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ABSTRACT
Developing reliable emerging photovoltaic (e-PV) technologies requires high-throughput material discovery, device design, and

processing optimization. However, the effective process of the resulting high-dimensional, multivariate datasets remains a significant

challenge. Integrating feature selection methods and machine learning (ML) provides a robust solution to reduce data dimension-

ality, improve predictive accuracy, and uncover material performance mechanisms. This review summarizes the advancements in

synergizing feature selection methods, particularly the maximum relevance minimum redundancy (mRMR) method embedded,

with Gaussian process regression (GPR) to advance e-PVs research. It highlights the importance of integrating feature selection

with ML and high-throughput experimentation (HTE) frameworks to accelerate material screening, optimize manufacturing pro-

cesses, and predict stability. Additionally, the review discusses key challenges such as data quality and model scalability and offers

promising strategies to address these limitations. This data-driven approach offers a systematic pathway toward the accelerated

discovery and optimization of e-PV technologies.

1 | Introduction

Developing next-generation photovoltaic technologies, such as
organic photovoltaics (OPVs) and perovskite solar cells (PSCs),
is critical to meeting the ever-growing global demand for renew-
able energy [1, 2]. These emerging technologies, with their high
photoelectric conversion efficiency, low manufacturing costs,
and excellent flexibility, offer viable solutions for achieving
sustainable energy goals. However, challenges such as further
improving efficiency, enhancing environmental stability, and

optimizing preparation processes remain barriers to their
large-scale application [3–5]. Automated experimental platforms
have emerged as powerful tools for addressing these issues [6–10].
These platforms enable high-throughput experimentation (HTE),
processing large samples in parallel while improving efficiency,
minimizing errors, and ensuring reproducibility [11–14]. For
example, researchers can use these automated platforms to
explore high-dimensional material combinations and process
parameter spaces to accelerate material screening and device
optimization [15–18]. These platforms generate large-scale
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datasets encompassing material composition, preparation condi-
tions, device performance, and environmental stability informa-
tion within a short timeframe [19–22].

However, effectively processing such high-dimensional and multi-
variate data to extract meaningful insights is posed with various
challenges, including data redundancy, noise interference, and inef-
ficiency in data analysis [23, 24]. These challenges limit the pace of
material and process development, and add complexity to experi-
mental workflows in current photovoltaic research [25]. Feature
selection techniques offer an effective solution to tackle these chal-
lenges. By isolating the most relevant variables from a large dataset,
they reduce data dimensionality and redundancy, enhance the pre-
dictive accuracy of machine learning (ML) models, and reveal key
mechanisms underlying the discovered material and device perfor-
mance [26–29]. Within the integrated framework of ML-driven
HTE platforms, feature selection plays a pivotal role in optimizing
material properties, process parameters, and device designs. By inte-
grating automated experimentation, ML, and advanced data proc-
essing methods, the development of e-PV research is entering a new
era [30]. These holistic approaches address major challenges in
renewable energy and paves the way for transformative advance-
ments in the global energy landscape [31, 32].

This review highlights the critical role of feature selection in
advancing ML-driven approaches for e-PV material discovery
and optimization. It discusses techniques such as the maximum rel-
evance minimum redundancy (mRMR)-embedded Gaussian pro-
cess regression (GPR) model, which streamline high-dimensional
datasets, reduce computational burden, and identify key variables
influencing material properties and device performance. The inte-
gration of feature selection withML and HTE frameworks is shown
to effectively uncover structure-property relationships, optimize
processing parameters, and improve environmental stability analy-
sis. The review summarizes key applications in process optimiza-
tion, stability evaluation, and the discovery of low-dimensional
and lead-free hybrid organic–inorganic perovskites (HOIPs) with
optimal properties. Possible challenges such as data quality and
model scalability are briefly discussed, alone with prospectives strat-
egies for addressing these limitations.

2 | Feature Selection Methods

Feature selection identifies the most relevant features to reduce
data dimensionality, improve model performance, and enhance

data interpretability [33, 34]. Based on selection mechanism,
these methods are classified into filter, wrapper, and embedded
methods (Figure 1) [35, 36]. Filter methods independently eval-
uate feature importance using statistical metrics or information
theory indicators. They select features based on intrinsic proper-
ties and relevance to the target variable, without considering
feature interactions or relying on a specific ML model, and
applied as preprocessing step before model training [23]. Filter
methods using statistical metrics or information theory indicators
to assess feature importance independently of ML models are
highly efficient for high-dimensional data. Examples include vari-
ance screening, chi-square test, and the mRMR method, based on
mutual information and the Laplacian Score [37, 38]. However,
filter methods may fail to capture interactions between features,
limiting their uses in complex datasets. Wrapper methods, such
as recursive feature elimination, combine ML models to evaluate
feature subsets through multiple rounds of training [39, 40]. These
methods can capture complex feature interactions but are compu-
tationally intensive, especially for datasets with a multitude of fea-
tures, where computational costs grow exponentially. Embedded
methods select features during the training process by analyzing
feature weights generated by the model. Common techniques
include Lasso regression with L1 regularization and tree-based fea-
ture selection. These methods strike a balance between computa-
tional efficiency and model accuracy, although their effectiveness
can depend on the selected model and regularization parameters,
potentially introducing variability in the results. For datasets with
redundant or highly correlated features, dimensionality reduction
methods like principal component analysis (PCA) [41–44], linear
discriminant analysis (LDA) [45], and locally linear embedding
(LLE) [46] simplify feature dimensions. These methods reduce
noise and computational costs but can obscure the physical or
chemical meaning of features and may fail to capture nonlinear
interactions, especially in image-type datasets. Each method has
unique characteristics and is suitable for different data structures
and research needs.

In addition to traditional linear methods such as PCA and mRMR,
advanced nonlinear feature selection techniques have attracted
growing attention for their ability to identify complex interactions
in high-dimensional materials datasets. These methods can be
broadly classified into kernel-based methods, manifold learning
strategies, and tree-based ensemble models. Kernel-based meth-
ods, such as Hilbert–Schmidt Independence Criterion combined
with Lasso regression (HSIC-Lasso), capture nonlinear dependen-
cies between features and targets by mapping data into a

FIGURE 1 | Feature selection methods and simplified categories.
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reproducing kernel Hilbert space (RKHS) [47–49]. These methods,
which leverage criteria like the Hilbert–Schmidt Independence
Criterion or minimizing the trace of the conditional covariance
operator, identify predictive and nonredundant features beyond
the scope of linearmodels. They are particularly effective at uncov-
ering hidden nonlinear correlations in complex material systems.
Additionally, GPR, often used for regression, can also support fea-
ture selection through automatic relevance determination (ARD)
kernels. In this context, GPR assigns a length-scale parameter to
each feature, optimizing them during training. Features with
shorter length-scales contribute more to predictive performance,
to implicit feature ranking and selection. GPR has proven effective
for complex, high-dimensional photovoltaic datasets by modeling
nonlinear relationships and enabling embedded feature selection
[50]. Manifold learning approaches, such as Isomap and t-SNE,
provide powerful tools for nonlinear dimensionality reduction.
Isomap preserves global geodesic distances, while t-SNE effectively
visualizes high-dimensional data by preserving local structures
[51]. By projecting data onto low-dimensional intrinsic manifolds,
these techniques improve visualization and can enhance the
robustness and interpretability of ML models. Tree-based ensem-
ble models, such as random forests and XGBoost, enable scalable
and interpretable feature selection by leveraging feature impor-
tance scores derived from decision-tree splits [52]. These models
are well-suited for high-dimensional and noisy datasets due to
their ability to model nonlinear dependencies and handle data
heterogeneity. Furthermore, techniques like FeatBoost, a boost-
ing-based strategy, improve tree-based feature selection by
reweighting samples and prioritizing informative features, thereby
reducing redundancy and optimizing subset relevance.

Overall, these nonlinear feature selection techniques signifi-
cantly enhance the analytical capabilities available for high-
throughput, data-intensive photovoltaic research, facilitating
the discovery of complex structure–property relationships.

Given the diversity of feature selection methods, it is important to
assess their relative advantages and limitations when applied to
complex, high-dimensional datasets in e-PV research. Table 1
presents a comparative summary of different feature selection
methods, including their respective strengths, limitations, and
recommended applications scenarios.

Feature selection methods are widely used in PV research to
address challenges related to high-dimensional data processing
[37, 53, 54]. While both linear and nonlinear feature selection
methods provide valuable tools for dimensionality reduction
and insight extraction, each approach has limitations when
applied individually to process complex, high-dimensional data-
sets in e-PV research. Linear methods often fail to capture higher-
order or nonlinear dependencies critical for accurate modeling,
while sole nonlinear techniques, though powerful, can become
computationally intensive or prone to overfitting without proper
dimensionality control.

To overcome these challenges, hybrid frameworks combining the
strengths of both paradigms have gained increasing attention. A
promising strategy is the hierarchical integration of mRMR
method and GPR equipped with ARD kernels. This mRMR-
GPR framework combines efficient, information-theoretic feature
filtering with nonlinear, kernel-based modeling to offer robust,
interpretable, and scalable feature selection for high-throughput
photovoltaic material discovery and optimization. In the first
stage, mRMR hierarchically reduces the feature space by preserv-
ing variables with high relevance to the output while minimizing
redundancy. This two-tier filtering process minimizes the risk of
excluding weakly correlated but functionally critical features. In
the second stage, the reduced feature set is evaluated using
GPR with an ARD kernel, which quantifies the nonlinear contri-
bution of each feature through optimized length-scale parameters.
Features with higher predictive significance—indicated by shorter
length scales—are prioritized for final model development. By
combining the computational efficiency of filter-based selection
with the representational power and interpretability of kernel-
based modeling, this hybrid approach provides a robust and scal-
able solution for feature selection in complex scientific domains.
Information theory-based approaches are particularly effective in
capturing nonlinear relationships in e-PV research, with key
applications in optimizing material properties, refining process
conditions, and analyzing environmental stability [55]. When
incorporated into an ML-driven autonomous framework, feature
selection accelerates material discovery and performance optimi-
zation. The following section summarizes the applications of these
feature selection-embedded frameworks in data-driven optimiza-
tion strategies for e-PV technologies.

TABLE 1 | Summary of the advantages, limitations, and application suitability of different feature selection methods.

Method type Advantages Limitations Applications

Filter Method Fast; scalable; model-independent;
simple implementation

Ignores feature interactions;
mostly linear; may overlook

synergistic effects

Initial descriptor screening in
high-dimensional datasets

Wrapper Method Captures complex interactions;
can significantly improve

model accuracy

Computationally intensive;
prone to overfitting; limited

scalability

Small-to-medium datasets
where predictive accuracy is a

priority

Embedded Method Integrated with model training;
balances efficiency and

interpretability

Model-dependent;
may overlook nonlinear or
higher-order interactions

General tasks requiring
interpretable models and

moderate computational cost

Nonlinear and
advanced Method

Capture nonlinear and high-order
feature dependencies; scalable with

parallel computing

Interpretation may require
auxiliary tools; increased

computational cost

Complex datasets with
unknown or nonlinear

structure–property relationships
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3 | ML-Driven Discovery and Optimization of
New Photovoltaic Materials

Figure 2 illustrates a typical data-driven workflow that integrates
HTE, ML, and feature engineering for e-PVmaterial discovery and
process optimization. The process begins with formulating a
research plan, wherein specific targets, hypotheses, or concepts
are defined to guide the subsequent experiments. Based on these
objectives, high-throughput materials and device processing are
performed to generate a broad range of experimental samples
and datasets. Experimental data, supplemented by curated data-
bases and literature, are then systematically collected to form a
high-dimensional dataset. A critical step in the workflow is feature
selection, where statistical and ML-based techniques, such as
mRMR and PCA, are used to extract the most informative
descriptors. This step reduces data dimensionality, enhances
model interpretability, and improves computational efficiency
[56]. Subsequently, ML models such as GPR, gradient boosting
methods, and deep learning frameworks are trained using the
refined feature sets to predict material properties and device per-
formances. Model outputs are iteratively refined through feedback
loops, wherein explainable AI methods such as SHapley Additive
exPlanations (SHAP) and Local Interpretable Model-agnostic
Explanations (LIME) enable the interpretation of feature
contributions and physicochemical insights [17, 57]. This iterative
workflow enables the identification of promising photovoltaic
materials and the optimization of fabrication parameters, offering
a systematic pathway for accelerating material innovation.

4 | Integrating Feature Selection into ML-Driven
HTE Frameworks for Photovoltaic Research

As the efficiency of e-PV technologies improves, stability issues
have become a bottleneck hindering their commercial applica-
tion. Investigating the effects of chemical structures, material
components, processing conditions, and device parameters on

long-term operational stability are challenged by the nonlinear
and often interdependent relationships among these variables.
ML-enhanced autonomous frameworks, particularly feature
selection techniques like mRMR combined with GPR, emerged
as powerful tools to tackle the complexity [58]. The following sec-
tion highlights representative studies that demonstrate the appli-
cation of such frameworks in advancing e-PV research, with a
particular focus on how feature selection contributes to uncov-
ering structure–property–performance relationships.

4.1 | Process Optimization: Linking Process
Parameters to Performance

Understanding and predicting how processing parameters influence
microstructural features is critical to the large-scale production of
OPVs [59]. However, traditional methods are often time-consum-
ing, complex, and lack the statistical ability needed for compre-
hensive evaluation. AnML-driven high-throughput platform was
developed to address these limitations. Automated UV-Vis spec-
tral modeling was employed to extract key morphological fea-
tures, which modeled the spectra as superpositions of donor
and acceptor contributions from ordered and amorphous phases,
characterized by parameters such as vibronic replica strength
and bandwidth. Using a refined mRMR-embedded GPR model,
Liu et al. systematically selected features that were both highly
relevant and nonredundant (Figure 3A) [60]. This feature selec-
tion process involved iteratively adding features to a predictive
model, guided by GPR to minimize RMSE on test datasets [62].

The process retained only features that provided new and non-
redundant information. GPR surrogate models were validated,
and uncertainty was assessed using bootstrap-like methods
with multiple train/test splits and a reliable shuffle criterion.
The effects of solvents, such as chloroform and eco-friendly
o-xylene, and PCBM additives on layer thickness, microstruc-
tural order, and stability, were analyzed. PCBM was found
to improve fill factor (FF) stability by reducing energetic

FIGURE 2 | A typical data-driven optimization workflow through integrating feature selection and ML-driven automation for the discovery of new

photovoltaic materials.
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dispersion in the ordered DTY6 phase and improving chain
ordering. By adjusting the additive concentration and active
layer thickness, both microstructure optimization and device
stability improvement were achieved. This study overcomes
the limitations of large-scale statistical approaches, clarifies
the causal links between processing conditions, microstruc-
ture, and stability, and provides a cost-effective framework
for understanding OPV degradation and improving device per-
formance and lifetime.

To address the challenge of scaling printed photovoltaics from
laboratory optimization to industrial roll-to-roll (R2R) produc-
tion, a combinatorial approach was developed to simulta-
neously vary the electron transport layer (ETL) thickness and
donor-to-acceptor(D:A) ratio within a single slot-die coating
run [61]. Using a multi-nozzle slot-die setup, 3750 OSCs were
fabricated with controlled parameter variations, enabling high-
throughput data collection (Figure 3B). To analyze the large
multivariate dataset, a mRMR feature selection scheme embed-
ded into GPR was applied. This approach ensured only predic-
tors contributing significant additional variance explanations
were included in the model, avoiding redundancy. The
mRMR-GPR workflow incrementally selected features based
on nonlinear correlation with performance metrics such as
open-circuit voltage (VOC), FF, and short-circuit current
( JSC), as demonstrated by the analysis of UV-Vis spectra-derived
features. The addition of multiple predictors revealed nonlinear
relationships that were obscured in single-feature analysis. The

GPR model quantified these relationships and estimated predic-
tion uncertainty through cross-validation and bootstrap-like
resampling. The study identified optimal parameters of an
ETL thickness of 17 ± 4 nm and a D:A ratio of 1:1.44, with volt-
age losses in donor-rich blends linked to incomplete ETL cov-
erage and increased interfacial recombination. Spatial gradients
in processing conditions, including temperature and ink mix-
ing, were also uncovered and linked to variations in layer mor-
phology and device performance. By correlating UV-Vis-derived
morphological features with photovoltaic metrics, the study
highlights the critical role of process-induced interfacial
changes on device behavior. This integration of mRMR-GPR-
based statistical modeling with HTE not only accelerats process
optimization but also provids insights into subtle process fluc-
tuations. These results demonstrate the potential of combining
data-driven modeling with physics-informed analysis to
enhance process control, improve production yields, and drive
photovoltaic commercialization, with applicability to other
e-PV technologies such as PSCs.

4.2 | Stability Analysis: Identifying Critical
Degradation Mechanisms

The stability of OPV devices under ambient air and light expo-
sure is influenced by multiple factors, including chemical
structure, energy level, and morphology parameters [63, 64].
However, the complex interdependence among these

FIGURE 3 | (A) Machine-learning workflow integrating HTE, characterization, and drift-diffusion simulations to establish quantitative structure-

property relationships, with mRMR-GPR analysis revealing processing–morphology–stability interdependencies in PM6:DTY6:[70]PCBM devices.

Adapted with permission [60]. Copyright 2023, John Wiley and Sons. (B) Schematic of the high-throughput experiment and knowledge graph from

mRMR-GPR runs, illustrating direct causations (solid lines), correlations (dashed lines), and the variance explained by each parameter. Adapted with

permission [61]. Copyright 2023, Royal Society of Chemistry.
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characteristics limits the effectiveness of analyzing individual
parameters in isolation. Using an automated device acceleration
platform (DAP), Amanda Line One, combined with mRMR-
embedded GPR method, the most relevant features associated
with air and light stability were identified from a dataset com-
prising over 40 donor–acceptor combinations (Figure 4A) [65].
Compared to traditional methods, the mRMR method signifi-
cantly reduces feature redundancy and improve model perfor-
mance. While standalone mRMR, implemented via the
“mRMR-selection” package, ranks features based on linear
correlations, mRMR-embedded GPR further enhances perfor-
mance by capturing nonlinear, multidimensional trends
(Figure 4B). This approach consistently outperformed linear
feature selection across all feature groups and parameters.
Moreover, standalone mRMR combined with GPR demon-
strated scalability by handling 3200 descriptors generated using
the Mordred algorithm. This model identified “ATS8s” of the
acceptor as the top predictor for rJsc, explaining 70% of its vari-
ance. ATS8s represents the centered Moreau–Broto autocorre-
lation of order 8, reflecting electron configurations between
atoms separated by eight bonds, and suggests that oxygen,
rather than superoxide anions, is the primary degradation factor
under the studied conditions. Guided by this automated selec-
tion strategy, accurate predictions were made based solely on
pre-experimental structural features, such as the number of
fluorine atoms in the acceptor (NAF) and the number of
spiro-bridged structures. The study identified effective gap
(Eg, eff ) as the strongest predictor of air/light resilience.
These findings demonstrate the capacity of the integrated
framework to reveal causal relationships between molecular
structure and stability for the rapid material screening and

optimization. The study presents a versatile data-driven
approach for analyzing complex material systems and paves
the way for molecular inverse design by identifying structural
motifs that optimize device performance while addressing sta-
bility requirements.

The development of e-PV cells for outer space applications faces
significant challenges due to complex UVC degradation mecha-
nisms, limited material datasets, and a lack of universal design
principles for radiation resistance [67, 68]. To address these, a
high-throughput platformwas utilized to degrade and characterize
hole transport materials (HTMs), generating a comprehensive
dataset of stability metrics, such as photon dose at 90% absorbance
(Figure 4C) [66]. A two-stage mRMR feature selection process was
applied to analyze the�1700 molecular descriptors extracted from
the dataset. In the first step, upstreammRMR reduced the descrip-
tors to 10 based on linear correlations with stability target. In the
second stage, mRMR-embedded GPR further narrowed them to
three key predictors using a greedy algorithm that iteratively
selected descriptors with the best predictive power while minimiz-
ing redundancy. The final GPRmodel revealed nonlinear relation-
ships between predictors—such as fused aromatic ring clusters
and vinyl ratios—and stability, achieving an R2 of 0.631. The
results show that fused aromatic ring clusters enhance stability,
while vinyl, thiophene, and methoxy groups lead to degradation.
This integrated framework of high-throughput experiments and
ML not only uncovers key structure–stability relationships but also
provides a platform for designing radiation-resistant materials. By
using predictive modeling and feature selection, this approach
accelerates the discovery and optimization of durable photovol-
taics for extreme conditions application.

FIGURE 4 | (A) Workflow for automated organic layer and device fabrication and characterization. (B) Structural, energetic, and order-related

features used to predict rJsc, with energetic values from cyclic voltammetry and order-related values from UV–vis spectral modeling before electrode

deposition. ML workflow for degradation prediction incorporating features selected based on mRMR. Adapted with permission [65]. Copyright 2024,

John Wiley and Sons. (C) High-throughput stability testing of 138 HTMs involved automated UVC degradation cycles and UV–vis characterization to

monitor changes in absorbance over time. The decrease in the π–π* band was used to calculate the photon dose at 90% initial absorbance (APD90) for

material stability ranking. Adapted with permission [66]. Copyright 2025, American Chemical Society.
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4.3 | Microstructure-Performance Relationships

Interface disorder significantly impacts the VOC and bulk per-
formance of high-efficiency OPVs, but its relationship to micro-
structure and device performance is not fully understood [69].
To address this, a novel hierarchical mRMR-embedded GPR
(h-mRMR-GPR) model was introduced to establish comprehen-
sive relationship links between processing parameters, micro-
structure, and device performance (Figure 5A) [70]. Using a
high-throughput workflow, a large dataset was generated by
systematically varying solid additive concentrations (cSA) and
annealing temperatures (Ta). The h-mRMR-GPR applied recur-
sive feature selection to identify key nonredundant predictors of
target performance metrics, such as VOC, FF, and exciton effi-
ciency. The algorithm first determined structure-property rela-
tionships by isolating predictors with high explanatory variance
for each target property (Figure 5B). These first-generation pre-
dictors were then used as inputs in further mRMR-GPR runs to
explore structure–structure relationships for distinguishing
electronic from electrostatic interactions and linking processing
conditions to microstructure. Finally, second-generation struc-
tural predictors were assessed for controllability through proc-
essing parameters, quantifying the effects of cSA and Ta on
interface and bulk disorder. The study revealed that interface
disorder is the primary cause of voltage loss, outweighing the
impact of driving force, while bulk disorder and dynamic dis-
order significantly influence FF and exciton dissociation effi-
ciency. Optimizing the additive concentration (0.5:1) was
shown to minimize interface disorder, reduce nonradiative
losses and enhance device performance. This integrated data-

driven approach not only elucidates hidden parameters influ-
encing OPV performance but also provides a scalable frame-
work for material optimization and autonomous high-
throughput workflows in OPV development.

4.4 | Target-Driven Discovery for Novel
Photovoltaics Materials

Despite advancements, the vast compositional space of HOIPs,
alone with challenges such as lead toxicity and poor stability,
necessitates the development of efficient discovery frameworks
[13, 71–73]. To address, a target-driven high-throughput method
combining ML with density functional theory (DFT) calculations
was proposed to accelerate the discovery of HOIPs for photovol-
taic applications [74]. A key aspect of this framework was the
selection and ranking of material descriptors for effective ML
models training. The framework generated a database of
230,808 HOIP candidates by varying combinations of 21 organic
cations, 50 metallic cations, and 10 anions (Figure 6A). Initial
screening reduced the pool to 38,086 candidates, with ML mod-
els, including Gradient Boosted Regression (GBR), Support
Vector Regression (SVR), and Kernel Ridge Regression (KRR),
identifying 686 candidates with suitable bandgaps for photovol-
taics. Key features, such as atomic packing factor, tolerance fac-
tor, and octahedral factor, were ranked, with atomic packing
factor emerging as the most critical predictor of bandgap. To
ensure accuracy, 32 features were retained for modeling,
even if some ranked lower. High-throughput DFT validation
confirmed 132 stable, nontoxic HOIPs with ideal bandgaps

FIGURE 5 | (A) The workflow from device prepare to data analysis using hierarchical mRMR-embedded GPR model. (B) Knowledge graph

illustrating the prediction of target properties from structural features and processing conditions. Adapted with permission [70]. Copyright 2024,

John Wiley and Sons.
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(0.9–2.2 eV), including novel orthorhombic-like structures such
as ABSeI2 and ABBrI2. By integrating feature selection technique,
ML models, and high-throughput DFT validation, this frame-
work accelerates material discovery, reduces computational
costs, and offers a scalable approach for designing sustainable,
efficient materials for photovoltaic and other advanced applica-
tions. Similarly, to address the inefficiencies of traditional trial-
and-error methods, Wang’s group developed a target-driven
approach combining ML and DFT to screen materials for photo-
voltaic applications (Figure 6B) [75]. Using a stepwise elimina-
tion method, the feature selection process began with 30 initial
features ranked by GBR improtance [76]. Iteratively removing
the least important feature and evaluating model performance
led to selection of 14 optimal features, as additional features
had minimal impact on prediction accuracy. This method rapidly
identified six lead-free orthorhombic HOIPs with suitable bandg-
aps and room-temperature stability from 5,158 candidates. A
structure-property relationship for bandgap prediction was estab-
lished. These efforts complement a broader framework that

integrates ML and DFT to accelerate the discovery of stable,
nontoxic HOIPs for photovoltaics.

4.5 | ML-Assisted Discovery of Low-Dimensional
Perovskites

2DHOIPs have garnered considerable interest due to their excep-
tional photoelectronic properties [77–80]. However, designing
HOIPs with desired bandgaps remains a significant challenge.
To address this, a collaborative ML model was developed to effi-
ciently screen materials with tailored bandgap characteristics
(Figure 7A). This study employed a high-throughput screening
platform capable of analyzing over one million virtual samples,
alongside a three-step feature selection process for dimensional-
ity reduction and rapid screening [81]. First, two constant fea-
tures were removed, followed by correlation analysis using a
cluster heat map to identify highly correlated variables.
Features with Pearson’s correlation coefficient (r> 0.95) were

FIGURE 6 | (A) Schematic of a ML and DFT-based framework developed to screen 230 808 hypothetical candidates, using charge neutrality, stability

conditions, andML predictions, narrowing them down to 686 suitable HOIPs for solar cell applications. Further DFT verification identified 204 ideal HOIPs

(including 132 nontoxic ones) with optimal bandgaps for photovoltaic use. Reproduced with permission [74]. Copyright 2019, Elsevier. (B) A lead-free

HOIPs design framework integrates ML and DFT to efficiently identify stable materials with suitable bandgaps. Reproduced with permission [75].

Copyright 2018, Springer Nature.
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filtered based on mRMR rankings to minimize redundancy and
collinearity, retaining 29 features. Finally, embedded feature
selection, customized for the predictive algorithms, was applied
to refine the feature set. Support Vector Regression (SVR) and
XGBoost models were used for bandgap prediction through form-
ing a collaborative analysis. This approach led to the identifica-
tion of 18 lead-free, stable materials with optimal bandgaps for
high-efficiency solar cells, as well as 30 materials suitable for low-
light applications. The framework accelerates material discovery,
guides experimental design, and highlights the potential of com-
bining ML with high-throughput platforms for functional mate-
rial development.

Lyu et al. developed a supervised ML framework to predict the
dimensionality of low-dimensional HOIPs (Figure 7B) [82]. The
process began with initial screening to remove highly correlated
features, followed by logistic regression with l1 regularization to
select key descriptors. Four critical structural features were iden-
tified: steric effect index, eccentricity, largest ring size, and hydro-
gen-donor count. These features reflect steric, topological, and
bonding properties crucial for 2D structure formation. SHAP
analysis confirmed that the significance of these features, with
refinements addressing molecular conformational changes due
to intramolecular interactions. This approach achieved 82% pre-
diction accuracy, providing a robust framework for accelerating
the discovery and design of low-dimensional HOIPs.

5 | Challenges and Strategies

5.1 | Challenges in Feature Selection for e-PVs
Research

Despite its advantages, feature selection in ML faces several chal-
lenges. The success of those method heavily depends on the acqui-
sition of high-quality, diverse datasets. Insufficient or biased data
often leads to overfitting, reducing model reliability and limiting
the generalizability of predictions across new or complex material
systems [35, 83]. Furthermore, many ML models operate as “black
boxes,” which produce accurate predictions that lack interpretabil-
ity [84]. This hampers the extraction of meaningful scientific
insights, hindering theory development and deeper understanding
in e-PV research. Another critical limitation is the scalability of ML
approaches. Although ML models can process large datasets, their
computational demands, especially for advanced algorithms such
as GPR and deep learning, make them resource-intensive and less
accessible to smaller research teams [85, 86]. Additionally, transfer-
ability of ML models remains a challenge. Models trained on spe-
cific datasets frequently fail to generalize to new materials,
environments, or varied experimental conditions, restricting their
broader applicability [87]. Biases present in training data further
exacerbates these issues, potentially narrowing the exploration
space and leading to noninnovative solutions [83]. Moreover,
reproducibility in ML-driven experiments can be undermined by

FIGURE 7 | (A) The ML-assisted flowchart for discovering 2D HOIPs with tailored bandgap. Reproduced with permission [81]. Copyright 2023,

John Wiley and Sons. (B) Workflow of machine-learning-assisted exploration of low-dimensional perovskites. Reproduced with permission [82].

Copyright 2021, American Chemical Society.
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random errors in automated platforms or overlooked experimental
variables, which creates challenges for consistent validation [87].

5.2 | Strategies for Overcoming Current
Limitations

Addressing these limitations requires the integration of robust data
protocols and hybrid modelling approaches. Combining physics-
based insights with data-drivenmethods improves model interpret-
ability and ensures that predictions remain grounded in scientific
principles. Improving data quality begins with automated outlier
detection, imputation of missing values, and domain-informed fea-
ture normalization to minimize noise and maintain consistency
across heterogeneous datasets. Harmonizing features across exper-
imental and computational domains further supports model gen-
eralization and transferability. For managing large and complex
datasets, nonlinear dimensionality reduction techniques, such as
autoencoders, Isomap and LLE, effectively compress feature spaces
while preserving essential correlations. In parallel, the application
of approximate or sparse GPR variants and model distillation
strategies helps to mitigate computational overhead without
compromising predictive performance.

In this context, the h-mRMR-GPR framework provides a robust
and scalable solution. This framework combines information-
theoretic filtering (e.g., mRMR) with nonlinear kernel-based
modeling utilizing GPR equipped with ARD kernels. Such an
integration effectively minimizes feature redundancy and iden-
tifies features with high nonlinear relevance. The hierarchical
architecture allows for recursive feature selection and systematic
feature grouping, which enables a structured resolution of com-
plex process–structure–property relationships within e-PV
systems. The use of ARD kernels within GPR introduces intrin-
sic, model-based measures of feature importance, thereby
enhancing model interpretability and supporting the extraction
of physically meaningful insights. The framework implements
pretraining feature reduction to lower input dimensionality
before model construction, which significantly improves compu-
tational scalability and allows GPR to function efficiently in oth-
erwise intractable domains. The hierarchical structure aligns
naturally with the multi-modal and multi-scale nature of datasets
encountered in e-PV research, which facilitates cross-domain
knowledge transfer for applications such as long-term stability
prediction, microstructure–performance mapping, and acceler-
ated material discovery. In addition, the framework incorporates
uncertainty quantification through either the confidence inter-
vals inherent to GPR or ensemble-based variance estimation
methods. This capability strengthens the framework’s effective-
ness in guiding experimental prioritization under resource-
limited conditions. Collectively, the h-mRMR-GPR framework
establishes a scalable, interpretable, and data-efficient paradigm
for ML–assisted discovery and optimization in emerging photo-
voltaic research.

6 | Conclusion

Feature selection is a key part of ML-driven research in e-PVs.
This review summarizes its role in the management of complex

datasets, the improvement of model accuracy, and the enhance-
ment of interpretability. The review also discusses how the
combination of feature selection methods with ML-driven
high-throughput experimentation accelerate the discovery and
optimization of new photovoltaic materials. These holistic meth-
ods help establish causal relationships among material
properties, process parameters, and device performance. They
support rational molecular design, scalable manufacturing,
and data-driven inverse design of functional solar materials.
Nonlinear and hybrid feature selection methods further improve
the scalability, generalization, and transferability of ML models.
This progress makes it possible to develop more efficient and sta-
ble photovoltaic technologies. Future work will need hybrid
modeling frameworks that combine physics-based understand-
ing with data-driven methods. It will also require standardized
and high-quality data protocols. These improvements will make
material discovery faster, reduce experimental costs, and help
identify key design principles for further innovation in the field
of optoelectronic materials.
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