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Abstract: Identification of the crystal structure of the cathodes of Li-ion batteries is important to improve energy storage technologies.
This research has three goals: (1) to determine the important parameters to predict the crystal systems (monoclinic, orthorhombic, and
triclinic); (2) to evaluate different machine learning algorithms to make the correct prediction; and (3) to give insights on how to optimize
materials used in batteries. We have studied a Kaggle dataset comprising a number of physicochemical descriptors such as chemical
formula, energy above the convex hull, band gap, number of atomic sites in the crystal, density, and volume. We evaluate and compare
systematically the predictive performance of 10 machine learning algorithms, including Random Forest, Support Vector Machine,
Logistic Regression, K-Nearest Neighbor, Decision Tree, Gradient Boosting, XGBoost, Naive Bayes, AdaBoost, and CatBoost. The
final model with the best predictive performance resulted from the optimized stacking model that achieved an accuracy of 72.06%
and an Receiver Operating Characteristic-Area Under the Curve (ROC-AUC) of 0.8438 after removing leaky features and applying
advanced validation methods. These results are consistent with past research that reveals that ensemble learning methods can be used
to extract intricate trends in materials information. Nevertheless, this study is based on one dataset with a rather small sample size,
which can impact the broader applicability of the findings.
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1. Introduction

The performance of cathodes in lithium-ion (Li-ion) bat-
teries is a factor that defines their performance, durability, and
efficiency to a large extent [1-3]. The performance of Li-ion
batteries is dependent on the cathode materials, which include
lithium cobalt oxide and lithium iron phosphate combined with
lithium nickel-manganese-cobalt-based materials, which support
reversible Li-ion transport during the charging and discharging
process. The increased utilization of electric cars and portable
electronic devices has greatly increased the need to develop
high-performance energy storage systems [4]. To ensure such
advancements, more powerful predictive modeling methods are
crucial toward maximizing cathode materials. High-level models
make possible a more precise prediction of material characteristics
and optimize battery operation. The monoclinic, orthorhom-
bic, and triclinic crystal systems are significant in Li-ion battery
cathodes due to their unique structural features and effects on
Li-ion transport and stability [5, 6]. These differences play an
important role in determining electrochemical performance in bat-
tery materials. Triclinic crystal systems, however, have the lowest
symmetry and are typically linked with more complex and less
stable structures. This decreased symmetry can restrict Li-ion
mobility and can influence electrochemical performance. Never-
theless, even with their distinctive structural arrangements, they
may offer alternative routes to the process of ion transport and,
thus, provide the possibility of the development of novel battery
materials.

Machine learning (ML) and artificial intelligence (AI) have
become extensively used in data-driven approaches to predict and
optimize the properties of battery materials in the field of mate-
rials science [7-11]. These methods allow analyzing complex data
efficiently and enhance the knowledge of the relations between
material structure and properties [12-16]. Models have been cre-
ated by researchers that can be used to accurately predict the
behavior of a material based on structural and electronic prop-
erties. The complexity of monoclinic, orthorhombic, and triclinic
crystal systems however poses serious challenges to predictive
modeling. Moreover, the existing research also has various limi-
tations such as a small dataset, incomplete comparison between
ML models, and a lack of validation strategies. Such difficul-
ties can influence the generalization and reliability of the models.
To address these issues, various machine learning algorithms
have been explored to allow data-driven predictive modeling of
materials in the field of battery materials, with the objective of
improving the design and performance of battery materials. The
authors have already studied numerous representatives of materi-
als science and computational modeling, especially in the area of
energy materials [17]. Our studies since 2011 have focused on the
development of laser- and optics-based materials, with theoretical
analysis being done using the theoretical framework of Discrete
Variational-Xalpha and Discrete Variational Multi-Electron. The
research that we conducted on red phosphorus, which is further
subdivided into oxide-based and fluoride-based categories, has
resulted in important publications and insights. Our research on
fluoride-based phosphorus has led to major publications in the
highest-ranking journals, including studies of the multiple forms
of the transition metal ions and the light-absorbing properties of
various doped materials. Recently, our research has been involved
in the study of the effects of pressure on rubies, the optical prop-
erties of Li, TiO3:Mn*" and Cr>", and the 4f-4f"!5d transitions
of Ln3* ions in various host crystals [18]. Moreover, our work
explores the application of ML and deep learning methods to
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identify novel red phosphor materials, pointing to the potential
of these advanced methods [19, 20].

Although significant advances have been made, several chal-
lenges remain in ensuring the reliability and generalization of
machine learning models, particularly when limited datasets and
information leakage are involved. Unlike past researchers, this
work takes a leakage-free ML pipeline along with stratified cross-
validation to achieve more reliable and generalizable results. This
study investigates the accuracy of different ML algorithms in
predicting crystal systems in Li-ion battery cathodes, such as
monoclinic, orthorhombic, and triclinic crystals. The aims are
to find important predictive characteristics, compare the behav-
ior of different algorithms, and give preliminary comments for
future research. They applied a variety of ML models on a
dataset of structural and electronic features including a set of
models of Support Vector Machine, Decision Tree, K-Nearest
Neighbor, Random Forest, Logistic Regression, Gradient Boost-
ing, XGBoost, Naive Bayes, CatBoost, and AdaBoost. Ensemble
methods are identified as a result of having the ability to model
complex relationships within the dataset. The current work helps
to comprehend the applications of ML solutions to classifying
crystalline systems and gives a deeper insight that can be used in
future research in the field of optimization of battery materials.

2. Literature Review

2.1. Machine learning in materials science

In recent years, data-driven approaches have significantly
contributed to the growing use of ML-based approaches in
materials science, particularly for modeling complex and nonlin-
ear interactions between material properties and performance in
materials discovery. The traditional experimental and computa-
tional approaches can be time-consuming and resource-intensive,
particularly when dealing with big and complicated data.

Conversely, ML methods allow more effective analysis of
data, which allows researchers to discover significant patterns and
contribute to the faster discovery and optimization of materi-
als. According to past studies, ML approaches can be successful
in predicting various material properties, including structural
stability, electronic properties, and performance-related energy
consumption. These models can produce precise predictions that
help in making decisions about the design of materials by making
use of features such as formation energy, band gap, and atomic
configurations [21]. These strategies can be particularly useful in
situations where the nonlinear dependence between variables is
difficult to model using traditional techniques.

Applications of ML and Al in materials science have under-
gone a significant evolution throughout the years. It has used
a variety of algorithms, beginning with simple linear models
and more complex ensemble learning algorithms, in the hope
of improving predictive performance and model robustness. Of
these, the ensemble methods have received special focus since they
are able to discover complex patterns in high-dimensional data
through a combination of a number of base learners.

Even though considerable advances have been achieved, the
overall predictive performance of ML models is limited by factors
such as data quality, feature engineering, and dataset size. Gen-
eralization and reliability in model prediction can be influenced
by a lack of data and the intricacy of material structures. Thus,
further research remains to be aimed at the enhancement of the
performance of models, their increased interpretability, and the
development of more robust methods of materials prediction.
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2.2. Machine learning for Li-ion batteries

The use of ML in the study of Li-ion batteries has become
one of the most widely discussed research areas due to its poten-
tial to enhance the performance of the battery and speed up the
process of discovering new materials. Li-ion batteries find com-
mon application in a variety of applications such as electric vehicle
applications as well as in portable electronic devices, the effective-
ness, durability, and efficiency of Li-ion batteries being largely
influenced by the properties of cathode materials. As a result,
understanding and optimizing these materials has become a key
focus in recent research.

Past research has utilized ML methods in different parts of
Li-ion battery systems, such as estimating state of charge, predict-
ing battery health, and analyzing material properties. Specifically,
important properties including formation energy, band gap, and
structural stability, which are critical to assess the suitability of
cathode materials, have been predicted using ML models [22].
The methods allow quicker and more economical analysis than
conventional experimental methods.

A number of ML algorithms have been put into practice
in this field, including classical algorithms like Support Vec-
tor Machine and Logistic Regression as well as more modern
algorithms such as Gradient Boosting, Random Forest, and
XGBoost. Ensemble learning techniques have been shown to per-
form better than the other methods in that they can be used to
model nonlinear relationships among battery material datasets.
These models fuse a group of learners to enhance predictive per-
formance and robustness, which makes them particularly suitable
in the scenario of high-dimensional and heterogeneous data.

Although the results are promising, there are still difficulties
in implementing ML in Li-ion battery studies. A lot of studies
are based on a small amount of data, and this can affect the
generalizability of the models. Moreover, variation in feature rep-
resentation and evaluation measures may cause discrepancies in
the performance reported. As such, further studies are needed
to create more comprehensive and reliable ML-based models in
predicting and optimizing Li-ion battery materials.

2.3. Crystal structure prediction in battery materials

The crystal structure is important in determining the over-
all electrochemical behavior of Li-ion battery cathodes. Various
crystal systems, which include monoclinic, orthorhombic, and tri-
clinic crystal systems, have different structural characteristics that
affect Li-ion mobility, stability, and overall battery efficiency.
Such structural differences have a direct influence on the ion dif-
fusion pathways, electronic properties, and material durability
during the charge/discharge processes.

Past records have emphasized that orthorhombic crystal
structures tend to be linked with good electrochemical per-
formance as a result of the balanced structural stability and
efficient Li-ion transportation [18]. Conversely, monoclinic struc-
tures offer greater flexibility of the atomic structure but can
decrease ion mobility because of lower symmetry. The triclinic
systems are typically associated with more complicated and less
stable structures, which may limit their usefulness in applications
of high-performance batteries.

Although the crystal structures are important, predicting
crystal systems using the material properties is not an easy
task. The relationships between formation energy, band gap,
atomic sites, density, and volume are nonlinear and extremely
complicated. Traditional approaches may not easily find such

interactions, and this is especially true in cases where big and
high-dimensional data are involved.

Previous studies have explored the use of ML methods in
order to overcome these obstacles. ML models are able to iden-
tify more complex patterns in the data and have more accurate
predictions about crystal systems provided a range of material
characteristics. However, predicting crystal structures of differ-
ent materials fairly using a range of ML algorithms has yet
to be applied to a study that involves conducting a thorough
comparison of a number of models.

2.4. Research gap

Although ML applications in materials science and in the
study of Li-ion batteries are rapidly developed, a number of
challenges are present. Previous research has demonstrated the
possibilities of ML methods when it comes to predicting material
properties and optimizing battery performance [17]. However, a
lot of these studies are limited in scope and related to particu-
lar algorithms or particular aspects of battery systems without
providing a more comprehensive comparison of multiple ML
models.

Moreover, the complexity of crystal structures, including
monoclinic, orthorhombic, and triclinic, is a major issue with pre-
dictive modeling [18]. The interactions of structural and electronic
properties are very nonlinear and can hardly be described by the
methods used in the past. Even though it is not a new study that
explores the use of ML to predict materials, the classification of
various crystal systems with the help of different ML algorithms
is an area that is still under-explored.

The other critical limitation comes in regard to the availabil-
ity of data and validation strategies. Many of the current studies
rely on small datasets and fail to use strong validation meth-
ods, including cross-validation, which can impact the reliability
and the capability of the results to generalize [19]. In addition,
the research on the combination of extensive feature analysis and
model comparison in order to gain a better understanding of the
underlying factors that influence the crystal system prediction is
still lacking. Unlike other studies, this paper uses a leakage-free
ML pipeline with stratified cross-validation to obtain more reliable
and generalizable findings.

3. Methods

Data on the physicochemical properties of Li-ion silicate
cathodes were obtained by extracting the appropriate data from an
openly available dataset retrieved from Kaggle.com. This database
contains a set of variables including material identifiers, elemental
composition, key physicochemical properties such as formation
energy, energy above the convex hull, band gap, and the number
of atoms at each atomic site, material density, unit cell volume,
and crystal structure information. It is important to note that this
study is completely founded on one publicly available dataset, and
no external validation dataset was used.

Thorough preprocessing was conducted as part of the data
preparation process to analyze the data with ML. This entailed
the systematic elimination of irrelevant data and the accurate han-
dling of any absent data. The numerical features were subjected to
normalization processes to standardize the scales of such features
in a bid to eliminate any potential deviations in the magnitudes
of such features and to enable the robust training of models.
The dataset was subsequently stratified into separate training and
test sets [23] after preprocessing the data. To be reproducible, the
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random seed was fixed when dividing the data and training
the model. Not only did this approach optimize the model
training, but it also enabled deep validation and evaluation, main-
taining the reliability and applicability of the trained models.
Moreover, feature selection was carried out to decide and iso-
late the most important features to predict the crystal system
classification.

Moreover, the Spacegroup feature was eliminated in all
experiments since it directly encodes crystallographic symmetry
and introduces data leakage. Including this feature may lead to
overly optimistic results. It was therefore omitted to make sure
that the model only learns using physically meaningful descrip-
tors. The chosen features in this study were these descriptors
of formation energy, energy above the convex hull, band gap,
atomic site count (Nsites), density, and volume because the vari-
ables directly relate to the physical and structural properties of the

materials. The aim of such a process was to increase predictive
accuracy by focusing on the most significant features needed to
classify. The dataset was processed with techniques such as prin-
cipal component analysis (PCA) and feature selection based on
the model in order to extract meaningful information. A group
of ML algorithms was chosen to be compared, and they included
various methodologies in a wide range of complexity. Included
in this analysis were Logistic Regression [24], Decision Tree [25,
26], Random Forest [27], K-Nearest Neighbor [28, 29], Support
Vector Machine [30], Gradient Boosting [31], XGBoost [32, 33],
Naive Bayes [34, 35], AdaBoost [36-38], and CatBoost [39, 40].
Table 1 summarizes the ML models used in this study.
The models were fitted with optimized parameters that were
obtained after RandomizedSearchCV to enhance predictive accu-
racy. Stratified 5-fold cross-validation was used to improve
model robustness and generalization and was incorporated into

Table 1
Summary of machine learning models and their mathematical expressions

Machine learning

No. model Description Mathematical expression
1 Logistic Regression Linear model for binary classification based 1 1
on the logistic function (sigmoid) P ( Y= )_(> T fe-GBohN)

Logistic Regression evaluates the prob-
ability P f Y= )l{ ) that a given
instance X is part of class 1. The
logistic function 1 + e~ transforms
the input z into a value within the
range of 0 to 1, enabling probabilistic
interpretation. To determine the
probability estimate, the model
computes probabilities by applying
the logistic function to a linear
combination of input variables X

2 Decision Tree Constructing a tree-based model for classi- Decision rule at node 7: X; < s, where
fication or regression involves recursively X; is the feature and s is the split
splitting the feature space point

3 Random Forest Training on bootstrapped samples from Random Forest prediction:
the dataset builds a collection of decision P =mode(yy, V2,5 Vu)
trees. In classification scenarios, the model
determines the final class label based on a
majority voting scheme, whereas for regres-
sion tasks, the final output is computed as
the average of individual predictions

4 K-Nearest Neighbor The most common class among an instance’s KNN prediction:

(KNN) K closest neighbors in the dataset is deter- 9 =mode(y1,y2,..., Vk)
mined by an instance-based learning
technique
5 Support Vector The model determines the optimal hyperplane ~ w-x+b = 0. is the hyperplane equation.
Machine by maximizing the separation between data When the input vector is x, where w
points identified as support vectors in the represents the weight vector, and b
feature space denotes the bias term
6 Gradient Boosting The ensemble approach constructs models The gradient descent update rule is

sequentially, where each new model aims to
correct the errors of the previous one

given by 6D = 000 — pv 6™ the
model parameters at iteration ¢ are
represented by 8(), the learning rate
is denoted by 7, the gradient of the
loss function L with respect to the
model parameters is VL

04

(Continued)



Journal of Data Science and Intelligent Systems Vol. 00

Iss. 00 2026

Table 1
(Continued)

Machine learning

No. model Description Mathematical expression
7 XGBoost Optimized implementation of gradi- Loss function: Loss = Z?_l Ly, y) +
ent boosting with regularization and A2Q(f). A represents the regularization
parallelization parameter, and Q(f) denotes the
regularization term that imposes
a penalty on the complexity of the
model
8 Naive Bayes A classifier that functions according to Bayes’  Naive Bayes classifier:
theorem, presuming that the features are 9 = arg maxP(y) H:;l P(x;|y)
independent of the class y
9 AdaBoost Ensemble method combining numerous weak AdaBoost prediction:
learners by assigning weights to training P o= Sig”(E,T_l a,h,(x)). a,is the
examples weight assigned to weak learner /,(x)
10 CatBoost Gradient boosting algorithm designed for CatBoost prediction is given by

categorical features, optimizing training
speed and memory usage

N K.

P = 20 sign(fi(x)), where f;(x)
is the prediction of the k -th base
learner

the training process. A complete ML pipeline was created,
which includes train-test splitting, balancing of classes by the
Synthetic Minority Over-sampling Technique (SMOTE), opti-
mization of the ML pipeline by RandomizedSearchCV, and
stratified cross-validation. Leakage-prone properties like Space-
group were explicitly ignored in order to ensure that the model
only learns on physically meaningful descriptors. Moreover,
SMOTE was used to reduce the imbalance of the classes in the
dataset. Moreover, a stacking ensemble method was adopted to
enhance classification performance. The stacking method com-
bined several base learners, such as XGBoost, Gradient Boosting,
Random Forest, and CatBoost, whereas the meta-learner was
Logistic Regression. In this way, the model is able to capture dif-
ferent patterns and enhance the overall predictive performance.
All experiments were done in Python with popular libraries,
such as scikit-learn, pandas, and NumPy, which guarantee repro-
ducibility of the results. The data that were utilized in the
current research were retrieved from an open-source dataset
(Kaggle).

Table 1 summarizes the ML models used in this study,
including their descriptions and corresponding mathematical for-
mulations. All models were trained and evaluated on a dataset
designed for crystal system classification. During the training
phase, model parameters were adjusted to improve their ability to
accurately classify different crystal structures.

Each experiment was carried out using Python and Jupyter
Notebook environment, with libraries scikit-learn, XGBoost,
CatBoost, SHapley Additive exPlanations (SHAP), and
imbalanced-learn. Data preprocessing techniques were used,
such as imputation, scaling, and class balancing using SMOTE.
The accuracy, precision, recall, Fl-score, ROC-AUC, confusion
matrix, and SHAP interpretability analysis were used to assess
model performance.

Performance evaluation was conducted using a separate test
dataset, considering metrics such as accuracy, precision, recall,
Fl-score, and ROC-AUC [41, 42]. This approach allows for a
thorough assessment of model performance behavior across all
crystal classes.

To improve model robustness and minimize overfitting,
hyperparameter optimization was applied to selected high-
performing models using RandomizedSearchCV combined with
stratified 5-fold cross-validation.

The randomized search procedure investigated several key
hyperparameters, including tree depth, number of estimators,
learning rate, and regularization strength, to achieve an optimal
trade-off between model complexity and generalization.

Accuracy is a fundamental evaluation metric that represents
the proportion of correctly predicted instances relative to the total
number of predictions. It can be expressed as follows:

Number of Correct Prediction

Accuracy = -
y Total Number of Prediction

(M

Accuracy provides a general measure of model performance,
but it may be unreliable for imbalanced datasets. Therefore,
additional metrics are required for a more complete evaluation.

The precision of the model is the ability to distinguish genuine
positive cases from all the cases it labels as positive. It is calculated
as:

True Positive

Precision = — — 2)
True Positive + False Positive

When there is a significant cost associated with false posi-
tives, precision becomes very crucial. For example, misdiagnosing
a healthy individual as having a condition might result in need-
less stress and therapy in the medical diagnostics field. Precision
emphasizes the model’s ability to eliminate false positives by assist-
ing us in calculating the percentage of positive predictions that are
correct.

Recall, sometimes referred to as sensitivity, evaluates how
well the model can locate all pertinent examples within a given
category. The formula is:

True Positive

Recall = 3
ecd True Positive + False Negatives ®

Regardless of false positives, the focus of this statistic is on
how successfully the model detects positive cases. When missing a
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positive case could have major negative effects, high recall is essen-
tial. For example, a security threat may be the subject of dire
consequences if it is not detected or if an important illness diag-
nosis is missed. Recall is therefore a part of the consideration of
recording the highest number of true positive cases in the model.

Recall and precision are combined together, and that’s why
the Fl-score is an equitable, comprehensive evaluation of the
model’s performance. It is estimated by:

Precision X Recall
Fl — . =2X 4
seore Precision + Recall @

The Fl-score is appropriate when it is necessary to trade
off between recall and precision, particularly when dealing with
imbalanced data. The Fl-score is a better measure of the model’s
effectiveness because it considers the errors made by the model
in predicting the positive class as well as the errors made in
predicting the negative class. It can be used to test the model’s
performance in a case that requires recall and/or precision, ensur-
ing the model can correct relevant situations and avoid false
alarms.

ROC-AUC is an indication of how well the model is able
to separate different classes at different thresholds. The receiver
operating characteristic (ROC) curve is a plot of the true posi-
tive rate as a function of the false positive rate, or the percentage
of correct positive identifications and the percentage of incorrect
negative identifications over all the different thresholds. The area
under the curve (AUC) is a general indication of how well the
model performs:

1
AUC = f TPR (x) dFPR(x) %)
0

The higher the AUC value, the more effective the model’s
separation of instances. The closer it gets to 1, the better the model
is able to distinguish between the instances. If the AUC is close
to 0.5, then the model is not very useful and is not much better
than random guesses and needs improvement. This statistic can
be used to easily compare the trade-offs between sensitivity (being
able to identify positive cases) and specificity (being able to identify
negative cases) at different thresholds. It lets us know whether
the model is capable of distinguishing well between the different
classes and provides us with a full understanding of the model’s
capabilities.

Multiple performance metrics are important for assessing the
performance of ML models. They argue either in general terms if
the model is or isn’t effective or, more specifically, with respect to
features of the model such as recall, precision, and class separa-
tion. These signals can be used to communicate to stakeholders
what they have selected, tuned, and applied to the models. The
process ends with the improvement of the classification of crys-
tal systems and the advancement in materials science, assisting
researchers and engineers in developing novel and efficient mate-
rials and technologies that could be beneficial in different areas.
Besides, these measures will enhance communication between
data scientists and domain experts, which will make sure that
the models developed are appropriate for the domain-specific
necessities and problems.

4. Experimental Setup
Transparency, reusability, and reliable assessment of ML

models for predicting the crystal systems of Li-ion battery cath-
ode materials were ensured by the experimental workflow of this
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study. The experiments were performed in a Python-based Jupyter
Notebook environment with popular scientific computing and
ML libraries such as NumPy, Pandas, Scikit-learn, XGBoost,
CatBoost, SHAP, and imbalanced-learn. A fixed random seed
value of 42 was used when splitting the datasets, cross-validating,
and training the models to ensure the results are reproducible. The
experimental setup involved data preprocessing, feature selection,
hyperparameter optimization, model training, and interpretability
analysis.

This research was conducted using a dataset readily available
on the Kaggle platform that includes physicochemical and crystal-
lographic properties of Li-ion battery cathode materials. A total
of 339 samples and 11 attributes of monoclinic, orthorhom-
bic, and triclinic crystal systems were used in the dataset. The
following parameters were selected as key features: formation
energy, energy above hull, band gap, density, crystal volume,
and number of atomic sites (Nsites). The “Spacegroup” attribute
was purposely omitted from all experiments since it directly rep-
resents crystallographic symmetry information and could cause
data leakage. By restricting only physically meaningful mate-
rial descriptors, these models learned only from the material
descriptors and not specific structural labels.

A full preprocessing process was done before the model was
trained. Irrelevant attributes and missing values were eliminated
systematically, and numerical attributes were scaled to ensure sta-
bility of training and uniform distribution of data. The data were
then stratified and split into training and testing datasets. The
distribution of classes was balanced using the SMOTE, which
increases the number of minority class instances to make the
model more robust. Furthermore, feature engineering and dimen-
sionality reduction techniques such as PCA and model-based
feature selection were used to select the most informative descrip-
tors for classification of crystal systems. The final dataset split had
an 80:20 ratio for training and testing and was performed using a
fixed random seed to guarantee experimental consistency.

We compared 10 ML algorithms: Logistic Regression, Deci-
sion Tree, Random Forest, K-Nearest Neighbor, Support Vector
Machine, Gradient Boosting, XGBoost, Naive Bayes, AdaBoost,
and CatBoost. Furthermore, a stacking model was developed
by combining XGBoost, Random Forest, Gradient Boosting,
and CatBoost as base learners and Logistic Regression as the
meta-learner. The performance prediction and overfitting were
minimized by performing hyperparameter optimization with
RandomizedSearchCV integrated with stratified 5-fold cross-
validation. The optimized stacking model performed best among
all the evaluated models in terms of classification.

The main prediction model was an optimized stacking
ensemble model, as shown in Figure 1. The base classifiers in a
stacking ensemble model were optimized as follows: XGBoost,
Random Forest, Gradient Boosting, and CatBoost were chosen
as the base classifiers, and Logistic Regression was selected as the
meta-learner. RandomizedSearchCV was used for hyperparame-
ter tuning. Stratified cross-validation was used for better model
generalization in the optimization process. The parameters of the
algorithms were systematically optimized for best classification
performance. For the XGBoost classifier, the number of estima-
tors used was 302, the max depth was 7, and the learning rate
was 0.0879. Random Forest model used 406 trees, and trees are
max depth of 17 and a min split size of 8. CatBoost had 400
iterations, depth 8, and a learning rate of 0.05, while Gradient
Boosting had 300 estimators, depth 7, and a learning rate of
0.1. The maximum number of iterations was set to 3000, and
the regularization parameter (C) of Logistic Regression was set
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Figure 1
Proposed optimized stacking ensemble framework

from sklearn.ensemble import StackingClassifier, GradientBoostingClassifier, RandomForestClassifier

from sklearn.linear_model import LogisticRegression

from xgboost import XGBClassifier
from catboost import CatBoostClassifier

from imblearn.pipeline import Pipeline as ImbPipeline

from imblearn.over_sampling import SMOTE

from sklearn.metrics import accuracy_score, precision_score, recall_score, fl_score, roc_auc_score

# Define the enhanced stacking model with base estimators and tuned parameters

stack_model_enhanced = StackingClassifier(estimators=[

('xgb’, XGBClassifier(n_estimators=302, max_depth=7, learning_rate=0.0879, eval metric='logloss’, random_state=42)),
('rf’, RandomForestClassifier(n_estimators=406, max_depth=17, min_samples_split=8, random_state=42, n_jobs=-1)),

('cat’, CatBoostClassifier(iterations=400, depth=8, learning_rate=0.05, verbose=0, random_state=42)),
('gb’, GradientBoostingClassifier(n_estimators=300, max_depth=7, learning_rate=0.1, random_state=42))],

final_estimator=LogisticRegression(max_iter=3000, C=0.849), cv=5, n_jobs=-1, passthrough=True)

# Create the full pipeline with preprocessing and SMOTE

stack_pipe_enhanced = ImbPipeline([(’prep’, preprocessor), (’smote’, SMOTE(random_state=42)), (’model’, stack_model enhanced)])

stack_pipe_enhanced.fit(X_train, y_train)

# Make predictions and evaluate the model
y_pred_enhanced = stack_pipe_enhanced.predict(X_test)

y_pred_proba_enhanced = stack_pipe_enhanced.predict_proba(X_test)

acc_enhanced = accuracy_score(y_test, y_pred_enhanced)

prec_enhanced = precision_score(y_test, y_pred_enhanced, average='weighted’, zero_division=0)

rec_enhanced = recall_score(y_test, y_pred_enhanced, average=’weighted’, zero_division=0)
f1_enhanced = f1_score(y_test, y_pred_enhanced, average=’weighted’, zero_division=0)
roc_auc_enhanced = roc_auc_score(y test, y_pred_proba_enhanced, average='weighted’, multi_class='ovr’)

to 0.849. Considering the class imbalance, SMOTE was applied
before model training.

The performance of the model was assessed with several
statistical measures that are commonly used in the field of
classification: accuracy, precision, recall, F1, and ROC-AUC
to evaluate the performance of the model in classification.
A confusion matrix analysis and SHAP-based interpretability
analysis were also conducted to investigate the behavior of clas-
sification and feature contributions. SHAP was used for the
analysis of model interpretability. To quantify the contribution
of individual features, SHAP summary plots were generated for
selecting individual features to classify crystal systems. It was
found that the most influential descriptors to predict crystal sys-
tems are band gap, energy above hull, formation energy, and
volume.

The whole implementation code, the trained model config-
urations, and the experimental notebook were prepared in the
Jupyter Notebook format to facilitate reproducibility and future
research, and the dataset and source code were shared publicly on
a GitHub repository.

5. Result and Discussion

The first step in this study was to import a database of dif-
ferent properties of Li-ion battery cathodes. The database is of
great value for constructing a predictive model to classify crystal
systems of cathode materials. Efficient data processing and analy-
sis were carried out with the pandas library. Since the dataset was
preprocessed, there were 339 rows and 11 columns. The columns
are the different properties of the materials, including Formula,
Materials Id, Band Gap (eV), Formation Energy (eV), Volume,
Density (gm/cc), Nsites, EAbove Hull (eV), Has Band Structure,
and Crystal System.

A representative subset of data is shown in Table 2 and infor-
mation about some of the main physicochemical properties of
Li-ion battery cathode materials for the various crystal systems.
The samples chosen are from different classes of materials to pro-
vide a good balance of the sample set. This collection contains
materials with and without an associated band structure, to give
a balanced representation. Parameters like “Formation Energy
(eV)” and “Band Gap (eV)” enable the understanding of the

Table 2
Dataset sample of Li-ion battery cathode crystal structure

Formation E Above Band Density Has Band Crystal system
No. Materials Id Formula Energy (eV) Hull (eV) Gap (eV) Nisites (gm/cc) Volume Structure
1 mp-849394 Li,MnSiO, -2.699 0.006 3.462 16 2.993 178.513 TRUE Monoclinic
2 mp-850949 LiMnSiO4 -2.65 0.027 1.052 28 3.507 291.575 FALSE Monoclinic
3 mp-566680 Li,MnSiO, -2.705 0 3.052 16 3.039 175.842 TRUE Orthorhombic
4 mp-761776 LiMn(SiO3), -2.824 0.036 0.037 80 3.343 850.626 FALSE Orthorhombic
5 mp-767711 Li,Mn,Si Oy -2.904 0.012 0.904 38 3.098 441.742 TRUE Triclinic
6 mp-868673 Li;sMn;5SiOs, -2.194 0.028 0.311 63 4.093 595.723 FALSE Triclinic
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stability and electronic properties of materials, which are impor-
tant to determine their efficiency as cathode material for Li-ion
batteries. A few of the possible crystal structures that could be
encountered in the cathodes of Li-ion batteries are shown in the
table, and six sample observations are inserted as a snapshot of
the data. The data consists of 339 entries of 3 different crystal
systems. The dataset consists of 339 samples belonging to three
crystal systems. The monoclinic class contains 139 samples, of
which 110 have an associated band structure and 29 do not. The
orthorhombic class contains 128 samples, of which 106 have an
associated band structure and 22 do not. The triclinic class con-
tains 72 samples, of which 58 have an associated band structure
and 14 do not. This extensive dataset contains a wide range of
data for studying and forecasting properties of a variety of Li-ion
battery cathode materials.

The rows of the table are different materials that are used
in Li-ion batteries, with each row having a unique “Materials
1d”, and its chemical formula is used to describe it. The column
“Materials Id” is just to identify each material and is not used
in calculations. The “Formation Energy (¢V)” column shows the
energy needed to form the material from its constituent elements,
and the lower the energy cost, the more stable the material. The
term eV means the difference in energy between the energy of a
material and the energy of the most stable (lowest energy) elemen-
tal form of that material. Smaller “EAbove Hull” values mean
that the compound is more stable and that the compound is more
likely to stay together as a compound as opposed to breaking
down into its elements. The value of the “Band Gap (eV)” col-
umn is the energy that it takes to move from the valence band

to the conduction band. The value is significant to determining
the electrical conductivity of the material since it is the energy
barrier to reach for electrical conduction. Nsites is a number cor-
responding to the number of atomic sites within the unit cell of
the crystal structure of the material, and “Density” (in grams per
cubic centimeter) is the mass of material per unit volume. “Vol-
ume” refers to the overall volume of the unit cell. In addition,
the “Has Band Structure” column indicates whether or not the
material has an electronic band structure. Lastly, the “Crystal
System” column indicates the crystal structure of the materials.
The data were split in the ratio of 80:20, with 80% of the data
assigned to a training set and 20% to a test set. To increase the
strength of the evaluation, a stratified 5-fold cross-validation was
employed in this study. Moreover, interpretability analysis was
performed using SHAP to gain insights into the contribution of
the individual features to the output of the model [43, 44].

The observations underscore the need for the application of
ML methods to represent the complex, nonlinear relationship
between battery material data.

The correlation matrix of the key physicochemical descrip-
tors with respect to the crystal system classification of Li-ion
battery cathodes is given in Figure 2. The results show that the
number of atomic sites (Nsites) and crystal volume are very
strongly correlated (r = 0.98) with materials that have larger unit
cells having more atomic sites. However, moderate negative cor-
relations in band gap and formation energy (—0.44) and band
gap and energy above hull (—=0.47) were found, indicating possible
interactions between the electronic and thermodynamic properties
of materials.

Figure 2
Correlation matrix heat map
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The results also show that there is a moderate positive
correlation (0.49) between density and formation energy and a
weak to moderate negative correlation between volume and den-
sity (—0.29) and between volume and formation energy (—0.31).
Overall, the results of the correlation analysis indicate that the
relationships between the structural and electronic descriptors are
complex and partially nonlinear. The results validate the applica-
tion of ML techniques that are able to learn complex interactions
among features and predict the crystal system. The results sup-
port the application of ML techniques that can learn complex
interactions between features and can predict the crystal system.

Figure 3 shows the distribution and relationships between
important features in the dataset. In general, there are no apparent
strong linear relationships between most of the variables, except
for a positive trend between Nsites and volume. The distributions
of the crystal systems are quite overlapping, so that there is no

simple separation of the classes by means of individual features.
The findings indicate that there is a need for more sophisticated
ML models to extract intricate patterns from the data.

To explore further relationships between some of the key
features, correlation analysis was carried out in addition to the
distribution analysis. The results show a high positive correlation
between Nsites and volume, suggesting that materials with larger
unit cells generally contain a greater number of atomic sites.

Moreover, there were moderate negative correlations between
the formation energy, energy above hull, and the band gap, sug-
gesting possible interactions between the thermodynamic stability
and electronic properties. These results also demonstrate the com-
plexity of feature interactions and the importance of considering
the data’s nonlinear relationships with advanced ML models.

The success of the stacking model is a measure of the extent
to which its base models can identify complementary patterns

Figure 3
Data distribution across variables
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in the data. The XGBoost, Random Forest, Gradient Boost-
ing, and CatBoost models are able to identify various nonlinear
relationships, and the Logistic Regression meta-learner combines
their results into a more robust and generalized forecast.

The optimized hyperparameters for the stacking model are
summarized in Table 3. All the ML models are compared
with respect to their performance, and a comparison of their
performance is displayed in Table 4.

A confusion matrix analysis was used to assess the classifi-
cation accuracy of the proposed optimized stacking model. The
confusion matrix of the optimized stacking model is shown in
Figure 4.

The performance of the model on classification is good, espe-
cially for the orthorhombic class that has the largest number of
correct classifications. There is some overlap in feature character-
istics between the monoclinic and triclinic crystal systems, and the
complexity of these low-symmetry crystal structures is observed,
with some misclassifications. The results obtained indicate that
the model is capable of representing the overall trend, but the
separation of similar crystal systems is still difficult.

The results of all the ML models evaluated and used in
the improved ML pipeline are shown in Table 4. The per-
formance results show that the optimized stacking classifier
outperforms the other classifiers, achieving an accuracy of 72.06%
and a ROC-AUC of 0.8438, which highlights its ability to
learn intricate patterns in the data. The advantage of ensemble-
based methods over individual models is clearly demonstrated in
the individual models, where XGBoost and Gradient Boosting
showed good predictive power, followed by Random Forest and
CatBoost.

However, simpler models like AdaBoost, Support Vector
Machine, Decision Tree, Logistic Regression, K-Nearest Neigh-
bor, and Naive Bayes exhibited relatively poor performance.
These differences highlight the value of ensemble approaches for
capturing the intricacies of the data, particularly in nonlinear
scenarios.

To evaluate the performance of each class of crystal, micro-
averaged precision, recall, and Fl-score were computed and
complemented by accuracy. The usage of SMOTE and stratified
cross-validation led to increases in the sensitivity of the minority
classes and helped to build more reliable models.

The overall accuracy (72.06%) is a scientifically meaningful
result since the model now does not use crystallographic leakage
but only chemistry-derived descriptors. With the small number of
data points and the removal of features that are symmetric, the
model shows some interesting predictive ability and is not trivial.
The aim of this extensive comparison is to have all the ML models
in Table 1 evaluated in the experimental analysis in the same way.
This updated result also takes into account data leakage, cross-
validation, hyperparameter tuning, and class balancing and gives
a more realistic and reliable result.

The ROC curves of the optimized stacking model are given
in Figure 5. The results show that ensemble-based models, espe-
cially stacking, work well in the modeling of complex relationships
in battery material data. The evaluation results show that the
model performs well in each class. The model shows good dis-
criminative power in all crystal systems—triclinic class with AUC
0.95, followed by orthorhombic and monoclinic crystal classes.
The results indicate that the model is able to distinguish different
crystal structures fairly well.

Table 3
Optimized hyperparameters for tuned stacking model
Model Hyperparameters
XGBoost n_estimators = 302, max_depth = 7, learning_rate = 0.0879
Random Forest n_estimators = 406, max_depth = 17, min_samples_split = 8
CatBoost iterations = 400, depth = 8, learning_rate = 0.05

Gradient Boosting

n_estimators = 300, max_depth = 7, learning_rate = 0.1

10

Logistic Regression (Meta Learner)

C = 0.849, max_iter = 3000

Table 4
Performance metrics for all machine learning models
Model Accuracy Precision Recall F1-score ROC-AUC
Optimized Stacking 0.7206 0.7220 0.7206 0.7169 0.8438
XGBoost 0.6812 0.7059 0.6700 0.6776 0.8360
Gradient Boosting 0.6694 0.6926 0.6540 0.6636 0.8411
Random Forest 0.6576 0.6698 0.6606 0.6600 0.8281
CatBoost 0.6517 0.6807 0.6480 0.6564 0.8275
AdaBoost 0.6176 0.6218 0.6176 0.6181 0.7622
Decision Tree 0.6176 0.6183 0.6176 0.6169 0.6939
K-Nearest Neighbor 0.5735 0.5733 0.5735 0.5684 0.7333
Support Vector Machine 0.5294 0.5135 0.5294 0.5171 0.7052
Logistic Regression 0.4706 0.4558 0.4706 0.4612 0.6723
Naive Bayes 0.3529 0.4811 0.3529 0.3273 0.5611
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Figure 4
Confusion matrix of optimized stacking model
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In order to improve readability, we used SHAP analysis
to obtain the results. The most influential features that predict
the crystal systems are band gap, energy above hull, formation
energy, and volume, as depicted in Figure 6. These features con-
tribute the most to the model output and thus play a critical role
in battery material classification. The dominance of band gap,
formation energy, and energy above hull is physically meaningful
because they are electronic stability and thermodynamic feasibil-
ity and they are closely connected with the formation of crystal
structure.

Structurally, orthorhombic is a favorable crystal structure
and consistent with previous studies for Li-ion battery applica-
tions; that is, it is structurally rigid yet has efficient Li-ion mobility
[36-38]. Orthorhombic materials like CsPbl; and LiFePO, have
been found to possess strong lithium storage capability and cycle
stability [43]. The geometric structure they have is one in which
their three unequal axes are joined at right angles, which allows
the ions to transport efficiently and minimizes degradation of
the structure for repeated charge-discharge cycles. This struc-
tural arrangement is in turn responsible for stable electrochemical
properties, and this has made orthorhombic phases attractive for
high-performance and long-life battery applications.

Monoclinic, which has two right angles and one oblique
angle, can have more flexible lithium arrangements but may also
have less symmetry to inhibit ion flow. This can have a neg-
ative impact on the electrochemical performance. The triclinic
system, in which all the axes and angles are unequal, usually has
poor ion conduction and less stability, which are less desirable
characteristics for high-performance batteries. Hence, the Li-ion
cathode is typically in an orthorhombic crystal configuration,
which provides an attractive combination of capacity, stability,

and electrochemical efficiency factors essential to applications that
demand reliable, long-life energy storage.

The results of this study are comparable with those of
the previous work in the field of ML applications to battery
materials. A number of studies have shown that ensemble-based
models constructed with Random Forest, Gradient Boosting, and
XGBoost tend to outperform individual models because they are
capable of detecting complex nonlinear relationships in material
properties. For instance, recent research on battery health esti-
mation and materials prediction has demonstrated that ensemble-
based methods offer better prediction accuracy and robustness
than individual methods [43]. Other studies on battery material
prediction also claim good results through ML models, though
the accuracy level is usually dependent on the amount of data,
its representation, and how it is validated. Thus, the results
of the performance obtained are more realistic predictions of
actual performance, but direct comparisons among the studies
should be treated with some caution because of differences in the
characteristics of the data and the methods used for assessing
performance.

With the relatively small number of data points being used,
and the very good accuracy achieved by several models, the danger
of overfitting should be taken into account. Overfitting occurs
when a model is too well known to the training data, picks up
noise, and thus fails to generalize to new data. But it should be
noted that these results need to be treated with care. Although
these advances have been made, there are some limitations to this
study. The model may also be limited in its ability to generalize to
future data due to the small number of instances in the dataset.
Cross-validation was used to ensure robustness, but further testing
with larger and more diverse datasets is needed [43]. In addition,
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Figure 5
Multi-class ROC curve of crystal system classification for optimized stacking model
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Figure 6 the binary value of the feature “Has Band Structure” can lead
SHAP summary plot of feature contributions to crystal system to bias because of the availability of data rather than material
prediction properties. In the future, more sophisticated feature engineering
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and deep learning techniques could be used.

6. Conclusion

The crystal systems of the Li-ion battery cathodes were ana-
lyzed and classified using ML methods with the support of an
important dataset of structural and electronic properties of these
materials. The results of exploratory analysis, with a correlation
heatmap and scatter plot matrix, highlighted a number of sig-
nificant relationships between features, such as the high positive
correlation (0.98) between the number of atomic sites (Nsites)
and crystal volume and significant negative correlations between
formation energy, energy above hull, and band gap. The results
show that the complex relation between electrical properties and
structural stability is relevant for battery performance.

The performance comparison of 10 ML algorithms revealed
that ensemble model methods like Gradient Boosting, Random
Forest, CatBoost, and XGBoost performed better than the single
algorithms. The results show that the optimized stacking ensem-
ble classifier demonstrated better predictive performance than
other ML models. The same results were obtained in previous
works, which revealed that ensemble learning methods not only
can enhance the prediction accuracy and stability of the ensemble
but also can improve the predictive accuracy by fusing multiple
models and decrease the overfitting phenomenon. As for mate-
rials, it was discovered that it was most beneficial to have an



Journal of Data Science and Intelligent Systems Vol. 00

Iss. 00 2026

orthorhombic crystal system like those of previous studies, which
have shown that this crystal form is stable and has good ion trans-
port properties for Li-ion battery applications. Contrary to the
previous studies, which were mainly based on material character-
istics, the data-driven ML techniques employed in this study are
capable of learning the complex feature interactions and enhanc-
ing the classification of crystal systems. This emphasizes the
value of ML in conjunction with conventional materials science
analysis.

Results provide several opportunities for additional studies.
First, the electrochemical properties of orthorhombic structures
should be considered as they are preferred. Second, the predictive
modeling ability should be further improved using ensemble ML
methods. Lastly, with respect to the design and optimization of
cathode materials, the volume of the crystal, formation energy,
and the band gap need to be considered.

The results have great potential but are not widely general-
izable and are based on a small sample size, which may create
problems for the generalizability of the type of models used. The
scope of this study can be extended in the future by increasing
the amount of data, optimizing feature engineering, using cross-
validation techniques, and analyzing interpretability techniques
such as SHAP. The results show the potential of ML methods in
the fields of improving the classification and understanding of the
crystal system of Li-ion battery cathodes and in developing more
efficient and reliable Li-ion battery materials.

From an application perspective, the proposed leakage-free
machine learning framework can assist researchers in rapidly
predicting crystal systems from composition-derived descriptors,
thereby reducing the need for extensive experimental screening
during the early stages of cathode material discovery. This work-
flow also provides a reproducible and leakage-free framework for
future crystal system prediction studies.
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