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Abstract

Machine learning has become an effective tool in materials discovery, offering significantly
lower computational requirements than traditional density functional theory calculations and
experimental approaches. This work applies machine learning to predict formation energies
of AzMyM,Og ozides using a dataset of 350 compounds with 28 structural, elemental, and
electronic descriptors. Four regression models such as CatBoost, Gradient Boosting, Ran-
dom Forest and Support Vector Regression were trained and compared to obtain the accurate
values. Among them, CatBoost achieved the highest accuracy (R?> = 0.83 and RMSE =
0.41 eV/atom), outperforming the other approaches. Feature analysis further revealed that
electronegativity, ionization energy, and band gap are the dominant factors influencing the
stability of A, MyM,Og oxides. These results demonstrate the potential of machine learning to
provide fast and reliable prediction of formation energies and to support the design of stable
oxide materials suitable for energy devices.
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Introduction

Machine learning is a multidisciplinary field that
can automatically learn data patterns and make de-
sired predictions in an easier and efficient way [1].
The machine learning algorithm has high robust-
ness and effectiveness in modeling real life problems
which conventional techniques cannot handle [2].
Using the available input features, machine learning
algorithms can learn the irregular pattern between
variables and predict unknown target variables [3].
The algorithms aim to generalize the pattern that
is obtained for any set of input variables. In the

training process, the model utilizes the target data
to learn the relationship between the input fea-
tures and the expected outcomes [4]. Machine
learning has made dramatic progress in various
fields. Recently, machine learning has played a
key role in materials science and has transformed
this field by accelerating the discovery of materials
with novel properties [5]. Traditional approaches
to material discovery like density functional theory
(DFT) based approach and experimental methods
are expensive, inefficient, and often need a lengthy
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research and development cycle regarding the grow-
ing needs of materials science [6]. Machine learn-
ing can significantly lower computing costs while
speeding up the materials discovery process, it has
become a highly successful alternative for conven-
tional DFT calculations and tedious experimental
processes [7]. By offering a fresh knowledge of the
fundamental chemical or physical relationships in-
fluencing qualities of interest, machine learning has
advanced beyond property prediction to the discov-
ery and design of innovative materials for a variety
of applications and materials classes [8].

The formation energy plays an important role to
create novel materials with the desired characteris-
tics. Stability of any materials depends on its for-
mation energy, a system is more likely to be stable
if its formation energy is negative. Thus, prediction
of the formation energy is essential to study the var-
ious properties of any materials. Scientists typically
apply first-principles calculations and also do exper-
imental work to acquire precise formation energy.
However, calculating formation energy of complex
system from first principles is both costly and time
consuming. Furthermore, measuring the formation
energy of a large number of materials through ex-
periments is not feasible [9]. Therefore, machine
learning plays a significant role in the prediction of
the formation energy of complex systems like com-
plex oxides [10].

Figure 1: Crystal structure of LigFesSbOg layered
oxide.

The formation energy of a compound indicates how
thermodynamically stable it is and can be calcu-

lated using the relation

Ef = E(AyM,M'Og)—zE(A)—yE(M)—2zE(M')—6E(O)

1)
where E(A;M,M,Og) represents the total energy
of the oxide compound, E(A), E(M), E(M'), E(O)
denote the energy per atom for the corresponding
stable element A, M, M’ and O, respectively. Ma-
chine learning has been employed to predict the
thermal expansion [11], thermodynamic stability
of perovskite oxides [12], dielectric constant [13],
band gap of ABOg3 [14], formation energy [15-18].
Pilania et al. [19] used chemostructural fingerprints
in their machine learning algorithms to predict for-
mation energy and other polymer properties. Their
scatter plots showed errors of roughly 0.5 eV based
on visual inspection. Ward et al. [20] introduced
Matminer, which applies a random forest-based
machine learning approach to estimate formation
energy. Lotfi et al. [21] built an SVR model to
predict the formation energy, helping researchers
explore and synthesize materials in less researched
composition areas. Many of these studies focus on
the application of machine learning algorithms to
relatively simple oxide systems and single crystal
system materials.

In this study, we have used multiple regression mod-
els to predict the formation energies of a large set of
A, MM/ Og layered oxides. Here, z=1-3; y,2=1,2;
y+2=3; A are alkali metals, alkaline earth, or lan-
thanoids; M = 3d transition metals; and M’ be-
ing transition metals or p-block non-metals. Un-
like previous studies, this work deals with a dataset
with different crystal structures, complex layered
oxides and systematically compares multiple mod-
els to achieve improved predictive accuracy for for-
mation energy. Figure 1 shows the crystal structure
of LigFesSbOg layered oxide, where alternating lay-
ers of lithium ions and transition metal ions are
stacked. We have explored the formation energies
by applying the machine learning technique. The
selected compounds are expected to have various
applications including photovoltaics, superconduc-
tor, optoelectronics, energy storage, catalysis, sen-
sor quantum materials, etc.

2 Methodology

For this work, we collected the dataset for the
A, MM/ Og family of layered oxides from the ma-
terials project database [22]. We manually ex-
tracted relevant material properties from mate-
rials project to prepare the dataset used in this
work. The dataset offers structural diversity for
model development by including both perovskite
and non-perovskite oxide structure, theoretically
predicted and experimentally observed compounds.
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350 A;M,M’,Og layered oxide compounds with pa-
rameters such as molecular weight, atomic radii,
atomic mass, formation energy, electronegativity,
oxidation state, lattice angle (alpha, beta and
gamma), total magnetization, band gap, energy
above hall, melting point, boiling point, density
and number of atoms had taken into considera-
tion. The dataset was examined using correlation
plots, boxplots and histogram to understand fea-
ture distribution and relationships before the model
was trained. In order to maintain the distinctive
characteristics of the materials, all data points were
kept. To train machine algorithm, all these features
are taken as input feature except formation energy.
No additional feature extraction or engineering
techniques were applied. All features were directly
obtained from the materials project database.

In this study, 12 different machine learning mod-
els were initially considered and evaluated. Based
on the greater performance score only four mod-
els highlighted in the discussion. We used the
Scikit-learn Python library to create a number of
regression models, such as Random Forest, Gradi-
ent Boosting, Support Vector Regression, and Cat-
Boost. A wide range of tools for data preprocessing,
model construction, assessment, and implementa-
tion in machine learning applications are provided
by this package. The train_test split function was
used to divide the dataset into training and testing
sets. In order to increase model stability and speed,
feature scaling was done using StandardScaler prior
to feeding the data into the models. Hyperpa-
rameter tuning was used to reduce overfitting and
enhance model performance. Hyperparameter tun-
ing was performed using GridSearchCV with 5-fold
cross validation. The standard k-fold strategy with
random splitting was applied. GridSearchCV was
utilized to evaluate various parameter combina-
tions and determine the best ones. We first created
a grid of possible discrete hyperparameter values,
and then fitted the model using every possible com-
bination. After logging the model performance for
each set, we select the combination that yields the
best outcomes [23]. R? and RMSE, are calculated
to determine the accuracy of different models. The
R? measure indicates how well the set of inde-
pendent variables as a whole explains the target
variable. The value of R? falls between 0 and 1.
For the better prediction the value of R? should be
near to 1. RMSE measures the square root of the
average of the squared discrepancies between the
prediction and the actual observation.

The coefficient of determination is given by [24]

R 2Wi— 9i)?

(0P ®

The formula for Root Mean Squared Error (RMSE)
is given by [24]

RMSE =

where y; represent the actual values, ¥ is the corre-
sponding average, 7; are the predicted values, and
n is the number of external sets [24].

Figure 2: Flow chart of machine learning algorithm
for predicting formation energy of A;M,M’O¢ ox-
ides.

The step-by-step procedure adopted in this work is
summarized in Figure 2. This workflow provides
a systematic and reproducible approach for devel-
oping and evaluating machine learning models for
formation energy prediction.

2.1 Random Forest Regressor:

Random Forest Regressor (RFR) is an ensemble
learning method where multiple decision trees are
combined to improve predictive performance. In-
stead of relying on a single model, RF constructs
a collection of decision trees and aggregates their
output to produce a final prediction. So, the large
number of trees are especially significant in RF
regression [25]. Two factors contribute to the ran-
domness of a random forest. First, each tree is
trained on a random subset of the training data.
Second, each split in a tree is generated using a ran-
dom subset of input features. The trees are highly
unstable, the unpredictability in them causes vari-
ations in each tree’s prediction. As each individual
tree produces a multidimensional step function, RF
stabilizes the output and provides more reliable re-
sults by averaging predictions from the individual
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trees.

For an input vector x, the final prediction of RF
model constructs K regression trees and averages
the outcomes as shown in below [26]

@) = = > T) @)

where Ty () represents the prediction from the k'
decision tree.

2.2 Gradient Boosting Regressor:

Gradient Boosting Regressor (GBR) is a powerful
ensemble learning technique which allows to inte-
grate predictions from many learner models and de-
velop a final model with accurate prediction. The
training data is carefully resample using the boost-
ing method to yield the most pertinent informa-
tion for each succeeding model. Each training step
modifies the data distribution to minimize the error
generated by the earlier models. A popular statis-
tical learning technique called integrated learning
builds a strong learner which predict the target ac-
curately by combining several weak learners in an
efficient manner. This strong learner can lower the
prediction model’s variance and deviation [27] [28].
Gradient Boosting algorithm is given below:

e The GBR algorithm is used to learn patterns
between the input and output variables X and
Y respectively, comprising N samples. The
goal is to learn the function f(x) that corre-
sponds to the mapping of input features X to
target variables Y. This algorithm employs
boosted trees, representing the sum of trees.

The loss function is the difference between
the actual and predicted variables, and is ex-
pressed as

The minimum loss function L(f) with respect
to f is given as

N
folz) = argm;'n L(f)= argm}'nZL(yi, f(z)

i=1

(6)
If our gradient boosting algorithm comprises
M stages, then to enhance f,,, the algorithm
can introduce a new function h,,, where 1 <
m< M.

= Fn1(2i) = Fn (i) + b (i) (7)

Yi

2.3 Support Vector Regression:

Support Vector Regression (SVR) is a supervised
learning method that is applicable to classification
and regression tasks. It was first introduced as a lin-
ear classification technique, then extended to han-
dle non-linear relationship and regression tasks [29].
In the SVR model, the input features X; are trans-
formed into a higher-dimensional feature space us-
ing a nonlinear transformation ¢(X;). A linear
model is then fitted in this space, expressed as

1

E:Zwi ¢(Xi) +b (8)
i=1

where w; and b represent the learned weights and
bias term respectively. The coefficients are opti-
mized from the training dataset {(X;, E;)}._;.
Various types of functions including gaussian, poly-
nomial and sigmoid are employed by the SVR al-
gorithm [30]. The fundamental concept behind the
SVM method involves converting the input features
into a space with higher dimensions, enabling the
linear separation of the two classes through a high-
dimensional surface referred to as a hyperplane.
SVR mainly finds the optimal hyperplane in the
transformed feature space that best fits the data
[31].

2.4 CatBoost Regressor

CatBoost Regressor (CBR) is an advanced ensem-
ble learning model based on gradient boosting,
designed to improve prediction accuracy and com-
putational efficiency. It differs from XGBoost and
LightGBM, due to its construction of balanced trees
that exhibit symmetry in their structure. This dis-
tinctive approach involves selecting and applying
the same feature-split pair, leading to the lowest
loss, across all nodes within a given level during
each step [32]. The balanced tree architecture of-
fers numerous advantages, including support for
efficient CPU implementation, reduced prediction
time, streamlined model application and controlled
risk of overfitting. CBR is effective for a small
dataset, although in such cases we should be care-
ful about overfitting. Overfitting can be avoided by
tuning the model parameters. This method can im-
prove model correctness and speed up convergence,
particularly for large feature data sets.

) The prediction of the model given by Dorogush

et al. [33] can be expressed as follows

J
Z=H(w) =Y ciliser;) (9)
j=1
Here, H(x;) represents the output of the model for
the input variable x; and R; denotes the disjoint
region defined by the tree structure.
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3 Results and discussion

In this study, we calculated feature importance,
predicted the value of formation energy by using
different machine learning models: RF, GBR, SVR
and CBR. We calculated the predictive perfor-
mance of these regression models using two stan-
dard metrics: coefficient of determination (R?) and
the root mean squared error (RMSE). We com-
pared the actual and predicted value by plotting
graph. Hyperparameter tuning was used to reduce
overfitting and to improve models performance.

To understand the data better, we created a cor-
relation heatmap and boxplots to examine the re-
lationships among features. Since our data contain
both experimental and theoretical material proper-
ties, no outlier removal was performed as they may
represent meaningful properties rather than noise.
To ensure that all features contributed equally dur-
ing training, we applied z-score normalization to
standardize the data. The dataset was then split
into features and the target (formation energy), fol-
lowed by a 80 : 20 division into training and test
sets. We have used the RF model to identify impor-
tant feature. From sci-kit learn, RF model assigned
score to each input features. Top 10 features were
selected on the basis of RF importance score. We
analyzed feature importance to find which variables
most influenced the formation energy predictions.
These steps helped us to prepare the data for higher
computational efficiency, explore its characteristics,
and interpret the model’s key drivers. The Random
Forest model highlighted the most influential fea-
tures for predicting formation energy, as shown in
Figure 3.

Top 10 Feature Importances

EN_of M
IE_of M
EN_of M’
EN_of A
Band_gap

Energy_Above_Hull

Feature Names

lonic_radius_of_A
Molecular_weight
IE_of A
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T T T T
0.15 0.20 0.25 0.30

Importance
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0.00 0.05 0.10

Figure 3: Top 10 features determined by the RF
value importance scores analysis on the formation
energy prediction.

Here, feature names are in descending order along
y-axis and the importance weights along x-axis.
Physically significant properties such as electroneg-
ativity, ionization energy, band gap were ranked

highest, indicating strong links to material stability.
Electronegativity, ionization energy and ionic ra-
dius affect bond strength and stability of molecules.
The energy above hall is the key component to de-
termine the stability of the compound, which is also
identified as important by machine learning. This
result supports the reliability of the model and helps
narrow down key descriptors for future analysis.

Performance of Different Models

EEm RMSE

0.8 7 R-Squared

0.7
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RFR GBR SVR CBR
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Figure 4: RMSE and R? value for different models.

The formation energy was predicted by using all the
top features as input parameters. The most com-
monly tuned hyperparameter were used to evaluate
the performance of different machine learning al-
gorithms using metrics: RMSE and R2. Reported
values are based on the test dataset which evalu-
ates the predictive performance of the model on
unseen data. Table 1 shows the RMSE, R? values
and the best parameters for hyperparameter tun-
ing of RFR, GBR, SVR and CBR. From the above
Table 1, CBR Model has RMSE : 0.4138 which is
the minimum value of the root mean squared error
among four models: RF, GBR, SVR and CBR. The
Support Vector Regression model has the highest
value of RMSE i.e. 0.6037. CatBoost Regressor
model has maximum R? value: 0.8335 whereas the
Support Vector Regression model has minimum
value of R2, i.e. 0.6456.

The CBR model achieved the highest performance
among the models tested due to its ability to man-
age complex feature interactions and perform well
with limited data. Its use of symmetric trees and or-
dered boosting effectively minimizes overfitting and
enhances generalization. The SVR model exhibited
relatively lower performance due to its smooth and
symmetric feature-target relationships.

However, formation energy often involves abrupt,
nonlinear variations, particularly due to structural
transformation among oxides, making it challeng-
ing for SVR to model accurately. Both Gradient
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Boosting Regressor and Random Forest Regres-
sor performed reasonably well, but showed some
limitations. Their sensitivity to noise and risk of
overfitting, especially in the absence of robust reg-
ularization may have affected their performance on
the moderately sized dataset used in this study.
Monareng et al. predicted the formation energy
of lithium ion batteries using CatBoost regressor
model with R?2=0.95 [34]. This demonstrates the

effectiveness of CBR model and suggests its ap-
plicability beyond lithium-ion battery materials.
In Figure 4, among the four models, the largest
coefficient of determination and the least value of
the RMSE is observed in the CBR algorithm. The
Support Vector Regressor algorithm has the lowest
value of R? and the highest value of RMSE.

Table 1: Performance comparison of four different models to predict formation energy with the RMSE,
R?, hyperparameter and the optimized hyperparameter for each model

Model RMSE R? Hyperparameter Best parameters

RFR 0.5170  0.7401 ‘max__depth’: [3,5,7], ‘max__depth’: 7,
‘n_estimators’: [10,50,100] ‘n_estimators’ 100

GBR  0.4353 0.8157 ‘max__depth’: [3,5,7], ‘max_ depth’: 3,
‘n_estimators’: [10,50,100] ‘n_estimators’: 100

SVR  0.6037 0.6456 ‘C’: [1,10,100], ‘C’: 10, ‘kernel’: ‘rbf’

‘kernel’: [‘linear’, ‘thf’]
CBR 04138 0.8335 ‘depth’: [3,5,7], ‘depth’: 3, ‘iterations’: 300

‘iterations’: [100,200,300]

Scatter plot of actual vs predicted formation energy using CatBoost Regressor
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Figure 5: Scatter plot using CBR model.
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Actual vs Predicted Formation Energy
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Figure 6: Visual representation of correspondence between test and predicted formation energy.

Table 2 shows the actual data and closely predicted
values of the formation energy of A,M,M’O¢ ox-
ides using CBR model. Figure 5, is the scatter
plot of the actual and predicted data of the for-
mation energy. We can see that there is a high
correlation between the predicted and actual for-
mation energy. The predicted and actual values
of the formation energy are very close. Figure 6
further represents the comparison of the test data
and predicted formation energy in a point-to-point
manner to highlight the consistency of the CBR
model. The close overlap between the two curves
shows that the model is able to follow the actual
trend of formation energy across different oxide
compositions with minimal deviation.

Table 2: Actual and CBR predicted values of for-
mation energy

Compound Actual FE Predicted FE
LiQCI‘QCOOG 2.052 2.047
NagFe(BO3)s 2.310 2.271
CusH3NOg 0.991 0.955
LiSisBOg 3.059 2.876
MgCr(SiO3)s 2.976 2.976
SrgTbWOG 3.126 2.926

The CatBoost Regressor model gives good results,
but some prediction errors are still present. This
may be due to the limited range of input features.
Additionally, the dataset itself may include noise
arising from experimental inaccuracies or inconsis-
tencies. The presence of compounds with varying
crystal symmetries could also pose challenges, as
such diversity may not be fully captured by the
model. Despite these challenges, predicting forma-
tion energy correctly is important to find stable ox-
ide materials that can be used in batteries, solar
cells, and catalysts.

4 Conclusion

This work highlights the potential of machine learn-
ing to predict the formation energy of oxide com-
pounds using theoretically and experimentally col-
lected data. The random forest regressor model
identifies key descriptors such as electronegativity,
ionization energy, band gap, and the energy above
hull as significant factors. Based on these features,
we applied four regression models to a dataset col-
lected from the materials project. Machine learn-
ing excels at examining large datasets, uncovering
trends and underlying patterns within complex in-
formation. In this study, 80% of the data was used
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for training, while the remaining 20% was used for
the testing. Model performance evaluated using
RMSE and R? metrics. The performance of the
model was observed through the RMSE and R?
values. The CatBoost Regressor model predicted
the formation energy with higher accuracy than the
other models, achieving an R? value of 0.83. The
best hyperparameter for the prediction of formation
energy is ‘depth’: 3, ‘iterations’: 300. This work
presents an efficient and accelerated approach for
discovering novel materials in the field of materials
science. The approach used in this work can create
a precise model for predicting the energy required
for oxide production. The findings of this study give
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