”", Fe?",
La*', NH,', MA, FA, MFA, GA || Fe', Co?', Co*', N2, Ni¥', Cu', Cu2', Zn?', Ga*', Gie?,
AS™, Y3, Zr*, Nb**, Mo®, Ru™, Ru*, Rh**, Rh*, Pd?",
- . + (d2+ 3+ 2+ 4+ b3+ La3+ CCSH Cc4+ Pr3+
9 X & X’-anions : Ag’, Cd», In™", Sp*, 5o, 8b™, La*, Ce*, Co, Pr™,
N&', Sm', Eu?', Eu¥', G&#', Tb*', Dy*', Ho"', Er®/,
O, F-, 8%, CI, 8¢, Br, Te?, I, Tm?3', Yb3', Lud', Hf*', Ta’', W6', Re#', Re>', Re7', Os#',
BI, Os¥%, I, I, P>, Pt**, Au*, Au®, Hg*, Hg?", TI, TI?,
Pb?, Pb*, Bi**, Bi*™

(15C+ 18) X (35C, + 85) X (;C,+ 9)
= 28,125,225 AA’BB’X, X", double perovskites

445

(b)

28,125,225 ANBB'X; X",

Step 1 : Screening by synthetic feasibility

128,357 AA'BB’X, X",
|Step2:Screeningbybandgapprecﬁcﬁon |

~-

10,918 AABB’X; X,

Step 3 : Screening by toxicity & cost prediction
500 AABB’X;X’,

Step 4 : First-principle calculations & PCE estimation |

24 ANBB'X;X;
Identification of promising
AA'BB’X,;X’,; double perovskites
446

447  Figure 2. (a) lon library for each site, and number of possible AA'BB"X3X';s compositions using the
448  library. (b) Diagram of novel AA'BB'X3X’; double perovskite search scheme.
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