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splitting using machine learning
and molecular dynamics
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Hybrid organic–inorganic halide perovskites (HOIPs) have garnered significant attention in many opto-

electronic applications due to their high efficiency and tunable bandgaps. However, their application in

the field of solar water splitting remains largely unexplored, attributed to their instability in aqueous

environments and the fact that their valence and conduction band edges fail to straddle the redox

potential of water, which prevents unbiased solar water splitting. To address this, various machine

learning (ML) regression models are employed in this work to predict the band gap and band edge

values for 3D-HOIPs that are critical for solar water splitting applications. Application-driven screening

identified 21 potential lead-free perovskites with a statistically calculated STH efficiency of Z10%. In

addition, density functional theory (DFT) and ab initio molecular dynamics (AIMD) simulation highlighted

the structural and aqueous stability of the selected HOIP, namely FmSnI2Br, with the bandgap close to

the ML predicted value, making it suitable for water splitting applications.

Introduction

The depletion of fossil fuels and climate change have driven
society to seek renewable energy sources, with hydrogen energy
being a key focus.1 One of the sustainable methods for produ-
cing ‘‘green hydrogen’’ is through photoelectrochemical (PEC)
or solar water splitting, which uses solar light to split water
into hydrogen (H2) and oxygen (O2), using a semiconducting
photoelectrode.2 This approach offers a cheaper alternative to
electrolyser-based methods but faces challenges of low effi-
ciency and therefore lacks commercialization. Recently, hybrid
organic–inorganic halide perovskites (HOIPs), especially lead-
based surface-protected HOIPs, have been explored as promis-
ing photoelectrodes for PEC, due to their high absorption
coefficient, easy solution processed synthesis and engineerable
electronic structure properties.3 Such tunable properties based
on compositional engineering in HOIPs make them well sui-
table for solar water splitting applications.4,5

Fundamentally, an efficient photoelectrode requires not
only the optimal band gap but it should also exhibit a favour-
able band alignment, which straddles the redox potentials of
water. Specifically, this means the valence band edge of the
photoelectrode should lie below B0.815 V and the conduction
band edge above B�0.414 V versus the normal hydrogen
electrode (NHE, pH = 7). Beyond energetic alignment, practical
deployment of HOIP photoelectrodes demands long-term sta-
bility in aqueous environments and solar to hydrogen (STH)
efficiency 410% to be commercially viable.2 Along with these
criteria, toxic-free and cost-effectiveness are other crucial fac-
tors for commercialization. In this context, 3D-HOIPs are more
suitable due to their larger absorption coefficients and lower
band gaps over their low dimensional counterparts, allowing
them to capture a broader spectrum of sunlight, which is vital
for optimizing energy harvesting and conversion processes.6

Unfortunately, the currently explored regime of 3D-HOIP photo-
electrodes for PEC applications has been limited to ABX3 with only
A = MA+ and FA+, B = Pb2+ and X = I� and Br�, where MA+ and FA+

cations start to degrade rapidly when they are in contact with
water.7 Although some organic cations show native hydrophobic
nature, they are less explored for the PEC application and this
indeed highlights the need to explore novel aqueous stable organic
cations in HOIPs for PEC applications.

In order to explore new cation based HOIPs, either experi-
mental routes or density functional theory (DFT) calculations
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are required for material property analysis. Both of these
approaches are trial-and-error based, which could be both time
and resource consuming. In this regard, machine learning (ML)
emerges as a novel and efficient solution, capable of rapidly
exploring the vast compositional and structural space of
HOIPs.8 Earlier, ML models have been trained on target proper-
ties such as band gaps or photoconversion efficiency (in the case
of solar cells) and subsequently applied to novel compositions for
prediction, thereby accelerating the materials designing that meets
specific requirements.9 For example, the first report on lead-free
3D-HOIPs accelerated by ML was published by Lu et al., employing
the gradient boosting regression (GBR) algorithm, to predict the
band gap values of 5156 possible candidates for photovoltaics.10

This breakthrough triggered a surge in predicting various proper-
ties of halide perovskites, including the prediction of their band
gap through structure–property relationship,11–14 ferroelectric
properties,15,16 formation energy,17–20 the efficiency of perovs-
kite solar cells21–23 and so on. Recently, Agarwal et al. predicted
properties such as decomposition energy, band gap and photo-
voltaic efficiency by integrating Wasserstein generative adver-
sarial networks (WGANs) with random forest regression for
multicomponent halide perovskite discovery.24

But one of the primary concerns related to HOIPs is that, for
various reasons, the exploration in the 3D realm has largely
been confined to ‘triple-cation-mixed-halide’ perovskites,
FAxMAyCs1�x�yPbaSn1�aBrmClnI1�m�n,25–28 both in experi-
mental studies and through ML acceleration, with only a few
reported literature studies investigating other possible
alternatives.10,29,30 Secondarily, even though, interest has been
shown on several perovskite property predictions, the determi-
nation of band edge values for lead-free 3D-HOIPs, which is a
crucial factor for solar water splitting applications, is yet to be
explored using ML approaches. In this context, Biswas et al.
calculated the valence band maximum (VBM) and conduction
band minimum (CBM) values of perovskites for solar water
splitting purely grounded on Mulliken’s electronegativity based
empirical formula without indulging any ML studies for band
edge predictions.31 Recently, Yang et al. trained ML models on
empirically derived band edge values reported by Nakajima T
and Sawada K based on the same Mulliken’s electronegativity
formula.32,33 In the latter report, the statistically calculated
band edge values were manually shifted to match the experi-
mentally observed values based on the A-site cations (MA+, FA+

and Cs+) of the HOIP system, by compromising the accuracy
and reliability of the results. Therefore, as per our current
knowledge, there remains no single report on the exact ML-
predicted VBM and CBM values of emerging semiconductors,
specifically perovskites for optoelectronic applications, marking a
significant gap in the literature, and this represents a fundamental
bottleneck in the available literature studies.

To overcome the above-mentioned research gaps, we have
predicted the band gap and band edge values of lead-free 3D-
HOIPs, using classic ML regression techniques such as GBR,
random forest regression (RFR), decision tree regression (DTR),
extreme gradient boosting (XGB) and genetic programming
symbolic regression (GPSR). Specifically, GPSR is an interpretable

ML approach that elucidates the black-box model by generating
physics-inspired mathematical expressions. While symbolic
regression (SR) has been explored in perovskite solar cells,34

OER activity,35 and PEC photovoltage stability,36,37 its applica-
tion remains largely unexplored. To the best of our knowledge,
this is the first attempt to predict valence and conduction band
edge values of 3D-HOIPs using relatively simple, data-driven
ML techniques, such as GBR and GPSR, grounded in experi-
mental measurements.

By leveraging this predictive power, we navigated the com-
positional space of 3D-HOIPs and conducted a systematic
screening, ultimately identifying 21 promising compositions
with mixed halides that meet key criteria for solar water
splitting, especially favorable band gap, band edge values, and
statistically estimated PEC efficiency. One of the compounds was
selected based on the promising band gap and STH efficiency
value and validated for the structural stability and band gap value
through DFT calculations. Building on this validation, ab initio
molecular dynamics (AIMD) simulations were performed to assess
the aqueous stability of the selected material, confirming
its suitability for practical deployment in solar water splitting
applications.

Methodology
ML training for bandgap prediction

Dataset preparation. In this study, the input data set con-
taining 869 HOIP data points was collected and merged from
two different datasets reported in the literature, with additional
data points individually gathered from the research articles,
mainly focusing on compounds with ABX3 composition (for
more details refer SI, Note S1). Out of the total data considered
for training, approximately 76.5% are from the experimentally
reported literature, while the remaining B23.5% are from
computational sources. It should be noted that, while removing
the duplicated entries, experimentally reported bandgaps were
prioritized and this led to a total of 818 unique datapoints. The
dataset was then randomly split into training (80%) and testing
(20%) sets, with normal distribution curves confirming appro-
priate partitioning (Fig. S1, SI).

Model training

Next to dataset preparation, a unique set of physical or
chemical attributes that can either indirectly or directly corre-
late with the target property (band gap in this case) should be
defined for each data point in the input dataset, known as
‘‘features’’ or ‘‘descriptors’’.9 Although ‘n’ number of such
features can be used to define the target property, it is recom-
mended that their number be significantly lower than the input
dataset to mitigate the curse of dimensionality.29 Initially, 82
highly influential elemental features such as electronegativity,
ionic radii, tolerance factor, the choice of halides and their
proportional combinations and crossovers (arithmetic operators
of addition, subtraction, multiplication, and ratios applied over
features) are considered as in Table S1, SI.15 The constructed
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dataset is now trained using four distinct supervised regression-
based ML algorithms: gradient boosting regression (GBR),
random forest regression (RFR), decision tree regression (DTR),
and extreme gradient boosting (XGB). During the training, the
performance of each regression algorithm was assessed using the
evaluation metrics, namely, coefficient of determination (R2) and
root mean squared error (RMSE) (the details can be found in Note
S2, SI). After the identification of a suitable algorithm based on
the evaluation metrics, hyperparameter tuning was performed
using exhaustive grid search, followed by a ‘forward selection
strategy’, a feature engineering step to forecast an optimal feature
set which involves starting the loop with features from scratch and
iteratively adding one feature at a time that improves the model’s
performance, continuing until further additions no longer lead to
significant improvement. Once again highly correlated features
were eliminated as a secondary refinement process. With this, the
trained model is used to make predictions over the prediction
dataset with the band gap as its primary target property.

ML training for band edge prediction. The ML training for
band edge prediction was similar to band gap, based on the
RFR, DTR, GBR and XGB algorithms with a train-test split of
90 : 10 (Fig. S2, SI), for the gathered 119 experimental data-
points reported in the literature26 and the previously con-
structed feature set with 82 features. From the experimental
domain, it is well understood that the band gap highly influ-
ences the position of band edges to a greater extent. Therefore,
the addition of band gap resulted in a total of 83 features.
At this point, it is crucial to mention that the band gap (Eg)
values utilized in the band edge prediction dataset were those
estimated by our XGB model. Furthermore, with the help of

evaluation metrics, a suitable algorithm was chosen with RMSE
as a primary deciding metric. In addition, exhaustive grid
search hyperparameter tuning and a ‘forward selection strat-
egy’ were carried out for potential noise reduction in the model,
similar to the work flow of band gap prediction in this work.
To increase the prediction accuracy, a GPSR model was also
trained for the same dataset in an attempt to gain insights over
the black box model of ML.

Prediction dataset. To enhance the model’s predictive capa-
city, the chemically diverse space of HOIPs was expanded to
include 29 A-site cations, selected based on available ionic
radius data.29,38 The 29 monovalent A-site cations are shown
in Fig. 1 and their corresponding ionic radii gathered from the
literature are tabulated in Table S2, SI. For the B-site, only
divalent cations, strictly satisfying the criterion of having a
reported ionic radius for a +2-oxidation state and six-fold
coordination in Shannon’s ionic radii database, were taken
into account, leading to 30 distinct elements across the peri-
odic table. In addition, a total of 20 different permutations of
halides have been considered for the X-site, as seen in Fig. 1.
Finally, a database comprised of 17 400 HOIP molecules was
constructed for prospective investigation as potential candi-
dates, considering that the initial 818 training compounds are
well studied.

Computational details. All first-principles calculations were
performed within the framework of spin-polarized density
functional theory (DFT) using the Vienna Ab initio Simulation
Package (VASP) which inherently employs periodic boundary
conditions (PBC).39,40 The interactions between valence electrons
and ionic cores were treated using the projector augmented wave

Fig. 1 Overall chemical space composition of the ABX3 perovskite structure in the prediction dataset with 29 A-site organic cations, 30 B-site cations
and 20 different combinations of halide anions.

Journal of Materials Chemistry C Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 3

1 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 4
/2

2/
20

26
 1

2:
17

:4
2 

A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6tc00296j


J. Mater. Chem. C This journal is © The Royal Society of Chemistry 2026

(PAW) method. The generalized gradient approximation (GGA)
with the Perdew–Burke–Ernzerhof (PBE) exchange–correlation
functional was employed to describe electronic interactions.41

An energy cutoff of 520 eV was used for the plane-wave basis
set. Structural optimization was carried out using a convergence
criterion of 1 � 10�8 eV for electronic self-consistency and
0.001 eV Å�1 for ionic forces. A 2 � 2 � 2 G-centered
Monkhorst–Pack k-point mesh was used for geometry optimiza-
tions. The convergence threshold for total energy was set to 10�8 eV.
Dispersion interactions were accounted for using the DFT-D3
method with Becke–Johnson damping.42 For electronic struc-
ture analysis, including density of states (DOS) and band
structure calculations, static runs were performed using a
denser 9 � 9 � 9 k-point mesh. The band structure was
calculated along high-symmetry paths in the Brillouin zone
generated using VASPKIT.43

Ab initio molecular dynamics (AIMD) simulations were per-
formed on a slab model for the selected HOIP, cleaved along
the (001) crystallographic direction.44 The slab consisted of
three inorganic B–X octahedral layers, while maintaining the
stoichiometric arrangement of the organic cations within the
perovskite framework. The exposed surface was terminated by a
halide rich layer, representing a stable termination for halide
perovskites. A vacuum region of 15 Å was introduced along the
‘c’ direction (surface-normal direction) to avoid artificial inter-
actions between periodic slab images and this vacuum space
above the slab was filled with 40 water molecules, initially
distributed randomly to mimic a liquid water environment.
While for electronic structure calculations, PBC were applied in
all three spatial directions, for the AIMD simulations of the
hydrated interface, PBC were applied only in the in-plane
direction. AIMD simulations were carried out within the
Born–Oppenheimer approximation using the canonical (NVT)
ensemble. The ionic temperature was controlled using a Nosé–
Hoover thermostat at 300 K.45,46 The equations of motion were
integrated with a time step of 1 fs, and each trajectory was

propagated for 8000 steps (8 ps). To reduce computational cost,
the Brillouin zone was sampled only at the G-point during
AIMD. The electronic self-consistent field convergence thresh-
old was set to 10�4 eV, and Gaussian smearing with a width of
0.2 eV was applied to partial occupancies. All AIMD trajectories
were recorded for subsequent structural and dynamical ana-
lyses of the water–perovskite interface.

Results and discussion
Bandgap prediction

Upon evaluation of the results achieved by ML algorithms for
band gap training, it was observed that XGB outperformed the
other models (Fig. S3 and S4, SI) by attaining an outstanding R2

score of 0.998 and 0.989 on train and test sets with very low
error metrics by capturing non-linear relationships between
features and the target property (Fig. S5, S6 and Table S3, SI).
With accurate hyperparameter tuning (Fig. S7, SI), along with
feature reduction steps, namely, the ‘forward selection strategy’
(Fig. S8, SI) and ‘Pearson’s correlation coefficient-heatmap’
(Fig. 2(a)), an optimized feature set including 17 features was
achieved (Fig. 2(b)). These features are provided in Table S4 in
the SI, along with their respective importance scores. The
model’s performance is notably higher than the R2 scores
typically reported in the literature, for regression models
trained on perovskites, as can be seen from the comparison
table in Table S5, SI.

Feature importance and discussion. Fig. 2(b) presents the
feature importance ranking from the XGB model for band gap
prediction. The atomic density of X-site halogens emerged as
the most critical feature, with nearly a 50% importance score.
Recalling the high correlation (0.98) between halogen density
and atomic weight, where only density was retained, it becomes
clear that the selection of the X-site has a significant impact on
band gap values. This demonstrates that both the choice and

Fig. 2 (a) Pearson’s correlation heatmap and (b) feature importance ranking for the XGB trained model in band gap prediction.
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proportion of halides affect the band gap. The scatter plot from
Fig. S9(a), SI further shows that as atomic density increases, the
band gap decreases (i.e., F 4 Cl 4 Br 4 I), consistent with
experimental observations. This trend can also be linked to
electronegativity, where a higher electronegativity typically
results in a stronger ionic bond,47 which in turn would elevate
the band gap. For instance, fluorine (F�) tends to exhibit higher
band gaps, as shown in Fig. S10, SI, and is generally not
favoured in perovskite photovoltaics. In this intricate lattice
of perovskites, the B–X interaction is considered to be meta-
valent bonding,48 with the valence band maximum (VBM)
largely influenced by the antibonding interactions between
the B-site’s s-orbital and the X-site’s p-orbital. Conversely, the
conduction band minimum (CBM) emerges mostly from the
antibonding of the B-site’s p-orbital and partially from the
X-site’s s-orbital.49 This orbital interplay underscores why, after
the X-site, B-site features are pivotal, aligning with the ML
results where w(B + X) is ranked as the second most important
feature. From Fig. S8(b), SI, it becomes evident that as the
electronegativity (w) of (B + X) increases, so does the band gap.
For a specific band gap range, say 1.2–2.2 [eV], the corres-
ponding w(B + X) values cluster around 10.2–12.8 on the
Mulliken scale. Yang et al. used electronegativity in Pauling’s
scale and the electronegativity difference between (B–X) was
considered as the most important feature by the GBR algorithm
which is in good agreement with our model.27

Intriguingly, the third-ranked feature is w(A + X), which
challenges conventional wisdom that the A-site has only an
indirect influence on band gap prediction. While the A-site
might not engage directly with the electronic states in the same
way as the B and X sites, it plays a crucial role in shaping the
perovskite’s 3D framework. As seen in Fig. S8(c), SI, when w(A +
X) increases, the band gap follows it, mirroring the trend seen
with w(B + X). Also, from the correlation heatmap (Fig. 2(a)), no
strong correlation values were found between w(A + X) and other
features, ruling out the possibility for it to act as proxy. In prior
research conducted by Lu et al., the ionic polarizability of the
A-site was ranked as an even more critical feature than the
B-site features, with the recommendation to use weakly polar-
izable molecules in the A-site.10 As is known well, the term
‘polarizability’ is inversely related to electronegativity, which
reflects the ease with which an electron cloud can be distorted.
Also, it is well established that the A-site cation size influences
the octahedral tilt, which in turn imposes subtle changes in the
band gap, even if indirectly.50 When connecting these dots
together, it becomes clearly understandable that electronega-
tivity, polarizability, and ionic size are deeply intertwined.
Thus, it would be justifiable to conclude that w(A + X) with a
feature importance score of 8.28% might serve as a complex, yet
crucial indicator that captures nuanced aspects of the materi-
al’s behaviour, which other features alone do not fully account
for, thereby asserting its strong predictive power in the model.
Next is the ionic radii related feature, which is IR(B + X),
(Fig. S8(d), SI), showing an inverse relation with the bandgap,
which is an expected outcome. Take, for instance, MAPbI3,
where IR(Pb + I) equals 3.39 Å, reflecting the largest radii for

both Pb and I. This directly correlates with the findings for IR(B
+ X), where the optimal bandgap is observed for an ionic radius,
within a range of B2.49–3.39 Å, further validating the accuracy
of this feature in predicting bandgap behaviour. The features
discussed so far account for 92% of the model’s predictive
power, while additional features (Fig. S8(e–h), SI) such as
ionization energy, atomic weight of the B-site, and the octahe-
dral factor contribute to enhancing prediction accuracy and
serve as distinguishing factors among the features.

Band edge prediction. Along with an appropriate band gap,
the valence and conduction band edge positions of perovskites
relative to the redox potential of water are also crucial for solar
water splitting. Specifically, at pH 7, the conduction and
valence band edges should be r�0.414 V and Z0.815 V (vs.
NHE),51 respectively, straddling the water redox potential
scales. To determine the band edge positions (E(VBM,CBM)),
Castelli et al. used an empirical formula that primarily relies
on the Mulliken electronegativity of a neutral atom (eqn (1)),
provided the band gap of the molecules is known (eqn (2)).52

w AaBbCcð Þ ¼ wðAÞa � wðBÞb � wðCÞc
� � 1

ðaþbþcÞ (1)

EðVBM;CBMÞ ¼ wðAÞa � wðBÞb � wðCÞc
� � 1

ðaþbþcÞ�Eg

2
(2)

where a, b, and c correspond to the number of atoms of A, B, C
elements respectively in a chemical formula.53 This formula
predicts the band edge positions of inorganic perovskites,
though with minor accuracy limitations. When this formula
was extended to organic–inorganic perovskites by calculating
the electronegativity of A-site initially and then applying it in
the empirical formula with B- and X-site values in eqn (1), the
band edges for the compounds were obtained. Biswas et al.
used a similar approach to predict the band edge placements of
inorganic and mixed HOIPs.31 However, when compared to
reported VBM and CBM values for HOIPs in the literature, a
wider error range emerged, making this conventional formula
insufficient for screening. In the study conducted by Liu et al.,26

ratios of A-, B-, and X-sites from 114 mixed perovskites were
used as features, yielding RMSE values of 0.11 and 0.12 for CBM
and VBM training, with predictions on 5 unseen data points. As
the study focused on band gap estimation, further VBM and
CBM predictions were not conducted. For the above-mentioned
dataset with 119 data points, we performed ML studies to
predict VBM values using the same 82 features employed earlier
for bandgap prediction with Eg as an additional feature. Based
on the R2 and error values shown in Fig. 3(a) and (b), the GBR
model, which outperformed for both training and test sets
similarly, is chosen for further feature engineering (Table S6,
SI), with an RMSE of 0.13 (on the test set).

From the forward selection plot generated during feature
engineering (Fig. 3(c)), there was no significant improvement in
model performance when the number of features exceeded five.
Therefore, these five features: band gap (Eg), tolerance factor (t),
sum of ionic radii of B- and X-sites (IR(B + X)), sum of
electronegativity of B- and X-sites (w(B + X)) and atomic density
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of the X-site (AD(X)), were calculated for their feature impor-
tance (Fig. 3(d)) and were used for further VBM prediction.
Recalling that the VBM arises mainly from B- and X-site
antibonding interactions confirms the importance of ML-
extracted features. Next, to establish a clear analytical equation
linking the selected descriptors to the target property, in this
study, the genetic programming symbolic regressor (GPSR)
from the ‘gplearn’ library was employed to derive a numerical
relationship for predicting the VBM, based on the final features
selected from the trained GBR algorithm.54 The model achieved
convergence with an RMSE of B0.16, resulting in the formula
(eqn (3)):

EVBM = [0.451 � (Eg + t)] � IR(B + X) (3)

where Eg = bandgap, t = old tolerance factor, and IR(B + X) =
sum of ionic radii of B- and X-sites (Table S7, SI). With the
derived formula, predictions on VBM values were made for
17 400 compounds and then CBM values were calculated using
XGB predicted band gap values.

Table S8, SI observation reveals that GBR, GPSR and empiri-
cal formula methods for band edge predictions do not consis-
tently perform well for every compound. The GBR model
performs well for some compounds while GPSR model predicts
accurately for others. To address this inconsistency, values from

all three methods were averaged. These averaged band edge values
were further considered for the materials screening.

Materials screening

Identifying suitable candidates for PEC water splitting requires
not only meeting target properties but also adhering to struc-
tural criteria, which is essential for a stable 3D framework and
efficient charge carrier dynamics.55 Primarily, the dataset was
screened out to 152 viable candidates as shown in Fig. 4,
by applying key criteria, including charge neutrality, bandgap
(1.23–2.2 eV),56 and structural stability parameters, namely, the
old tolerance factor (t = 0.8–1),38,57 octahedral factor (m = 0.414–
0.732), and new tolerance factor (t o 4.18),58 to facilitate the
screening of 3D-HOIPs without significant octahedral distortion.
These criteria highlighted the importance of A-site cations with
ionic radii between 2.16–2.58 Å and 40.9 Å for B-site and excluded
compounds with crystallographic instabilities or unsuitable ionic
radii, ensuring the selection of stable 3D HOIPs.

Being done with crystallographic stability, the next step
involved applying valence and conduction band edge criteria.
VBM values were first converted from the absolute vacuum
scale (AVS) to the NHE scale using eqn (4):

�EAVS = ENHE + 4.44 V (4)

Fig. 3 (a) Comparison of R2 scores and (b) loss functions obtained for different algorithms. (c) Visualization plot for the forward selection strategy and (d)
feature importance plot for band edge prediction.
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where EAVS is the energy at AVS and ENHE is the energy at the
NHE scale.59,60 After conversion, compounds with a VB edge
Z0.815 V and a CB edge r�0.414 V were retained, considering
their suitability for solar water splitting, narrowing the dataset
to 144 compounds. Toxic elements (Pb2+, Pd2+, Cd2+, and Hg2+)
were then excluded, reducing the selection to 81 viable 3D
HOIPs, featuring 8 unique A-site and 3 unique B-site cations
with varying halide combinations. Out of the 3 B-site cations
namely Ag2+, Sn2+ and Bi2+, the practical existence of Bi in the
+2 state is still experimentally difficult and hence compounds
with Bi2+ were eliminated resulting in 53 compounds.

The solar to hydrogen (STH) conversion efficiency (Z), being
a key parameter for PEC, is statistically calculated for the
remaining HOIPs excluding the repeatability of compounds
from the training dataset (refer Note S3, SI for calculation
details)31,61 with 21 compounds exhibiting the commercial level
estimated PEC efficiency of Z10% as shown in Fig. 5. The band
alignments for the final 21 3D-HOIPs are shown in Fig. 6, with
respect to the NHE scale, with all the HOIPs exhibiting band
edges that straddle the redox potential values of water, and
their band edge values are also tabulated in Table S9, SI. The
material with the highest efficiency, 23.14%, is MPSnBr2I (MP =
methylphosphonium). Very recently, Zhang et al. and their
group have experimentally investigated MPSnI3 and MPSnBr3,
reporting bandgaps of 1.43 eV and 2.62 eV, respectively, which
were not included in our training dataset.62,63 Our ML model
predicts corresponding bandgaps of 1.30 eV for MPSnI3 and
2.00 eV for MPSnBr3, confirming its effective predictive capability.

Model validation

Density functional theory. Since MP+, MA+ and other cations
like Hz+, HA+, PA+ and Az+ have already been reported
experimentally,64–68 the next material of interest in this study
is FmSnI2Br (CHONH3SnI2Br), with a calculated efficiency of
19.79% and a ML predicted band gap of 1.47 eV. To the best of

our knowledge, the above selected material stands as an
experimentally unexplored organic cation in the A-site chem-
istry of HOIPs. For the above selected material, a case study was
conducted to gain more insights into its electronic, structural
and aqueous stability. Initially to check for structural stability
using DFT calculations, the orthorhombic phase of MASnI3,
serving as the structural prototype, was taken and optimized.
The calculated lattice constants (a = 8.37 Å, b = 12.54 Å, c =
8.77 Å) were found to be consistent with previously reported
values,69 and the structure maintained the integrity of the
corner-sharing [SnI6]2� octahedral framework without any dis-
tortion (Fig. S11, SI). This optimized MASnI3 structure was then
used as a reference to construct the target system by substitut-
ing the A-site cation and halide atoms accordingly. A key
consideration in halide substitution was the choice of position:
axial vs. equatorial within the octahedral network. Both sub-
stitution modes were modelled and evaluated energetically. It
was observed that equatorial substitution consistently resulted
in lower total energies after relaxation, indicating it to be the
thermodynamically favorable configuration. The system was
therefore constructed with equatorial halide substitution and
subsequently optimized. The optimized lattice parameters are
a = 8.31 Å, b = 11.83 Å, and c = 8.66 Å for the FmSnI2Br system.
The results reveal only minor variations in lattice constants
compared to MASnI3, indicating that the substituted systems
retain the overall orthorhombic perovskite framework, without
significant structural distortion as shown in Fig. 7(a). This
suggests that the chemical modifications did not compromise
the structural stability of the base lattice. After structural
optimization, self-consistent computations were carried out to
examine the band structure and electronic density of states.
With a DFT-calculated band gap of 1.48 eV, which is in excellent
agreement with its ML-predicted value, FmSnI2Br (shown in
Fig. 7(b)) is found to be a desirable direct bandgap system for
optoelectronic applications. It is important to note that
although the inclusion of spin–orbit coupling (SOC) generally
improves the accuracy of the calculated band-gaps, it was not
included in the present work. Because in halide perovskites,

Fig. 4 Hierarchical screening of HOIPs for PEC water splitting application.

Fig. 5 Estimated STH efficiency values plotted against the predicted
bandgap.
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SOC effects are particularly significant in Pb-based HOIPs,
where they can reduce the band gap by B1 eV, whereas
Sn-based systems exhibit a comparatively smaller effect (B0.3–
0.4 eV).70,71 Since the DFT calculations in this study were
primarily intended to validate the trends predicted by the ML
model rather than to obtain quantitatively precise band-gap
values, the omission of SOC is not expected to affect the overall
conclusions. Moreover, including SOC would significantly
increase the computational cost.

From the DOS plot, the O-(p) states appear near the con-
duction band edge together with the dominant Sn-(p) contri-
bution. This feature is particularly noteworthy because most
reported HOIPs do not include oxygen within the A-site
environment, and it is generally observed that the electronic
states associated with organic A-site cations lie several electron
volts below the VBM.72 The presence of O-derived states near
the band edge therefore reflects a distinct electronic con-
figuration arising from this mixed-halide, oxygen-containing
framework and points to an interesting direction for further
investigation. In addition, Fig. 7(c) shows that the absorption

onset begins approximately at 1.5 eV, which is in good agree-
ment with the DFT calculated electronic band gap of 1.48 eV
discussed earlier. The absorption coefficient near the onset is
on the order of 43.5 � 104 cm�1 and increases rapidly with
increasing photon energy, reaching values on the order of
105 cm�1 in the visible region and 106 cm�1 in the ultraviolet
region. Such absorption coefficient values are characteristic of
well-established Sn-based perovskites and are consistent with
the previously reported literature,73,74 highlighting the strong
light-harvesting capability of the material. Thus, with DFT
calculations validating the electronic structure of FmSnI2Br, it
is further assessed for its behavior in an aqueous environment
with the help of AIMD simulation.

AIMD simulation. The structural and dynamical response
of the mixed-halide tin perovskite (FmSnI2Br) under hydration
was investigated using AIMD. A slab model containing the
inorganic framework (SnI2Br) and organic moieties in stoichio-
metric proportion was exposed to 40 water molecules in
the vacuum region, and the trajectory was propagated for 8 ps
(8000 steps) under near-ambient conditions. This set up is

Fig. 6 Band alignments of the top 21 HOIPs with Z Z10%.

Fig. 7 (a) Structure of optimized FmSnI2Br, (b) band structure of FmSnI2Br, and (c) calculated absorption coefficient plot.
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intended to probe the early-stage aqueous interaction between
water molecules and the perovskite surface and to examine
possible initial surface infiltration events. Because, in the
context of solar water splitting, the perovskite surface is directly
exposed to the aqueous environment, and it is this surface–
water interface that governs the initial structural distortions,
which can subsequently evolve into more extensive degradation
of the perovskite. Here, the trajectories show rapid formation
of hydrogen bonds between water molecules and surface halide
ions, along with local distortions of the surface Sn-halide
octahedra. These processes represent the initial steps of
hydration-induced structural perturbation and typically occur
within the first few picoseconds, as widely reported in previous
AIMD studies of halide perovskite–water interfaces.75–77

The relaxed structures are shown in Fig. 8(a). The temporal
evolution of the total energy revealed a two-stage behavior: an
initial decrease during the first 3 ps as the system relaxed from
its constructed geometry, followed by stabilization around
a mean baseline with only thermal fluctuations which is
shown in Fig. 8(b). This energetic relaxation corresponds to
the redistribution of water molecules near the surface and
minor adjustments of the lattice in response to hydration.
The well-controlled temperature profile, maintained close to
300 K with only minor oscillations, confirmed that the simu-
lation provided a stable configuration, which is shown in
Fig. 8(c). Radial distribution functions further elucidated the

local coordination environment. Sn–I and Sn–Br correlations
retained sharp peaks near 2.7–2.9 Å, consistent with stable
octahedral bonding and preservation of the inorganic frame-
work (Fig. S12, SI). These results portray a hydrated FmSnI2Br
system that is dynamically flexible yet structurally robust. This
atomic-level picture highlights the balance between stability
and interfacial dynamics in hydrated tin-based perovskites and
provides a framework for developing stabilization strategies
through surface passivation and compositional engineering.

Conclusion

In conclusion, we have applied simple yet effective ML methods
for predicting suitable organic inorganic halide perovskites
for solar water splitting applications. We found that the XGB
model performed well for band gap prediction, while the GBR
model achieved superior performance in predicting band edge
values, reflected by higher R2 and lower RMSE, compared to
other models. Also, the calculated STH efficiency for the ML-
identified HOIPs was a maximum of 23.14%. We have screened
21 suitable HOIPs with STH 410% and having suitable band
alignment with water redox potentials. In addition, we have
successfully identified an unexplored HOIP, namely, FmSnI2Br,
exhibiting favorable bandgap, band alignment and aqueous stabi-
lity for solar water splitting, which was predicted by leveraging the

Fig. 8 (a) AIMD relaxed structures of the FmSnI2Br-001 surface, (b) energy vs. time, and (c) temperature vs. time plot.
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power of ML integrated with DFT and AIMD results. Furthermore,
unravelling the chemical and elemental patterns that govern the
aqueous stability of perovskites through deep learning could lead
to groundbreaking advances in the field of solar water splitting.
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