
echT PressScience

https://doi.org/10.32604/cmc.2026.080623

REVIEW

Machine Learning-Driven Materials Design and Performance Prediction in
Organic Solar Cells Emphasizing Ensemble Learning Models

Shafidah Shafian1,* and Azlan Ismail2,3

1Solar Energy Research Institute, Universiti Kebangsaan Malaysia, Bangi, Selangor, Malaysia
2Institute for Big Data Analytics and Artificial Intelligence (IBDAAI), Kompleks Al-Khawarizmi, Universiti Teknologi MARA
(UiTM), Shah Alam, Selangor, Malaysia
3Faculty of Computer and Mathematical Sciences, Universiti Teknologi MARA (UiTM), Shah Alam, Selangor, Malaysia
*Corresponding Author: Shafidah Shafian. Email: norshafidah@ukm.edu.my
Received: 13 February 2026; Accepted: 29 April 2026; Published: 15 June 2026

ABSTRACT: Organic solar cells (OSCs) have progressed rapidly in recent years, driven by advances in donor polymers,
non-fullerene acceptors, and increasingly complex binary and multicomponent blend architectures. Despite these
achievements, device performance remains governed by strongly coupled molecular, morphological, and processing
variables, making materials optimization inherently multidimensional and difficult to navigate using conventional
trial-and-error approaches. The growing availability of experimental data and computational descriptors has therefore
encouraged the integration of machine learning (ML) techniques into OSC research as a complementary strategy for
accelerating materials discovery and device optimization. Among the available ML strategies, ensemble learning has
proven particularly well suited to OSC systems, where datasets are often limited, heterogeneous, and derived from
diverse experimental conditions. This review provides a focused and materials-oriented examination of ensemble
learning applications in OSC research, spanning donor and acceptor screening, blend optimization, and stability-
related prediction tasks. Bagging-based, boosting-based, and stacking-based approaches are discussed in relation to
their roles in predicting key photovoltaic metrics, including power conversion efficiency (PCE), open-circuit voltage
(Voc), short-circuit current density (Jsc), and related device parameters. The interplay between data sources, descriptor
selection, and model performance is critically analyzed, with particular attention to model interpretability through
feature-importance evaluation and other explainable learning techniques. Finally, current challenges are discussed, and
ensemble learning is positioned as a practical and interpretable tool for accelerating rational OSC materials design.
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1 Introduction
Organic solar cells (OSCs) have emerged as a promising class of photovoltaic technologies owing to

their intrinsic advantages, including mechanical flexibility, lightweight construction, compatibility with low-
temperature solution processing, and potential for low-cost, large-area fabrication [1–3]. Over the past
decade, remarkable progress has been achieved in OSC performance, with laboratory-scale power conversion
efficiencies (PCEs) increasing from below 1% in early demonstrations to values exceeding 20% in state-
of-the-art devices. Recent reports of certified efficiencies approaching 19.4% in small-area devices and
over 14% in large-area modules underscore the rapid evolution of OSCs toward practical applicability and
commercialization [4–6]. These advances position OSCs as attractive candidates for emerging photovoltaic
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applications such as building-integrated photovoltaics, portable electronics, and flexible energy-harvesting
systems [7–10].

The rapid performance improvements in OSCs have been driven primarily by advances in organic
semiconductor materials, particularly through the development of donor–acceptor architectures and non-
fullerene acceptors (NFAs) with tailored electronic structures and optical properties [11–13]. Modern OSCs
typically rely on finely engineered donor polymers or small molecules paired with NFAs that exhibit strong
and tunable absorption in the visible and near-infrared regions, reduced nonradiative energy losses, and
improved morphological compatibility. In parallel, progress in device architecture, interfacial engineering,
and processing strategies has contributed to enhanced charge generation, transport, and extraction [14,15].
Despite these achievements, OSCs remain fundamentally distinct from inorganic photovoltaics in that their
device performance is governed by a complex and highly coupled interplay among molecular structure,
nanoscale morphology, and fabrication conditions [16–18].

From a materials science perspective, OSC optimization represents a uniquely challenging multivariable
problem. Small changes in molecular backbone structure, side-chain chemistry, end-group functionaliza-
tion, or blend composition can lead to substantial variations in energy-level alignment, exciton dynamics,
phase separation behavior, and long-term stability [5,19]. This sensitivity is further amplified in modern
device architectures, such as ternary and quaternary blends, where multiple components interact in nonlin-
ear and system-specific ways [20–24]. As a result, the design space of OSC materials has expanded rapidly,
encompassing an enormous combinatorial landscape of donor–acceptor pairs, molecular derivatives, and
processing parameters.

Traditional trial-and-error experimental approaches, while essential for validating new concepts, are
increasingly inadequate for efficiently navigating this expanding materials design space. Exhaustive exper-
imental screening of all possible material combinations and fabrication conditions is impractical due to
time, cost, and resource constraints. Physics-based computational methods, including quantum chemical
calculations and mesoscale simulations, have provided valuable insights into structure–property relation-
ships and charge-transport mechanisms. However, their direct application to high-throughput screening
remains limited by computational expense and the difficulty of accurately capturing mesoscale morphology
and processing-induced effects [25,26].

These challenges have motivated growing interest in data-driven approaches based on machine learning
(ML) as complementary tools for accelerating OSC materials discovery and optimization [27–29]. By
learning correlations between molecular descriptors, device parameters, and performance metrics from
existing datasets, ML models provide a scalable framework for performance prediction, virtual screening,
and trend analysis [30,31]. Over the past several years, ML has been increasingly applied to OSC research to
predict key photovoltaic parameters, including PCE, open-circuit voltage (Voc), short-circuit current density
(Jsc), and fill factor (FF). These studies demonstrate that ML models can extract meaningful patterns from
heterogeneous experimental and computational data, enabling rapid evaluation of candidate materials and
guiding experimental efforts toward promising regions of chemical space.

Despite this promise, the application of ML to OSC research faces several intrinsic challenges that
distinguish it from other data-rich scientific domains. OSC datasets are typically modest in size and are
often compiled from disparate literature sources with varying synthesis protocols, device architectures,
and measurement conditions. Such heterogeneity introduces noise, bias, and inconsistencies that can limit
the reliability and generalizability of purely data-hungry ML models. Furthermore, descriptor represen-
tations used to encode OSC materials may be high-dimensional, redundant, or only indirectly linked
to the underlying physical processes governing device operation. These characteristics place important
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constraints on model selection and necessitate ML strategies that balance predictive accuracy, robustness,
and interpretability.

Among the available ML strategies, ensemble learning methods, which construct predictive models
by combining multiple base learners, have attracted substantial attention in the OSC research due to
their robustness, ability to mitigate overfitting, and enhanced interpretability [32–35]. These properties are
particularly advantageous when working with complex materials datasets that are often small to medium
in size and exhibit nonlinear structure–property relationships. While deep learning approaches, such as
graph neural networks and transformer-based models, have demonstrated strong capabilities in learning
representations directly from molecular structures, their effectiveness typically depends on the availability of
large, high-quality datasets, which remain limited in OSC research. In contrast, ensemble learning methods
are well suited to tabular and literature-derived datasets, making them a practical and reliable choice under
realistic experimental conditions.

Ensemble learning approaches, including bagging-, boosting-, and stacking-based models, have demon-
strated consistent performance across a wide range of OSC materials systems, including polymer donors,
NFAs, and multi-component blends. Beyond improved predictive accuracy, ensemble models frequently
provide feature-importance metrics and explainable outputs that enable researchers to connect data-driven
results with established physical understanding. This capability is especially valuable in OSC research,
where interpretability supports hypothesis generation and experimental validation. However, discussions of
ensemble learning are often embedded within broader ML frameworks rather than examined as a distinct
methodological category [36–38]. A focused analysis that highlights representative ensemble strategies, com-
monly used datasets and descriptors, and their role in guiding materials-level understanding can therefore
provide additional clarity for researchers at the interface of materials science and data-driven modeling.

In this review, we provide a comprehensive overview of ensemble learning approaches applied to OSC
research, with an emphasis on their role in materials design, performance prediction, and data-driven
optimization. We first summarize the key classes of OSC materials and highlight the intrinsic complexity of
their design space. We then discuss commonly used data sources and descriptor representations employed in
OSC ML studies. Subsequently, representative ensemble learning strategies, including bagging-, boosting-,
and stacking-based methods, are reviewed with attention to their predictive performance, interpretability,
and practical limitations. Finally, current challenges and emerging opportunities are discussed, outlining
future directions for integrating ensemble learning with high-throughput experimentation, computational
chemistry, and physics-informed modeling to accelerate the rational design of next-generation OSC
materials.

2 Organic Solar Cell Materials
Modern OSCs typically employ bulk heterojunction architectures composed of organic donor and

acceptor materials that self-assemble into interpenetrating networks [39–43]. Efficient device operation
requires the simultaneous optimization of light absorption, exciton generation and dissociation, charge
transport, and charge extraction, all of which are highly sensitive to molecular structure and blend morphol-
ogy. Small variations in backbone planarity, side-chain length, end-group functionalization, or processing
conditions can significantly alter device performance. This sensitivity has driven rapid diversification of OSC
materials, but it has also led to a substantial increase in the size and complexity of the design space.

From a materials discovery perspective, this expanding chemical space poses a fundamental bottleneck.
The number of possible donor–acceptor combinations, molecular derivatives, blend compositions, and
processing variables grows exponentially as new materials are introduced. Consequently, identifying optimal
material systems through intuition-driven design or trial-and-error experimentation becomes increasingly
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inefficient. In this context, ML has emerged as a powerful complementary tool, capable of learning
structure–property–performance relationships directly from existing data and guiding materials selection
and optimization in a data-driven manner. The following subsections review the major classes of OSC
materials, highlighting their intrinsic design complexity and the specific opportunities they present for
ML-assisted materials discovery.

2.1 Donor Materials for Organic Solar Cells
Donor materials play a central role in OSC operation by governing light absorption, exciton gener-

ation, hole transport, and energy-level alignment with acceptor materials [44]. Both polymer donors and
small-molecule donors have been extensively explored, each offering distinct advantages and challenges
from a materials design standpoint [45–48]. Polymer donors have historically dominated OSC research
due to their strong absorption coefficients, mechanical flexibility, and compatibility with solution-based
fabrication. Early systems such as poly (3-hexylthiophene) enabled foundational understanding of bulk
heterojunction physics but were limited by narrow absorption windows and modest charge transport [49–51].
Subsequent generations of donor–acceptor copolymers introduced alternating electron-rich and electron-
deficient units, allowing systematic tuning of optical bandgap, highest occupied molecular orbital (HOMO)
energy levels, and backbone planarity. State-of-the-art polymer donors, including PM6-, D18-, and PBDB-
T–derived systems, achieve high efficiencies through careful control of backbone rigidity, conjugation
length, and side-chain architecture [52–55]. Small-molecule donors offer complementary benefits, including
well-defined molecular structures, precise electronic properties, and improved batch-to-batch reproducibil-
ity [56]. However, their stronger crystallization tendencies often complicate morphology control, making
performance highly sensitive to processing conditions. In both polymer and small-molecule donors, side-
chain engineering plays a critical role by influencing solubility, molecular packing, phase separation, and
mechanical stability.

From an ML perspective, donor materials present a high-dimensional design problem [57]. Molecular
backbones, side chains, molecular weight, and electronic properties collectively define performance, yet
their effects are often strongly correlated and nonlinear. Descriptor representations ranging from quantum-
chemically derived frontier orbital energies to cheminformatics-based molecular fingerprints have therefore
been widely employed to encode donor structures for ML models. Ensemble learning methods are particu-
larly effective in this context, as they can handle descriptor redundancy and noisy experimental data while
identifying key molecular features that dominate donor performance trends.

2.2 Acceptor Materials for Organic Solar Cells
Acceptor materials are equally critical to OSC performance, as they control electron transport, charge

separation efficiency, and voltage losses. For many years, fullerene derivatives dominated OSC research due
to their high electron mobility and favorable phase separation behavior [58,59]. However, their weak optical
absorption, limited tunability of energy levels, and morphological instability motivated the development
of alternative acceptor materials. The introduction of NFAs has fundamentally transformed OSC materials
design [60–62]. NFAs based on fused-ring electron acceptors exhibit strong and tunable absorption in the
visible and near-infrared regions, reduced nonradiative recombination losses, and improved compatibility
with modern donor materials. Through systematic modification of core structures, end groups, and side
chains, NFAs can be tailored to optimize lowest unoccupied molecular orbital (LUMO) levels, dipole
moments, and intermolecular interactions.

At the same time, the chemical design space of NFAs is exceptionally large. Small structural modifica-
tions can lead to substantial changes in absorption spectra, energy-level alignment, and blend morphology.
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This sensitivity makes comprehensive experimental exploration increasingly impractical. ML-based virtual
screening has therefore become an attractive strategy for navigating NFA design space, enabling rapid
evaluation of thousands to millions of hypothetical structures prior to synthesis [63]. Ensemble models
have shown strong performance in capturing nonlinear relationships between NFA descriptors and device
efficiency, making them well suited for acceptor optimization tasks.

2.3 Binary, Ternary, and Quaternary Blend Architectures
Most high-performance OSCs rely on bulk heterojunction blends in which donor and acceptor

materials form nanoscale phase-separated networks [64]. Binary donor–acceptor systems have served
as the foundation of OSC research and enabled systematic investigation of structure–property relation-
ships [65]. However, to further enhance performance, ternary and quaternary blend architectures have been
introduced, incorporating additional components to broaden absorption, optimize morphology, or reduce
energy losses [24,66]. While multi-component blends have achieved record efficiencies, they dramatically
increase materials complexity. The number of possible material combinations and composition ratios grows
combinatorially, and interactions among components are often highly nonlinear and system-specific. As
a result, identifying optimal blend compositions through conventional experimental approaches becomes
increasingly inefficient.

ML provides a natural framework for addressing this challenge by learning performance trends across
multidimensional composition spaces [67–69]. Ensemble learning models are particularly advantageous
for ternary and quaternary systems, as they can robustly capture nonlinear interactions between multiple
material components while remaining relatively insensitive to experimental noise. ML-assisted composition
optimization has therefore emerged as a powerful strategy for guiding experimental design in complex
blend systems.

2.4 Stability, Degradation, and Scalability Challenges
Despite significant improvements in efficiency, long-term stability and scalability remain critical bar-

riers to the widespread deployment of OSCs [70,71]. Degradation mechanisms include photo-oxidation,
thermal instability, morphological evolution, and chemical degradation at interfaces. These processes are
influenced by intrinsic material properties as well as extrinsic factors such as device architecture and
operating environment.

From a data perspective, stability studies present unique challenges. Degradation data are typically
sparse, heterogeneous, and collected over long timescales, making conventional modeling approaches
difficult. ML methods, particularly ensemble models that perform well with limited and noisy datasets,
offer a promising avenue for predicting stability trends and identifying materials with improved lifetime
characteristics. Integrating efficiency and stability prediction within unified ML frameworks represents an
important opportunity for future OSC materials design [25,72,73].

2.5 Implications for Machine Learning–Assisted Materials Design
Across donor materials, acceptor materials, multi-component blends, and stability considerations, a

common theme emerges which OSC materials design is characterized by high-dimensional, nonlinear, and
interdependent variables that are difficult to optimize using intuition alone. ML provides a powerful com-
plementary approach by enabling systematic analysis of existing data, rapid virtual screening of candidate
materials, and identification of dominant structure–property–performance relationships.
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Importantly, ML does not replace experimental or physics-based understanding but rather augments
it by prioritizing promising design directions and reducing the cost of exploration. Ensemble learning
methods, in particular, strike a practical balance between predictive accuracy and interpretability, making
them well suited for guiding materials discovery and optimization in OSC research. This materials-centric
perspective establishes a clear foundation for the data sources, descriptor representations, and ensemble
learning strategies discussed in the following sections.

To provide a consolidated overview of the key materials design challenges in OSC and the corresponding
roles that ML can play at different stages of optimization, Table 1 summarizes the major OSC material
categories, dominant design variables, and representative ML opportunities and tasks.

Table 1: OSC materials design challenges and corresponding ML opportunities.

OSC Criteria Key Design Primary
Challenge ML Opportunity Typical ML Task

Donor
Materials

Conjugated
backbone

(building blocks),
side-chain

modifications,
HOMO energy
level, polymer

molecular weight

Expansive
molecular design

space;
performance
depends on

strongly correlated,
nonlinear

structure–property
relationships

Identify critical
molecular features

and learn
structure–

performance
correlations for
high-efficiency

donors

Performance
prediction (PCE,
Voc, Jsc) for new
donor molecules;

feature-importance
analysis guiding

donor design and
screening

Acceptor
materials

Fused-ring core
architecture,

electron-
withdrawing end

groups, side-chain
substitutions,
LUMO energy

level, molecular
dipole moment

Small structural
tweaks (e.g.,

different
end-groups) can

cause large shifts in
absorption, energy
levels, and blend
morphology—
leading to an

enormous
candidate space

Evaluate thousands
of NFA candidates

and capture
nonlinear
structure–
efficiency
patterns

Efficiency
prediction to rank

and select
promising acceptor

molecules;
classification

models to flag
high-performance

vs.
low-performance

acceptors

Binary donor–
acceptor
blends

Donor–acceptor
material pairing;
blend ratio (D:A

composition)

Interdependent
electronic

alignment and
nanoscale

morphology—
small changes in
material pair or

ratio can
dramatically affect

performance

Data-driven
pattern recognition
across known D–A

pairs to uncover
which

combinations yield
high efficiency

Predicting device
metrics (PCE, Jsc,
Voc) for specific

D-A pairs;
screening and

ranking
donor–acceptor
combinations to

identify promising
pairs

(Continued)
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Table 1 (continued)

OSC Criteria Key Design Primary
Challenge ML Opportunity Typical ML Task

Ternary/
quaternary

blends

Multiple active
components
(additional

donor(s) and/or
acceptor(s)) and

their composition
ratios

Combinatorial
explosion of

possible
multi-component
formulations and

mixing ratios;
highly nonlinear,
system-specific

interactions among
components

Capture
interdependent

effects and guide
optimization;

efficient search for
optimal

ternary/quaternary
blend formulations

Performance
forecasting for

given
ternary/quaternary

compositions;
recommending

optimal material
combinations and
component ratios

Stability and
degradation

Intrinsic material
stability (resistance

to
photo-oxidation,
thermal stress);

morphology
evolution during

aging

Long-term
performance data
are sparse, noisy,

and collected
under varying

conditions,
hindering direct

modeling

Learn degradation
trends from
limited data,

enabling lifetime
prediction and

identification of
stability-enhancing

material features

Predicting
efficiency loss over

time (PCE vs.
aging duration) for

new devices;
classifying stable

vs. unstable
materials;

interpreting key
degradation factors

via model
explainability

3 Data Sources and Descriptors in Machine Learning Studies of Organic Solar Cells
The application of ML in OSC research is intrinsically tied to the nature of the underlying materials

design problem. Donor materials, non-fullerene acceptors, multi-component blends, and stability-critical
device architectures each involve distinct variables, constraints, and sources of uncertainty. Consequently,
the effectiveness of ML models depends not only on algorithm selection but also critically on the availability,
quality, and representation of data used to describe OSC materials and devices.

In OSC research, ML models are typically trained using heterogeneous datasets that integrate exper-
imental device performance metrics with molecular- and materials-level descriptors. For example, donor
and acceptor optimization tasks rely primarily on structural and electronic-property descriptors, whereas
blend composition and processing optimization require device-level and fabrication-related inputs. A clear
understanding of data sources and descriptor representations is therefore essential for interpreting ML
predictions and ensuring their relevance to practical materials design.

3.1 Data Sources
Data used in OSC ML studies can be broadly categorized into experimental performance data and

computationally derived materials descriptors. Experimental datasets are most commonly compiled from
the literature and include key photovoltaic metrics such as PCE, Voc, Jsc, and FF. However, literature-derived
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datasets are typically limited in size and affected by variability in synthesis protocols, device architectures,
and measurement conditions. Such heterogeneity introduces noise and bias that can obscure underlying
structure–property relationships. This issue is particularly pronounced for complex design problems such as
ternary and quaternary blends, where reported data may span a wide range of compositions and processing
conditions. As a result, ML models applied to OSC datasets must be robust to inconsistencies and capable of
generalizing from incomplete information.

Computational data, most commonly obtained from quantum chemical calculations, provides a
complementary and more controlled source of information. Properties such as frontier molecular orbital
energies, optical bandgaps, dipole moments, and reactivity descriptors are widely used to represent donor
and acceptor materials in ML studies. These descriptors are especially relevant for materials design tasks
including donor and acceptor screening and voltage optimization. Nevertheless, the generation of com-
putational descriptors can be computationally expensive and sensitive to methodological choices, limiting
scalability when applied to very large materials libraries.

3.2 Descriptor Representation
Descriptor representation serves as the critical interface between OSC materials and ML models, as

it defines how materials and device characteristics are encoded for prediction tasks. In practice, three
broad categories of descriptors are commonly employed: electronic structure descriptors, structure-based
descriptors, and device- or process-level descriptors.

Electronic structure descriptors, such as HOMO/LUMO energy levels, bandgaps, and dipole moments,
provide physically interpretable links to charge generation, separation, and recombination processes. These
descriptors are particularly relevant for donor and acceptor materials design tasks and have been widely used
in ML models targeting Voc, Jsc, and PCE prediction. Their relatively low dimensionality and clear physical
meaning make them attractive for interpretable modeling, especially when datasets are limited. However, it
is important to note that the values of these descriptors can depend on the computational protocols used to
generate them. Differences in density functional theory (DFT) settings, including the choice of exchange–
correlation functional and basis set, can introduce systematic variations in calculated properties such as
HOMO/LUMO energy levels and bandgaps. As a result, descriptor values reported across different studies
may not be directly comparable. When datasets are aggregated from multiple sources, these inconsistencies
can introduce additional uncertainty that is unrelated to intrinsic material properties. Ensuring consistent
computational settings or applying appropriate data harmonization strategies is therefore important for
improving the reliability of ML models.

Structure-based descriptors, including molecular fingerprints derived from Simplified Molecular Input
Line Entry System (SMILES) representations, enable scalable encoding of complex chemical structures
without requiring explicit quantum chemical calculations [74]. These descriptors are particularly useful for
large-scale virtual screening, where thousands to millions of hypothetical donor and acceptor materials
must be evaluated efficiently. However, fingerprint-based representations are typically high-dimensional
and may contain redundant or weakly relevant features, which can complicate model training and reduce
interpretability if not properly managed.

Device- and process-level descriptors, such as blend composition ratios, film thickness, solvent choice,
annealing temperature, and additive concentration, play a dominant role in modeling binary and multi-
component OSC systems. These descriptors are essential for tasks such as composition optimization and
process window identification, as they enable ML models to capture coupled materials–processing effects
that cannot be described by molecular descriptors alone.
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Fig. 1 illustrates a typical workflow in OSC ML studies, showing how experimental and computational
data are transformed into descriptor sets and subsequently integrated into ensemble learning models for
performance prediction and materials screening.

Figure 1: Workflow illustrates common data sources, descriptor generation, and their use in ensemble learning models
for OSC research.



10 Comput Mater Contin. 2026;88(2):7

In addition to molecular and electronic descriptors, morphology and processing conditions play a
critical role in determining OSC performance. However, incorporating these factors into ML models remains
challenging. Experimental techniques such as grazing-incidence wide-angle X-ray scattering (GIWAXS)
and atomic force microscopy (AFM) provide detailed information on nanoscale morphology, including
crystallinity, domain size, and phase separation, but translating these measurements into standardized,
quantitative descriptors suitable for ML is non-trivial. In practice, processing parameters such as solvent
additives or annealing conditions, are often represented using simplified categorical variables. While this
enables model implementation, it may not fully capture the continuous and interdependent nature of
morphology evolution. Developing quantitative and standardized morphology descriptors therefore remains
an important direction for improving descriptor representation in OSC ML studies. Ensemble learning
methods can partially mitigate these limitations by integrating heterogeneous descriptor types and main-
taining robustness to noisy or simplified representations. The implications of these limitations for model
interpretability and reliability are further discussed in Section 5.2.

3.3 Data Preprocessing and Descriptor Selection
Effective ML modeling for OSCs critically depends on the quality and relevance of the input descriptors

used to represent materials and device characteristics. Due to the inherently multiscale nature of OSC
systems such as spanning molecular-level properties (e.g., HOMO/LUMO energies, dipole moments),
morphological features (e.g., domain purity, crystallinity), and processing conditions (e.g., solvent choice,
annealing temperature) descriptor sets are often high-dimensional and heterogeneous. Without careful
preprocessing, such data can introduce noise, multicollinearity, and missing values, which degrade predictive
performance and hinder model interpretability.

To address these challenges, common preprocessing steps include normalization or standardization
of numerical variables, encoding of categorical features (such as processing conditions), and imputation of
missing data. However, for literature-derived OSC datasets, these steps are not always straightforward due
to inconsistencies in reporting formats, experimental protocols, and measurement conditions. As a result,
preprocessing decisions can significantly influence model outcomes and should be regarded as a critical
component of the ML workflow rather than a routine step.

Descriptor selection plays a central role in balancing model complexity and interpretability. High-
dimensional descriptors, such as molecular fingerprints, enable efficient screening of large chemical spaces
but may introduce redundancy and obscure physically meaningful relationships. In contrast, physically
motivated descriptors, such as HOMO/LUMO energy levels or bandgaps, provide clearer interpretation but
may not fully capture morphology- and processing-dependent effects. Feature selection and dimensionality
reduction techniques, including principal component analysis, recursive feature elimination, and model-
based selection using feature importance scores, are therefore essential for identifying relevant variables and
reducing overfitting. In addition, post hoc interpretability methods such as SHapley Additive exPlanations
(SHAP) and Local Interpretable Model-agnostic Explanations (LIME) are increasingly used to examine how
individual descriptors contribute to model predictions, particularly in complex ensemble learning models.

In addition to preprocessing and descriptor selection, model validation is a key methodological
consideration that directly affects the reliability of ML predictions. In OSC studies, datasets are often limited
in size and derived from heterogeneous sources, and simple random train–test splits may not adequately
reflect real experimental variability. More robust validation strategies, such as cross-validation, external
validation using independent datasets, or domain-aware data splitting, are therefore recommended to ensure
that model performance is not overestimated and remains reproducible across different datasets. More
robust validation strategies, such as k-fold cross-validation, external validation using independent datasets,
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and domain-aware data splitting, are therefore recommended to ensure that model performance is not
overestimated and remains reproducible across different datasets.

Following model validation, the selection of appropriate evaluation metrics is equally important
for assessing model performance. These metrics depend on the specific learning task and are generally
categorized into regression and classification metrics. Since these two categories serve different objectives,
they should be interpreted separately to avoid misleading comparisons.

As summarized in Table 2, regression metrics evaluate continuous prediction accuracy (e.g., PCE or
Voc), while classification metrics assess discrete decision outcomes such as material screening. These metrics
serve different objectives depending on the learning task and should be interpreted within their specific
modeling context rather than compared directly across studies.

Table 2: Evaluation metrics for classification and regression and tasks.

Types Metrics Purpose Formula

Classification

Confusion Matrix

To summarize
classification results by

showing correct and
incorrect predictions Con f usion Matrix = TP FN

FP TNTP (True Positive), TN
(True Negative, FP (False

Positive), FN (False
Negative)

Accuracy Measures overall
correctness of predictions Accurac y = TP+T N

TP+F N+FP+T N

Precision Measures how reliable
positive predictions are Precision = TP

TP+FP

Recall Measures ability to detect
actual positives Recal l = TP

TP+F N

F1 Score Balances precision and
recall F1 = 2TP

2TP+FP+F N

Receiver Operating
Evaluates model

performance across
different thresholds

Y ∶TPR = TP
TP+F N

Characteristic
(ROC)

TPR (True Positive Rate),
FPR (False Positive Rate) X∶ FPR = FP

FP+T N

Mean Squared
Error (MSE)

Measures average
squared prediction error MSE (y, ŷ) = 1

N
N
∑
i=1
(yi − ŷi)

2

Root Mean
Squared Error

(RMSE)

Measures prediction
error in original unit

RMSE (y, ŷ) =
√

1
N

N
∑
i=1

(yi − ŷi)
2

(Continued)
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Table 2 (continued)

Types Metrics Purpose Formula

Regression

Mean Absolute
Error (MAE)

Measures average
absolute error MAE (y, ŷ) = 1

N
N
∑
i=1
∣ (yi − ŷi) ∣

Mean Absolute
Percentage Error

(MAPE)

Measures error in
percentage form MAPE (y, ŷ) = 1

N

N
∑
i=1

∣ (yi − ŷi) ∣
∣yi ∣

Coefficient of
Determination

(R2)

Measures how well model
explains data variability

R2 (y, ŷ) = 1 −
∑N

i=1 (yi − ŷi)
2

∑N
i=1 (yi − ŷi)

2

= 1
N

N
∑
i=1

ŷi

Pearson
Correlation

Coefficient (r)

Measures linear
relationship between
predicted and actual

values

r =
∑n

i=1 (yi − y) (ŷi − ŷ)
√
∑n

i=1 (yi − y)2∑n
i=1 (ŷi − ŷ)2

Ensemble learning methods, particularly tree-based models such as random forests (RF) and gradient
boosting, offer advantages in handling high-dimensional and partially correlated descriptors and provide
feature importance measures that support interpretability. However, it is important to recognize that such
importance scores reflect statistical relationships rather than direct physical causality. Careful interpretation
is therefore required when translating ML outputs into actionable materials design insights.

Overall, data preprocessing, descriptor selection, and model validation should be considered integral
components of OSC ML modeling, as their impact on model performance can be comparable to, or even
greater than, the choice of algorithm itself. These steps form the critical bridge between raw experimental or
computational data and reliable, physically meaningful predictions.

3.4 Implications for Model Choice in OSC Research
The characteristics of OSC datasets which are limited size, noise, descriptor heterogeneity, and nonlinear

interactions place important constraints on ML model selection. Models that require large, homogeneous
datasets or highly curated descriptors may struggle to generalize across different materials systems.

In contrast, ensemble learning methods are well suited to the diverse ML tasks outlined in Table 1,
as they can accommodate mixed descriptor types, capture nonlinear relationships, and remain robust
under data-limited conditions. By explicitly aligning data sources and descriptor choices with specific OSC
materials challenges, ML models can be more effectively designed, interpreted, and applied. This materials-
oriented perspective provides a coherent bridge between the qualitative discussion of OSC design complexity
in Section 2 and the detailed review of ensemble learning strategies presented in Section 4.

4 Ensemble Learning Methods for Performance Prediction and Materials Optimization in Organic
Solar Cells

Ensemble learning methods have emerged as particularly effective ML strategies for addressing the
intrinsic complexity of OSC systems. OSC datasets are typically heterogeneous, limited in size, and
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influenced by coupled molecular, morphological, and processing variables. These characteristics favor ML
approaches that are robust to noise, capable of capturing nonlinear relationships, and interpretable enough to
provide materials-relevant insight. Ensemble learning meets these requirements by integrating multiple base
learners to improve generalization performance while retaining the ability to identify dominant descriptors
governing device behavior.

Predictive performance metrics reported across different studies are inherently influenced by variations
in descriptor selection, dataset composition, and modeling protocols, which can lead to differences in
reported results. Therefore, model performance is discussed in a context-dependent manner, focusing on the
conditions under which specific ensemble approaches are effective.

Ensemble learning methods are commonly categorized into three major strategies: bagging-based,
boosting-based, and stacking-based ensembles. Each strategy aligns naturally with different OSC materials
design tasks, ranging from donor and acceptor screening to multicomponent blend optimization and stability
prediction. Fig. 2 schematically summarizes these ensemble strategies, while representative applications are
discussed in the following subsections [75].

Figure 2: (Continued)
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Figure 2: Overview of ensemble learning strategies including (a) bagging-, (b) boosting-, and (c) stacking-based
methods. Recreated with permission from Ref. [75]. Copyright (2024). Springer Nature.

Fig. 2a illustrates the principle of bagging-based ensemble learning, in which multiple base learners
are trained independently on different bootstrap samples drawn from the same dataset. Their predictions
are subsequently aggregated through averaging or majority voting to improve prediction stability and
robustness. Fig. 2b depicts the workflow of boosting-based ensemble learning, where base learners are
trained sequentially and increasing emphasis is placed on data points that are poorly predicted by earlier
models, with the final prediction obtained via a weighted combination of all learners. Fig. 2c presents
stacking-based ensemble learning, in which multiple base learners generate individual predictions that serve
as inputs to a meta-learner responsible for learning an optimal combination strategy; in practice, this requires
careful validation design to avoid information leakage.

A summary of commonly used ensemble learning methods, their roles, and representative applications
in OSC research is provided in Table 3.

Table 3: Ensemble learning methods commonly applied in OSC research.

Ensemble
Strategy Method Base Learner Key Characteristics Representative OSC

Studies

Bagging-based
ensemble

Random Forest (RF) Decision trees

Uses bootstrap
sampling and

random feature
selection to build

multiple trees;
robust to noise

Sun et al. (2019) [76]
Lee (2019) [77]
Lee (2020) [78]
Lee (2020) [79]

Wu et al. (2020) [80]
Hao et al. (2021) [69]

Rodríguez-Martínez et al.
(2021) [81]

Suthar et al. (2023) [82]
Zhao et al. (2024) [83]

Li. et al. (2024) [68]
Liu et al. (2025) [84]

(Continued)
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Table 3 (continued)

Ensemble
Strategy Method Base Learner Key Characteristics Representative OSC

Studies

Boosting-based
ensemble

Gradient Boosting Decision
Tree (GBDT)/ Gradient

Boosting Regressor (GBR)/
Gradient Boosting Regression

Tree (GBRT)

Decision trees

Optimizes loss
function through

iterative tree
construction

Sahu et al. (2019) [85]
Suthar et al. (2023) [82]

Lee (2024) [86]
Das & Mondal (2024) [87]
Siddique et al. (2025) [88]

Tahir et al. (2025) [89]

eXtreme Gradient
Boosting

(XGBoost)

Decision trees
Optimized gradient

boosting with
regularization and

parallel training

Wang et al. (2023) [90]
Zhao et al. (2023) [91]

Lee (2023) [92]
Lee (2023) [93]
Lee (2024) [94]

Lee et al. (2025) [95]
Cui et al. (2026) [96]

Stacking-based
ensemble

Stacking Mixed models

Combines predictions
from multiple base

learners using a
meta-model

Wang et al. (2023) [97]
Akbar et al. (2025) [98]

Valiente et al. (2026) [99]

4.1 Bagging-Based Ensemble Learning
Bagging-based ensemble learning constructs predictive models by training multiple base learners

independently on different bootstrap samples drawn from the same dataset and aggregating their predictions.
Among these methods, random forests (RF) have been the most widely adopted ensemble approach in OSC
research due to its robustness against overfitting, tolerance to descriptor redundancy, and ability to handle
noisy and heterogeneous datasets. From a materials design perspective, RF models are particularly well suited
for OSC applications where experimental data are compiled from diverse literature sources and molecular
descriptors are high dimensional, as is often the case for donor polymers and non-fullerene acceptors. RF
models leverage random feature selection and ensemble averaging to reduce variance, making them reliable
predictors even when datasets are modest in size.

Sun et al. (2019) [76] presented an ML–assisted framework for accelerating the discovery of
high-performance OSC donor materials by establishing structure–property relationships directly from
experimentally reported data. They constructed a comprehensive database of 1719 donor molecules collected
from the literature and systematically evaluated different molecular representations (Fig. 3a), including
images, SMILES strings, physicochemical descriptors, and multiple types of molecular fingerprints. Among
the tested algorithms, RF emerged as the most reliable model for classifying donor materials into low- and
high-performance categories based on PCE thresholds. RF demonstrated strong robustness when handling
high-dimensional fingerprint representations, particularly those exceeding 1000 bits, outperforming neural
network and support vector machine models under limited and noisy data conditions (Fig. 3b). Importantly,
the RF models were not only used for retrospective prediction but also for prospective screening by
designing and synthesizing ten new donor molecules based on RF predictions, achieving good agreement
between predicted performance classes and experimental results (Fig. 3c). This work established RF-based
ensemble learning as a practical prescreening tool that bridges data-driven modeling and experimental
validation, highlighting its suitability for realistic OSC datasets characterized by structural complexity and
experimental variability.
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Figure 3: Summary of RF–based modeling applications in OSC research. (a) Distribution of PCE values of the 1719
molecules in compiled database, (b) performance comparison of four ML models, and (c) J-V curve of the OSC with
the active layer using the predicted donor material. Reproduced with permission from Ref. [76]. Copyright (2019) The
Authors (CC BY-NC). (d) Linear correlation between experimentally measured and RF-predicted PCE values (e) RF-
predicted Voc as a function of measured energy loss, and (f) comparison between RF-predicted and experimentally
measured PCE values. Reproduced with permission from Refs. [77–79]. Copyright (2019) WILEY-VCH Verlag GmbH
& Co. KGaA, Weinheim and Copyright (2020) Elsevier. (g) Normalized confusion matrix of the RF classification model,
(h) receiver operating characteristic (ROC) curve with corresponding area under the curve (AUC), (i) Gini-based
feature importance derived from the RF classifier, and (j) representative decision tree illustrating the classification
logic based on true/false decision rules. Reproduced with permission from Ref. [69]. Copyright (2021) The Authors
(CC-BY-NC-ND).
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In a series of studies by Lee in 2019 [77] and 2020 [78,79], Lee demonstrated a consistent and progres-
sively refined use of RF modeling to address different design challenges in OSCs. In the 2019 study focusing on
fullerene-based ternary OSCs [77], RF was applied to a relatively small dataset of 124 devices collected from
the literature, incorporating frontier molecular orbital energy levels and basic device structural information
to predict PCE. The regression results, shown in Fig. 3d, indicate a reasonable agreement between predicted
and experimental PCE values for both training and test datasets, with no clear evidence of overfitting.
Beyond prediction accuracy, RF was further used to evaluate feature importance, highlighting the dominant
role of donor frontier orbital energies. This analysis provided data-driven support for the importance of
energy-level alignment in governing the performance of complex ternary blends. In a subsequent study
aimed at understanding and improving the Voc of ternary OSCs [78], RF was employed more explicitly as a
tool for extracting practical design rules. Regression models trained on frontier molecular orbital energies
enabled accurate Voc prediction for both reported and previously unseen ternary systems. As illustrated
in Fig. 3e, the predicted and measured Voc values exhibit a strong linear correlation, indicating reliable
model performance. Importantly, the feature ranking obtained from the RF model allowed key electronic
parameters responsible for voltage losses to be identified, translating statistical outcomes into physically
meaningful guidance for selecting donor, acceptor, and third-component materials. In the third study, which
extended the approach to non-fullerene OSCs [79], RF was applied to a broader class of materials using
a limited set of easily accessible electronic descriptors. Despite the reduced descriptor complexity, the RF
model achieved strong predictive performance for PCE, demonstrating that ensemble methods can remain
effective under practical data constraints. Fig. 3f shows a clear linear relationship between predicted and
measured PCE values, accompanied by a near-normal error distribution, suggesting good generalization to
independent datasets. Together, these works illustrate how RF evolved into a tool not just for prediction but
for gleaning design rules (through feature importance) across different OSC contexts.

Wu et al. (2020) [80] developed an ML framework to accelerate the discovery of high-performance
donor–acceptor (D/A) pairs for non-fullerene OSCs, with RF serving as a key predictive and screening tool.
Using a literature-derived dataset of 565 experimentally reported D/A combinations, they transformed donor
and acceptor molecular structures into digitized fragment-based representations and trained RF models to
predict PCE. When compared with other ML approaches, RF demonstrated strong predictive reliability and
robustness to structural complexity and data variability. The trained RF model was subsequently applied to
screen over 32 million hypothetical D/A combinations, from which several promising pairs were identified
and experimentally validated, showing good agreement between predicted and measured efficiencies. This
work highlights the effectiveness of RF in combining data-driven prediction with large-scale virtual screening
to guide experimental efforts in non-fullerene OSC research.

Hao et al. (2021) [69] applied RF modeling to analyze and optimize energy-level alignment in
non-fullerene ternary OSCs, with the aim of identifying high-efficiency material combinations from
experimentally reported data. Using frontier molecular orbital energy levels of donors, major acceptors,
and third components as descriptors, RF was implemented for both regression and classification tasks
to predict PCE and to distinguish high-performance devices. Fig. 3g shows the normalized confusion
matrix, indicating a high recall for efficient ternary devices despite the imbalanced dataset. Fig. 3h presents
the receiver operating characteristic curve, with an area under the curve close to unity, confirming
the strong discriminative ability of the RF model. Fig. 3i illustrates the feature-importance ranking,
where the LUMO level of the major acceptor dominates device performance, followed by the donor HOMO,
while the third-component energy levels provide a secondary tuning effect. Fig. 3j displays a representative
decision tree from the RF ensemble, offering an intuitive view of how energy-level thresholds are used
to classify device efficiency. Collectively, these results demonstrate how RF serves not only as a reliable
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predictive model but also as an interpretable framework that links data-driven analysis with physically
meaningful design guidance for non-fullerene ternary OSCs.

Rodríguez-Martínez et al. (2021) [81] employed RF modeling in combination with high-throughput
experimentation to predict how the Jsc varies with donor–acceptor composition and active-layer thickness
in binary OSCs. Thousands of experimental data points were generated using combinatorial thickness–
composition libraries, and RF models were trained using a small set of intrinsic material descriptors,
primarily frontier energy levels and charge carrier mobilities. Unlike purely descriptive approaches, RF was
used as a predictive tool capable of extrapolating the photocurrent–composition phase space to material
systems not included in the training set. This capability is illustrated in Fig. 4a, which presents a matrix of
experimental Jsc–composition maps alongside RF-predicted curves for both training and unseen donor–
acceptor pairs at different thicknesses. The close agreement between predicted and experimental trends
demonstrates that RF can reliably capture nonlinear composition-dependent photocurrent behavior and
identify optimal composition windows using minimal input information. This study highlights RF as a robust
ensemble-learning approach for navigating complex experimental design spaces and guiding composition
optimization in OSC devices.

Figure 4: (Continued)



Comput Mater Contin. 2026;88(2):7 19

Figure 4: Summary of RF–based modeling applications in OSC research. (a) Combinatorial matrix of photocurrent
phase diagrams for a set of high-performing polymer donor–acceptor system. Reproduced with permission from
Ref. [81]. Copyright (2021) The Authors (CC BY 3.0) (b) Feature-importance ranking of frontier molecular orbital
(FMO) and RDKit-derived descriptors for PCE, obtained from SHAP analysis of the RF model. Reproduced with
permission from Ref. [82]. Copyright (2023). Royal Society of Chemistry. (c) SHAP value scatter plot for the RF
model, highlighting the contribution and directionality of key descriptors influencing PCE prediction. Reproduced
with permission from Ref. [83]. Copyright (2024) The Authors (CC BY). (d,e) Comparison between experimentally
measured and RF-predicted PCE values for selected device groups in the database. Reproduced with permission
from Ref. [68]. Copyright (2024) Elsevier. (f) Voc vs. HOMO. (g) Voc vs. LUMO. (h) Jsc vs. Eg. (i) Jsc vs. Mw,
summarizing structure-property relationships derived from RF-assisted analysis. Reproduced with permission from
Ref. [84]. Copyright (2025) The Authors (CC BY-NC-ND 4.0).

Suthar et al. (2023) [82] employed RF modeling to predict the photovoltaic performance of polymer–
non-fullerene acceptor OSCs by learning relationships between molecular structure and device PCE from a
large, literature-derived dataset. A database of 1242 experimentally reported donor–acceptor combinations
was constructed, and RF models were trained using a combined set of frontier molecular orbital energies and
chemically meaningful structural descriptors generated from molecular fingerprints. Among the evaluated
models, RF showed the most reliable performance for predicting PCE, demonstrating strong agreement
between predicted and experimental values while remaining robust to data heterogeneity. The role of RF
in this study is further clarified in Fig. 4b, which presents the feature-importance ranking obtained from
SHAPley Additive Explanation (SHAP) analysis applied to the RF model. This figure highlights that specific
structural descriptors, such as bicyclic ring content and donor frontier orbital levels, contribute most strongly
to efficiency predictions, providing clear insight into how molecular features influence device performance.
Together, these results illustrate how RF serves both as a reliable predictive tool and as an interpretable
framework for identifying key structure performance relationships in OSCs.

Zhou et al. (2024) [83] applied RF modeling to quantitatively evaluate how fabrication parameters
influence the PCE of PM6:Y6 non-fullerene OSCs, addressing the challenge of optimizing multiple interde-
pendent process variables simultaneously. A literature-derived dataset was constructed using experimentally
reported preparation parameters, including effective device area, solvent and additive type, spin-coating
speed, solution concentration, annealing temperature, and annealing time, and RF was selected as the most
reliable model after comparison with several other ML algorithms. Beyond accurate efficiency prediction, RF
was used as an interpretative tool through SHAP analysis to reveal how individual process parameters con-
tribute positively or negatively to device performance. Fig. 4c clearly visualizes the SHAP value distribution
for each fabrication parameter, directly showing each parameter’s relative influence on efficiency. This sub-
figure demonstrates, for example, the dominant impact of effective area and solvent properties, while also
highlighting optimal parameter ranges rather than single best values. Overall, this work illustrates how RF
can be effectively used not only for predicting device efficiency, but also for providing practical, data-driven
guidance for fabrication process optimization in OSCs.
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Li et al. (2024) [68] applied RF modeling to systematically predict and screen the performance of donor–
acceptor–acceptor ternary OSCs based on experimentally reported data. They constructed a curated dataset
of 280 ternary devices using descriptors that reflect both materials selection and fabrication conditions,
including donor–acceptor mass ratios, film morphology roughness, frontier molecular orbital energy
levels, and molecular fingerprints. RF was benchmarked against several tree-based ensemble models and
demonstrated superior performance in predicting PCE, maintaining good generalization on unseen data.
The effectiveness of RF as a predictive model is illustrated in Fig. 4d,e, which shows the strong agreement
between experimentally measured and RF-predicted efficiencies for representative ternary systems. Beyond
prediction, the trained RF model was used to screen more than 429,000 unexplored ternary combinations,
enabling the identification of high-efficiency candidates for future experimental investigation. This study
demonstrates how RF can function as both a reliable predictor and a practical screening tool for navigating
the complex compositional space of ternary OSCs.

Liu et al. (2025) [84] employed RF as the core learning model to establish structure–property rela-
tionships and guide the design of high-performance non-fullerene acceptor materials for OSCs. Using
a curated dataset of 1343 experimentally reported acceptors, they introduced a polymer-unit fingerprint
(PUFp) representation to describe macromolecular structures in a chemically meaningful manner, alongside
conventional electronic descriptors such as HOMO, LUMO, bandgap, and molecular weight. Among several
ML algorithms evaluated, RF exhibited the best predictive performance for PCE, while also enabling
robust feature-importance and SHAP analyses. The practical role of RF in linking molecular properties
to device behavior is clearly illustrated in Fig. 4f–i, which summarizes statistical relationships between
key experimental parameters and photovoltaic metrics, including Voc vs. HOMO/LUMO levels and Jsc
vs. bandgap and molecular weight. These plots visually reinforce the RF-derived insights by showing how
energy-level alignment, bandgap narrowing, and molecular weight optimization jointly influence device
performance, in agreement with established OSC physics. By combining accurate RF-based prediction with
interpretable structure–property trends and subsequent virtual screening of new acceptor candidates, this
work demonstrates how ensemble learning can move beyond prediction toward rational materials design in
organic photovoltaics.

4.2 Boosting-Based Ensemble Learning
Boosting-based ensemble learning methods differ from bagging approaches by training base learners

sequentially, with each new model emphasizing data points that are poorly predicted by earlier learners.
This sequential error-correction mechanism enables boosting models to capture subtle nonlinear rela-
tionships between descriptors and target properties, making them especially valuable for fine-grained
OSC performance optimization. Common boosting approaches applied in OSC research include gradient
boosting methods (GBR, GBDT and GBRT). More advanced boosting frameworks, such as XGBoost, extend
this concept by improving computational efficiency, handling complex feature interactions, and reducing
overfitting. From a materials perspective, boosting-based models are particularly effective for capturing
energy-level alignment effects, voltage losses, and charge-generation dynamics that are highly sensitive to
small changes in molecular structure.

Sahu et al. (2019) [85] employed GBRT models to accelerate molecular discovery for OSC through
large-scale virtual screening. In their work, experimentally reported efficiencies of small-molecule OSC were
combined with quantum-chemically derived descriptors to train ML models capable of predicting PCE with
significantly higher accuracy than conventional Scharber-type models. Among the tested algorithms, GBRT
showed the strongest predictive performance, capturing nonlinear relationships between molecular struc-
ture, electronic properties, and device efficiency. The trained GBRT model was then applied to screen over
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10,000 candidate donor molecules constructed from common building blocks, enabling the identification of
promising chemical motifs and molecular arrangements associated with high efficiency. Beyond prediction,
the gradient boosting framework was used to extract physically meaningful design rules, highlighting key
electronic descriptors and structural features that govern device performance. This study demonstrates how
ensemble boosting methods can serve not only as efficient screening tools but also as knowledge-extraction
platforms for guiding rational molecular design in OSCs.

In a subsequent study, Suthar et al. (2023) [82] extended their ML framework by deliberately emphasiz-
ing gradient boosting to address performance parameters that were less accurately captured by RF models,
particularly the Voc and Jsc. Using a large experimental dataset of 1242 polymer:NFA combinations, they
compared multiple regression models and found that while RF remained most effective for predicting
overall PCE, gradient boosting provided superior accuracy for Voc and Jsc, achieving stronger correlations
with experimental values. This distinction reflects the ability of gradient boosting to sequentially correct
prediction errors and capture subtle, non-linear dependencies associated with voltage losses and charge-
generation processes. Through SHAP analysis, the study further showed that gradient boosting highlighted
different descriptor sensitivities compared with RF, particularly emphasizing energy offsets, bandgap-related
terms, and structure-dependent features influencing charge extraction. By positioning gradient boosting as
a complementary model rather than a replacement, they demonstrated that different ensemble strategies
can be selectively applied to target specific photovoltaic parameters, offering a more nuanced and physically
informed pathway for optimizing OSC performance beyond efficiency alone.

Lee (2024) [86] employed GBDT models to predict key OSC performance parameters of polymer:NFA
OSC using quantum-mechanically derived descriptors. A curated dataset of experimentally validated donor–
acceptor systems was constructed, and gradient boosting was benchmarked against other ML approaches.
Lee showed that gradient boosting achieved superior accuracy for predicting Jsc, Voc, and PCE, owing
to its ability to sequentially refine errors and capture subtle nonlinear descriptor–performance relation-
ships. Feature-importance and SHAP analyses further revealed that energy-level offsets, exciton-related
parameters, and charge-transfer descriptors play dominant roles in governing device performance. This
study highlights gradient boosting as a particularly effective tool for extracting physically meaningful
structure–property trends in OSCs when descriptor interactions are complex and highly nonlinear.

Das and Mondal (2024) [87] applied GBR as part of a data-driven framework to predict multiple
photovoltaic parameters, Jsc, Voc, fill factor, and PCE in polymer–non-fullerene OSCs. Using a carefully
curated database of 300 experimentally reported devices and high-quality quantum mechanical descriptors,
gradient boosting emerged as the best-performing model for Jsc, Voc, and PCE prediction, outperforming
linear and bagging-based approaches. They emphasized gradient boosting’s strength in handling limited yet
information-rich datasets, where sequential learning enables improved sensitivity to descriptor interactions
linked to charge generation and voltage losses. The trained model was subsequently used for large-scale
virtual screening of thousands of new donor–acceptor combinations, demonstrating the suitability of
gradient boosting for both accurate prediction and accelerated materials discovery in OSC research.

Siddique et al. (2025) [88] utilized GBR to guide the design of high-efficiency small-molecule donors
for OSC. Starting from a literature-derived dataset of donor molecules described by a large set of chem-
informatics descriptors, they systematically compared more than forty ML models and identified gradient
boosting as the most accurate predictor of PCE. The emphasis on gradient boosting lies in its robustness
against descriptor redundancy and its capacity to learn complex structure–efficiency relationships without
overfitting. The optimized model was then applied to virtually screen and evaluate over 10,000 newly
generated donor candidates, followed by chemical similarity and synthetic accessibility analyses. This work
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demonstrates how gradient boosting can serve as a practical engine for rapid donor material screening and
design in OSC development.

Tahir et al. (2025) [89] employed GBR as the primary predictive model to accelerate the discovery
of polymer donors for OSC. Using Mordred-derived molecular descriptors for experimentally reported
polymer donors, they compared several regression algorithms and showed that gradient boosting consis-
tently delivered the highest predictive accuracy for PCE. The study emphasized gradient boosting’s ability
to balance bias and variance while capturing nonlinear dependencies between molecular structure and
device efficiency. Beyond prediction, the model was used to generate and evaluate a virtual library of
polymer donors, from which high-performance candidates were selected based on predicted efficiency,
structural similarity, and synthetic feasibility. This work reinforces gradient boosting as a powerful and
reliable approach for polymer donor design and high-throughput screening in OSC research.

Several studies highlight the power of XGBoost, an advanced boosting algorithm, for OSC predictions.
Wang et al. (2023) [90] employed XGBoost to establish a quantitative link between material energy-level
alignment and the Voc of binary OSC, addressing the long-standing challenge of rational Voc optimization.
Using a dataset compiled from more than 400 experimentally reported devices, they trained and compared
multiple ML models and identified XGBoost as the most accurate predictor of Voc, outperforming RF and
other regression approaches. Beyond prediction accuracy, the XGBoost model was used as an interpretative
tool through SHAP analysis to identify the dominant physical drivers of voltage generation. This role is clearly
illustrated in Fig. 5a–c, where the predicted–measured Voc correlations are evaluated using different feature
combinations. Fig. 5a shows that reliable Voc prediction can already be achieved when only the two most
important descriptors, the donor HOMO and acceptor LUMO, are included, highlighting their central role
in voltage control. In contrast, Fig. 5b demonstrates that using weakly relevant features alone leads to poor
predictive performance, while Fig. 5c confirms that combining key and auxiliary features improves model
robustness. Together, these results demonstrate how XGBoost serves not only as a high-accuracy regression
model but also as a physically meaningful framework for extracting energy-level matching strategies to guide
the design of high-Voc binary OSCs.

Figure 5: (Continued)
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Figure 5: Performance and interpretability of XGBoost models in OSC studies. (a–c) Correlation between predicted
and measured Voc using XGBoost based on (a) key energy-level descriptors (HOMO(D) and LUMO(A)), (b) less
relevant descriptors (WF-HTL and WF-ETL), and (c) all four descriptors combined. Reproduced with permission from
Ref. [90]. Copyright (2023) Royal Society of Chemistry. (d) Agreement between predicted and experimental PCE for
training and testing datasets. (e) Feature importance derived from mean SHAP values in the XGBoost model using
all descriptors. Reproduced with permission from Refs. [92,93]. Copyright (2023) Wiley-VCH GmbH. (f) XGBoost-
predicted Voc contour map as a function of donor (ω1) and acceptor (ω2) electrophilicity indices. Reproduced with
permission from Ref. [94]. Copyright (2024) Elsevier. (g) SHAP value heatmap showing the contribution of molecular
descriptors to model predictions across 125 molecules, where color indicates the direction and magnitude of each
feature’s impact. Reproduced with permission from Ref. [96]. Copyright (2026) Royal Society of Chemistry.

Zhao et al. (2023) [91] applied XGBoost as a core predictive and screening tool to accelerate the design
of high-efficiency all-small-molecule OSCs based on the Y6 acceptor. Using a literature-derived dataset of
85 experimentally reported Y6-based donor molecules, they constructed XGBoost regression models to
predict PCE from a reduced set of carefully screened molecular structure descriptors. XGBoost was chosen
for its strong performance on small datasets and its ability to capture nonlinear structure–performance
relationships while controlling overfitting. Beyond prediction, the trained XGBoost model was integrated
into a high-throughput virtual screening workflow, where nearly 10,000 new donor molecules were generated
through scaffold–fragment recombination and ranked according to their predicted PCE. The highest-scoring
candidates were further validated using DFT calculations, confirming favorable absorption spectra and
energy-level alignment with Y6. This work demonstrates how XGBoost can function not only as an accurate
regression model for OSC efficiency prediction but also as a practical engine for molecular screening and
donor discovery in all-small-molecule OSCs.

Lee (2023) [92] applied XGBoost to accurately predict the PCE of NFA–based ternary OSC using
a small set of experimentally accessible molecular descriptors. In this work, XGBoost was employed as
a nonlinear regression model to capture complex relationships between device efficiency and effective
molecular descriptors derived from frontier orbital energies, particularly electronegativity (χ) and hardness
(η) of the donor, acceptor, and third component. The model achieved excellent predictive performance
(training R2 ≈ 0.98, testing R2 ≈ 0.71), demonstrating that high accuracy can be obtained without relying
on large numbers of structural or computationally expensive descriptors. As shown in Fig. 5d, the strong
agreement between predicted and experimentally measured PCE values for both training and testing datasets
highlights the robustness and generalization capability of the XGBoost model, validating its suitability
for efficiency prediction in complex ternary systems. Overall, this study establishes XGBoost not only
as a powerful predictive tool but also as a framework for extracting physically meaningful insights into
energy-level matching and charge-transfer optimization in ternary OSC.
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Lee (2023) [93] developed an interpretable ML framework using XGBoost to predict the Jsc of non-
fullerene OSCs from experimentally accessible empirical descriptors. The XGBoost model, trained on a
curated dataset of donor–acceptor systems, achieved high predictive accuracy (R2 > 0.8) using only four
physically meaningful features: donor–acceptor LUMO offset, HOMO offset, electron mobility, and hole
mobility. Beyond prediction, XGBoost was coupled with SHAP to reveal the governing physical factors
controlling photocurrent generation. As illustrated in Fig. 5e, the SHAP feature-importance analysis iden-
tifies the LUMO offset as the dominant contributor to Jsc, with charge carrier mobilities playing secondary
roles and the HOMO offset having a comparatively weaker impact. This result quantitatively confirms
that interfacial LUMO–LUMO energetic alignment is the primary driver of efficient photoinduced charge
separation in non-fullerene OSC, providing a clear data-driven guideline for rational energy-level tuning in
donor–acceptor material design.

Lee (2024) [94] employed an interpretable ML framework based on XGBoost to predict and analyze
the Voc of non-fullerene acceptor–based ternary OSCs using both conventional electronic descriptors and
chemically inspired global reactivity descriptors. In this work, XGBoost was specifically used as a nonlinear
regression model to capture the complex, multivariate relationship between Voc and frontier molecular
orbital energies as well as the electrophilicity index (ω) of the donor, acceptor, and third component,
achieving robust predictive accuracy (R2 ≈ 0.78 for chemically inspired descriptors). Importantly, the
integration of SHAP enabled physical interpretability, identifying the electrophilicity index of the acceptor
(ω2) as the dominant factor governing Voc enhancement in ternary blends. Fig. 5f visualizes this relationship
through a ML-derived contour map of predicted Voc as a function of donor (ω1) and acceptor (ω2)
electrophilicity indices, revealing an optimal descriptor region where Voc values approaching ~0.95 V
can be achieved. This contour plot provides an intuitive design guideline, demonstrating that balanced
electrophilicity between donor and acceptor materials is critical for maximizing voltage output in complex
ternary OSC and highlighting the value of XGBoost-based models for rational energy-level engineering.

Lee et al. (2025) [95] employed an interpretable ML framework based on XGBoost to quantitatively
predict the Jsc of NFA-based ternary OSC using a minimal set of physically meaningful energy-level descrip-
tors. In this study, XGBoost was used as a nonlinear regression model to capture the complex relationships
between Jsc and frontier molecular orbital energy offsets among donor, acceptor, and third-component
materials, specifically ΔHOMO and ΔLUMO between different interfaces in the ternary blend. The model
achieved reasonable predictive performance (R2 ≈ 0.76 for training and ≈0.65 for testing), demonstrating
that experimentally accessible energy-offset descriptors are sufficient to describe photocurrent generation
trends in ternary systems. By integrating SHAP, they further identified the HOMO offset between donor
and acceptor (ΔHOMO(D–A)) as the most influential factor governing Jsc, highlighting the critical role
of hole-transfer driving force in NFA-based ternary devices. Overall, this work establishes XGBoost as an
effective and interpretable tool for linking energy-level alignment to photocurrent generation, providing a
data-driven guideline for rational selection of third components and accelerated design of high-performance
ternary OSCs.

Cui et al. (2026) [96] developed an intelligent data-driven framework that integrates large language
model (LLM)–based literature mining, high-throughput quantum chemical calculations, and explainable
ML to establish quantitative structure–property–performance relationships (QMSPRs) for Y-NFA in OSC.
Within this framework, XGBoost was employed as a nonlinear regression model to predict device PCE
from a carefully selected set of quantum-chemically derived molecular descriptors, while SHAP was used
to ensure physical interpretability. The XGBoost–SHAP analysis revealed that electrostatic and polarity-
related descriptors dominate PCE prediction, highlighting the critical role of molecular charge distribution
in high-performance acceptors. Fig. 5g visualizes this interpretability at the molecule level through a SHAP
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value heatmap, where each column represents an individual Y-series acceptor and each row corresponds
to a molecular descriptor, with color intensity indicating the direction and magnitude of each descriptor’s
contribution to the predicted PCE. This figure demonstrates that XGBoost does not rely on a uniform feature
hierarchy but instead captures molecule-specific combinations of descriptors, providing transparent insight
into how distinct molecular designs translate into device performance.

4.3 Stacking-Based Ensemble Learning
Stacking-based ensemble learning combines predictions from multiple base models using a meta-

learner, allowing different algorithms to contribute complementary strengths. This approach is particularly
useful when datasets contain heterogeneous descriptors or when no single model consistently performs best
across all tasks.

However, compared to bagging and boosting approaches, stacking methods require more careful
validation design to avoid data leakage between base learners and the meta-learner. This added complexity,
together with the relatively limited number of reported studies in OSC research, partly explains the less
frequent application of stacking-based methods.

Wang et al. (2023) [97] employed a stacking-based ML strategy to accelerate materials discovery
for OSC by integrating deep learning and ensemble learning into a unified screening framework. In
their approach, a graph neural network was first used as a lower-level model to automatically extract
structure-aware features directly from molecular graphs of donor and acceptor materials, capturing complex
chemical information without relying on predefined descriptors or costly DFT calculations. These learned
representations were then passed to a LightGBM gradient-boosted decision tree model acting as a higher-
level ensemble learner, which predicted the PCE. This stacked architecture leverages the complementary
strengths of deep learning (feature learning from molecular structure) and ensemble tree models (robust
nonlinear regression and generalization), enabling fast, accurate, and scalable high-throughput screening
of candidate organic photovoltaic materials. By validating predictions against reported devices and newly
designed molecules, they demonstrated that stacking can effectively bridge molecular structure and device
performance, providing a practical data-driven route for identifying high-efficiency NFA in OSC research.

Akbar et al. (2025) [98] applied a stacking-based ensemble ML approach to accelerate material discovery
for OSC by targeting the identification of low-band-gap organic semiconductors that are favorable for high
PCE. In their work, multiple base regression models were trained using molecular representations derived
from RDKit fingerprints, each capturing different nonlinear relationships between chemical structure
and electronic band gap. These individual predictions were then combined through a stacking ensemble
regressor, which acted as a meta-learner to optimally weight and integrate the outputs of the base models,
thereby reducing prediction bias and variance. The stacking strategy significantly outperformed all single
models, achieving higher predictive accuracy and better generalization when evaluated on both test datasets
and independent experimental OSC data from the literature. By reliably identifying low-band-gap donor
and acceptor candidates, the study demonstrates that stacking ensembles provide a robust and scalable ML
framework for screening organic photovoltaic materials, offering a practical route to guide molecular design
and improve OSC performance beyond conventional single-model approaches.

Valiente et al. (2026) [99] employed a stacking-based ensemble strategy within an automated ML
(AutoML) framework to model and predict the long-term performance degradation of polymer-based OSC,
with a focus on P3HT:PCBM devices. Instead of relying on a single regression algorithm, their approach
systematically benchmarked and combined multiple ML models with different inductive biases, allowing
the AutoML pipeline to select and integrate the most informative learners into an optimized ensemble. This
stacking-like methodology effectively captured the nonlinear and time-dependent relationships between
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fabrication parameters, environmental conditions, and PCE decay over extended operational periods
(>180 days). By aggregating information from diverse base models, the ensemble significantly improved
prediction robustness and generalization, achieving very high accuracy (R2 > 0.9) even for previously unseen
devices. The study demonstrates that stacking-based ensemble learning is a powerful tool for OSC research,
particularly for reliability and lifetime prediction, where complex degradation mechanisms cannot be
adequately described by single-model approaches. Table 4 summarizes representative studies by categorizing
the OSC system, prediction targets, dataset scale, descriptor representations, and ensemble learning models
used.

Table 4: Representative datasets organized by ensemble learning strategy in OSC studies.

Year Dataset Size Materials Scope Target ML Model Ref.
Bagging-based Ensemble

2019 1700+ donors Polymer donors PCE RF [76]
2019 124 devices Fullerene ternary PCE RF [77]
2020 120+ ternary Ternary Voc RF [78]
2020 135 D/NFA NFA PCE RF [79]
2020 565 D/A Binary NFA PCE RF [80]

2021 157 NFA
ternary NFA ternary PCE RF [69]

2021 1000 devices Binary blends Jsc RF [81]
2024 280 ternary D:A1:A2 ternary PCE RF [68]
2025 1343 acceptors NFA PCE RF [84]

Boosting-based Ensemble

2023 1242 D/A Polymer:NFA Voc, Jsc,
PCE RF + GB [82]

2023 400+ binary Binary blends Voc XGBoost [91]
2023 ~100 ternary NFA PCE XGBoost [92]
2023 100+ binary NFA Jsc XGBoost [93]

2024 200+ D/A Polymer:NFA Voc, Jsc,
PCE GBDT [86]

2024 300 devices Polymer:NFA Voc, Jsc,
FF, PCE GBR [87]

2024 ~120 ternary NFA ternary Voc XGBoost [94]
2025 1000+ donors Small molecule donors PCE GBR [88]
2025 800+ polymers Polymer donors PCE GBR [89]
2025 ~150 ternary NFA ternary blend Jsc XGBoost [95]
2026 125 NFA NFA PCE XGBoost [96]

Stacking-Based Ensemble

2023 1000+
molecules Donor/NFA screening PCE

GNN +
LightGBM

stacking
[97]

(Continued)
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Table 4 (continued)

Year Dataset Size Materials Scope Target ML Model Ref.

2025 1000+
candidates Low bandgap materials Bandgap

Multi-
model

stacking
[98]

2026 >500
time-series P3HT:PCBM stability PCE decay AutoML

stacking [99]

4.4 Materials-Oriented Insights from Ensemble Learning
Ensemble learning models contribute not only to accurate prediction but also to interpretive analysis

in OSC research. Their built-in mechanisms such as feature importance scoring, decision-tree structures,
and model-agnostic tools like SHAP enable researchers to identify which molecular, morphological, or
processing descriptors most strongly influence device performance [86,87,94,100]. This interpretability is
particularly valuable in transforming complex data patterns into actionable design knowledge.

Rather than functioning as black-box regressors, ensemble models offer a transparent framework for
evaluating the relationships between input variables and key metrics such as PCE, or stability. For example,
SHAP-based analysis can highlight how variations in HOMO-LUMO offsets, dipole moments, or processing
additives contribute to shifts in device output, while decision-tree structures help reveal threshold effects or
nonlinear regimes that define performance plateaus.

Crucially, ensemble learning complements experimental and physics-based modeling by accelerating
hypothesis generation and materials prioritization. It aids in narrowing the candidate space, suggesting
optimal design windows, and flagging promising regions of the chemical and process parameter landscape
for further investigation. This synergy is especially impactful under data-constrained conditions, where the
cost or time associated with exhaustive physical testing remains prohibitive.

While this review focuses on ensemble learning methods, it is important to position these approaches
within the broader ML landscape. In contrast to deep learning models, such as graph neural networks and
transformer-based architectures that learn directly from raw molecular structures, ensemble methods are
generally more effective for the small, heterogeneous, and descriptor-based datasets typical of OSC research.
Deep learning approaches often require large, well-curated datasets and substantial computational resources,
whereas ensemble models provide a practical balance between predictive performance, robustness, and inter-
pretability under realistic data constraints. As such, these approaches should be viewed as complementary,
with method selection depending on data availability, representation, and the specific objectives of OSC
materials design.

To aid comparative understanding, Table 5 summarizes the core strengths, limitations, and typical
applications of bagging-, boosting-, and stacking-based ensemble approaches in the OSC domain.
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Table 5: Comparative overview of ensemble learning strategies in OSC research.

Ensemble
Strategy Key Strength Limitations Typical OSC Application

Bagging-based

• Reduces variance
and overfitting

• Performs well on
small or
noisy datasets

• Offers feature
importance
for interpretability

• Less effective at
capturing subtle
nonlinear patterns

• May require many
base estimators for
complex tasks

• Predicting PCE and
related metrics

• Screening
donor/acceptor can-
didates

• Interpreting key
molecular or
device descriptors

Boosting-based

• High
predictive accuracy

• Captures complex,
nonlinear relation-
ships

• Effective for
structured,
tabular data

• Prone to overfitting
without regulariza-
tion

• Requires
careful tuning

• Computationally
more intensive

• Energy-level
alignment modeling

• Predicting PCE and
related metrics

• Predicting stability p
• Process optimization

and
parameter tuning

Stacking-based

• Combines strengths
of multiple models

• Improves
generalization,
especially for
complex tasks

• Flexible across data
types and targets

• Complex to
implement
and validate

• Computationally
demanding

• Limited
interpretability
compared to
single models

• Multi-target
prediction (e.g.,
performance +
stability)

• Integrating material
and
process-level features

5 Challenges, Opportunities & Outlook
Despite the significant progress achieved through ML and ensemble learning approaches in OSC

research, several fundamental challenges remain that limit their broader adoption and impact on practical
materials design. Importantly, many of these challenges are not purely algorithmic in nature but arise from
the intrinsic complexity of OSC materials systems, experimental variability, and the multifactorial trade-
offs between efficiency, stability, and manufacturability. Addressing these challenges requires a shift from
viewing ML solely as a predictive tool toward treating it as an integrated component of the OSC materials
discovery pipeline.
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5.1 Data Quality, Standardization, and Representativeness
One of the most persistent challenges in ML-assisted OSC research is the quality and consistency of

available data. Most datasets are compiled from the literature, where variations in synthesis protocols, device
architectures, and testing conditions introduce significant noise and bias. In particular, the prevalence of
“champion bias,” where high-efficiency devices are preferentially reported, leads to datasets that are not fully
representative of the broader design space.

Even when nominally identical donor–acceptor systems are reported, differences in processing con-
ditions, device stack configurations, and measurement protocols can lead to substantial performance
variability. Such heterogeneity limits the reliability and generalizability of ensemble learning models.
While these models are relatively robust to noise, they may still capture dataset-specific correlations
rather than transferable physical relationships, leading to over-optimistic predictions that are difficult to
reproduce experimentally.

Addressing these challenges requires improved data standardization, including consistent reporting of
fabrication conditions, inclusion of negative or low-performance results, and the development of curated
benchmark datasets. Recent advances in LLMs have introduced new opportunities for automated data
extraction from scientific literature. In OSC research, LLM-based approaches can assist in parsing exper-
imental reports, extracting device parameters, and structuring heterogeneous data into machine-readable
formats [101]. Such tools have the potential to reduce manual data curation efforts and improve dataset
scalability. However, challenges remain in ensuring extraction accuracy, consistency across reporting styles,
and integration with existing ML pipelines. Without addressing these issues, the predictive capability of ML
models will remain fundamentally constrained by data limitations.

5.2 Descriptor Limitations and Physical Interpretability
The choice of descriptors plays a central role in ML-based OSC research, as they define how materials

and devices are represented in the model. In practice, two main types of descriptors are commonly used.
Structure-based descriptors, such as molecular fingerprints derived from SMILES, enable efficient screening
of large chemical spaces but often lack direct physical meaning. In contrast, physically motivated descriptors,
such as HOMO/LUMO energy levels, bandgap, or dipole moment, are more interpretable but may not fully
capture morphology and processing effects that also influence device performance.

Incorporating morphology and processing effects into ML models remains a significant challenge.
Experimental techniques such as GIWAXS and AFM provide detailed information on nanoscale fea-
tures, including crystallinity, domain size, and phase separation, but translating these measurements into
standardized, quantitative descriptors suitable for ML is non-trivial. As a result, many studies simplify
processing parameters, such as solvent additives or annealing conditions, into binary or categorical variables,
which may not adequately capture their continuous and interdependent influence on device morphology
and performance.

This leads to an inherent trade-off between scalability and physical relevance. While ensemble learn-
ing models can identify important features, these results should be interpreted with caution, as feature
importance reflects statistical relationships within the dataset and does not necessarily indicate causality.
Consequently, models may capture correlations that are valid only within a limited chemical and processing
space, rather than uncovering fundamental physical mechanisms.

To improve interpretability, post hoc analysis techniques such as SHAP, LIME, permutation importance,
and partial dependence plots are increasingly applied. SHAP is particularly useful because it quantifies both
the magnitude and direction of each descriptor’s contribution to individual predictions, while LIME provides
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local, case-specific explanations of model behavior. In the context of OSC research, these methods can
help identify key descriptors influencing device performance, including energy-level alignment, molecular
structure, and processing conditions.

These interpretability approaches can provide practical guidance for materials design and process
optimization by highlighting which descriptors most strongly influence predicted performance. For example,
SHAP analysis may indicate that HOMO/LUMO alignment or specific solvent additives have a dominant
impact on device efficiency, thereby suggesting directions for molecular tuning or processing optimization.
Similarly, partial dependence plots can reveal trends between descriptors and target properties, offering
additional insight into how performance responds to changes in key variables.

However, it is important to recognize that these methods primarily explain model behavior rather than
underlying physical causation. As such, the derived insights should be treated as hypothesis-generating tools
and validated through experimental or physics-based analysis. Their reliability is also strongly dependent on
the quality, diversity, and representativeness of the underlying dataset.

To address these limitations, future work should focus on integrating multiple descriptor types, includ-
ing electronic, structural, and processing-related features, as well as incorporating domain knowledge where
possible. Such hybrid approaches can improve both predictive performance and physical interpretability,
helping to bridge the gap between data-driven modeling and experimentally meaningful design strategies.

5.3 Model Validation, Generalization, and Applicability Domain
Reliable model validation is essential to ensure that ML predictions are meaningful and transferable. In

many OSC studies, model performance is evaluated using simple train–test splits on relatively small datasets.
While such approaches may report high accuracy, they can overestimate model performance when training
and test data share similar characteristics.

A key concept in this context is the applicability domain, which defines the range of conditions for
which a model can provide reliable predictions. Ensemble learning models generally perform well within
the chemical and experimental space represented in the training data, but their reliability decreases when
applied to new or structurally different materials.

To improve generalization, more rigorous validation strategies are required, including external vali-
dation using independent datasets and data-splitting methods that reflect realistic scenarios. In addition,
uncertainty estimation can help identify predictions that are less reliable. Clearly defining the applicability
domain is therefore essential to avoid overinterpretation and to ensure that ML predictions are used
appropriately in guiding experimental research.

5.4 Stability, Degradation, and Practical Deployment
Although ML models have shown strong performance in predicting efficiency-related metrics such

as PCE, long-term stability remains a major challenge in OSC research. Device degradation is influenced
by multiple factors, including material properties, morphology evolution, and environmental conditions,
making it difficult to model using conventional ML approaches.

One key limitation is the availability of data. Stability datasets are typically much smaller and less
standardized than efficiency datasets, as they require long-term measurements under varying conditions. As
a result, ML models trained on such data may have limited predictive reliability. While ensemble learning
methods are relatively robust to small and noisy datasets, their effectiveness is still constrained by the quality
and representativeness of the input data.
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To address these challenges, future work should focus on integrating stability into ML frameworks
by incorporating time-dependent data and developing standardized protocols for degradation studies.
Combining performance and stability prediction within a unified framework is particularly important for
identifying materials that are not only efficient but also suitable for real-world applications. Such efforts will
help bridge the gap between laboratory-scale optimization and practical deployment of OSC technologies.
These limitations highlight the need for stability-aware and manufacturability-oriented ML frameworks that
better reflect real-world operating conditions.

5.5 Toward Closed-Loop and Physics-Informed Machine Learning Frameworks
Looking forward, one of the most transformative opportunities lies in the integration of ensemble

learning models into closed-loop ML–experiment workflows, where predictions actively guide material
synthesis, device fabrication, and subsequent data acquisition. Such iterative feedback loops have the
potential to accelerate OSC materials discovery by focusing experimental efforts on the most informative
regions of the design space, thereby reducing reliance on trial-and-error approaches.

In this context, active learning provides a practical strategy for implementing closed-loop discovery.
Ensemble learning methods are particularly well suited for this paradigm, as the variance or disagreement
among base learners can serve as a proxy for prediction uncertainty.

This enables the model to balance exploration of underrepresented regions with exploitation of
high-performing candidates, which is especially important for OSC systems characterized by limited and
heterogeneous datasets. At the same time, purely data-driven approaches remain constrained by data scarcity,
dataset bias, and incomplete physical representation. Integrating ensemble learning with physics-based
constraints and domain knowledge therefore represents a promising pathway toward more reliable and
interpretable predictions. Embedding known relationships such as energy-level alignment, charge transport,
and morphology–performance correlations can improve model robustness while reducing dependence on
large datasets.

Despite these opportunities, several challenges remain, including the integration of heterogeneous
experimental data, standardization of workflows, and the development of reliable uncertainty quantification.
Addressing these issues will be essential for advancing toward practical closed-loop and active learning–
driven OSC discovery systems.

6 Conclusions
This review has provided a materials-oriented synthesis of ML approaches applied to OSC research, with

a particular focus on ensemble learning strategies for performance prediction and materials optimization.
By framing ML as an enabling tool for OSC materials design rather than solely as a predictive technique, the
review highlights how data-driven methods can address the intrinsic complexity arising from coupled molec-
ular, morphological, and processing variables. Advances in donor polymers, non-fullerene acceptors (NFAs),
and multicomponent blend architectures have rapidly expanded the OSC design space, making intuition-
driven optimization increasingly insufficient. In this context, ML offers a scalable framework for extracting
structure–property–performance relationships from heterogeneous experimental and computational data.
The effectiveness of such approaches, however, depends strongly on the choice of data sources and descriptor
representations, which must be aligned with specific materials design challenges to ensure meaningful and
interpretable predictions.

The review demonstrates that ensemble learning methods including bagging-, boosting-, and stacking-
based models are particularly well suited to OSC research due to their robustness under limited and
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noisy data conditions. RF models enable reliable screening of diverse materials systems, boosting-based
approaches capture subtle nonlinear effects associated with energy-level alignment and voltage losses, and
stacking strategies facilitate the integration of heterogeneous descriptors. When applied in a materials-
aware manner, these methods contribute not only to accurate performance prediction but also to practical
guidance for materials selection and device optimization. Overall, ensemble learning has emerged as a
practical and interpretable ML framework for advancing OSC materials research. Its impact lies in its
ability to operate effectively within realistic experimental constraints while providing insight into the
key parameters governing device performance. Continued integration of ensemble learning with careful
data curation and materials-focused analysis will be essential for accelerating the rational development of
next-generation OSCs.
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