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ABSTRACT

For the discovery of promising new materials for energy and optoelectronic applications, it is of
utmost importance to predict the band gaps of double perovskites with high accuracy. Standard
Density Functional Theory (DFT) methods, although trustworthy, tend to be computationally
expensive compared to big scale screenings. In order to circumvent these limitations, we develop a
Gradient Boosting Regression (GBR)-based machine learning (ML) framework strengthened by
polynomial feature expansion, standardized preprocessing and rigorous hyperparameter

R ; = SRS . Received 29 April 2025;
optimization. It has 39 descriptors fed from compositions, such as electronegativity, ionic radii, Revised 20 May 2025;
oxidation states, and orbital energies, giving a dataset of 4,121 double perovskite compounds. Accepted 27 May 202’5

Separation of data into training and test sets was done randomly (80:20) and evaluation of model
performance was done using more than one metric. The models for GBR yielded 0.9556 (adjusted
R?) 0.0988 eV (MAE), 0.2180 eV (RMSE), 0.9574 (EV), and 4.8393 (RPD) respectively, which indicates
that this model was high predictive accuracy and reliability. Compared with earlier works which
used Support Vector Regression (SVR), Random Forest and XGBoost, the proposed framework
achieves far better performance with physical interpretability. This enables a reproducible data-
driven approach between trial and error towards near-DFT-level predictions, leading to both high-
throughput screening and rational design of double perovskites.

Introduction

In recent years, double perovskites with general chemical
formularies of A;BB'Xs or AA'BB’'Og, have attracted a lot of

electronic properties, and once trained, bandgaps can be
predicted at a speed and accuracy somewhere between DFT

interests owning to their structural diversity, thermal
stability, and tunable optoelectronic properties. Such
properties make these materials highly attractive for use in
solar cells, photodetectors, thermoelectric, and light-
emitting devices [1,2]. The electronic bandgap is a major
factor controlling their performance as the bandgap
determines optical absorption, charge carrier dynamics and
ultimately device efficiency [3,4]. A major hurdle for
computational materials science and experimental design is
the ability to reliably predict the bandgap over large
compositional spaces [5]. Conventional computational
methods can provide a decent estimate for the bandgap,
such as DFT with different functionals like PBE, HSE06 or
GW. Despite this, these approaches are not applicable for
the screening of thousands of candidate compositions, due
to the computation cost a high precision takes in these
methods [6]. Modelling large datasets using high-fidelity
DFT calculations requires significant computational
resources and time, limiting their use in rapid materials
discovery pipelines [7,8]. Similarly, some DFT methods give
systematically low bandgaps, necessitating post-processing
corrections or hybrid functionals that further raise
computing costs [9].

On the other hand, ML based predictive models have proven
to be a faster and more cost-effective approach. Existing
datasets can be used to train ML models to learn complex
nonlinear relationships between elemental descriptors and

and [10,11]. These methods are well suited for high-throughput
screening, where thousands of compositions must be rapidly
evaluated to find a few promising candidates [12].

ML has been successfully applied for bandgap prediction,
as evidenced by several studies which demonstrate its
feasibility [13]. A features-based regression model for oxide
double perovskites (AA'BB'Og), using descriptors including
electronegativity and lowest occupied Kohn-Sham energy
levels on a training set of 1306 compounds, achieving near-
DFT accuracy. (2016) Gao et al. for lead-free halide
perovskites (A;BB'Xs), XGBoost regression has been
previously —implemented giving Dbetter prediction
performance than SVR and Artificial Neural Networks (ANN)
for 745 inorganic perovskites. The hierarchical Random
Forest system applied to oxide perovskites has converted ~5
million candidate compositions into binary class-words and
resulted in 310 double perovskites with the confidence of
their stability >90%. An ensemble-learning method using
Random Forest, XGBoost, and LightGBM requires
considerably less computational cost compared to DFT but
retains similar precision.

Nonetheless, a number of limitations in the extant literature
remain even in light of these advances. Previous studies tend to
be feature redundant, weak interpretability, and lack of cross-
domain generalization [13,15]. Furthermore, there is also a lack
of standardization in units, splitting protocols as well as
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external validation which limits reproducibility and reliability of
results [16,17].

To overcome these issues, we propose a GBR-based
predictive framework for double-perovskites. The model
integrates:

Literature Review

Over the past decade, we have seen tremendous advances in
the prediction and optimization of electronic bandgaps in
double perovskites, particularly due to the integration of ML
with DFT [18,19]. Initial efforts concentrated exclusively on
oxide perovskites, followed by research on halide and lead-free
systems, driven by the demand for environmentally benign and
photovoltaic systems [20,21]. Feature-engineered regression
models applied to predict bandgaps in oxide double
perovskites (AA'BB'Og) [5] With over 1 million possible
descriptors calculated from a dataset of 1,306 DFT-compounds
derived from the Computational Materials Repository, they
identified elemental properties of interest, including
electronegativity, ionic radii, and lowest occupied Kohn-Sham
orbital energies as key features. We note here the results of
their model which was near-DFT accuracy R? = 0.900, proving
that judicious descriptor engineering could be capable of
capturing important physics while still being computationally
efficient [22]. This work serves as a basis for using physics-
informed ML in the field of materials informatics. Moving into
halide perovskites, Gao et al. For instance, Alenazi et al. utilized
XGBoost regression to predict bandgaps of 745 lead-free
double perovskites (A,BB'Xs). Compositional descriptors based
on those related to atomic number, oxidation state,
electronegativity, and ionic radii were utilized in the study. The
model gained extreme success when compared with SVR and
ANN, yielding an RMSE =0.350 eV [23,24]. The candidate
structures were screened to identify promising photovoltaic
materials and led to the identification of K,Nalnle (146 eV) and
Na,MgMnls (1.89 eV, both verified with DFT and ab initio
molecular dynamics) after screening >5,000 structures. In this
study, they demonstrate the power of hybrid ML-DFT
strategies for accelerated materials discovery [25,26].

A hierarchical Random Forest structure based on a dataset
of more than 5,000 DFT-generated entries spanning the
periodic table and 68 elements, aligned with oxide
perovskites. The approach was a two-stage pipeline, in which
a classification model was first applied to narrow down
candidates to wide-gap materials (Eg > 0.5 eV), followed by
regression to provide accurate Eg predictions [27]. This
framework discovered 310 double perovskites that are stable
and have a confidence level above 0.90, while also offering the
design maps that relate elemental substitution, to trends in
the bandgap [28,29]. The work presented here showed how
combined hierarchical and multi-step ML pipelines may
provide for large-scale screening while allowing interpretable
structure property relationships to be useful for validation
with respect to chemical intuition. More recently, a high-
throughput ensemble-learning model based on Random
Forest, XGBoost, and LightGBM was used to predict the
bandgaps of 1,306 double perovskites. The ensemble method
yielded bayesian optimization for hyperparameter tuning,
obtained near-DFT accuracy at a lower cost [30]. The analysis
of features importance indicated that the one order of
descriptors, such as electronegativity difference, ionic radius
and orbital energies had dominated the prediction [31,32].
They also highlighted how ensemble learning can enhance the
accuracy, reliability and explainability of predictions.

There are trends across these studies

Electronegativity, ionic radius, oxidation state, and orbital
energies are all consistent dominants when it comes to
descriptor importance.

On the methodological side, it evolved from single-model
regression to hybrid ML-DFT screening to hierarchical multi-
model frameworks and ensemble learning approaches.

This comes with limitations such as non-cross-domain
validation, train/test splitting that may not reflect the real-
world problems, and under-reporting of uncertainty metrics,
underlining that more reproducible and physical interpretable
ML pipelines are needed.

The following literature foundation shows that a
pragmatically engineered feature, an ensemble-based ML
framework, an adequate validation, and interpretability,
makes a ML framework with high predictive accuracy, while
maintaining computational efficiency. This work expands on
those observations as it improves preprocessing, polynomial
feature expansion and evaluation of a GBR model to address
the limitations seen in past work.

Methodology

Overview

The integration of all these steps used within this work can be
thought of as a single methodological framework that
combines data preprocessing, feature transformation, ML
optimization and evaluation to make predictions on the target
property (bandgap or price proxy) of double perovskite
materials.

We leverage the predictivity of statistical learning theory
and couple it with the physical interpretability of physics to
ensure our model has a scientific basis. These were split into
four major steps:

Data Acquisition and Preparation

Feature Engineering and Preprocessing

o Model Construction and Hyperparameter Optimization

e Model Evaluation and Validation

Data preparation

Let D denote a dataset containing N samples, p predictor
variables corresponding to material descriptors and a single
target variable (y) corresponding to the property to be
observed (bandgap or price).

Formally,
D ={(x,y) |5 €RP,y, eR,i=12,..,N}

There were no missing values in the target variable, so there
was no need to deal with any missing values in this case. So, all
the missing values were dropped from the target variable,
which means that it was consistent with the remaining data;
model would not make any further trouble in the areas where
it was missing. Then random 80:20 split on dataset was
performed to separate into training and testing subsets while
preserving statistical representation:

Dtrain = 0.8D, Dyege = 0.2D
Feature engineering and preprocessing
This decision makes two main categories of features:

o Numerical features: Real-valued attributes, e.g., atomic
radii, electronegativity, Density, etc.

 Categorical features: Some of the examples categorical
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features include element type of oxidation state and
structure label (discrete attributes).

We used a separate preprocessing pipeline for each feature
type; the transformations were as follows

Numerical pipeline

o Polynomial feature expansion: Second order polynomial
features were generated to describe nonlinear descriptors
relationships:

o(x) = [xl, X3, ...,xp,xlxz,xlz,xzz,..].

o -Standardization: features were normalized using z-score
normalization:

where p and g are the mean and standard deviation of the
feature.
Categorical pipeline

One-Hot Encoding transformed each categorical variable c
into a binary vector of length k, representing all possible
categories:
¢ =[Ba,Sr,Ca] = [1,0,0],[0,1,0],[0,0,1].
The overall preprocessing stage is represented as a column
transformer:
X'=TX) = [Tm Foaar) Teae Kear)]

where T,,, and T, denote the numerical and categorical
transformation functions, respectively.
Model construction

The prediction model was implemented using the Gradient
Boosting Regressor (GBR), a robust ensemble learning
technique that builds additive models in a forward stage-wise
manner.

For a given dataset , the GBR approximates the target
function f(x) as a sum of weak learners (decision trees):

M
Ful) = D Yl ),

Where,
o Mis the number of boosting iterations,
o h_m (x)is the m”th regression tree, and

e y_m is the
contribution.

learning rate controlling each tree’s

At each iteration, a new base learner h_m (x) is fitted to the
negative gradient of the loss function L(y,{(x)):

o = - [0S
S )

S)=fin-1(%)
For regression tasks with squared-error loss:
1
Lo fE) =50 = fC)?

Thus, the model iteratively minimizes prediction error
through gradient descent in function space.

Hyperparameter optimization

Model performance heavily depends on hyperparameters such
as the number of estimators (ne.s), tree depth (d) and learning
rate (1) .

A Randomized Search Cross-Validation (RandomizedSearchCV)
was employed to explore the hyperparameter space efficiently:

K
1
6" = argglfigEz MSE,(6),
k=1
Where © denotes the search space and K = 3 the number of

cross-validation folds.

The best parameter combination 6”* was then used to retrain
the model on the full training set.

Model evaluation

The final model was tested on the unseen test dataset, and its
predictive performance was quantified using multiple statistical
metrics:

Coefficient of determination (R?)
TG 9?
2= ¥»
where (y_i J are predicted values and y~ is the mean of actual
values.

Adjusted R?

RZ=1-—

n—1
Rigj

=1—-(1- R?)
n—-p—-1

correcting for the number of predictors p.
Mean absolute error (MAE)

1t .
MAE = ;;lyi -3l
Median absolute error (MedAE)

MedE = median(|ly; — #|)
Mean squared error (MSE)

.
1 .
MSE == (i~ 5)?
i=1

Root mean squared error (RMSE)

RMSE = VMSE
Mean absolute percentage error (MAPE)
n
100 i — 3
MAPE = —Z ¥|

n
i=1

Symmetric mean absolute percentage error (SMAPE)

n
100 =
SMAPE = _zy‘—i"
n Lyl + Iyll)/
i=1 2

Explained variance (EV)

v 4
gy rare =9
Var(y)

Explained variance (EV)

Where higher values (RPD > 3) indicate excellent predictive
reliability.

Reported metrics
The final model performed well in predicting the outcome on
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the entire dataset on multiple statistical measures. The R?
coefficient of determination was 0.9573 which reflects how
much of the variances in the target property (~0.9573) were
captured by the model. The adjusted was 0.9556, which means
that the results were highly reliable even allowing in a penalty
for the number of predictors in the model. The mean
percentage error (MPE) was 0.9820 and its median was 0.2724,
which means that the average deviation between prediction
and true value was low. And thus, the model accuracy can also
be verified through MSE, which well-known is 0.0475 and
RMSE=0.2180. Moreover, relative error MAPE: 0.0394; SMAPE:
0.0428) was quite low, demonstrating a high level of predictive
performance. The EV was 0.9574, which indicates a very good
agreement of predicted and true values. Lastly, the RPD value
of 4.8393 indicates an excellent model reliability and suitability
for the quantitative prediction purpose.

Interpretation and physical significance

The explained variance and R? values obtained are both high
(0.9570), which indicates that the majority deterministic
structure present in the system is well captured with the
model. More physically if our observed response y can be
expressed as the deterministic function f(x) plus some
stochastic noise term €,

y=f)+e,

Then around only 0.0430 of the overall variances comes
from random variation. The low RMSE (0.2180) and MAE
(0.0988) compared with the inherent variability of the data
is indicative of the high predictive power of the model, and
an RPD = 4.8393 further attests to the very high quantitative
accuracy of the model. Generalization, error control and
physical interpretability are all strong points of the Gradient
Boosting model, which probably makes it perfect for high-
throughput prediction and design of complex material
systems such as double perovskites.

with E[e] =0,

Results and Discussion

Model evaluation results

The optimized GBR model was evaluated on the held-out test
set. The results demonstrate high predictive accuracy,
robustness, and generalization, summarized in Table 1.

Table 1. Summary of results.

Metric Symbol Value

Coefficient of Determination R? 0.9573
Adjusted R2 RZ,; 0.9556
Mean Absolute Error MAE 0.0988
Median Absolute Error MedAE 0.0273
Mean Squared Error MSE 0.0475
Root Mean Squared Error RMSE 0.2180
Mean Absolute Percentage Error MAPE 0.0394
Symmetric MAPE SMAPE 0.0428
Explained Variance EV 0.9574
Residual Predictive Deviation RPD 4.8393

The coefficient of determination (R? = 0.9573) shows that
about 0.9573 of the bandgap value variances is explained using
the model. This shows a good correlation among descriptors
(ionic radii, electronegativity and structural parameters) with
the bandgap suggesting that the model learns the underlying

physical trends that dictate the electronic response of double
perovskites. This indicates an appropriate level of model
complexity, reflected in a very similar Adjusted R? (0.9556).
Even though polynomial feature expansion is used the model
does not overfit and preserves a good generalization. MAE =
0.0988: the average difference between predicted and true
bandgap values thus indicating that the predictions of the
model differ by less than 0.1 eV, on average. This is a tolerable
electronic property prediction range, which is frequently close
to the DFT-level precision. The MedAE = 0.0273 more clearly
showcase prediction accuracy with an implication that 50% of
predictions differ by < 0.03 eV which is almost non-existent in
the context of materials screening.

RMSE = 0.2180 As the standard deviation of the prediction
error. This low value justifies that the GBR model produces a
stable and highly accurate prediction because it is much
smaller than the standard deviation of the actual bandgap data.
The MAPE=0.0394 and Symmetric MAPE (SMAPE=0.0428)
indicate the prediction accuracy normalized (relative)
confirming that the absolute mean error over all samples is
below 5% of the target values. The EV = 0.9574 are similar to
the R?, which means that the most of the variability in the
bandgap dataset is deterministically modelled by the GBR
algorithm. Lastly, the RPD = 4.8393 is much higher than the
benchmark of 3.0, thus classifying the model as having
“excellent” predictive capability. Rationale: High value of RPD
indicates that, for a given bandgap, the model can distinguish
between different materials and can consistently rank their
electronic properties an important asset in the context of
materials discovery and design.

Residual analysis and error distribution

Residuals were computed as:
Residual = y; — 3,

The residuals are evenly spread out around zero, indicating
no bias in the model predictions. Homoscedasticity is validated
by consistent residual variance across the full range of
predicted bandgaps. The median absolute error is low,
suggesting that extreme prediction errors are rare. This shows
the model is able to give consistent and reliable predictions
regardless of composition and structure (Figure 1).

500

Frequency

I
j

Residuals

S

05

e

10

Figure 1. Frequency and residuals.
Feature importance and physical interpretation

Electronegativity differences, ionic radii, oxidation states and
orbital energies (HOMO/LUMO) are the most significant
descriptors for predicting the bandgap as shown by feature
importance analysis. At a fundamental level, these keywords
encapsulate first-order determinants of electronic structure:

o Mismatched size of ions-orbital overlap and band
dispersion
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o Electronegativity difference (bandgap energy and bond The residuals plot indicates that over the range of predicted

covalency effect) band gaps, errors in prediction are generally balanced around
zero, which suggests that there is no substantial strong,
systematic bias to the model. Value of residuals does not
deviate a lot; this indicates the accuracy of prediction is

Simple linear regressors will not be able to capture these —acceptable (The ideal output of a linear regression. Plot is that
nonlinear interactions, but the polynomial expansion and all the points must be near zero:). Yet there is a wider spread of
ensemble learning of the model work together to capture these  the residuals at mid-to-higher predicted band gaps showing
interactions effectively. As a result, it allows predictive more tendency to spread there, and a few notable outliers.
modeling of intricate structure-property relations in double — Generally, this distribution suggests that the model captures

o Electronic structure, oxidation state distribution, electron
density and orbital energies

perovskites. the underlying trend reasonably well although some
. . degradation in performance occurs for specific band gap
Residuals vs. predicted band gap ranges (Figure 2).

Residuals
LI H
1
U
o
1

Pré"dictea Bana Gap:iev) ”

Figure 2. Residuals vs. predicted band gap.

Predicted vs. actual band gap predictability along a large band gap range. There are only very
few deviations from this diagonal, especially at higher band gap
values, i.e. there are a number of under- or overestimation,
which exhibits our accuracy. Overall, the results reaffirm the
model performs consistently and is broadly applicable for band
gap prediction (Figure 3).

The plot of predicted versus actual band gap shows a linear fit
between model predictions and true values, and the data
points are clustered close to the perfect prediction (y = x) line.
This alignment corresponds to a tight match and atmospheric

--- Perfect Prediction

Predicted Band Gap (eV)

Actual Band Gap (ev)

Figure 3. Predicted vs. actual band gap.
Comparison with previous studies

The GBR model outperforms prior ML studies on bandgap prediction, as shown in Table 2.

Table 2. Comparison with previous studies.

Study Method Dataset Metric Value

Pilania et al. (2016) Kernel Regression 1,306 oxides R? 0.9000

Gao et al. (2021) XGBoost 745 halides RMSE 0.3500 eV
Talapatra et al. (2023) Hierarchical RF 5,000 oxides R? 0.9300

Djeradi et al. (2024) Ensemble RF/XGB/LGBM 1,306 R? 0.9500

This work GBR 4,121 oxides & halides R? 0.9573

Novel features employed by the current study: high level of interpretability that is essential for classifying

bandgaps at high throughput. This model can be utilized by

« Higher-order nonlinear effects are captured by polynomial materials scientists to:

feature expansion.
e Quickly discover interesting double perovskite

* Improvement in  bias-variance trade-off using compositions before doing any high-cost DFT calculations.

hyperparameter optimization and integrated preprocessing.
e Quickly discover interesting double  perovskite

* A common dataset containing both oxides and halides compositions before doing any high-cost DFT calculations.

enables consistent assessment and more general
applicability. « Identify which features exert the most influence on the

- . ) ) . trends in bandgap.
o Explaining the evaluation metrics Multiple evaluation

metrics allow for a comprehensive assessment of ¢ Experimental synthesis or ML-DFT validation for
predictive reliability. candidates with best geometries.

» This model is stable over a wide range of different chemical
make-ups and is thus useful for data-driven discovery and
The GBR model achieves high accuracy while also providing a design.

Practical implications
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Future Work

Drawing from the findings of this study, the following
directions for future research are proposed:

Using explainable Al (XAl) techniques

SHAP (SHapley Additive exPlanations), permutation feature
importance, etc., will further enhance feature contribution
interpretations, making the predictions more explainable, and
connecting the dots between predictions and physical rules.

Hybrid ML-DFT frameworks

A hybrid predictive pipeline can be formed when the GBR
model is combined with first-principles DFT simulations, since
the quantum mechanical accuracy of the latter can be
complemented by the speed of the former, leading to a
bonafide improvement in both bandgap as well as other
property reliability.

Multi-property and multi-task learning

Inclusion of dataset properties such as formation energy,
thermodynamic stability, and optical absorption in the dataset
will allow for multi-task model to predict multiple properties at
once, since many of these properties are interrelated.

Active learning and high-throughput automation

Combining this model with automated materials databases and
active learning algorithms could create a closed-loop system
that continuously refines predictions with new data,
exponentially fast-tracking discovery.

External validation across diverse chemistries

This will also test the generalizability of the model into a cross-
domain test, and additionally, will provide stronger validation
of the robustness of the model beyond the training dataset by
applying the model to unseen halide and oxide double
perovskites do not present in the previous training set.

Open-source reproducibility

We will release the code, environment specifications,
preprocessing scripts, and dataset splits of our new method to
enable other researchers to reproduce and build on this
framework and associated results.

Finally, extensive validation of the proposed GBR framework
shows that it can achieve accurate, interpretable, and
reproducible bandgap predictions for double perovskites, a
result that enables fast materials discovery and design. This
framework combines distinct levels of knowledge, each
contributing towards the model rather than a sequence of
levels forming a compound model, and hence will be expanded
upon in work directed towards improving interpretability, the
capability of generalization beyond the training data and
prediction for multiple material properties providing a
versatile, efficient and scalable framework for data driven
materials science.

Conclusion

Here we report a reliable GBR framework that allows the
accurate prediction of double perovskites bandgaps. This
impressive accuracy and reliability were made possible
through the combination of the pipeline consisting of data
preprocessing,  polynomial  feature  expansion and
hyperparameter optimization. Key findings include:

Predictive performance: With the metrics of R? = 0.9573,
adjusted R? = 0.9556, MAE = 0.0988 eV, RMSE = 0.2180 eV,
EV = 0.9574 and RPD = 4.8393, our model here captures
most of the variance in bandgap values with a little residual
error.

Residual analysis: Residuals are equally divisions around
zero and homoscedastic, indicating predictions are not
biased and model is robust for whole dataset.

Partial physical interpretability: Feature
analysis reveals high bandgap behavior
predisposed by chemical descriptors such as
electronegativity, ionic radius, oxidation state and
HOMO/LUMO energies. It learns deterministic,
interpretable structure, with ~0.0430 of variance removed
as stochastic noise.

importance
is strongly

Comparison with existing approaches: GBR achieves
better accuracy and generalization comparing to existing
models in the literature, such as kernel regression,
XGBoost, Random Forest and ensemble approaches. This
makes it a fast and accurate bandgap prediction framework
compared to DFT-based approaches.

Broader impacts: By providing direction for high-
throughput experiments, the model can help researchers
target experimental efforts to promising compositions
without the expense of first-principles calculations.

In short, this framework connects between data-centric ML
and physics-based understandings, while generating
predictions with uncertainty quantification - being robust and
interpretable all the same time, and therefore, also scalable,
which is desirable for materials informatics.
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	For the discovery of promising new materials for energy and optoelectronic applications, it is of utmost importance to predict the band gaps of double perovskites with high accuracy. Standard Density Functional Theory (DFT) methods, although trustworthy, tend to be computationally expensive compared to big scale screenings. In order to circumvent these limitations, we develop a Gradient Boosting Regression (GBR)-based machine learning (ML) framework strengthened by polynomial feature expansion, standardized preprocessing and rigorous hyperparameter optimization. It has 39 descriptors fed from compositions, such as electronegativity, ionic radii, oxidation states, and orbital energies, giving a dataset of 4,121 double perovskite compounds. Separation of data into training and test sets was done randomly (80:20) and evaluation of model performance was done using more than one metric. The models for GBR yielded 0.9556 (adjusted R²) 0.0988 eV (MAE), 0.2180 eV (RMSE), 0.9574 (EV), and 4.8393 (RPD) respectively, which indicates that this model was high predictive accuracy and reliability. Compared with earlier works which used Support Vector Regression (SVR), Random Forest and XGBoost, the proposed framework achieves far better performance with physical interpretability. This enables a reproducible data-driven approach between trial and error towards near-DFT-level predictions, leading to both high-throughput screening and rational design of double perovskites.
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	external validation which limits reproducibility and reliability of results [16,17].
	To overcome these issues, we propose a GBR-based predictive framework for double-perovskites. The model integrates:
	Literature Review
	Over the past decade, we have seen tremendous advances in the prediction and optimization of electronic bandgaps in double perovskites, particularly due to the integration of ML with DFT [18,19]. Initial efforts concentrated exclusively on oxide perovskites, followed by research on halide and lead-free systems, driven by the demand for environmentally benign and photovoltaic systems [20,21]. Feature-engineered regression models applied to predict bandgaps in oxide double perovskites (AA′BB′O₆) [5] With over 1 million possible descriptors calculated from a dataset of 1,306 DFT-compounds derived from the Computational Materials Repository, they identified elemental properties of interest, including electronegativity, ionic radii, and lowest occupied Kohn–Sham orbital energies as key features. We note here the results of their model which was near-DFT accuracy R² ≈ 0.900, proving that judicious descriptor engineering could be capable of capturing important physics while still being computationally efficient [22]. This work serves as a basis for using physics-informed ML in the field of materials informatics. Moving into halide perovskites, Gao et al. For instance, Alenazi et al. utilized XGBoost regression to predict bandgaps of 745 lead-free double perovskites (A₂BB′X₆). Compositional descriptors based on those related to atomic number, oxidation state, electronegativity, and ionic radii were utilized in the study. The model gained extreme success when compared with SVR and ANN, yielding an RMSE ≈0.350 eV [23,24]. The candidate structures were screened to identify promising photovoltaic materials and led to the identification of K₂NaInI₆ (1.46 eV) and Na₂MgMnI₆ (1.89 eV, both verified with DFT and ab initio molecular dynamics) after screening >5,000 structures. In this study, they demonstrate the power of hybrid ML–DFT strategies for accelerated materials discovery [25,26].
	A hierarchical Random Forest structure based on a dataset of more than 5,000 DFT-generated entries spanning the periodic table and 68 elements, aligned with oxide perovskites. The approach was a two-stage pipeline, in which a classification model was first applied to narrow down candidates to wide-gap materials (Eg ≥ 0.5 eV), followed by regression to provide accurate Eg predictions [27]. This framework discovered 310 double perovskites that are stable and have a confidence level above 0.90, while also offering the design maps that relate elemental substitution, to trends in the bandgap [28,29]. The work presented here showed how combined hierarchical and multi-step ML pipelines may provide for large-scale screening while allowing interpretable structure property relationships to be useful for validation with respect to chemical intuition. More recently, a high-throughput ensemble-learning model based on Random Forest, XGBoost, and LightGBM was used to predict the bandgaps of 1,306 double perovskites. The ensemble method yielded bayesian optimization for hyperparameter tuning, obtained near-DFT accuracy at a lower cost [30]. The analysis of features importance indicated that the one order of descriptors, such as electronegativity difference, ionic radius and orbital energies had dominated the prediction [31,32]. They also highlighted how ensemble learning can enhance the accuracy, reliability and explainability of predictions.

	There are trends across these studies
	Electronegativity, ionic radius, oxidation state, and orbital energies are all consistent dominants when it comes to descriptor importance.
	On the methodological side, it evolved from single-model regression to hybrid ML–DFT screening to hierarchical multi-model frameworks and ensemble learning approaches.
	The following literature foundation shows that a pragmatically engineered feature, an ensemble-based ML framework, an adequate validation, and interpretability, makes a ML framework with high predictive accuracy, while maintaining computational efficiency. This work expands on those observations as it improves preprocessing, polynomial feature expansion and evaluation of a GBR model to address the limitations seen in past work.

	Methodology
	Overview
	Data preparation
	Feature engineering and preprocessing
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	features include element type of oxidation state and structure label (discrete attributes).
	Numerical pipeline
	·Standardization: features were normalized using z-score normalization:

	Categorical pipeline
	One-Hot Encoding transformed each categorical variable c into a binary vector of length k, representing all possible categories:
	The overall preprocessing stage is represented as a column transformer:

	Model construction
	The prediction model was implemented using the Gradient Boosting Regressor (GBR), a robust ensemble learning technique that builds additive models in a forward stage-wise manner.
	For a given dataset , the GBR approximates the target function f(x) as a sum of weak learners (decision trees):
	Where,
	h_m (x) is the m^th regression tree, and
	At each iteration, a new base learner h_m (x) is fitted to the negative gradient of the loss function L(y,f(x)):
	For regression tasks with squared-error loss:
	Thus, the model iteratively minimizes prediction error through gradient descent in function space.

	Hyperparameter optimization
	A Randomized Search Cross-Validation (RandomizedSearchCV) was employed to explore the hyperparameter space efficiently:

	Model evaluation
	Reported metrics
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	Electronegativity difference (bandgap energy and bond covalency effect)
	Electronic structure, oxidation state distribution, electron density and orbital energies
	Simple linear regressors will not be able to capture these nonlinear interactions, but the polynomial expansion and ensemble learning of the model work together to capture these interactions effectively. As a result, it allows predictive modeling of intricate structure-property relations in double perovskites.
	Residuals vs. predicted band gap
	Predicted vs. actual band gap
	Comparison with previous studies
	The GBR model outperforms prior ML studies on bandgap prediction, as shown in Table 2.
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