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Abstract: Perovskite materials have attracted much attention in recent years due to their high
performance, especially in the field of photovoltaics. However, the dark side of these materials is
their poor stability, which poses a huge challenge to their practical applications. Double perovskite
compounds, on the other hand, can show more stability as a result of their specific structure. One of
the key properties of both perovskite and double perovskite is their tunable band gap, which can
be determined using different techniques. Density functional theory (DFT), for instance, offers the
potential to intelligently direct experimental investigation activities and predict various properties,
including band gap. In reality, however, it is still difficult to anticipate the energy band gap from first
principles, and accurate results often require more expensive methods such as hybrid functional or
GW methods. In this paper, we present our development of high-throughput supervised ensemble
learning-based methods: random forest, XGBoost, and Light GBM using a database of 1306 double
perovskites materials to predict the energy band gap. Based on elemental properties, characteristics
have been vectorized from chemical compositions. Our findings demonstrate the efficiency of
ensemble learning methods and imply that scientists would benefit from recently employed methods
in materials informatics.

Keywords: double perovskite; ensemble learning; band gap; Bayesian optimization; materials informatics

1. Introduction

Perovskite materials have received a lot of attention in recent years due to their diverse
composition, readily accessible synthetic conditions, and appealing features [1]. These
features include strong optical absorption, long carrier diffusion length, low recombination,
and high defect tolerance. These advantages are responsible for the outstanding power
conversion efficiency of perovskite solar cells, which has increased from 3.8% to 25.7% in a
few years. In contrast to silicon-based conventional solar cells, this impressive progress has
marked perovskite solar cells as the start of the photovoltaic industry. Double perovskites
AA’BB’X6 compounds have become a popular research topic due to their higher structural
stability compared to halide perovskites, which are very sensitive to environmental stress
factors like temperature, humidity, and oxygen [2–4]. The crystal structure of double
perovskite is composed of two different cations, A and B, arranged in an alternating pattern
with anion X in the middle (usually halogen or oxygen). The ionic radius of A is larger
than that of B, however, X has a narrow radius, which results in a specific order of the
cations in the crystal lattice [1,5]. The crystal structure of double perovskite materials is
highly symmetrical and has been studied extensively to gain insight into its properties [6].
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It consists of two octahedrons, namely BX6 and B’X6 [1]. This arrangement creates a
unique three-dimensional network of atoms that has many important applications in
materials science.

Traditional methods for predicting novel perovskite materials and identifying their
underlying structure-property correlations involve first-principles computations, which
yield optimal crystal structures, surfaces/interface structures, and optoelectronic proper-
ties [7–10]. However, the first-principles calculations typically require expensive computing
resources, especially for a specific task such as accurate band gap, defect chemistry, in-
terface properties, etc. Machine learning techniques have been developed in addition
to the conventional trial-and-error experimental and computational routes to speed up
the discovery of novel perovskite materials and reveal their hidden linkages. Due to the
exponential growth of data, it is critical to adopt data-driven approaches like machine
learning to extract helpful information from databases to accelerate the materials design
process [8–15]. Accurate features that have a high correlation with the targeting properties
are crucial for the machine learning process [16–19]. Utilizing the feature engineering
method, the features—or occasionally descriptors—can be chosen. Once the input and
output data for double perovskite materials are properly represented numerically [20–23],
the mapping between inputs and outputs might be carried out using a machine learning
method [2]. The energy band gap is a crucial feature that influences a perovskite material’s
ability to capture light and governs the performance of several optoelectronic devices,
including solar cells [11]. It is extremely advantageous to be able to predict the band gaps
of double perovskites rapidly and correctly for a range of practical applications. Although
ML has the potential to replace quantum mechanical computations for high-fidelity band
gaps since it requires dramatically less processing time [12].

In this paper, we introduce a high-throughput supervised machine learning model
designed to predict the band gap energy of double perovskite materials. Leveraging a
comprehensive database comprising 1306 materials, our model employs ensemble learning
techniques to generate highly precise predictions. Our contributions extend beyond mere
prediction precision. We have implemented a sophisticated approach that involves extract-
ing features from the chemical composition of the materials using various featurization
methods. These methods enable us to capture the nuanced attributes of each material,
enhancing the robustness and accuracy of our prediction models. Moreover, our model
incorporates relevance rankings for each material attribute, providing valuable insights
into the factors influencing band gap energy. By elucidating the relative importance of
different chemical attributes, our approach offers a deeper understanding of the underlying
principles governing band gap behavior in double perovskite materials. The remaining
sections are arranged as follows: in Section 2, we give our methodology providing our
enormously accelerated machine learning development. Focusing and detailing next the
ensemble learning models that have been used in our work. The simulation environment
development employed to predict the energy band gap of double perovskite materials is
shown in Section 3, along with an explanation of the results. Section 4 then brings this
paper to a close.

2. Methodology
2.1. Machine Learning

Machine learning (ML) is a burgeoning interdisciplinary field, seamlessly blending
computer science, statistics, mathematics, and engineering. Its primary function lies in
constructing statistical models for data analysis and prediction, fundamentally altering the
landscape of uncovering hidden relationships without explicit human programming [1].
Within ML, various techniques thrive, including reinforcement, semi-supervised, super-
vised, and unsupervised learning. Supervised learning relies on input and labeled output
training data, while unsupervised learning adeptly processes unlabeled data, pushing the
boundaries of autonomous learning [2].
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To harness the expansive potential of databases for meaningful insights, the identifica-
tion of descriptors related to targeted qualities, performances, and applications become
paramount [2]. Notably, machine learning exhibits remarkable efficiency in rapidly discov-
ering potential candidates for solar cell materials [13]. In our specific focus on predicting
material band gaps, machine learning emerges as a reliable tool, surpassing quantum
mechanical computations in fidelity [12].

The essence of our study lies in crafting a model through supervised machine learning
that establishes a discernible relationship between input features and target properties [24–27].
This approach enables the accurate prediction of values for previously unknown materials,
marking a pivotal step toward advancing material discovery and innovation. Our objective
is clear: to unravel hidden patterns and correlations within the data, allowing us to predict
new values for materials based on the established relationships. This not only streamlines
the materials discovery process but also opens avenues for unprecedented advancements
in various scientific and technological domains. As we navigate the intricate landscape of
machine learning, our pursuit is not merely predictive accuracy but a deeper understanding
of the underlying principles that govern material behavior—a quest that holds immense
promise for the future of materials science and technological innovation.

2.2. Ensemble Learning Models
2.2.1. Random Forest

Random Forest (RF), a widely embraced ensemble learning method introduced by
Leo Breiman [28], draws inspiration from the groundwork laid by Amit and Geman [29].
Devised as a countermeasure to boosting, Random Forests extend Breiman’s bagging
theory [30]. In its training process, RF meticulously constructs an array of decision trees,
ultimately outputting the class that represents the mode of the classes—this applies to
both continuous responses, termed “regression,” and categorical responses referred to as
“classification”. The central aim of employing RF is to amalgamate numerous decision trees
into a cohesive model, mitigating overfitting concerns and elevating the overall accuracy of
the model [31,32]. By harnessing the collective power of diverse decision trees, RF not only
fortifies the model against overfitting but also enhances its predictive prowess, making
it a robust choice for various applications. Breiman’s innovative approach with Random
Forests has significantly influenced the landscape of ensemble learning, offering a versatile
and effective tool for predictive modeling in both regression and classification scenarios.

2.2.2. XGBoost

XGBoost, an abbreviation for extreme gradient boosting, stands out as an exceptionally
potent and user-friendly optimized distributed gradient boosting tool [33]. It was proposed
by Chen and Guestrin in 2016, showcasing a remarkable evolution in the realm of gradient
boosting machines (GBM) [34]. Rooted in the gradient boosting machine technique, XG-
Boost is a versatile approach widely employed for developing predictive models in both
regression and classification tasks [35]. The core principle of boosting revolves around
enhancing model accuracy by amalgamating multiple low-accuracy trees. Each iteration
introduces a new tree to the model, a process guided by the gradient boosting machine,
a renowned method for generating these trees, initially conceptualized by Friedman [35].
XGBoost’s prowess lies in its ability to sequentially refine and augment the predictive
capabilities of the model through an ensemble of trees. This iterative process, guided
by gradient boosting principles, not only bolsters accuracy but also enables the model to
capture intricate patterns within the data. Chen and Guestrin’s introduction of XGBoost
has significantly advanced the landscape of gradient boosting, providing an accessible yet
powerful tool for predictive modeling that resonates across diverse applications in both
regression and classification scenarios.

The term “eXtreme Gradient Boosting” refers to a technique that was created by [36]
and is frequently implemented to classification and regression applications. Classification
and regression trees (CARTs) form the approach’s core. The strategy relies on an ensemble
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of decision trees, where each tree gains knowledge from the residuals of the previous
tree. The total of all trained classification and regression trees (CARTs) yields the final
prediction, ŷi:

ŷi = ∑K
k=1 fk(xi), fk ∈ F (1)

The model’s objective involves a loss function L(θ) and a penalty term Ω(θ) to account
for model complexity, where K denotes the number of trees, fk(xi) is the output of a
single tree, and F refers to the set of all potential CARTs. The loss function computes the
discrepancy between the predicted and actual values by summing up ∑n

i=1 l
(

yi, ŷ(t)i

)
. The

tree’s complexity is determined by the term ω( f ), which depends on the number of leaves
(T), the leaf scores (ω), the leaf penalty coefficient (γ), and a regularization parameter (λ)
that limits the maximum size of the leaf scores.

L(θ) = ∑n
i=1 l

(
yi, ŷ(t)i

)
(2)

ω(θ) = ∑n
i=1 ω( fi) (3)

ω( f ) = YT +
1
2

λ∑T
j=1 ω2

j (4)

Obj = L(θ) + Ω(θ) (5)

The model’s processing is additive in nature, whereby the t-th prediction ŷ(t)i is the
result of adding the prediction of the new tree ft(xi) to the prediction from the previous
iteration, ŷ(t−1)

i .

ŷ(t)i = ŷ(t−1)
i + ft(xi) (6)

The objective that incorporates the updates described in Equations (5) and (6) can be
expressed as follows:

Obj = ∑n
i=1 l

(
yi, ŷ(t−1)

i + ft(xi)
)
+ Ω(θ) (7)

The first and second derivatives represented by gi and hi. Respectively, can be utilized
in Equation (9) to approximate the objective through the second-order Taylor expansion of
the loss function.

Obj = ∑n
i=1 l

(
yi, ŷ(t−1)

i + gi ft(xi) +
1
2

)
+ Ω(θ) (8)

gi = ∂ŷ(t−1)
i l

(
yi, ŷ(t−1)

i

)
(9)

hi = ∂2ŷ(t−1)
i l

(
yi, ŷ(t−1)

i

)
(10)

In the process of building each decision tree, a gain parameter called “Gain” is com-
puted to determine whether a leaf node should be split into multiple sub-nodes. The
calculation is performed as follows.

Gain =
1
2

[
G2

L
HL + λ

+
G2

R
HR + λ

+
(GL + GR)

2

HL + HR + λ

]
− γ (11)

G = ∑i∈I gi (12)

H = ∑i∈I hi (13)
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In the given equation, GL and HL correspond to the outputs for the left leaves, while
GR and HR represent the outputs for the right leaves. λ is a regularization parameter that
is used. Additionally, the tree is pruned based on the value of parameter γ. If the calculated
gain for a leaf is less than γ, then the leaf is not divided any further.

2.2.3. Light GBM

Light GBM, a versatile decision tree-based iterative approach, showcases its prowess
in both classification and regression through the gradient boosting decision tree (GBDT).
What sets it apart is its distinctive leaf-wise tree construction methodology, diverging
from the conventional level-wise approach employed by other boosting frameworks like
XGBoost. This deviation proves advantageous when dealing with large datasets and
feature spaces with numerous dimensions, as it optimizes scalability and efficiency. In
contrast to level-wise construction that tends to focus on all potential feature splits, the
leaf-wise strategy adopted by Light GBM centers on the most critical features. This not only
simplifies the model but also enhances its effectiveness by prioritizing key attributes. The
traditional approach of enumerating all potential feature splits and sorting feature values
can be resource-intensive in terms of time and memory consumption. LightGBM introduces
an innovative solution to this challenge through an enhanced histogram algorithm [34].
This technique significantly streamlines the process, ensuring a more efficient utilization of
resources and enabling the model to handle large and complex datasets with heightened
agility. By incorporating the leaf-wise construction strategy and the enhanced histogram
algorithm, Light GBM offers a compelling solution for boosting frameworks. Its scalability,
efficiency, and focus on crucial features make it particularly well suited for applications
dealing with substantial datasets and intricate feature spaces, solidifying its position as
a valuable tool in both classification and regression scenarios. The innovative approach
adopted by Light GBM marks a significant contribution to the optimization of decision
tree-based methods in the realm of machine learning.

3. Results and Discussions
3.1. Data Acquisition

This research study was primarily driven by the ambition to advance the prediction
of solid-state band gaps, focusing specifically on ensemble learning models. The dataset
employed consisted of 1306 double perovskite band gaps, computed using the GLLBSC
(Gritsenko, van Leeuwen, van Lenthe, and Baerends solid correlation) functional [37]. To
unravel the complex relationship between chemical composition and energy band gap, we
employed a composition-based featurizer that converted chemical formulas into numer-
ical values, enabling the application of machine learning algorithms. The development
process is succinctly depicted in Figure 1, illustrating the intricate flowchart of creating
machine-learning models dedicated to predicting energy band gaps. Given the inherently
unlearnable nature of composition data, the featurizer played a pivotal role in transforming
these chemical nuances into comprehensible numerical inputs. To ensure robust model
training and evaluation, we randomly partitioned the dataset into an 80% training set
and a 20% testing set. Each model underwent training on the designated training dataset
and subsequent evaluation on the independent testing dataset. This meticulous approach
aimed at establishing reliable predictive models for energy band gaps in double perovskite
materials, paving the way for more accurate and efficient predictions. The utilization of
ensemble learning techniques, coupled with a thoughtful dataset split and featurization
strategy, underscores the commitment to precision and reliability in predicting the critical
solid-state band gaps.
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Figure 1. Flowchart of the development of the machine-learning algorithms for the prediction of the
energy band gap.

As a first step, we will go through the specifics of the double perovskite bandgap
database utilized here to train, verify, and evaluate the machine learning models that
we have developed in this study. The Computational Materials Repository (CMR) was
the source of the data utilized in the present research. The 53 stable cubic perovskite
oxides that were discovered in order to possess a finite bandgap in a prior screening using
single perovskites were merged to create the double perovskite structures presented in this
dataset. The chemical species of these 53 parents single perovskites are presented in Table 1,
highlighting the cations present in the A-site and/or the B-site.

Table 1. Chemical species of the 53 parents’ single perovskites.

A-Site Cations B-Site Cations A- & B-Site Cations

Ag, Ba, Ca, Cs, K, La, Li, Mg,
Na, Pb, Rb, Sr, Tl, Y Al, Hf, Nb, Sb, Sc, Si, Ta, Ti, V, Zr Ga, Ge, In, Sn

3.2. Features Extraction

In order to create alternative features that are more important, feature extraction
modifies the existing features in some way. Indeed, a vector of elements and fractions is
used to originally express compositions. The fractional vector holds the corresponding
fractions for every element inside the compound, whereas the element vector holds the
chemical’s specific atomic numbers. These vectors have been encrypted in a way that
makes it possible for machine learning to employ them [38]. Featurization is an important
area of study that allows us to create a composition-based feature vector (CBFV) and
unable to depict materials depending on carefully selected element attributes [39]. In this
work, we combined three powerful methods: Jarvis [40], magpie [41], and oliynyk [42]
from composition-based feature vector (CBFV) [43–45] to create element vectors based on
every elemental characteristic as shown in Figure 2. Once the feature descriptor set was
constructed and determined, we have deleted the features characterized with null and
outlier values. In addition, feature descriptors with such a variance of 0, are mentioned as
needing to be removed too. Then, for the purpose of identifying the characteristics with
such a strong correlation and subsequently getting rid of many collinearities between the
features, Pearson correlation coefficients are also computed. It should be highlighted here
that we have dropped the feature descriptors with a correlation of 1.
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Figure 2. Diagram of proposed methodology of feature extraction and model selection for the
prediction of the energy band gap.

Featurization is a procedure by which the training data is changed into learnable data
that can differentiate between various materials (usually in the form of vectors or tensors).
These numbers are commonly called descriptors, characteristics, or fingerprints. Hence,
the process of choosing acceptable input features is necessary to develop a meaningful
ML model and obtain good prediction performance. Finding the important traits that are
closely related to the target properties is essential before model creation [13].

3.3. Model Selection

A crucial factor in performance prediction is the choice of a suitable ML model, which
has a big impact on the results. In order to prove the efficiency of ensemble learning
methods, we employed three methods for the prediction of the energy band gap of double
perovskites which are: Random Forest, XGBoost, and Light GBM. Moreover, to prevent
both overfitting and underfitting, the model algorithm’s inner hyper-parameters must
typically be optimized. Determining the best hyperparameters and the accuracy of the
model and the datasets is considered an important step before making predictions of
properties [1]. For this purpose, we have used Bayesian optimization and identified the
best hyperparameters for both models and data. Drawing a learning curve helped to
identify the appropriate parameters for further optimizing the models with the strongest
generalization model. Table 2 below presents the results of the hyperparameters tuning for
the three selected machine learning models.

Table 2. Hyperparameters tuning for the three selected machine learning models.

Models Random Forest XGBoost Light GBM

Hyperparameters

• random_state = 24,
• n_estimators = 11,990,
• max_features = 255,
• min_samples_leaf = 1,
• min_samples_split = 2,
• max_depth = 100

• random_state = 24,
• n_estimators = 123,
• max_features = 89,
• max_depth = 34,
• gamma = 1, learning_rate = 0.33

• random_state = 24
• learning_rate = 0.09,
• min_child_samples = 59,
• n_estimators = 5933,
• num_leaves = 91,
• reg_alpha = 2.0,
• reg_lambda = 4.0,
• subsample = 0.66

These parameters were required since the decision tree showed erratic behavior in
order to guarantee consistency between runs’ output. The generalization potential of the
ensemble learning models has been enhanced by hyperparameter optimization.
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3.4. Model Developing

Following the construction of the learning curve and after the hyperparameters tuning,
we obtained the prediction results for each model on the energy band gap for double
perovskites materials. The results were depicted in Figure 3. The Random Forest regression
model achieved a cross-validation accuracy of 92.1% on the constructed data set with a low
mean absolute error (MAE) equal to 0.320 eV. Considering the gradient-boosting regression
models, the best results were obtained by Light GBM, which had a high R2 of 0.934 and a
low mean absolute error (MAE) of 0.302 eV. However, the XGBoost model offered a high
prediction performance of 0.911 with a low mean absolute error (MAE) of 0.350 eV.
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Figure 3. Prediction results of the energy band gap for double perovskite materials for the three
ensemble learning models. The training dataset is represented by green-filled circles, whereas the
test dataset is represented by pink-filled circles. The reference line that corresponds to the perfect
line is indicated by a yellow dashed line. (a) Random Forest regression model, (b) XGBoost, and
(c) Light GBM.

Many factors can be considered to explain why predictive models have such high
accuracy. One of the main differences is the nonlinearity of ensemble learning compared to
other models. Additionally, the use of multiple materials’ structural compositions in the
dataset is another factor for such high accuracy [46].

In predictive models, feature significance scores are crucial since they offer insight into
the data and the model. They are also important for dimensionality reduction and feature
selection, which can increase the efficiency of the predictive model. The fundamental
benefit of the decision tree-based methods is that they produce feature importance scores,
which are useful to extract important features that determine the target attributes and aid
in the understanding of the results in addition to producing extremely accurate predictive
models. Figure 4 shows the top 10 feature importance scores of ensembles learning models
of the energy band gap of double perovskite materials. The importance score is subtly
different but still falls within a range that is acceptable since the feature importance of
various models can indeed be calculated in different ways.
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Figure 4. Feature importance contributed to the three ensemble learning models of the energy band
gap for double perovskite materials as found by (a) Random Forest regression model, (b) XGBoost,
and (c) Light GBM.

The distribution of feature importance utilized by the Random Forest model is more
erratic (Figure 4a). This suggests a more complicated link between the energy band
gap and the material properties. The ensuing features, such as range_metallic_valence,
dev_metallic_valence, Avg_MB_electronegativity, dev_MB_electronegativity, Avg_pauling_
electronegativity, or dev_pauling_electronegativity, are not insignificant, despite the fact
that max_metallic_valence represents the most significant feature. The same thing for the
XGBoost model in (Figure 4b). However, range_ metallic_ valence is the most relevant fea-
ture, the ensuing features, including Avg_MB_electronegativity, range_Melting_point_(K),
avg_Families, range_Boiling_point_(K), dev _metallic _valence, or Avg _Pauling _elec-
tronegativity, are not inconsequential.

In contrast, there are two most crucial features including the Light GBM model,
Avg_pauling_electronegativity and Avg_MB_electronegativity, are made clear (Figure 4c)
Surprisingly, the relevance scores of features Avg_pauling_electronegativity and Avg_MB_
electronegativity are more than twice as high as that of feature dev_thermal_conductivity_
(W/(m·K)), which is rated third. The relevance scores for the features after the initial three
sharply decline, showing that only a few material features are important to the energy
band gap.

3.5. Model Evaluation

The primary goal of machine learning is to accurately predict unknown subsets
based on already-known data. It is inevitable that there will be certain statistical errors
in the computation, and these faults should be examined logically and assessed in the
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model evaluation procedure for the model’s application afterward. Independent testing,
cross-validation, and bootstrapping are three approaches for evaluating models that are
frequently employed [6]. After training, all ensemble learning models were validated using
the cross-validation approach with a 10-fold on 80 percent of the total dataset increase to
make sure they weren’t overfitting. Three evaluation indicators - RMSE, R2, and MAE -
are represented by a histogram. Indeed, the prediction performances of ensemble learning
models on the train set and test set for the energy band gap of double perovskite materials
are represented in Figure 5.
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When the three models in the testing set were compared, the Light GBM model
performance was found to be the best, achieving the top high predictive accuracy which
makes us say that is a good proposal for the prediction of the energy band gap properties.
Also, the Random Forest model worked well providing good results. Likewise, in the
training set, here the two recent models in the testing set have switched roles. We can
see that the Random Forest model was the best and the top corresponding to the highly
predictive results. However, the Light GBM didn’t work as well as the testing set. In
contrast, we could define the top predictive model to help researchers guide, especially in
the prediction of this type of target property, to pick the best model since it is the key to
proving the efficiency of models and has a big impact on the results. We could explore the
possibility of using similar ensemble learning methods to predict other important material
properties beyond band gaps, such as electronic and optical properties. This could provide
a more comprehensive understanding of material behavior.

4. Conclusions

The band gap energy is one of the most important features that influence a perovskite
material’s ability to capture light. In this work, we built and developed high-throughput
supervised ensemble learning-based methods such as random forest, XGBoost, and Light
GBM that accurately and rapidly predict the band gap of double perovskite materials based
on their chemical composition. By utilizing these featurization tools based on elemental
properties (provided by Jarvis, magpie, and oliynyk), we gained valuable insights into the
composition of a material and used them to make predictions. It is clear that ensemble
learning methods have the capacity to predict the band gap of double perovskite com-
pounds accurately, quickly, and broadly using their elemental information data as inputs.
Comparing the efficiency of bagging ensemble learning methods, such as Random Forest,
with the two boosting ensemble learning methods, such as XGBoost and Light GBM, the
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energy band gap was most accurately predicted using the Light GBM approach. In addition
to having benefits when dealing with data sparsity and weighting instances, Light GBM
makes good use of both distributed and parallel processing. These findings demonstrate
the efficiency of ensemble learning methods and how machine learning can rapidly and
effectively be used for materials discovery only based on chemical composition. To advance
this work, it would be valuable to extend the models to predict other material properties
beyond band gaps, incorporating structural information, and exploring transfer learning
for diverse datasets. Integrating uncertainty quantification into predictions, developing
user-friendly interactive tools, and considering environmental factors could enhance the
practicality of these models for materials scientists. Collaboration with experimentalists
to validate predictions and exploring data augmentation techniques for limited datasets
would further refine the models’ accuracy. Additionally, experimenting with alternative
machine learning architectures or hybrid models may offer avenues for improvement, ulti-
mately contributing to a more comprehensive and efficient approach to materials discovery
based on chemical composition.
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