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ABSTRACT

This study presents a statistically validated machine learning approach for pre-
dicting unmeasured optoelectronic responses at an Au/SiO,/n-Si semiconductor
interface incorporating a graphene oxide (GO) and poly(3-cyclohexyl-4-methyl-
2,5-thiophene) (P;C,MT) hybrid interfacial layer. Although GO-polymer hybrid
interfaces exhibit promising photoactive properties, comprehensive experimental
characterization of current-light intensity relationships is often constrained by the
high cost and time demands associated with high-illumination measurements.
The experimental dataset used for model training was obtained by measuring
current—voltage characteristics at room temperature, with voltage varied from -2
to+2 Vin 0.02 V increments under illumination intensities ranging from 20 to
100 mW/cm? at 20 mW/cm? intervals. Five ensemble and tree-based supervised
regression models (Random Forest, Gradient Boosting, LightGBM, HistGradi-
entBoosting, and ExtraTrees) were employed using voltage and light intensity as
input features to predict current responses at intermediate and extended illumina-
tion levels (10, 30, 50, 70, 90, and 110 mW/cm?). Model performance was evaluated
using R?, mean squared error (MSE), mean absolute error (MAE), and mean abso-
lute percentage error (MAPE), with all models achieving high predictive accuracy
(R?>0.99). Among them, the ExtraTrees regression model consistently produced
the lowest prediction errors across all illumination conditions. To ensure statisti-
cal rigor, a two-way ANOVA was conducted to examine the effects of model type
and illumination intensity, revealing statistically significant main and interaction
effects (p <0.001). Post hoc Tukey HSD analysis further confirmed the statistically
superior performance of the ExtraTrees model. These results demonstrate that
reliable interpolation and controlled extrapolation of optoelectronic behavior can
be achieved using sparse experimental data, providing a cost-effective, scalable,
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and statistically robust methodology for the characterization and design of hybrid
semiconductor interfaces in photonic, photovoltaic, and photosensor applications.

1 Introduction

The global energy demand has experienced a consist-
ent increase, driven by rising living standards, popula-
tion growth, and rapid technological advancements.
The depletion of finite fossil fuel resources, coupled
with their adverse environmental impacts, has acceler-
ated the transition toward renewable energy sources
and catalyzed a surge in research in this domain
worldwide [1, 2]. Among the various renewable
energy technologies, photovoltaic and photodiode
materials, which convert solar energy into electrical
energy, have drawn considerable attention.

The fabrication of advanced devices is fundamen-
tally based on semiconductors, which include both ele-
mental semiconductors such as silicon (Si) and germa-
nium (Ge), as well as compound semiconductors like
gallium arsenide (GaAs). In addition, insulating oxide
materials such as silicon dioxide (SiO,) play a critical
role as dielectric layers in metal-oxide-semiconductor
(MOS) architectures. To enhance device performance,
various interfacial materials have been extensively
investigated, including polymer- or graphene oxide
(GO)-based interfacial layers integrated with semicon-
ductor substrates, as well as MOS-structured Schottky
diodes [3]. The sustained interest in MOS-based
devices stems from their simplified fabrication pro-
tocols and cost-effectiveness [4]. Graphene oxide, the
functionalized derivative of graphene, is particularly
distinguished by its tunable bandgap, large surface
area, and rich oxygen-containing functional groups.
Similarly, conjugated polymers exhibit significant
conductivity when doped or integrated into hybrid
systems. Recent research indicates that the integration
of GO with the polymer poly(3-cyclohexyl-4-methyl-
2,5-thiophene) (P;C,MT) significantly enhances opto-
electronic properties, positioning it as a promising
candidate for utilization in photovoltaic devices, pho-
todiodes, and organic light-emitting diodes (OLEDs)
[5].

Advancing materials for energy conversion sys-
tems, particularly regarding their optoelectronic per-
formance and interfacial charge dynamics, remains a
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critical engineering challenge. Characterizing these
hybrid materials under varying environmental and
illumination conditions often necessitates time-inten-
sive and costly experimental procedures. For instance,
evaluating photovoltaic and photosensing capaci-
ties across a broad range of light intensities requires
extensive datasets, which can be both economically
demanding and temporally inefficient. To mitigate
these limitations, machine learning (ML)-based mod-
eling approaches have emerged as a powerful alter-
native. By leveraging a curated set of experimental
data, ML techniques can effectively capture material
behaviors, thereby reducing the necessity for exhaus-
tive repetitive measurements and providing a robust
computational framework for future experimental
designs. [6-8].

In this study, the optoelectronic response of a gra-
phene oxide—polymer-based hybrid interface was
investigated using a combination of experimental
measurements and machine learning modeling. Exper-
imental current-voltage data obtained under selected
illumination conditions were used to train predic-
tive models capable of estimating device behavior at
unmeasured light intensities. This approach aims to
extend the characterization range while reducing the
need for exhaustive experimental measurements. The
primary objective is to establish a statistically reliable
framework for evaluating semiconductor interfaces
using limited data without compromising predictive
accuracy.

Recent scholarly literature highlights the practical
application of machine learning (ML) techniques in
predicting the electrical and electrochemical proper-
ties of graphene and its derivatives within electronic
structures. Yogesh et al. (2025) attained accurate pre-
dictions of the specific capacitance of graphene oxide
(GON)-based nanomaterials through the applica-
tion of supervised ML algorithms, including artifi-
cial neural networks (ANN), regression trees (RT),
support vector machines (SVM), and linear regres-
sion (LR), drawing upon data aggregated from 64
investigations [9]. Similarly, Barkhordari et al. (2023)
employed Gaussian process regression (GPR), kernel
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ridge regression (KRR), support vector regression
(SVR), and ANN algorithms to forecast the electrical
parameters of Schottky diodes integrated with gra-
phene-doped nanocomposite interlayers, determining
that SVR emerged as the most effective model [10].
In a related endeavor, Ersoz et al. (2025) developed
models to characterize the temperature-dependent
current-voltage (I-V) behavior of nanodiodes incor-
porating lanthanum-doped graphene quantum dots,
utilizing K-nearest neighbors (KNN), decision trees,
and gradient boosting, with gradient boosting yielding
the highest level of accuracy [11]. Additionally, Ocaya
et al. (2023) successfully predicted the intrinsic param-
eters of graphene oxide (GO)-doped Schottky photo-
diodes under illuminated conditions with the use of
ANN, thereby obviating the necessity for thermionic
emission expressions [12]. Furthermore, Garcia-Coér-
dova et al. (2024) investigated the nonlinear optical
properties of graphene. They demonstrated that deci-
sion tree-based ML algorithms, such as Random For-
est (RF) and gradient boosted regression (GBR), sur-
passed their linear counterparts in performance [13].
Lastly, Rabehi et al. (2020) conducted a comparative
analysis of swarm intelligence algorithms for predict-
ing parameters of Schottky diodes, identifying the
ant lion optimizer (ALO) algorithm as the most accu-
rate, as it produced the lowest root mean square error
(RMSE) value [14].

This study provides a systematic and statistically
grounded evaluation of ensemble-based machine
learning models for predicting the optoelectronic
behavior of polymer-based hybrid interfaces. By
comparing five advanced algorithms, the proposed
approach effectively captures the current-light inten-
sity relationships that are difficult to represent using
conventional curve-fitting techniques.

The results demonstrate that reliable predictions
can be achieved even with limited experimental data,
highlighting the potential to reduce extensive meas-
urement requirements. Particular attention is given
to model performance under low-illumination con-
ditions, which are critical for practical photosensor
applications yet often underexplored.

Furthermore, the integration of rigorous statistical
validation, including two-way ANOVA and Tukey
HSD analysis, ensures that performance differences
between models are both quantitatively and statisti-
cally significant. Beyond the specific GO:P;C,MT sys-
tem, the proposed framework is inherently extensible
and can be adapted to a wide range of optoelectronic

Page 3 0f 25 1057

materials, supporting more efficient and data-driven
experimental design.

The remainder of this paper is organized as follows:
Section 2 details the experimental methodology and
material preparation, including the fabrication of the
GO-P;C,MT interface and the protocols for [-V meas-
urements under varying light intensities. This section
also outlines the dataset, feature selection, and the
theoretical basis of the five supervised regression algo-
rithms employed: Random Forest, Gradient Boosting,
LightGBM, HistGradientBoosting, and ExtraTrees. In
addition, the section describes the performance eval-
uation metrics (RZ, MSE, MAE, and MAPE) used to
ensure predictive reliability and statistical validation
and ANOVA-based error analysis. Section 3 presents
the Results and Discussion, providing a comparative
analysis of model predictions against experimental
data, cross-validation outcomes, and performance
at both intermediate and extrapolated illumination
levels. Finally, Section 4 concludes the study by syn-
thesizing key findings and discussing the broader
implications of ML-assisted characterization for opto-
electronic materials.

2 Methods

2.1 Material preparation and experimental
design

A hybrid interfacial layer was fabricated using a 1:1
weight ratio of graphene oxide (GO) and poly(3-
cyclohexyl-4-methyl-2,5-thiophene) (P;C,MT), follow-
ing the protocol established in [5]. The structural con-
figuration of the material is illustrated schematically in
Fig. 1, which shows the layered architecture consisting
of the Au top contact, the GO:P;C,;MT organic interfa-
cial layer, the SiO, insulating layer, and the n-type sili-
con substrate with an Au back contact. The fabrication
of the Au/(GO:P;C,MT)/SiO,/n-Si/Au heterostructure
was carried out through a series of precise chemical
and physical deposition steps. Initially, n-type Si(100)
wafers (400 um thick, 1-10 Q-cm resistivity) were
cleaned using the standard RCA procedure (involv-
ing acetone, propanol, NH,OH, H,0,, and HCl) to
eliminate organic contaminants and the native oxide
layer. Following cleaning, an ohmic back contact was
formed by thermally evaporating high-purity gold
(Au, 99.99%) at a vacuum pressure of 2 x 107 Torr,
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Fig.1 Cross-section view of the Au/(GO:P3C4MT)/SiO,/n-Si
semiconductor structure [5]

followed by annealing at 550 °C for 3 min under a
nitrogen atmosphere to prevent oxidation and ensure
low contact resistance.

Subsequently, a SiO, insulating layer was depos-
ited onto the front surface of the n-Si substrate via
a modified thermal evaporation technique at 150 °C
and 107 Torr, utilizing SiH, and O, as the precursor
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sources. For the interfacial layer, a hybrid solution of
graphene oxide (GO) and P;C,MT (1:1 molar ratio,
107 mol L") was prepared in chloroform. This solu-
tion was then deposited onto the SiO,/n-Si structure
by spin-coating at 1500 rpm for 30 seconds. Finally, the
device was completed by thermally evaporating circu-
lar Au rectifying contacts (1 mm diameter, 7.85 x 10~
cm?) through a shadow mask at 107 Torr. The final
schematic of the fabricated MOS-type Schottky struc-
ture is illustrated in Fig. 1.

The electrical performance of the fabricated Au/
(GO:P;C,MT)/SiO,/n-Si structure was evaluated
through current—voltage (I-V) measurements carried
out at room temperature under both dark conditions
and various illumination intensities. The experimen-
tal setup used for these measurements is presented
in Fig. 2, which includes a solar simulator as the light
source and a precision source meter for electrical char-
acterization. In addition to electrical measurements,
the surface morphology of the GO:P;C,MT organic
semiconductor was analyzed using atomic force
microscopy (AFM) to assess film uniformity and sur-
face features. The prepared GO-polymer hybrid film
was subjected to photon excitation at fixed voltage
intervals for experimental assessment. Photocurrent

2400 - Keithley source measure unit
Current-voltage (I-}) measurement system
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Fig. 2 -V measurement system of the Au/(GO:P3C4MT)/SiO,/n-Si semiconductor structure to collect experimental data [5]
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measurements were performed using a Keithley 2400
source meter at room temperature. The experimental
design included current-voltage (I-V) measurements
at five distinct illumination intensities: 20, 40, 60, 80,
and 100 mW/cm?. For each illumination level, the cur-
rent was recorded across a voltage range of 2.0 V
to+2.0 V, with increments of 0.02 V, facilitating the
construction of a comprehensive dataset.

This dataset provides sufficient resolution to under-
stand the complex electrical response of the hybrid
GO-polymer interface and serves as the basis for
machine learning modeling.

2.2 Dataset and features

The experimental data gathered consisted of three
primary components: “Voltage” (independent vari-
able), “Light” (illumination intensity, independent
variable), and “Current” (dependent variable). For
machine learning purposes, Voltage and Light were
used as input features, while Current was set as the
target variable. The ‘Light’ variable was recognized as
a critical parameter, enabling the model to accurately
represent the effect of illumination intensity across
both training and testing phases.

Device hysteresis was not explicitly modeled in this
study. The dataset consists of steady-state measure-
ments, and therefore the models learn a single-valued
mapping between inputs and outputs. Incorporating
hysteresis would require time-dependent or cyclic
measurement data.

For each illumination level, the current was meas-
ured over a voltage range from —2.0 V to+2.0 V in
0.02 V increments, resulting in 201 data points per
illumination intensity, and a total of 1005 training
measurements. For the purpose of model training,
only experimental measurements corresponding to
illumination levels of 20, 40, 60, 80, and 100 mW/cm?
were employed. During the testing phase, the model
was tasked with predicting the system’s response for
unmeasured intermediate intensities (30, 50, 70, 90
mW/cm?) as well as extrapolated boundary condi-
tions (10 and 110 mW/cm?) that were not present in
the training dataset.

Feature importance analysis indicates that voltage
is the dominant predictor of current due to its direct
role in defining [-V characteristics. However, light
intensity also contributes significantly by modulating
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the magnitude of the current. The combined effect of
both features is essential for accurate modeling.

No outlier removal or smoothing was applied, in
order to preserve the raw physical characteristics and
inherent experimental noise. Furthermore, as tree-
based ensemble algorithms are inherently invariant
to feature scaling, no normalization or standardiza-
tion was applied to the inputs. This dataset provides
sufficient resolution to characterize the relationship
between applied voltage, illumination intensity, and
current, enabling reliable predictions at intermediate
light intensities using supervised regression models.

The results demonstrate that high predictive accu-
racy can be achieved with a limited dataset. However,
the minimum data requirement depends on the vari-
ability of the system. In general, maintaining sufficient
coverage of the voltage range is more critical than
increasing the number of illumination levels. In addi-
tion, the ensemble-based methods employed in this
study do not require large-scale training data, unlike
more complex deep learning models, and can achieve
robust performance even with relatively small experi-
mental datasets.

2.3 Machine learning models

In this study, five supervised regression algorithms
were implemented, including Random Forest, Gra-
dient Boosting, LightGBM, HistGradientBoosting,
and ExtraTrees. Although all these models are tree-
based, they differ in their learning strategies and
structures, falling broadly into Bagging (Random
Forest, ExtraTrees) and Boosting (Gradient Boosting,
LightGBM, HistGradientBoosting) categories. These
models were selected due to their robust capability to
represent intricate dependencies, which are frequently
encountered in photovoltaic systems. In contrast to
linear models, tree-based ensembles effectively man-
age complex interactions among features, such as light
intensity and voltage.

Furthermore, these models are particularly well-
suited for small to medium-sized experimental data-
sets, where deep learning techniques may not be
feasible. Specifically, Random Forest and ExtraTrees,
through parallel training of independent trees (Bag-
ging), prioritize the reduction of variance by employ-
ing ensemble averaging and randomness. In contrast,
boosting algorithms (Gradient Boosting, LightGBM,
and HistGradientBoosting) are trained sequentially,
iteratively minimizing residual errors from the

@ Springer
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previous stage to reduce bias and thus enhance predic-
tion accuracy under varying light conditions. Among
the Boosting methods, LightGBM and HistGradient-
Boosting were chosen due to their superior computa-
tional efficiency and scalability, utilizing histogram-
based approaches for faster training times compared
to traditional Gradient Boosting. In addition, these
algorithms offer advantages in interpretability, com-
putational efficiency, and their extensive application in
material science and energy-related prediction tasks,
rendering them suitable candidates for the present
study [15-20].

The implementation of the models was conducted
using Python, with the scikit-learn and LightGBM
libraries utilized. Each model employed “Voltage”
and “Light” as input features to predict the “Current”
value. Model hyperparameters were maintained at
their default settings, except for n_estimators, which
was fixed at 100 for all models.

2.3.1 Random forest

The Random Forest (RF) algorithm represents a pow-
erful ensemble learning approach based on Bagging
(Bootstrap Aggregation) that constructs a consider-
able number of decorrelated decision trees [21]. Dur-
ing the training phase, two sources of randomness

J Mater Sci: Mater Electron (2026) 37:1057

are introduced to ensure low correlation among trees:
(1) each tree is developed using a randomly selected
bootstrap sample of the training dataset (Bagging). (2)
At each node split, only a randomly selected subset of
features is considered (feature randomness). Predic-
tions are derived by averaging the outputs of all the
constructed trees. Specifically, the final prediction is
determined by calculating the mean output across all
individual trees. Figure 3 presents a schematic repre-
sentation of the Random Forest Regression algorithm.
This random selection of features and data serves
primarily to reduce model variance, while the aggre-
gation of multiple, independent trees significantly
enhances the model’s robustness and generalization
capabilities, thereby minimizing the risk of overfitting
[22-24]. In this study, Random Forest was utilized as
a reference model to predict current values measured
under varying illumination intensities, offering a high
degree of accuracy and inherent resilience against
noise.

2.3.2 Gradient boosting

Gradient Boosting (GB) is an ensemble model char-
acterized by the sequential training of weak learn-
ers, typically shallow decision trees. Unlike parallel
ensemble methods (e.g., Random Forest), GB aims

Test Sample Input
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Fig. 3 Random forest regression [25, 26]
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primarily to minimize the model’s bias. Each newly
introduced tree is strategically designed to rectify the
errors (residuals) of the preceding cumulative model.
This is achieved using a methodology that employs
the technique of gradient descent to minimize the loss
function. During each iteration, the model prioritizes
minimizing these residual errors from prior models,
thereby achieving incremental performance enhance-
ments. Figure 4 presents a schematic representation
of the Gradient Boosting Regression algorithm. While
this sequential learning methodology generally yields
high accuracy, it inherently entails greater computa-
tional costs due to its lack of parallelizability, and
hyperparameter tuning proves to be more sensitive in
comparison to parallel ensemble methods [27-29]. This
study evaluates the performance of Gradient Boosting
in its ability to learn general patterns, with a particular
focus on predicting intermediate values, providing a
foundational comparison for the more modern boost-
ing implementations (LightGBM and HistGradient-
Boosting) discussed next.

2.3.3 LightGBM

LightGBM (Light gradient boosting machine) is a
gradient boosting algorithm developed by Microsoft,
specifically designed to manage large datasets and
high-dimensional feature spaces efficiently. It repre-
sents an optimization over traditional gradient boost-
ing algorithms. The primary innovation is its histo-
gram-based approach, in which continuous feature

Fig. 4 Gradient Boosting
schema [30]
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values are discretized into a fixed number of bins. This
substantially reduces both memory utilization and
computation time during the split-finding process.
Furthermore, unlike traditional boosting algorithms
that employ a less efficient level-wise growth strat-
egy (growing all nodes at the current depth), Light-
GBM utilizes a leaf-wise growth strategy. This allows
for the formation of deeper, more asymmetric trees
that focus more intensely on minimizing the largest
residual errors, thereby enhancing the model’s abil-
ity to capture patterns with greater precision [31, 32].
Figure 5 presents a schematic representation of the
LightGBM regression algorithm. This study selected
LightGBM due to its rapid learning capabilities and
robust generalization performance, even when applied
to our limited experimental dataset, making it highly
efficient for model prototyping and evaluation.

2.3.4 HistGradientBoosting

HistGradientBoosting, a model developed within the
scikit-learn library, represents a highly optimized
boosting method that employs a histogram-based
learning approach akin to LightGBM. This technique
involves partitioning continuous data into a prede-
termined number of intervals (bins), thereby signifi-
cantly reducing the memory footprint and enhancing
the efficiency of the split-finding and learning process,
especially over traditional gradient boosting. Figure 6
presents a schematic representation of the HistGra-
dientBoosting regression algorithm. A significant
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Fig. 5 LightGBM schema
[33] |
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Fig. 6 Histogram-based
feature selection for decision
trees [38]

features

advantage of this model is its inherent ability to han-
dle missing values automatically during the training
process, treating them as a separate category, and its
native support for categorical data encoding. In this
study, HistGradientBoosting was selected for its dem-
onstrated potential to optimize both processing speed
and accuracy within the established scikit-learn envi-
ronment, particularly when analyzing a constrained
experimental dataset, while offering built-in robust-
ness features [34-37].

2.3.5 ExtraTrees (extremely randomized trees)

The ExtraTrees algorithm exhibits a structure similar
to that of the Random Forest method, yet it possesses
two important distinctions stemming from its focus on
maximizing randomness. First, unlike Random For-
est, which utilizes bootstrap sampling (Bagging) in
the construction of each tree, ExtraTrees employs the
entire original dataset for tree development. Second,

@ Springer
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rather than selecting the optimal split thresholds based
on criteria (like Gini impurity or variance reduction)
at each node, ExtraTrees randomly determines these
split thresholds. This increased level of randomiza-
tion significantly accelerates the learning process by
eliminating the time spent searching for the optimal
split, while also contributing to a further reduction in
model variance and mitigating the likelihood of over-
fitting. Figure 7 presents a schematic representation of
the ExtraTrees Regression algorithm. Generally, this
methodology leads to more balanced performance,
particularly when addressing high-variance datasets,
by favoring higher randomization over meticulous
optimization. This model was incorporated into the
study due to its potential to generalize the relation-
ships among varying illumination levels effectively
and its inherent robustness [39, 40].
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2.4 Model performance evaluation

To assess the predictive performance of the mod-
els, four pivotal statistical metrics were employed:
R-squared (R?), mean squared error (MSE), mean
absolute error (MAE), and mean absolute percentage
error (MAPE). These metrics quantitatively evaluate
the discrepancies between predicted and observed
values, thereby providing a foundation for compar-
ing model performance.

R? signifies the proportion of variance in the
dependent variable accounted for by the model,
with values approaching 1 indicating greater predic-
tive accuracy [42]. MSE computes the average of the
squared prediction errors, imposing a heavier pen-
alty on larger errors and thereby reflecting the overall
accuracy of the model. MAE represents the mean of
the absolute differences between predicted and actual
values, offering straightforward interpretability while
being sensitive to the units of measurement. MAPE
communicates errors as a percentage, emphasizing the
relative magnitude of prediction errors and serving
as a handy tool for comparing values across various
scales.

By conducting a joint analysis of these four met-
rics, one can comprehensively evaluate the overall
performance of the models as well as the distribution
of errors. This method facilitates an assessment of

both the accuracy and generalizability of each model
[43-45].

_ >V (v —3?1)2

R =1 : )
— 2
>N (i -7)
1 N 2
MSE:ﬁ 4 (vi—%)" (2)
1 N
MAE:ﬁZWi—?i/ (©))
1 |vi— 9
MAPE = — i 100, 4
N; " (4)

where N is the number of observations, y; is the actual
value, jj; is the predicted value by the model, and y is
the mean of the actual values.

2.5 Statistical validation and ANOVA-based
error analysis

2.5.1 ANOVA (analysis of variance)

Analysis of Variance (ANOVA) is a statistical tech-
nique used to compare means across multiple groups
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and determine whether observed differences are sta-
tistically significant [46]. It decomposes the total vari-
ability of the data into components attributable to dif-
ferent sources, such as factors of interest and residual
error. A key advantage of ANOVA over multiple f tests
is that it controls the Type I error rate when compar-
ing more than two groups. In the context of predictive
modeling, ANOVA can be applied to evaluate whether
the performance metrics (e.g., MSE, R?, or log-trans-
formed errors) differ significantly among models or
experimental conditions [47].

Two-way ANOVA extends this approach to evalu-
ate the simultaneous effect of two factors and their
interaction on the response variable. In our study,
the two factors are machine learning model and light
intensity, and the response is the log-transformed
squared prediction error. A significant interaction
indicates that the effect of one factor depends on the
level of the other factor [48].

2.5.2 Tukey HSD (honestly significant difference) test

The Tukey HSD test is a post hoc pairwise comparison
method used after an ANOVA to identify which spe-
cific group means differ from each other while control-
ling the family-wise error rate [49]. It calculates con-
fidence intervals for all pairwise differences between
group means and determines whether these intervals
include zero. If the interval does not include zero, the
difference is considered statistically significant.

In machine learning model evaluation, Tukey HSD
can be used to compare performance metrics across
multiple algorithms, providing a rigorous way to
identify which models outperform others under the
same experimental conditions [50]. By applying Tukey
HSD to the ANOVA results, we determined that the
ExtraTrees model significantly outperforms other
models in terms of prediction error across the evalu-
ated illumination levels.

2.6 Workflow of the experimental and machine
learning framework

Figure 8 illustrates the overall workflow adopted in
this study, encompassing material preparation, experi-
mental data acquisition, machine learning modeling,
and statistical validation. Initially, the Au/n-SiO,
device with a graphene oxide (GO) and polymer-
based interface layer was fabricated, followed by
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current-voltage measurements under varying illu-
mination levels. The collected dataset was then struc-
tured by considering voltage and light intensity as
input features and current as the target variable. Mul-
tiple ensemble-based regression models were trained
to predict intermediate illumination responses. Model
performance was quantitatively assessed using stand-
ard error metrics, while statistical robustness and sig-
nificance were further examined through two-way
ANOVA and post hoc Tukey HSD analyses. Finally,
the results were visualized and interpreted to evaluate
the predictive reliability and applicability of machine
learning approaches for optoelectronic material
characterization.

3 Results and discussion

The collected experimental data were utilized to
develop and evaluate five machine learning algo-
rithms. The objective of these models was to predict
the system response at intermediate illumination lev-
els for which no experimental data were available. The
resulting predictions facilitate a comprehensive com-
parison of the efficacy of different algorithms in the
context of polymer-based energy systems.

Model performance was assessed through two com-
plementary approaches.

The first approach entailed evaluating models
trained via cross-validation against a distinct test data-
set. In this methodology, each model underwent train-
ing and testing across all folds, with the average of
the performance metrics computed to ascertain overall
predictive accuracy. This approach addresses both the
model’s fit to the training data and its generalization
capability on previously unseen test data, thereby
mitigating the risk of overfitting and enhancing the
reliability of predictions derived from experimental
datasets [51, 52].

During the model evaluation process, a fivefold
cross-validation was conducted utilizing the Strati-
fiedKFold technique. Although StratifiedKFold is
typically employed in classification, its adaptation
here ensured that the distribution of the target variable
Current across key operating ranges was preserved
when forming training and test subsets. This allowed
for a more equitable assessment of the predictive per-
formance of the models across varying illumination
levels. For each fold, the models were trained, and
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Fig. 8 Workflow of the
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Table 1 Performance

) ) Models R> Mean MSE_Mean MAE_Mean MAPE_Mean (%)
metrics of regression models
Random Forest 0.999307 3.79E-12 9.07E-07 11.29508
Gradient Boosting 0.999253 4.14E-12 1.15E-06 13.94759
LightGBM 0.999259 4.1E-12 9.77E-07 13.90074
HistGradientBoosting 0.999322 3.72E-12 9.2E-07 18.68602
ExtraTrees 0.999872 7.12E-13 3.93E-07 6.806718
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predictions were generated based on the respective
test set.

Table 1 presents the prediction scores of the differ-
ent regression models based on experimental data.
The evaluation was conducted using the average val-
ues of four performance metrics: R?, MSE, MAE, and
MAPE. The inclusion of multiple metrics ensured a
balanced evaluation; R measures the goodness of fit,
while MSE and MAE quantify error magnitude, and
MAPE provides a scale-independent percentage error.

According to Table 1, the ExtraTrees algorithm
demonstrated the highest R? value (0.999872), sig-
nifying that it accounts for nearly all the variance in
the dependent variable. This highly favorable result,
confirmed by the cross-validation methodology, sug-
gests a strong generalization capability rather than
simple overfitting. Additionally, it recorded an MSE
of 7.12 x 107", which reflects a strong sensitivity to
squared errors. Its MAE and MAPE values are also
considerably lower than those of the other models,
indicating that both the average magnitude of errors
and the relative percentage errors are minimized.

Although the HistGradientBoosting model exhibits
commendable performance regarding R? its relatively
high MAPE value of 18.68% suggests that it may pro-
duce larger errors in some instances, potentially due
to the MAPE metric’s known sensitivity to prediction
errors near zero target values. The Random Forest,
LightGBM, and Gradient Boosting models generally
present similar performance levels, yielding satisfac-
tory results, particularly with respect to R* and MSE
metrics. Nevertheless, ExtraTrees appears to provide
the most balanced and robust performance across all
evaluated metrics. These findings underscore the reli-
ability of the ExtraTrees algorithm as a predictive tool,
particularly in contexts where collecting experimental
data incurs significant costs.

In the second approach (leave-one illumination-
out), a specific illumination level was designated as
the test set, while the remaining levels served as the
training model. For instance, when 100 mW/cm? was
selected as the test set, the other levels (20, 40, 60, and
80 mW/cm?) were utilized for training. This configura-
tion enables a comprehensive evaluation of the mod-
el’s general performance under an unseen illumination
level. While the number of illumination levels is lim-
ited, the leave-one illumination-out approach provides
a stringent validation scenario by forcing the model
to predict entirely unseen intensity conditions. This
setup mimics real-world use cases where intermediate

@ Springer

J Mater Sci: Mater Electron (2026) 37:1057

measurements are unavailable. However, increas-
ing the number of illumination levels would further
enhance robustness.

The prediction error metrics of the machine learn-
ing models at various levels of light intensity are pre-
sented in Fig. 9. This evaluation enables a comparative
analysis of the models’ ability to generalize unknown
illumination levels across various algorithms.

Table 2 provides a comprehensive overview of the
R?, MSE, MAE, and MAPE (%) values for Random
Forest, Gradient Boosting, LightGBM, HistGradient-
Boosting, and ExtraTrees. These performance metrics
are assessed across various illumination levels (100,
80, 60, 40, and 20 mW/sz), enabling the identifica-
tion of the illumination levels at which each model
demonstrates optimal performance. It is noteworthy
that this evaluation did not incorporate cross-valida-
tion; instead, one illumination level was utilized as
the test set, while the remaining levels served as the
training set.

According to the findings presented in Table 2, the
ExtraTrees algorithm demonstrates exceptional per-
formance, evidenced by high R? values (e.g., 0.9993 at
60 mW/cmz) and low error rates across various illu-
mination levels. Notably, the algorithm’s low MAPE
values indicate that it yields predictions that are most
closely aligned with the experimental data. In contrast,
Gradient Boosting models exhibited instability in cer-
tain instances, with MAPE values exceeding 300% at
40 mW/cm?, indicating a considerable level of vari-
ance. This comparative analysis provides a valuable
reference for identifying the most reliable predictive
models in systems that demand precise forecasting,
particularly within energy storage applications.

Under conditions of maximum illumination (100
mW/cm?), all models achieved a remarkably high pre-
diction accuracy. The Random Forest model recorded
the highest R? value (0.9992) and also exhibited the
lowest Mean Squared Error (MSE). However, with
respect to MAPE, LightGBM, and HistGradientBoost-
ing recorded lower percentage errors (9.32 and 9.25%,
respectively), indicating that while overall accuracy
remains high across the models, different metrics
emphasize distinct advantages inherent to each model.
The high quality and discriminative nature of the data
under intense illumination likely contributed to the
consistently elevated accuracy observed across all
models.

Upon reducing the illumination level to 80 mW/cm?,
a discernible decline in model performance was noted.
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Fig. 9 Prediction error
metrics of machine learning
models for unseen illumina-
tion levels
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Table 2 Error rates in

Models Light (Test) R? MSE MAE MAPE (%)
models

ExtraTrees 100 0.998773 1.09E-11 1.99E-06 9.984776
Gradient Boosting 100 0.998752 1.11E-11 1.92E-06 16.16175
HistGradientBoosting 100 0.998815 1.05E-11 1.94E-06 9.245373
LightGBM 100 0.998752 1.11E-11 1.92E-06 9.320473
Random Forest 100 0.999218 6.94E-12 1.6E-06 9.185236
ExtraTrees 80 0.980465 1.72E-10 7.46E-06 8.721158
Gradient Boosting 80 0.932081 5.98E-10 1.37E-05 26.33528
HistGradientBoosting 80 0.932919 5.91E-10 1.36E-05 21.55016
LightGBM 80 0.933244 5.88E-10 1.36E-05 21.7833
Random Forest 80 0.932291 5.96E-10 1.35E-05 20.66542
ExtraTrees 60 0.999332 3.58E-12 1.09E-06 4.055879
Gradient Boosting 60 0.870053 6.96E-10 1.41E-05 32.57927
HistGradientBoosting 60 0.870527 6.93E-10 1.41E-05 28.46311
LightGBM 60 0.870277 6.94E-10 1.42E-05 29.31916
Random Forest 60 0.869665 6.98E-10 1.42E-05 28.23594
ExtraTrees 40 0.973414 6.87E-11 4.66E-06 11.31749
Gradient Boosting 40 0.979656 5.26E-11 3.92E-06 317.4781
HistGradientBoosting 40 0.979602 5.27E-11 3.83E-06 46.39012
LightGBM 40 0.978018 5.68E-11 3.92E-06 35.04533
Random Forest 40 0.979944 5.18E-11 3.86E-06 26.35738
ExtraTrees 20 0.973996 5.17E-11 3.79E-06 30.38329
Gradient Boosting 20 0.972504 5.46E-11 4.04E-06 55.44272
HistGradientBoosting 20 0.972772 5.41E-11 3.89E-06 31.57342
LightGBM 20 0.974188 5.13E-11 3.8E-06 31.36703
Random Forest 20 0.973385 5.29E-11 3.89E-06 32.27862

Bold font highlights the most favorable metric values, corresponding to the highest R and the lowest
error values (MSE, MAE, and MAPE)

At this illumination level, the R? values for the Ran-
dom Forest, Gradient Boosting, and LightGBM mod-
els were approximately 0.93, whereas the ExtraTrees
model maintained a pronounced advantage with
an R? of 0.980. In terms of MAPE, ExtraTrees again
achieved the lowest error at 8.72%, further confirm-
ing its robustness under moderately high-illumination
conditions.

At an illumination level of 60 mW/cm?, the
ExtraTrees model demonstrated a remarkable R? value
of 0.999, coupled with the lowest MAPE of 4.05%. This
performance indicates superior stability and consist-
ency under moderate light conditions. In contrast,
other models exhibited more pronounced performance
degradation at this level, while ExtraTrees showed
greater resilience to variations in illumination.

As the illumination was further reduced to 40 and
20 mW/cm?, the overall predictive accuracy of all
models declined relative to the baseline established at
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100 mW/cm?. Although R? values generally remained
around 0.97, the Gradient Boosting model displayed
an exceptionally high MAPE of 317% at an illumina-
tion level of 40 mW/cm?, indicating substantial pre-
diction errors under these conditions. Conversely,
ExtraTrees maintained an R? of approximately 0.973,
with MAPE values of 11.3% at 40 mW/cm? and 30.3%
at 20 mW/cm?, thereby demonstrating a strong level
of robustness. LightGBM and HistGradientBoosting
also produced relatively balanced results. These find-
ings suggest that the overall predictive performance
of the models does not simply scale with varying illu-
mination levels but instead relies on their capacity to
generalize across different light conditions.

The predictive performance of the five machine
learning models at different illumination levels is illus-
trated in Fig. 10. Figure 10a shows the variation of R?
with respect to light intensity, indicating that all mod-
els maintain high scores at higher illumination levels,
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R? vs Light Intensity
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Fig. 10 R? and MAPE scores

while performance slightly decreases at lower inten-
sities. Figure 10b presents the MAPE values, which
highlight the relative prediction errors across models.
The ExtraTrees and Random Forest models consist-
ently achieve the lowest MAPE, demonstrating their
robustness in predicting current values under varying
light conditions.

In the context of varying illumination levels, the
ExtraTrees model demonstrates notable stability and
low error rates, distinguishing itself from other mod-
els. It consistently performs well in both high- and
low-illumination conditions, particularly excelling in
key error metrics such as MAE and MAPE. ExtraTrees
introduces more randomization, which might have
helped in reducing variance over this specific sparse
experimental dataset. While both Random Forest and
LightGBM exhibit strong performance in high-illu-
mination environments, they experience a decline in
effectiveness as illumination levels diminish. Gradient
Boosting, on the other hand, shows the most signifi-
cant reduction in predictability when operating under
low-light conditions. Consequently, the ExtraTrees
model is recommended for use in environments char-
acterized by variable or low illumination, whereas all
models generally yield reliable results in conditions of
high illumination.

In Fig. 11, the assessment of model stability was
conducted by calculating the standard deviation for
each error metric. The analysis revealed that Gra-
dient Boosting exhibited the highest variability in
the MAPE, while Random Forest demonstrated the

(b)

lowest variability. Conversely, for R? MSE, and MAE,
ExtraTrees presented the lowest variability, in contrast
to Random Forest, which exhibited the highest.

Figure 12 presents the comparison of actual and
predicted distributions for each regression model,
illustrating the extent to which the models reflect the
underlying statistical behavior of the experimental
data across different illumination levels.

Figure 13 displays experimental measurements
alongside the predicted values for intermediate illumi-
nation levels. The predictions corresponding to these
intermediate points align closely with the experimen-
tal data, indicating a level of consistency and reliability
in the model outputs. As illustrated in Fig. 13f, the
experimental measurement graph demonstrates that
the current values of the materials under examination
increase with elevated illumination levels for both
negative and positive voltage measurements. This
phenomenon can be attributed to the enhanced gen-
eration of electron-hole pairs resulting from increased
light exposure [53, 54]. Previous studies [4, 5] have
calculated electrical parameters such as n, ®bo, R, I,
and RR for the Au/(GO:P3C4MT)/SiO, structure using
the I-V graphs mentioned above. These calculations
employed Thermionic Emission (TE), Cheung, and
Norde methods across varying illumination levels,
with the results subjected to comparative analysis.

Although tree-based models do not directly yield
physical parameters such as the ideality factor (n)
or series resistance (R,), they provide a high-fidelity
representation of the Current-Voltage-Light (I-V-L)
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Fig. 11 Model stability based on error metrics

relationship by learning the underlying complex
dependencies between voltage, illumination, and
current. This allows characteristic device behaviors,
including turn-on voltage shifts and saturation effects,
to emerge naturally from the data without explicit
physical parameterization.

The strong predictive performance, particularly of
the ExtraTrees model, indicates that the reconstructed
I-V characteristics are consistent with key optoelec-
tronic properties. For instance, the high accuracy in
the low-forward bias region (V < V_on) reflects behav-
ior associated with the ideality factor and barrier
height, while steeper slopes at higher voltages under
increased illumination suggest a reduction in effective
series resistance due to enhanced carrier generation.

By generating smooth and noise-reduced -V
curves, the model enables indirect analysis of critical
device parameters and supports subsequent physics-
based extraction methods. This approach reduces
experimental effort while preserving physical inter-
pretability, offering a complementary alternative to
conventional modeling techniques [55, 56].

Based on the computed electrical parameters, the
material under study exhibits potential applicability in

@ Springer

electronic circuits, rectifying contacts, and integrated
circuit applications. The observed increase in current
with heightened illumination confirms that the Au/
(GO:P3C4MT)/Si0,/n-51 material is photosensitive.
This finding suggests that the Au/(GO:P3C4MT)/
5i0,/n-5i structure possesses a commendable recti-
fication ratio and linearity, indicating its promising
potential for future photovoltaic and photodiode
applications.

Predictions derived from the Gradient Boosting
machine learning method indicate an increase in
current values with higher illumination at negative
voltage levels. However, the predicted values for con-
secutive points appear either identical or demonstrate
minimal variation, as evidenced by the plotted graph.
This behavior is unexpected. For positive voltage
predictions, the calculated current values are closely
aligned, causing the graph to exhibit overlapping char-
acteristics within the initial voltage range (0-0.5 V).
Additionally, deviations from experimental data
are noted at other voltage levels, suggesting that the
method does not accurately predict positive voltages.

Conversely, predictions generated using the
ExtraTrees method reveal a proportional increase in
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Fig. 12 Comparison of actual and predicted distributions

current values with rising illumination under nega-
tive voltages (Fig. 13b). This result is consistent with
expectations and aligns well with findings reported in
the literature [57, 58].

The predictions derived from the ExtraTrees
method demonstrate a close alignment with experi-
mental results for positive voltage values. This obser-
vation signifies that this method is the most effective
among those evaluated in the study. Given the accu-
rate correspondence between predicted values and
experimental data, the ExtraTrees method presents
significant promise as a tool for assessing the optoelec-
tronic properties, such as photodiode and photovol-
taic characteristics, of the Au/(GO:P;C,MT)/SiO,/n-Si
structure, thus reducing the need for extensive labora-
tory procedures.

In a similar context, predictions generated by
the Random Forest method indicate a proportional
increase in current in response to rising illumina-
tion levels at negative voltages, thereby affirming
the reliability of this methodology. Furthermore, for
positive voltage values, Random Forest predictions

Actual Current

closely resemble the experimental data; however, the
accuracy is slightly inferior when compared to that
of the ExtraTrees method. Therefore, Random Forest
is regarded as the second most effective regression
method among those utilized in this investigation.
Predictions obtained through the LightGBM and
HistGradientBoosting methods also indicate that cur-
rent values rise proportionally with increasing illu-
mination at negative voltages [59]. However, the pre-
dictions for intermediate values closely approximate
the experimental measurements, resulting in slight
discontinuities within the plotted curves. This phe-
nomenon suggests that predicted values from these
methods do not exhibit linear progression relative to
their predecessors. A similar pattern is noted for posi-
tive voltage values, indicating that while these meth-
ods provide reliable predictions, they do not attain
the optimality of the Random Forest and ExtraTrees
methodologies. Nonetheless, through the applica-
tion of each machine learning method, it is possible
to derive detailed optoelectronic parameters—such as
n, ®bo, R, I, and RR for the Au/(GO:P3C4MT)/SiO,
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structure—from the predicted electrical and optical
data. These data may serve as a valuable foundation
for the design of efficient photovoltaic and photodiode
devices, thereby underscoring the practical implica-
tions of this research in the field of optoelectronics.

The results presented above were obtained with-
out optimizing the hyperparameters. To more accu-
rately assess the models’ effectiveness, selecting
appropriate hyperparameters is crucial for obtain-
ing valuable insights. Each model was assessed using
a variety of hyperparameter ranges, with optimal
parameter combinations systematically explored
through GridSearchCV utilizing fivefold cross-
validation (fivefold CV). Specific parameter ranges
were defined for each machine learning model. For
both Random Forest and ExtraTrees, the number of
trees (n_estimators) was tested at 100 and 200, while
max_depth was set to none (unrestricted), 10, and
20. In the case of Gradient Boosting and LightGBM,
to balance the model’s learning capacity with gener-
alization ability, n_estimators was evaluated at 100
and 200, and the learning rate was set at 0.05 and 0.1.

Furthermore, to mitigate overfitting, max_depth
was set to 3 and 5 for Gradient Boosting, and to -1
(unlimited depth) and 10 for LightGBM. For Hist-
GradientBoosting, the max_iter (total number of
iterations) was tested at 100 and 200, with learning
rates of 0.05 and 0.1, and max_depth set to none
(unrestricted) and 10. These parameter ranges were
carefully selected to ensure that the models maintain
sufficient flexibility while remaining computation-
ally feasible, considering the size of the experimental
dataset. This configuration enabled an evaluation of
each model under conditions that optimized its per-
formance, with the results detailed in Table 3.

An analysis of Table 3 indicates that all models
exhibited very high accuracy in relation to the exper-
imental data. In particular, the ExtraTrees algorithm
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achieved an R? score of 1.000, reflecting near-per-
fect agreement and exhibiting the lowest error val-
ues (MSE: 3.91 x 10-!8, MAE: 7.14 x 1071, MAPE:
0.0685%). This performance underscores its excep-
tional ability to accurately model the light—-current
relationship and produce highly reliable predictions.

The Gradient Boosting model also demonstrated
high levels of accuracy with optimized hyperpa-
rameters (learning_rate: 0.1, n_estimators: 200,
max_depth: 5; R?: 0.999994). However, its MAPE
value of 4.26% was higher than that of the ExtraTrees
algorithm. Furthermore, the LightGBM, HistGradi-
entBoosting, and Random Forest models yielded
commendable results, with R* scores approximating
0.9998 and MAPE values ranging from 1.9 to 2.6%.

Overall, hyperparameter optimization significantly
enhanced the predictive performance of the models,
with a particular emphasis on the ExtraTrees algo-
rithm due to its low error and high overall accuracy.
This optimization also markedly improved the predic-
tion accuracy of the Gradient Boosting model.

To further validate the necessity of ensemble learn-
ing, the performance of the ExtraTrees model was
compared against traditional polynomial regression.
Polynomial regression (degree =3) was implemented
as a baseline parametric approach and evaluated
under the same leave-one-illumination-out validation
strategy. The results indicate that Polynomial Regres-
sion achieves moderate predictive performance, with
R? values ranging from 0.568 to 0.964 depending on
the illumination level. While acceptable performance
is observed at intermediate intensities (e.g., R? = 0.96
at 60-80 mW/cm?), a significant degradation is evident
at lower and higher illumination levels (R? = 0.57 at
20 and 0.88 at 100 mW/cm?). This behavior suggests
that polynomial models struggle to generalize across
the full nonlinear response range, particularly under
low-signal conditions where noise and nonlinearity

Table 3 Hyperparameter optimization results of machine learning models

Models Best parameters R? MSE MAE MAPE (%)
Random Forest ‘max_depth’: None, ‘n_estimators’: 100 0.999919 4.57E-13 3.11E-07 1916218
Gradient Boosting ‘learning_rate’: 0.1, ‘max_depth’: 5, ‘n_estimators’: 200 0.999994 3.50E-14 1.13E-07 4.268977
LightGBM ‘learning_rate’: 0.1, ‘max_depth’: -1, ‘n_estimators’: 200  0.999861 7.92E-13  3.80E-07 2.676973
HistGradientBoosting ~ ‘learning_rate’: 0.1, ‘max_depth’: None, ‘max_iter’: 200  0.999844  8.84E-13  4.28E-07  2.442482
ExtraTrees ‘max_depth’: None, ‘n_estimators’: 200 1 3.91E-18 7.14E-10 0.068516

Bold font highlights the most favorable metric values, corresponding to the highest R and the lowest error values (MSE, MAE, and

MAPE)
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are more pronounced. Unlike polynomial regression,
which assumes a fixed global functional form, tree-
based ensemble methods adaptively capture localized
nonlinearities in the current-voltage-light relationship
without requiring prior assumptions.

A promising alternative to purely data-driven
models is physics-informed machine learning
(PIML), which integrates governing physical equa-
tions such as the Poisson equation or the Shock-
ley diode model into the learning process. These
approaches enforce physical consistency and may
reduce data requirements [60, 61]. Conventional
analytical models, particularly the Shockley diode
equation, have long been employed to describe the
current—voltage behavior of semiconductor devices
due to their clear physical interpretability. How-
ever, their applicability becomes limited when deal-
ing with hybrid structures that exhibit complex and
non-ideal transport mechanisms. In such systems,
phenomena such as recombination losses, interface
states, and illumination-dependent barrier height
variations introduce deviations from ideal diode
behavior. These effects are difficult to fully capture
within a single, simplified analytical framework,
leading to reduced predictive accuracy. In contrast,
the proposed ExtraTrees and other machine learning
frameworks provide a flexible and data-driven alter-
native capable of modeling these complex, nonlinear
interactions without relying on restrictive physical
assumptions. This makes it particularly suitable for
hybrid semiconductor systems where conventional
models fail to adequately represent the underlying
physics.

J Mater Sci: Mater Electron (2026) 37:1057

Tukey HSD test was conducted to evaluate pair-
wise differences in prediction performance among the
machine learning models, while controlling the fam-
ily-wise error rate (FWER =0.05). FWER represents the
probability of making at least one Type I error across
all pairwise comparisons, ensuring that the overall risk
of false positives remains below 5%. Table 4 presents
the results, where the columns are defined as follows:
Group 1/Group 2 indicate the two models being com-
pared. Mean Difference (meandiff) shows the aver-
age difference in the performance metric between the
groups, with positive values indicating higher error
for Group 1. Adjusted p value (p-adj) represents the
significance level corrected for multiple comparisons,
with values below 0.05 indicating statistically signifi-
cant differences. Lower CI/Upper CI provide the 95%
confidence interval for the mean difference; and Reject
H, denotes whether the null hypothesis of no differ-
ence is rejected.

The results indicate that the ExtraTrees model
achieves significantly lower prediction errors com-
pared to all other models, demonstrating its superior
accuracy and consistency. In contrast, the performance
differences among Gradient Boosting, HistGradient-
Boosting, LightGBM, and Random Forest were not
statistically significant (p > 0.98), suggesting compara-
ble performance among these models. Consequently,
under conditions of limited data and resources, the
ExtraTrees model is recommended to optimize pre-
diction accuracy and reduce experimental verification
efforts, while the other models remain viable alterna-
tives with reasonable performance.

The analysis in Table 5 reveals that the highest
illumination level (100 mW/cm?) differs significantly

Table 4 Model performance comparisons with Tukey HSD (FWER =0.05)

Model group 1 Model group 2 Mean difference ~ Adjusted p value Lower CI Upper CI Reject Hy
(meandiff) (p-adj)
ExtraTrees Gradient Boosting 0.4165 0.0019 0.1104 0.7226 True
ExtraTrees HistGradientBoosting 0.3727 0.0080 0.0666 0.6788 True
ExtraTrees LightGBM 0.3739 0.0077 0.0678 0.6800 True
ExtraTrees Random Forest 0.3627 0.0108 0.0565 0.6688 True
Gradient Boosting HistGradientBoosting —0.0438 0.9951 —0.3499 0.2623 False
Gradient Boosting LightGBM —0.0426 0.9956 —0.3487 0.2635 False
Gradient Boosting Random Forest —0.0538 0.9892 —0.3599 0.2523 False
HistGradientBoosting LightGBM 0.0012 1.0000 —0.3049 0.3073 False
HistGradientBoosting Random Forest —0.0100 1.0000 -0.3161 0.2961 False
LightGBM Random Forest —-0.0112 1.0000 -0.3173 0.2949 False

@ Springer



] Mater Sci: Mater Electron (2026) 37:1057

Page 21 of 25 1057

Table 5 Tukey HSD

L . Light group 1  Light group2  Mean differ- Adjusted p Lower CI  Upper CI  Reject H,

palr.w1$e? comparlson ence (mean- value (p-adj)

of light intensity levels diff)

(FWER =0.05)
100 20 0.4105 0.0016 0.1121 0.7089 True
100 40 0.4884 0.0001 0.1900 0.7868 True
100 60 1.3235 0.0000 1.0251 1.6219 True
100 80 1.5362 0.0000 1.2378 1.8346 True
20 40 0.0779 0.9537 -0.2205 0.3763 False
20 60 0.9130 0.0000 0.6146 1.2114 True
20 80 1.1257 0.0000 0.8274 1.4241 True
40 60 0.8351 0.0000 0.5367 1.1335 True
40 80 1.0478 0.0000 0.7494 1.3462 True
60 80 0.2127 0.2934 -0.0857 0.5111 False

Table 6 Two-way ANOVA results for model and light effects

Sources Sum of df F value p value
squares
(sum_sq)
Model (C(Model))  118.6897 4 5.0133 4.956x107*
Light (C(Light)) 1701.6816 4 71.8762 2.720x 1075
Model x Light 448.1795 16 47326 1.176x107°
Residual 29,593.9804 5000 - -

from most of the lower intensities (20, 40, 60, 80 mW/
cm?), with p-adj <0.05, indicating a substantial effect
of light intensity on prediction performance. Similarly,
mid-range intensities (20, 40, 60, 80 mW/cm?) exhibit
significant differences among themselves, except for
some pairs such as 20 vs. 40 and 60 vs. 80, where p-
adj > 0.05, suggesting comparable predictive errors at
these levels. These results confirm that light intensity
is a critical factor influencing the model performance,
highlighting the importance of evaluating model accu-
racy across the full range of experimental illumination
conditions.

The results of the two-way ANOVA assessing the
effects of machine learning model and light intensity
on prediction errors are summarized in Table 6. The
table columns are defined as follows: Source indicates
the factor or interaction being tested (Model, Light,
Model x Light, or Residual). Sum of Squares (sum_sq)
represents the total variation attributable to each
source; df denotes the degrees of freedom associated
with the source; F value is the test statistic comparing
the variance explained by the source to the residual
variance; and p value indicates the statistical signifi-
cance of the effect.

The analysis demonstrates significant main effects
of model type (F(4,5000)=5.01, p <0.001) and light
intensity (F(4,5000) =71.88, p <0.001) on predic-
tion errors, indicating that both factors indepen-
dently influence model performance. Furthermore,
the Model x Light interaction is also significant
(F(16,5000) = 4.73, p <0.001), suggesting that the effect
of model selection on prediction accuracy depends
on the illumination level. In other words, certain
models perform relatively better or worse at specific
light intensities. These results are consistent with the
Tukey HSD post hoc comparisons, which identified
significant pairwise differences among models and
light levels, collectively providing a robust statistical
validation of model performance across experimental
conditions.

The comparative analysis of various machine
learning algorithms demonstrates that ExtraTrees
consistently outperforms its counterparts in terms
of stability, accuracy, and error minimization across
varying light intensities. While Gradient Boosting,
LightGBM, HistGradientBoosting, and Random For-
est also deliver reliable predictions, their performance
exhibits greater sensitivity to fluctuations in illumi-
nation levels. The incorporation of hyperparameter
optimization further elevates model performance,
particularly for Gradient Boosting, thereby confirm-
ing that meticulous tuning can substantially enhance
predictive capabilities. Overall, the findings presented
highlight the significant potential of machine learning
methodologies in precisely estimating optoelectronic
properties derived from constrained experimental
datasets. This capability not only reduces the burden
on laboratory resources but also lays the groundwork
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for a comprehensive framework for designing and
analyzing optoelectronic devices based on graphene
oxide—polymer composites.

4 Conclusion

In this study, ensemble-based machine learning mod-
els were successfully applied to predict the optoelec-
tronic behavior of GO:P;C,MT hybrid photovoltaic
structures under varying illumination conditions.
Using experimentally obtained I-V data, the models
demonstrated strong predictive capability not only
within the trained range but also at intermediate and
extrapolated light intensities.

Among the evaluated methods, the ExtraTrees
algorithm exhibited the most consistent and reliable
performance across all illumination levels, particu-
larly under low-light conditions where other mod-
els showed notable degradation. Statistical analyses
confirmed that these performance differences were
significant, highlighting the robustness of the pro-
posed approach.

The findings demonstrate that data-driven models
can effectively reduce the need for extensive experi-
mental measurements while preserving high predic-
tive accuracy. Although the current implementation
is limited to a fixed material ratio, the methodology
is inherently extensible to multi-parameter systems.
Future work will focus on incorporating additional
features such as material composition and hysteresis
effects to further enhance model generalizability.

Overall, this study establishes a reliable and scal-
able framework for machine learning-assisted char-
acterization of optoelectronic materials, offering a
practical complement to conventional experimental
and analytical approaches.
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