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ABSTRACT

In this study, we trained and compared explainable machine learning algorithms for predicting the band gaps of
perovskite materials that have the formula ABX3 containing both zero and non-zero band gaps. Six supervised
learning models: 5 ensemble learning methods and 1 neural network (CompoundNet) were employed to study
the non-linear relationship that exists between the band gap and the characteristics of its constituent elements
such as electronegativity, covalent radius, first ionization energy, and row in the periodic table. The machine
learning (ML) models were trained on datasets obtained from density functional theory (DFT) calculations. The
results show that CatBoost and XGBoost models yielded the least predictive errors and the highest coefficient of
determination of R > 88% than other approaches in the testing phase. Furthermore, the Shapley Additive
Explanation (SHAP) was used for explaining the model based on the elemental composition of each perovskite
compound from the physics standpoint, and a novel holistic feature ranking of the explained models was pro-
posed. One key insight gained from the SHAP analysis is that the Pauling electronegativity of the B site cation in
the cubic perovskites which characteristically plays an important role in the electronic properties of this class of
materials is the feature that contributes most to the prediction of the band gaps. These results reveal the potential
of ML to predict materials properties quickly and accurately with datasets useful in the engineering of efficient
solar cell devices.

1. Introduction

anions. Over the years, perovskite solar cells (PSC) have attracted
attention in the field of photovoltaics because of their performance

It is well-known that perovskite compounds show a remarkable va-
riety of mechanical, electrical, optical, magnetic, and transport prop-
erties [1-3]. Typically, the structure of an ideal perovskite with the
general formula ABX3 consists of A cations which occupy 12-fold coor-
dination sites, B cations in the center, and corner-sharing octahedra of X

potentials, simple fabrication processes amongst others [4,5], and the
power conversion efficiency (PCE) of PSC has reached > 25% — 25.7%
[6-8]. The performance of PSCs is determined by some factors such as,
band gap, electrical conductivity, high carrier mobility, remarkable
energy level alignment, and low density of defects at the interfaces.
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Fig. 1. Block diagram illustrating the learning processes for the supervised learning methods.
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Fig. 2. Block diagram illustration of the system learning pipeline.
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Fig. 3. Training phase correlation plot for each of the supervised learning models prediction on either direct or indirect band gaps compared with their respective

actual values for 95% of the entire data.

Amongst all these factors, the design of the band gap of the perovskite
layer is crucial and it directly determines its response to the solar
spectrum [9,10]. Perovskite semiconductors create a unique opportu-
nity in the engineering of materials because of the large design space.
This is possible because the variety of cation-anion combinations has

band gaps that span the visible spectrum. Given the complex design
space of ABX3 compounds, it is difficult to explore all the possible
combinations both theoretically and experimentally. From a theoretical
standpoint, the bandgaps of semiconductors using traditional DFT sim-
ulations are underestimated within the generalized gradient
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Table 1

Performance evaluation metric comparison of the different machine learning
techniques prediction of direct band gaps of ABX3 perovskites on 95%-5% data
splits.

Techniques Train Test
MAE RMSE  R? MAE RMSE R?
CATBOOST 0.149 0.205 0.993 0.633 0.867 0.887
+ + + + + +
0.005 0.006 4.658 0.112 0.119 0.004
x 107*
XGBOOST 0.005 0.008 0.999 0.661 0.871 0.880
+ + + + + +
0.001 0.001 2.910 0.213 0.246 0.056
x 1076
RANDOM 0.324 0.508 0.959 0.798 0.966 0.860
FOREST + + + + + +

0.004 0.004 0.001 0.235 0.224 0.034
COMPOUNDNET  0.074 0.129 0.997 0.749 1.090 0.818

+ + + + + +

0.029 0.051 0.002 0.234 0.347 0.074
DECISION TREE 0.000 0.000 1.000 0.765 1.070 0.813

+ + + + + +
0.000 0.000 0.000 0.194 0.308 0.094

LIGHTGBM 0.678 0.941 0.860 0.920 1.140 0.801
+ + + + + +

0.012 0.027 0.009 0.342 0.349 0.078

Table 2

Performance evaluation metric comparison of the different machine learning
techniques prediction of indirect band gaps of ABX3 perovskites on 95%-5%
data splits.

Techniques Train Test
MAE RMSE  R? MAE RMSE R?
CATBOOST 0.137 0.185 0.994 0.572 0.776 0.906
+ + + + + +
0.003 0.004 2.329 0.150 0.227 0.028
x 107*
XGBOOST 0.005 0.007 0.999 0.588 0.773 0.904
+ + + + + +
0.001 0.002 4,942 0.225 0.304 0.050
x 1076
RANDOM 0.313 0.497 0.956 0.697 0.857 0.884
FOREST + + + + + +

0.006 0.006 0.001 0.264 0.324 0.053
COMPOUNDNET  0.068 0.126 0.996 0.595 0.827 0.869

+ + + + + +
0.041 0.072 0.003 0.194 0.279 0.089

LIGHTGBM 0.640 0.902 0.854 0.808 1.002 0.837
+ + + + + +

0.013 0.026 0.007 0.357 0.441 0.092
DECISION TREE 0.000 0.000 1.000 0.634 1.068 0.803

+ + + + + +

0.000 0.000 0.000 0.110 0.235 0.097

approximation (GGA) [11] but can be overcome by using hybrid func-
tionals or many-body perturbation theory (GW) [12,13]. Nonetheless,
these more accurate theoretical approaches are more computationally
expensive and can be difficult to implement on a vast array of materials.
A possible approach to overcome this limitation is the application of ML
models to enhance the predictions. Typically, in the ML approach, the
properties of the materials under investigation are calculated by DFT or
obtained from laboratory experiments for a small sample size which is
then used to train statistical ML models. The model learns the trends in
the data distribution during the training phase. Thereafter, the model is
used to predict the properties of new datasets based on the trends it has
learned. Contextually, when accurate high performing ab-initio calcu-
lations are performed on a set of ABX3 compounds, the results can be
used to train ML models to obtain predictions for the remaining mate-
rials in the large design space.

Several studies have focused on using ML models to predict the band
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gaps of ABX3 type compounds [14-18]. To highlight a few, Lee et al.
focused on using the support-vector regression ML technique to predict
the band gaps of 156 binary compounds using descriptors which include
the band gaps obtained from DFT calculations using GGA and obtained a
root mean squared error (RMSE) of 180 meV [19]. Gladkikh et al., [20]
studied non-linear mappings that exist between band gap and the
properties of the elements using the Alternating Conditional Expecta-
tions ML technique (a method useful for small datasets) and compared
the results with other ML methods. They concluded that the best ML
methods which successfully studied the linear mappings were Kernel
Ridge Regression and Extremely Randomized Trees. Liu et al. [7], used
ML to predict the experimental band gaps of 227 perovskites obtained
from 1254 recent publications with a bid to identify 4 models from 24
kinds of ML models. The models achieved high accuracy with an RMSE
of down to 0.55. In addition, explainability ML was used to explain the
effect of each chemical composition for their proposed models, and this
further established the potential of ML to accurately predict the band
gaps of perovskite materials. In a study conducted by Huang et al., [21],
the band gaps of 300 wurtzite nitride semiconductors were calculated
using DFT. These datasets were then used to train many ML models for
predicting the band gaps. From all ML models tested, the best perfor-
mance was achieved using support-vector regression. Pilania et al., [22]
used the kernel-ridge regression technique and 16 sets of the
element-specific descriptor to predict the band gaps of 1306 double
perovskites and obtained an RMSE of 80 meV. Rath et al., [23] classified
ABX3 type perovskites into direct and indirect band gap materials using
the XGBoost classifier with datasets of 1528 ABX3 compounds and ob-
tained an average accuracy of about 72.8%. In a recent article published
by Lyu et al. [24], it was shown that machine-learning models could be
useful for low-dimensional organic-inorganic halide perovskites.

To allow for a critical investigation of the models, interpretable
machine learning using Shapley additive explanations (SHAP) was
adopted. The SHAP analysis was performed to determine which of the
descriptors used in the prediction was most important. They concluded
that one major finding from the SHAP analysis is that the absence of
transition metals increased the probability of the perovskite having a
direct band gap. SHAP which originated from the cooperative game
theory have been used to interpret many complex ML models which are
so-called black box models. In 2017, Lundberg and Lee [25] proposed
the SHAP value to explain various models for better interpretation.
Before the adoption of SHAP, feature importance has been used to
explain ML models. Although these reflect the importance of the features
directly with emphasis on the impact of the features on the final model,
it has proven deficient in judging the relationship between the features
and the prediction of the results. More so, in the context of using several
ML algorithms, a global ranking of the input features for all the models
may not be feasible. Therefore, there is a need to propose computa-
tionally efficient methods for accurate global ranking of input features if
several ML algorithms are used.

To the best of our knowledge, this is the first work that holistically
employs the use of explainable ML models for regressive prediction of
direct and indirect bandgaps of inorganic perovskite compounds.
Another contribution is the use of the explainable model (SHAP) in
attempting to assess the feature importance or rationale behind how
these ML models can accurately predict the band gaps of the inorganic
perovskite materials. To assess the importance of these features, we
propose a novel holistic ranking method for identifying the most
prominent feature from the explained models.

In this study, the band gaps of 199 perovskites having a formula
ABX3 were modeled per the element-specific descriptors of individual
elements viz: electronegativity, covalent radius, first ionization energy,
and row in the periodic table. We compared the new ANN model called
CompoundNet to other ensemble machine learning techniques: Decision
Trees, Random Forest, CatBoost, XGBoost, and LightGBM. Finally, the
results are explained from the physics standpoint using the Shapley
Additive Explanations (SHAP) to evaluate the effect of the specific
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Fig. 4. Testing phase correlation plot for each of the supervised learning models prediction on either direct or indirect band gaps compared with their respective

actual values for 5% of the entire data.

Table 3

Performance evaluation metric comparison of the different machine learning
techniques prediction of direct band gaps of ABX; perovskites on 80%-20% data
splits.

Table 4

Performance evaluation metric comparison of the different machine learning
techniques prediction of indirect band gaps of ABX3 perovskites on 80-20 data
splits.

Techniques Train Test Techniques Train Test
MAE RMSE R? MAE RMSE R? MAE RMSE R? MAE RMSE R?
CATBOOST 0.124 0.166 0.996 0.845 1.390 0.697 CATBOOST 0.116 0.155 0.996 0.795 1.301 0.699
+ + + + + + + + + + + +
0.003 0.004 3.656 0.094 0.186 0.099 0.006 0.008 4.873 0.103 0.226 0.125
x 1074 x 107*
XGBOOST 0.003 0.004 0.999 0.810 1.460 0.664 RANDOM 0.329 0.495 0.957 0.909 1.386 0.650
+ + + + + + FOREST + + + + + +
0.001 0.001 1.264 0.126 0.177 0.116 0.012 0.025 0.005 0.182 0.310 0.189
x 107 XGBOOST 0.003 0.004 0.999 0.791 1.397 0.647
RANDOM 0.342 0.507 0.959 0.963 1.450 0.665 + + + + + +
FOREST + + + + + + 0.006 0.001 2.006 0.127 0.276 0.178
0.011 0.020 0.004 0.175 0.264 0.150 x 107°
LIGHTGBM 0.720 0.991 0.843 1.130 1.610 0.599 LIGHTGBM 0.687 0.965 0.835 1.073 1.529 0.591
+ + + + + + + + + + + +
0.025 0.066 0.021 0.106 0.170 0.101 0.029 0.073 0.025 0.109 0.192 0.131
COMPOUNDNET  0.065 0.129 0.997 0.991 1.680 0.557 COMPOUNDNET  0.053 0.087 0.998 0.879 1.521 0.576
+ + + + + + + + + + + +
0.027 0.050 0.002 0.124 0.252 0.141 0.018 0.037 0.001 0.146 0.366 0.237
DECISION TREE  0.000 0.000 1.000 0.993 1.790 0.505 DECISION TREE  0.000 0.000 1.000 0.812 1.574 0.557
+ + + + + + + + + + + +
0.000 0.000 0.000 0.142 0.245 0.124 0.000 0.000 0.000 0.170 0.365 0.195

descriptors on the band gap predictions. In what follows, we present the
data description, distribution and pre-processing in section 2, the
methodology in section 3, the results and discussion in section 4, and we
conclude in section 5.

2. Data description, distribution and preprocessing

In this study, we have used datasets obtained from the work of Korbel
et al, [26]. The authors used the more accurate hybrid HSE06
exchange-correlation function to calculate the band gaps of 199 com-
pounds. The numerical values for the adopted 199 compounds are
outlined in Table ESI-1 in the Supplementary Information of Ref. [26].
Hence in this study, we used the obtained HSE06 band gaps to train our
models. We calculated the tolerance and octahedral factors to further
establish the formation of perovskites and the stability of the com-
pounds. The Goldschmidt tolerance factor was used by assessing the
ionic radius of the values as compiled by Shannon [27]. We also per-
formed first principle calculations with the Vienna Ab-initio Simulation

Package-VASP at PBE GGA functional level (results not shown) on
randomly selected cubic perovskites from the 199 compounds to ensure
that the datasets we have adopted are reproducible [28,29].

Different features have been proposed as descriptors for the prop-
erties of materials [30,31]. In this study, a simple set of element-specific
descriptors have been used. For each of the elements in the ABX3 com-
pound, the electronegativity, covalent radius, first ionization energy,
and row in the periodic table were used because from the physics
perspective, the selected descriptors have an influence on the band gaps
of the compounds, and these descriptors can improve the training of
machine learning models leading to better performance and greater
accuracy. This gave 12 features in total per compound. The 12-dimen-
sional feature space has proven to be effective in the prediction of the
magnitude of band gaps when regression techniques are used [32].

The calculated band gap examples from the ABX3 perovskites data as
obtained from Ref. [24], were partitioned in the ratio 95%: 5% for the
training set and testing set, respectively. Furthermore, the input features
for the used dataset were normalized in the scale [0, 1] using the
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Fig. 5. Explainability of the supervised learning model prediction of the direct band gap while revealing the feature importance influencing the model prediction.

expression in equation (1).

X, — min(X;)
X =2 T
"~ max(X;) — min(X,)

where the X; denotes the raw input features and the normalized input

(€Y

3. Methods

In this section, we briefly describe the supervised learning algorithms

and the corresponding explainable artificial intelligence (XAI) tools used

features can be represented as X,. The effective normalized input fea-

tures with the corresponding continuous output labels for each of the

3.1. Supervised learning algorithms

aforementioned datasets were passed to the supervised learning

algorithms.

3.1.1. CompoundNet

in this study for a better understanding of the theoretical background.

The CompoundNet is a feedforward artificial neural network that
consists of three main units; input unit, hidden unit, and output unit. The
CompoundNet is a multilayer perceptron (MLP) which is an example of a
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Fig. 6. Explainability of the supervised learning model prediction of the direct band gap while revealing the feature importance influencing the model prediction
(mean SHAP value).

supervised learning algorithm that can be used for performing classifi- addition of the sum of weighted inputs Zk(wgqfl % Xfc‘l) and the corre-
cation or regression tasks. In our experiment, the hidden unit consists of
five neural network layers; whereby each layer contains 64 network
nodes. The rationale behind the choice of 64 network nodes is based on
an intuitive design philosophy whereby we attempt to explore the uni-
form nodal distribution based on the formula: 26 = 64. Each network
node within the hidden and output layers generate feature maps as
defined in the expression;

sponding bias b} in R"*" dimensional space. Note that the variable Wj;

and X! account for the input weights and input features, respectively
based on the dimension R*!2 per each example in the perovskite ma-
terial composition. Hence the predictive error (cost function) was
computed using the information from the actual output and predictive
outcome from the hypothetic model. We used the Adam optimizer [33]
in optimizing the predictive error via backpropagation to yield optimal
Y =04 Y (Wit xxp ") (2) weights needed for the CompoundNet model to predict direct or indirect
K band gap from the perovskites examples in the testing phase.

here the hypothetic model output denoted by Ylmlp compute the effective
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Fig. 7. Explainability of the supervised learning model prediction of the indirect band gap while revealing the feature importance influencing the model prediction.

3.1.2. Random forest

Random Forest (RF) [34] is one of the traditional ensemble learning
techniques that was originally derived from the bagging aggregation
principle. This method can be created by integrating several instances of
de-correlated estimator trees [35]. This method computes the average
from the aggregation of several base learners before determining the
most likely continuous output (estimating an average score from the
base learners). For training example given as D; = (Xj, ¥;) Vj € N, it
should be noted that the variable X; represent the actual input features
and Y; denotes the actual output from the original dataset. For a given
normalized input feature X;, € [0,11%, our goal is to calculate a regression
function Yi/(x) = E[Y|X = Xj] within the dataset D;.

3

The variable Ey denotes the estimated output from the random
forest. An RF is a kind of predictive estimator that collects a set of
randomized base predictive estimator regression trees {Y;A Wi, X € Dj),
k > 2}, where the weight variable can be denoted W = {W;, Wy, ... Wi}
as a randomly distributed variable. The random output decision trees
were integrated to generate aggregation of several regression trees. We
used random forest (Y;y) containing 10,000 base estimators when con-
ducting our experiments.

Y, (D)) = Ew[Y;(Wi, X € D))]
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Fig. 8. Explainability of the supervised learning model prediction of the indirect band gap while revealing the feature importance influencing the model prediction
(mean SHAP value).

Table 5
Explainablity model feature importance ranking in the testing phase; the power index represents the feature positional ranking, when considering direct bandgap

prediction.

Methods F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 F11 F12
CATBOOST 1! 42 78 8* 25 10° 57 118 6° o'° ol 312
XGBOOST 1! 22 10% 74 4° 0° 6 38 9° 510 glt 1112
RANDOM FOREST 1! 82 5% 74 2° 4° 107 38 0° 1110 6! 912
COMPOUNDNET 1! 22 10% 8* 9° 7° 57 118 4° 310 6! 0'2
LIGHTGBM 1! 22 78 44 0° 10° 97 6° 3° 810 11" 512
DECISION TREE 1! 82 73 44 2° 10° 37 58 6° 910 111 0'2
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Table 6

Holistic feature ranking using all the outcomes from the explained machine learning models after predicting direct bandgap.

F12

F11

F10

F9

F8

F7

F5 F6

F4

F2 F3

F1

Features

60

55

54

54

47 54

31 33

30

23

21

Sum of

ranking R
Best feature

11

10

1

ranking
order
Feature

Row

Row First

Covalent Pauling Covalent

Row First

Covalent

First

Pauling

Pauling

(Element

Tonization
3)

Energy

(Element

1)

Radius of

Electronegativity of

Radius of
Element 1

Ionization
Energy

(Element

2)

Radius of

Ionization
energy of
Element 2

Electronegativity of

Element 3

Electronegativity of

Element 2

importance

Element 1

Element 3

Element 2

Element 1

Element 3

Materials Science in Semiconductor Processing 161 (2023) 107427

3.1.3. Decision tree

A decision tree is an example of a supervised learning technique
mainly used for solving classification or regression tasks [36,37]. Hence,
given an input feature space, the decision trees operate based on the
principle associated with entropy and information gain in the formation
of a supervised learning model.

3.1.4. XGBoost

EXtreme Gradient Boosting (XGBoost) method is a scalable tree
boosting technique [38]; this method relies on a sparse-aware learning
paradigm that allows multiple base-tree learners to predict sparse and
clustered data. The main design philosophy of an XGBoost is that it
factors in data compression, cache accessibility, and sharding for
creating a more scalable decision tree predictive system.

3.1.5. CatBoost

The Catboost [39] is an example of the ensemble learning algorithm.
The name CatBoost was derived from the compound words; “categorical
boosting”. A typical CatBoost relies on base learners by ordering and
employing an innovative learning algorithm for operating categorical
features. The main merit of CatBoost is that it has the prowess to address
prediction shifting arising from output target leakage. This method is
one of the most competitive state-of-the-art ensemble learning method.

3.1.6. LightGBM

The light gradient boosting method (LightGBM) [40] is another
competitive ensemble learning method that depends on decision trees
that employ two main algorithm paradigms; gradient-based one-side
sampling and an exclusive feature bundling. This method is often used
for solving classification and regression tasks. The block diagram
describing the learning process for each of the described methods is
shown in Fig. 1. The learning process starts with data preprocessing,
then followed by the actual learning process using the ML models. The
model evaluation and the prediction on the new data completes the
process.

3.2. Explainable artificial intelligence

Many classical machine learning and deep learning techniques are
often considered black-box as a result of limited internal information
about the rationale behind their model interpretability [41]. Based on
the recent advances in Al, It has become pertinent to explore explainable
Artificial Intelligence (XAI) and its relevance in understanding the
feature importance that influences a certain machine learning model
prediction. An example of an XAI algorithm is SHapley Additive exPla-
nations (SHAP). SHAP is an explainability tool that relies on the unifi-
cation of frameworks that allow researchers or experts to gain insightful
interpretation of complex predictive models. The core unit of a SHAP
algorithm involves identifying a novel class by assessing additive feature
relevance and finding the unique solution of the new class based on a
collection of desirable attributes. Overall, the SHAP estimation approach
aligns effectively with human intuition. We considered two forms of
SHAP explainers; Tree-based explainer was used for interpreting the
ensemble learning models, while the sampling-based explainer was used
for interpreting the CompoundNet model. A block diagram illustration
of the developed system pipeline is shown in Fig. 2.

3.3. Performance metrics

The generalization capacity of the trained models can be measured
using the following performance metrics;

1. Coefficient of Determination: The coefficient of determination
commonly known as R? is a metric tool employed for determining the
degree of correlation existing between two or more sets of variables.
The R? can also be described as the goodness of fit. An R? can be
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Table 7

Explainablity model feature importance ranking in the testing phase; the power index represents the feature positional ranking when considering indirect bandgap

prediction.
Methods F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 F11 F12
CATBOOST 1! 42 73 24 8° 5° 107 [ 11° 6'° 3! 912
XGBOOST 1t 22 73 44 0® 10° 37 6° 9° 510 gt 1112
RANDOM FOREST 1! 22 73 54 4° 8° 107 98 3° 00 11 6'2
COMPOUNDNET 1! 10? 8° 6 4° 20 57 9® 11° o 71 312
LIGHTGBM 1 2? 7° 44 10° 0° 97 3® 8° 6'° 1t 512
DECISION TREE 1! 22 73 41 10° 6° 37 9® 8° o'° 1 512

defined within the range {0, 1}. If R> = 1, the model is said to have a
perfect fit and is highly reliable. However, if a model yields R? = 0,
then the hypothetical model can be described as yielding poor cor-
relation with weak generalization potential. The mathematical for-
mula R? can be described as:
>y - vy

R =1- 4

where Y; accounts for the target values and Yf denotes the predicted
outputs from the described supervised learning algorithms. The variable
Y; denotes mean of Y;.

2. Root Mean Square Error (RMSE): The RMSE measures the effective
difference between the actual experimental target output and the
predicted model output. Furthermore, RMSE determines or measures
the goodness of fit from the generated generalized regression model.
An RMSE can be defined as;

RMSE = (lZ(Y_, - Y7)2>7

%)

J

3. Mean Absolute Error (MAE): MAE is another evaluation metric for
calculating the absolute difference between target output and the
predicted model output (continuous variables);

1 p
MAE:EXJ:\Y/-fYH (6)

4. Results and discussion

In this section, we provide the computational results obtained, and
discussed the research findings for the investigated supervised learning
models. We start with the supervised learning models and then discuss
our findings on the explainability ML.

4.1. Supervised learning performance evaluation

In Fig. 3, we show correlation plots of all the method predictions for
both direct (Fig. 3a) and indirect band gaps (Fig. 3b) for one-fifth (é) of
the total experimental runs within the training phase. Using larger
training examples which translate to (95%) of the effective data was
used for generating each of the supervised learning models. The sum-
marized evaluation performance results obtained from the supervised
learning model prediction of the direct and indirect band gaps in the
training and testing phases are reported in Table 1 and Table 2
respectively.

From Tables 1 and 2, we report that most of the ensemble learning
techniques (CatBoost, XGBoost, and Decision Tree), and neural network
method (CompoundNet) yielded a coefficient of determination R® >
0.99 and lower predictive error when compared with LightGBM and
Random Forest in the training phase. The R? of the superior ensemble
learning models indicates that there is a strong degree of correlation
between the elemental composition of each ABX3 type perovskites and

10

the band gaps.

However, we observe that the LightGBM and Random Forest expe-
rienced underfitting relative to other techniques in the training phase.
To further inspect the generalization potential for each of the methods, it
is pertinent to explore the overall performance metrics for these
methods in the testing phase. The observation of one-fifth of the total
experimental runs showing the testing phase correlation plots of all the
methods predicting direct or indirect bandgaps is shown in Fig. 4.
Overall, the best methods (CatBoost and XGBoost) yielded the least
predictive errors: MAE < 0.66 or RMSE < 0.87 and the highest R? >0.88
for the prediction of both direct and indirect band gap. We generally
observe that the Decision Tree technique suffers from an overfitting
problem.

For fewer amount of training examples (80%) of the entire data: the
summary of the supervised learning performance index for both training
and testing sets were presented in Table 3 and Table 4, respectively.
From the described tables, we report an excellent R? and minimal pre-
dictive errors in CatBoost, XGBoost, and Decision Trees in the training
phase, but these methods were unable to generalize very well in the
testing phase due to overfitting problems. This often emanates due to
decision tree depth and specificity drawn in the testing phase that is
unable to assume the model distribution in the testing phase. However,
in the testing phase, we report that CatBoost when compared with other
methods yielded the best R? > 0.697 and least predictive errors (MAE >
0.795 and RMSE > 1.30) in the testing phase. Hence we can draw an
inference from our evaluations that CatBoost has the best generalization
potential and was capable to learn the multivariate input feature space.
The remaining ensemble learning techniques and CompoundNet
outperform Decision Tree across all the evaluated metrics. These ob-
servations are the same for models generated using large and fewer
training examples.

4.2. Explainability analysis and the proposed holistic feature ranking

To hypothetically explain the model rationale with respect to feature
relevance behind the goodness of one method relative to the other ap-
proaches, we examine the SHAP algorithm for assessing the impact of
the feature importance of the ABX3 perovskites when the supervised
learning algorithms are used in predicting the indirect and direct band
gaps. The SHAP graphs are shown in Figs. 5-8. Highlighting the
importance of the feature graphs, the most important feature can be
found at the top, and the importance of the other features is ranked in
descending order. As shown in Figs. 5-8, the Y-axis depicts the feature
nomenclature, while the X-axis shows the corresponding mean of the
magnitude of the SHAP values. The mean of the magnitude reveals the
average impact the feature has on the model output. When the mean of
the magnitude is high, it means the impact on the predicted value is
high. The color of all the points represents the value of the corre-
sponding feature. The red color represents high values while the blue
color represents low values. It should be noted that in Figs. 5 and 7, the
points of the feature on the right-hand side depicts that the SHAP
analysis contributes positively in the model prediction, while the left-
hand-side contributes negatively during the model predictions.

Based on the observation of the feature ranking from Figs. 5-8, we
employed our novel holistic feature ranking method to determine the
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Table 8

Holistic feature ranking using all the outcomes from the explained machine learning models after predicting indirect bandgap.
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global feature ranking of the ABX3 perovskites across all the explained
supervised learning models. A summary of our findings on the feature
importance and the holistic feature ranking for all the methods were
reported on Table 5 to Table 8, respectively. From the latter, we report
that the most important feature is the “Pauling Electronegativity of
Element 2”. This is because the feature appears as the first ranked across
all the examined methods and has the least sum of ranks as shown in
Table 6 and Table 8.

From Figs. 5-8, we report each of the methods’ feature importance
ranking on Tables 5 and 7. Then we developed a hypothesis formulation
to assess each of the methods by counting the frequency of the feature
ranking across all the methods to determine which of the feature con-
tributes the most from the trained supervised learning model
predictions.

R(F?) = Zcount(Ff) X p @

where R; is the sum of effective ranking per feature V the learning
models, F represents the input feature having a code in the range {0 —
11}, the index variable p denotes the feature positional or ranking value,
and i is the number of entries per each of the features. Suppose an input
is given as F = 2, the positional value is p = {2, 5}, the frequency of
occurrence of the input feature F = 2 is given as count(F?) = {3, 3} and
by performing a calculation on equation (7) yields a value Ry = 21. By
extending the same principle to the remaining features, a summarized
best feature ranking is reported in Tables 6 and 8 for the prediction of
the direct and indirect bandgaps, respectively.

Based on the insights drawn from the holistic feature ranking in the
testing phase for both direct and indirect band gaps, we used a scatter
plot relationship (not shown) of the Pauling electronegativity of element
2 (most important feature) and row of element 3 (least important
feature) versus band gap predictions for each of the supervised learning
models. The investigation revealed that electronegativities between 1.8
and 2.0 contributes the most to the band gaps between 0 and 2 eV (a
consideration that aligns with the Shockley—Queisser limit of band
gaps). On the other hand, the investigation showed that the anions
(element 3) in row 2 contributes the least to the band gaps between
0 and 2 eV. Therefore, the synergistic effect of varied electronegativities
in the crystal system and the rows of the elements can be used to tune the
band gaps of perovskite compounds for effective light-harvesting.

From Tables 6 and 8, based on the holistic ranking done for the
prediction of both direct and indirect band gaps, the Pauling electro-
negativity of element 2 and 3, and the first ionization energy of element
2 are the most important features. A reflection on this assertion can be
made: the Pauling electronegativity is based on the energies of dissoci-
ation and cannot be regarded as a property of individual atoms, but of
atoms that are bonded. Therefore, the energy of the semiconducting
perovskite compounds would typically involve the transfer of an elec-
tron from the valence band to the conduction band. Since the valence
band is characterized primarily by the orbitals of the anion, and the
conduction band is primarily characterized by the orbitals of the cation,
then it is expected that some numerical parameters like the ionization
energy and the electronegativity of the anion and cation will correlate
strongly with the energy band gaps [42,43]. It has been established that
there is a strong relationship between the offset of the conduction band
and ionicity (difference between the metal and oxygen electronegativ-
ities of the compounds) [44].

The inferences from the SHAP analysis as described are important
from a physics standpoint. These inferences can enable scientists with
the selection of constituent elements to maximize the probabilities of
obtaining the predictions of direct and indirect band gaps of ABX3
perovskite. This can help in tailoring the search for direct band gap
materials for specific industrial applications. The SHAP analysis reveal
that the range of electronegativity for the B cation of all the compounds
is the most important feature which determines the band gaps and this is
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in agreement with work carried out by Gladkikh et al., [20], and Rath
et al., [23].

5. Conclusion

In this study, we have demonstrated that the CatBoost model has a
more predictive power for the determination of direct and indirect band
gaps of ABX5 perovskites with a correlation score of R > 0.88 in the
testing phase when models are generated from large data samples,
which is fascinating for the practical exploitation of the algorithms. The
SHAP analysis yielded the features and their impact on the predictions.
The electronegativities for the B cation in the cubic perovskite com-
pounds were showcased as the most important feature in the prediction
of the band gaps. The insights are crucial when designing materials in a
large materials discovery space and when synthesizing light-harvesting
perovskites.

The robust implementation of the ML algorithms can aid a deliberate
discovery of new ABX3 perovskites with suitable band gaps for opto-
electronic applications. This can invariably reduce trial and error ex-
periments in the laboratories and also reduce the number of ab initio
DFT calculations needed. This is therefore in resonance with the overall
objective of materials informatics which accelerates the design and se-
lection of materials. Furthermore, this study demonstrated that the
newly proposed holistic ranking feature provides a simple and efficient
global ranking across all the investigated methods.

Additionally, some of the ensemble learning methods outperformed
the CompoundNet; however, there were instances the CompoundNet
was better than some ensemble learning techniques during the predic-
tion of the direct or indirect band gaps. Future work can explore using 1
— dimensional deep learning architecture involving a 1 x k moving
kernel convolving with the input feature of the ABX3 perovskites to
generate informative feature-maps that may help in yielding a possible
improvement in the prediction of the band gaps.
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