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Abstract: Machine learning provides a powerful approach for predicting material properties from existing
experimental data. In this study, the optical band gap of In–Se chalcogenide thin films was predicted using a
literature-derived dataset containing film thickness, indium composition, and selenium composition. A
Random Forest regression model was developed to capture the nonlinear relationship between these
parameters and the optical band gap. The model demonstrates strong predictive performance with a
coefficient of determination (R² = 0.929) and a root mean square error (RMSE = 0.071 eV), indicating close
agreement between predicted and reported band gap values. Feature-importance analysis reveals that film
thickness is the dominant predictor, contributing about 63% of the total model importance, followed by
selenium and indium composition. The observed dependence reflects underlying physical effects such as
thickness-related electronic confinement and compositional variations that influence the electronic structure
of In–Se thin films. These results demonstrate that literature-driven machine learning can provide rapid and
reliable estimation of optical band gaps, offering an efficient strategy for guiding the design of chalcogenide
thin films with targeted optoelectronic properties.
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1. Introduction

Selenium-based chalcogenide materials exhibit high absorption, tunable band gaps, and layered
structures, making them suitable for optoelectronic devices such as photovoltaics, photodetectors, and
memory applications. Undoped selenium thin films have been widely studied for their photoconductive
properties and stability, while doped selenium-based chalcogenide systems often exhibit enhanced electrical
conductivity, improved carrier transport, and tunable optical properties. These characteristics make Se-based
thin films particularly attractive for applications in optical switching devices, phase-change memory, infrared
detectors, and thin-film photovoltaic devices. In particular, thin films of In–Se compositions, including
stoichiometric In₂Se₃ and slightly non-stoichiometric variants (InₓSeᵧ), have drawn attention due to their
optical band gap sensitivity to film thickness, composition, crystal structure, and growth conditions [1-2].

Physical vapour deposition methods provide precise control over film thickness and uniformity,
resulting in well-defined optical characteristics. Studies have shown that In-Se films grown by thermal
evaporation exhibit multiple crystalline phases (α, β, γ), and the phase formed depends strongly on substrate
temperature, deposition rate, and post-growth annealing [3]. The optical band gap of these films ranges
widely, typically from ~1.39 eV to ~2.09 eV, depending on structural phase and thickness [4]. Even slight
variations in composition can shift the band gap, highlighting the interplay between stoichiometry and optical
properties [5]. These variations are generally attributed to changes in electronic structure, quantum
confinement effects in thin films, and defect-related states that influence the optical absorption edge. In our
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previous work, irradiation effects on selenium-based chalcogenide thin films were shown to significantly
influence their structural and optical properties [6-7].

Several experimental studies have reported that the optical band gap of In₂Se₃ thin films varies
significantly depending on structural phase, deposition technique, and film thickness. These variations arise
due to differences in atomic ordering, grain size, and defect density that influence the electronic structure of
the films [8-11]. Moreover, deposition parameters such as substrate temperature, evaporation rate, and post-
deposition annealing have been shown to strongly affect both the structural and optical properties of In–Se
thin films. Understanding these relationships is therefore essential for optimizing chalcogenide thin films for
optoelectronic applications.

Despite these extensive studies, establishing systematic relationships between thickness, composition,
and optical band gap remains challenging. Traditional approaches require fabricating and measuring multiple
samples under different conditions, which is time-consuming and resource-intensive. In this context, machine
learning (ML) offers a promising alternative, enabling the prediction of optical properties from existing
experimental data without performing additional experiments [12-14].

In the present work, we compiled a dataset of In–Se thin films from the literature, focusing on samples
prepared by thermal evaporation and other physical vapour deposition techniques. For each sample, we
extracted thickness, composition, and optical band gaps. Using regression-based ML models, the optical band
gap is predicted as a function of these descriptors, demonstrating the potential of data-driven approaches for
the design of In–Se thin films with tailored optical properties [15]. This framework provides a fast and
efficient tool for exploring the effect of thickness and compositional variations on band gaps without
performing extensive laboratory experiments.

The novelty of this work lies in the combination of literature-derived experimental data with machine
learning techniques to analyze the dependence of the optical band gap of In–Se thin films on thickness and
composition. The scope of this work is therefore to provide a predictive framework for understanding band
gap variation in In–Se chalcogenide thin films and to highlight the potential of machine learning in
accelerating materials analysis and design.

2. Materials and methods

In this work, a machine learning approach was employed to predict the optical band gap of In-Se thin
films using experimentally reported thickness and composition data collected from the literature. Since the
present study is based on literature-derived experimental data, the structural and optical characterization of
the thin films (including thickness measurement and optical band gap determination) were performed in the
original experimental studies from which the dataset was compiled.

The predicted task was formulated as a supervised nonlinear regression problem aimed at learning the
functional relationship between film parameters and the corresponding band gap. The objective is to
approximate the functional relationship between experimentally measured thickness, composition, and the
corresponding band gap. For each sample, the input feature vector was defined as:

� = [�,���,���] (1)
Where t denotes the film thickness in nanometers (nm), CIn represents the atomic percentage of indium,

and CSe represents the atomic percentage of selenium. The target variable y corresponds to the experimentally
reported optical band gap, expressed in electron volts (eV). Although indium and selenium atomic
percentages are complementary in ideal stoichiometric compositions (CSe ≈ 100 − CIn), both variables were
retained in the feature set. Literature-reported compositions often exhibit small deviations due to
measurement uncertainty, rounding, and differing reporting conventions (nominal vs measured composition).
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Inclusion of both compositional descriptors therefore preserves reported stoichiometric variability and was
found to improve model prediction accuracy.

The nonlinear regression problem can therefore be expressed as:
� = �(�) (2)

Where f represents a nonlinear mapping learned using an ensemble-based machine learning model.

2.1. Dataset description

The dataset was compiled from previously published experimental studies on In-Se thin films prepared
using physical vapour deposition techniques [16-32]. To maintain consistency in fabrication conditions and
reduce variability caused by different synthesis routes, only In–Se thin films prepared using physical vapour
deposition techniques reported in the literature were included in the dataset. The compiled dataset contained
42 samples with variables such as thickness, composition of In and Se in In-Se chalcogenide thin films, and
band gap. The thickness of the films reported in the dataset ranges approximately from 100 nm to 1000 nm
depending on the deposition conditions used in the original experimental studies. The optical band gap
values were obtained from optical absorption measurements and estimated using the Tauc relation as
reported in the corresponding references.

2.2. Machine learning model and training procedure

The observed nonlinear dependence of band gap on thickness and composition motivates the use of a
nonlinear regression model capable of capturing coupled thickness–compositional effects. The model used in
this study is the Random Forest regression model [19]. Random Forest is a non-parametric ensemble learning
method that constructs multiple decision trees using bootstrap sampling of the training data and random
feature selection at each split. Ensemble tree-based models are particularly well suited for small, nonlinear
materials datasets derived from heterogeneous literature sources. This stochastic approach helps prevent
overfitting and improves the model’s ability to generalize to new data. The final prediction is obtained by
averaging the outputs of all individual decision trees:

�� = 1
� �=1

� ��� (�) (3)

Where � denotes the total number of trees and �� represents the prediction from the k-th tree. The model
hyperparameters were selected to control complexity while maintaining sufficient flexibility. The number of
trees (n_estimators) was set to 300 to ensure stable ensemble averaging. The maximum depth of each tree
(max_depth) was limited to 5 to prevent excessive model complexity. The minimum number of samples
required at each leaf node (min_samples_leaf) was set to 2 to avoid leaves based on single observations. The
random seed was fixed at 42 to ensure reproducibility.

Model performance was evaluated using 5 fold cross validation with shuffling and a fixed random seed.
The dataset was divided into five approximately equal subsets. In each iteration, four folds were used for
training and one fold for validation. This process was repeated five times so that each fold served once as the
validation set. Final performance metrics were computed as the average across all folds.

2.3. Model evaluation metrics

The predictive performance of the model was assessed using two complementary regression metrics:

2.3.1. Coefficient of determination (R²)
R²measures the proportion of variance in the experimental band gap values explained by the model.

�2 = 1 − �=1
� (� ��−���)2

�=1
� (� ��−�ˉ)2 (4)
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2.3.2. Root mean square error (RMSE)
RMSE measures the standard deviation of prediction errors between experimental and predicted band

gap values and provides an error estimate in the same units as the target variable (eV). It is defined as:

RMSE = (1
� �=1

� (� �� − �� �)2)1/2 (5)

where yi represents the experimentally reported band gap, �� � denotes the model-predicted band gap, and
n is the total number of samples. Lower RMSE values indicate better agreement between predicted and
experimental values.

3. Results and discussion

The extracted experimental data, compiled from previously reported experimental studies on In–Se thin
films prepared using physical vapour deposition techniques[16-32], show the dependence of optical band gap
on film thickness and elemental composition (Figure 1).

Figure 1. Three-dimensional visualization of the dependence of optical band gap on film thickness and composition for In-
Se thin films.

This distribution shows that band gap variation depends on the combined influence of thickness and
composition, with no single parameter independently controlling the electronic behavior. Since selenium
composition is complementary to indium, both variables represent the same compositional degree of freedom;
they are shown together to preserve reported stoichiometric information from literature.

3.1. Feature importance analysis

Feature importance was computed using the impurity-based importance measure inherent to the
Random Forest algorithm. The normalized importance values of thickness, Selenium composition, and
Indium composition obtained from the trained model are 0.632, 0.209, and 0.159 respectively. Film thickness
contributes approximately 63% of the total predictive importance. This dominance of thickness likely reflects
quantum confinement and structural phase evolution effects reported in In-Se thin films [33]. Selenium
composition contributes about 21%, while indium composition contributes approximately 16%. The
distribution of importance values suggests that both thickness and compositional factors influence the band
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gap. Thickness likely affects electronic properties through mechanisms such as quantum confinement, defect
density variation, strain, and crystallinity changes. Meanwhile, deviations in stoichiometry can modify defect
states and electronic structure, contributing to observable band gap variation. It is important to note that
impurity-based feature importance reflects the statistical contribution of each feature to variance reduction
within the ensemble model and does not establish direct physical causation [12-
14].

Figure 2. Feature importance from the Random Forest regression model for band gap prediction of In-Se thin films.
Thickness shows the highest contribution, followed by elemental composition variables.

The obtained machine learning results can also be interpreted from the known physical behaviour of
chalcogenide thin films. In In–Se systems, the optical band gap is strongly influenced by structural and
compositional parameters. Variations in film thickness can modify the optical band gap due to changes in
structural ordering, grain size, and defect density, which influence the electronic structure and optical
absorption edge of the material. In very thin films, additional effects such as quantum confinement may also
contribute to band gap variation. Similarly, changes in indium and selenium composition alter the
stoichiometry of the In–Se network, affecting bonding configurations and the distribution of electronic states
near the band edges. The feature importance analysis obtained from the Random Forest model indicates that
film thickness has the strongest influence on band gap variation in the studied dataset, while compositional
parameters provide secondary contributions. This observation is consistent with experimental reports on
thickness-dependent optical properties of In–Se chalcogenide thin films. Similar thickness-dependent optical
band gap variations have also been reported in recent experimental studies on In-Se thin films [30, 33, 36]

Table 1. Experimental and predicted band gap values used for model testing.
Thickness (nm) In (%) Se (%) Band Gap (eV) Predicted Band Gap (eV)

200 40 60 2.35 2.33
20 59.2 40.8 2.60 2.70
140 50 50 1.89 1.81
276 40 60 2.10 2.06

Figure 3 shows that the predicted values closely follow the experimental trend for all samples,
indicating that the model successfully captures the dominant relationship between the input features and
band gap.
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Figure 3. Comparison between literature-derived and ML–predicted band gap values for selected In–Se thin film samples,
showing strong agreement with high R² and low prediction error.

The coefficient of determination R² is 0.929 which confirms that approximately 93% of the variance in
the experimental band gap values is explained by the model. The RMSE value of 0.071 eV indicates low
dispersion between predicted and experimental band gap values. This error magnitude is comparable to
typical experimental uncertainties in optical band gap estimation using Tauc analysis [36-37].
Small deviations appear for some samples, particularly at lower band gap values; however, the overall

agreement between predicted and literature values remains strong. This confirms that the regression model
can reliably estimate band gaps within the studied range when thickness and composition inputs are properly
represented.

4. Conclusions

In this study, the optical band gap of In–Se thin films was investigated as a function of composition and
thickness using experimental literature data combined with a Random Forest regression model based on
machine-learning. The comparison between literature-derived and predicted band gap values demonstrates
strong predictive capability, with a coefficient of determination R² = 0.929 and a root mean square error RMSE
= 0.071 eV. These results indicate that the model successfully captures the relationship between film
parameters and optical band gap. The predicted band gap trends are consistent with experimentally reported
thickness- and composition-dependent optical behaviour of In–Se chalcogenide thin films. The feature
importance analysis further reveals that film thickness has a dominant influence on the band gap compared
with compositional variations within the studied range. The proposed approach demonstrates that reliable
prediction of optical properties can be achieved using literature-derived datasets, providing a useful
framework for accelerated materials analysis and guiding future experimental design. Future studies may
extend this data-driven methodology to larger datasets and more complex chalcogenide systems, including
ternary and quaternary compositions, as well as to other material characteristics such as structural, electrical,
and photovoltaic properties of thin films.
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