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ABSTRACT

Organic-inorganic hybrid perovskites hold significant promise for low-cost, high-efficiency, and scalable photovoltaic produc-

tion. However, stability challenges of perovskite materials hinder their commercial viability. Although significant progress in

enhancing stability has been achieved through compositional adjustments, additive engineering, and solvent-based process-

ing strategies, these methods often involve laborious and time-consuming optimization processes. Machine learning (ML) is

proving highly effective for accelerating the development and optimization of stable perovskite materials, reducing reliance on

trial-and-error methods. This review outlines the fundamental ML workflow and highlights its applications in material screen-

ing, mechanism investigation, and characterization analysis in perovskite solar cells (PSCs) research. These key advancements

underscore the utility of ML in systematically improving the durability of PSCs. Future integration of ML with high-throughput
experimentation is expected to further advance the development of efficient, stable, and commercially viable PSCs, contributing

to sustainable energy solutions.

1 | Introduction

Perovskite solar cells (PSCs) have rapidly become a leading can-
didate among next-generation photovoltaic technologies, owing
to their remarkable power conversion efficiency (PCE), cost-
effective fabrication processes, and scalability for scalable pro-
duction [1-5]. Since the first solid-state PSCs were reported in
2009, their PCE has surged from an initial 3.8% to an impressive
27.0%, rivaling commercialized silicon-based solar cells [6]. This
extraordinary progress can be attributed to the exceptional op-
toelectronic properties of perovskite materials, including their
high absorption coefficients, tunable bandgaps, long carrier

diffusion lengths, and minimal non-radiative recombination
[7-9]. However, despite these advantages, the long-term stability
of PSCs remains a significant challenge, limiting their path to
commercial viability.

The stability issues of PSCs can be broadly divided into two
categories: those related to the carrier transport layers and
those originating from the functional layer. Among these,
the functional layer—the perovskite material itself—Ilies at
the core of stability concerns. Perovskite materials are highly
sensitive to environmental factors such as moisture, oxygen,
light, and heat, all of which accelerate degradation and lead
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to performance losses [10-14]. For instance, exposure to mois-
ture triggers decomposition of perovskites into their precursor
components, causing irreversible damage. In addition to envi-
ronmental instability, PSCs face intrinsic structural instabil-
ity. Perovskite materials typically follow the ABX, formula,
where “A” is a monovalent cation (e.g., methylammonium
[MAT], formamidinium [FA*], or cesium [Cs*]), “B” is a diva-
lent metal cation (commonly Pb?* or Sn?*), and “X” is a halide
anion (CI-, Br, or I7). This structure is composed of a three-
dimensional network of corner-sharing BX, octahedra, with
the A cation occupying the voids. The structural stability of
ABX, perovskites depends on the ionic composition and tol-
erance factor, which dictate whether a stable perovskite phase
forms. For instance, although FAPbIL, is highly desirable due
to its near-optimal bandgap, the relatively large size of FA cat-
ions destabilizes the Pbl, framework, resulting in phase insta-
bility and the formation of undesirable non-perovskite phases
[5, 15, 16].

To address these challenges, researchers have developed vari-
ous strategies. Encapsulation techniques, such as polymeric
barriers and glass coatings, effectively shield PSCs from mois-
ture and oxygen [17, 18]. Composition engineering, including
the incorporation of inorganic cations (e.g., Cs*) or halides (e.g.,
Br), enhances thermal and photo-stability by reinforcing the
perovskite lattice [19-21]. Additive engineering, which involves
using passivation agents, reduces defect density, and suppresses
ion migration [22, 23]. Similarly, solvent engineering during film
formation has been shown to enhance perovskite film quality
and stability [24-26]. Despite these advancements, the process
of identifying suitable composition, solvents, and additives re-
mains labor-intensive and time-consuming. The vast chemical
space of potential candidates requires extensive trial-and-error
experimentation, significantly slowing the pace of discovery.
The application of machine learning (ML) offers a powerful
tool to accelerate this process. Leveraging large datasets and ad-
vanced algorithms, ML can identify patterns, predict material
properties, and guide experimental design, thereby significantly
reducing the time and effort needed for material optimization.

This review details the strategic application of predictive ML
techniques to address the critical stability challenges of PSCs.
While emphasizing the contributions of ML to enhancing dura-
bility, we also consider how advancements in other performance

metrics, particularly PCE, can yield insights relevant to stability
improvement. Key elements of the predictive ML workflows—
including data collection, feature selection, model training, and
prediction—are discussed alongside illustrative case studies.
These examples showcase the success of ML in improving de-
vice longevity and elucidating degradation mechanisms, high-
lighting its potential to accelerate the development of efficient,
stable, and commercially viable PSCs.

2 | The Workflow of the Predictive ML Technique
in PSCs Research

In recent years, ML has emerged as a transformative tool in the
field of PSCs, driving advancements in material discovery, de-
vice performance optimization, and stability enhancement. The
growing significance of ML in this domain is evidenced by the
rapid increase in published articles and the rising average im-
pact factor of these studies (Figure 1), highlighting the critical
role of ML-driven research in advancing PSC technologies. The
typical ML workflow in perovskite research consists of four key
steps: (1) data preparation, (2) feature selection, (3) model train-
ing, and (4) prediction and validation (Figure 2). The following
sections will delve deeper into each of these steps, highlighting
their significance and illustrating how they contribute to the de-
velopment of perovskite materials and devices.

2.1 | Data Preparation

In ML-assisted materials study, the input data typically com-
prises the features (material descriptors) and the labels (stabil-
ity) [27]. The features represent the chemical information or
structural properties of the material, such as cell parameters or
chemical composition. The labels, which are the target variables
for model learning, stand for the material performances, such as
stability that are affected by features.

Datasets for ML in perovskite research can be constructed
through various approaches: (1) material databases, such
as the Materials Project [28], Inorganic Crystal Structure
Database [29], Cambridge Structural Database [30], and
Open Quantum Materials [31], provide extensive chemi-
cal data across a wide range of materials. When using these
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FIGURE1 | The number of publications (left) on ML applied to PSCs research and the average impact factor (right) of publishing journals over
time.
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FIGURE 2 | The workflow of ML in PSCs research.

large-scale databases in specific studies, appropriate data
screening and cleaning processes are crucial; (2) alternatively,
high-throughput experimentation generates high-quality data
under controlled conditions but is often costly and resource-
intensive [32, 33]; (3) in addition, data extraction from pub-
lished literature provides another avenue [34-36], though
inconsistencies in experimental conditions can introduce bias
and data gaps [37]; (4) high-throughput computing, employing
quantum chemistry (QC) methods like density functional the-
ory (DFT), efficiently predicts material properties and gener-
ates large datasets [38-41], though computational results may
not always fully reflect real-world material performance due
to the differences in synthesis methods and limitations in DFT
calculations, which struggle with weak interactions, point de-
fects, and usually underestimates band gaps in perovskite. By
combining these methods, researchers can construct robust
and high-quality datasets, advancing ML applications in per-
ovskite research. The reliability of ML techniques in improv-
ing PSCs relies on the quality of the data [42], which must
be relevant, complete, reliable, and uniformly distributed.
Therefore, rigorous data preprocessing is essential [43, 44].
The detailed information on constructing datasets for ML is
presented in Table S1. Addressing missing values and outliers
is essential to maintain data integrity, while normalization
methods, such as Z-score normalization and min-max nor-
malization, can improve the accuracy and efficiency of model
training [45].

2.2 | Feature Selection

Features or descriptors are attributes used to capture key pat-
terns in data and serve as the fundamental units of input infor-
mation for ML models. Their selection directly influences the
predictive performance of models and the interpretability of ma-
terial stability. Thus, selected features should be unique, com-
putationally efficient, and sufficient to describe and distinguish
the structures of materials in PSCs research, while retaining
clear physical and chemical significance [46, 47].

In general, the descriptors in PSCs research can be catego-
rized into those for the organic and inorganic components
[48, 49], as illustrated in Figure 3a. Organic descriptors in-
clude molecular fingerprints (1D) [49], SMILES strings (1D)
[50], physicochemical parameters (1D) [51], and UV/IR spec-
tral images (2D) [52], which are commonly used for organic
cations or preparation solvents screening [53, 54]. In contrast,
the inorganic component is more challenging to describe due
to its extended structures and inherent defects. Local descrip-
tors such as DFT-derived lattice parameters cannot represent
the long-range dependencies or point defects of the crystal,
complicating modeling efforts. Available descriptors for inor-
ganic components include physicochemical parameters (1D)
[55, 56], XRD spectral images (2D) [57, 58], and crystal graphs
(2D) [59], where nodes and edges are represented by vectors
corresponding to the atoms and bonds, respectively. Most
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FIGURE3 | (a) The organic (left) and inorganic (right) components of the descriptors in perovskite research. (b) Commonly used machine learn-

ing models (left) and interpretation methods (right).

studies focus on physicochemical parameters derived from
QC calculations (the detailed information of descriptors is
presented in Table S2). For example, Huang et al. developed a
descriptor for perovskite stability using large language models
(LLMs) and QC calculations [60]. However, the high computa-
tional cost of QC calculations limits its scalability for exploring
novel materials. Yang et al. constructed a stability descriptor
for A ,BX-type perovskites using easily obtainable features to
tackle this dilemma, though the predictive performance of the
model could be further enhanced [61]. To address these chal-
lenges, the development of efficient, structure-based molecu-
lar fingerprint descriptors for inorganic materials, enabling
faster and more cost-effective exploration of PSC stability, is
advocated.

2.3 | Model Training

Supervised learning, where ML models are trained on labeled
data, is widely used in perovskite research for regression and
classification tasks. In regression, ML models predict de-
composition energies to identify high-stability photovoltaic
materials [62]. Performance is assessed using metrics such
as the coefficient of determination (R?), mean absolute error
(MAE), and root mean squared error (RMSE), where higher R?
(closer to 1) and lower MAE/RMSE indicate better accuracy.

In classification, models categorize materials into high or low
stability based on thermodynamic properties [63], with accu-
racy and the area under the curve (AUC) serving as common
performance indicators. The choice of an ML model is cru-
cial for accurately predicting material properties. Typically,
datasets are divided into train and test sets using scaling or
cross-validation methods [64]. The model learns data features
from the train set and evaluates its performance on the test
set. To identify the most suitable model for discovering high-
potential materials, multiple models are compared. As illus-
trated in the left part of Figure 3b, ML models can be broadly
categorized into traditional ML models and deep learning
models. Traditional ML models, such as XGBoost, rely on
statistical methods [38, 65], offering computational efficiency
but depending heavily on the quality of descriptors. For in-
stance, Chen et al. demonstrated that a well-trained XGBoost
model could accurately predict long-term aging curves ex-
ceeding 3000h [66]. In contrast, deep learning models, in-
cluding artificial neural networks (ANNs) and crystal graph
convolutional neural networks (CGCNNs), excel at processing
high-dimensional data such as images and graphs [67]. Kim
et al. employed CGCNN to identify novel multi-element metal
halide perovskites (MHPs), suggesting two potential high-
performance materials [68]. In addition, transfer learning
enables deep learning models to leverage large-scale datasets,
such as those extracted from literature, which traditional ML
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models struggle to handle [69, 70]. However, training of deep
learning models typically requires higher computational re-
sources and greater technical expertise. Many areas of the
broader field experience a surge in the development of pre-
dictive models, aiming at achieving higher accuracy in pre-
diction and placing emphasis on the model's generalization
ability, that is, to handle data outside the utilized dataset.

Interpretation tools, as illustrated on the right side of
Figure 3b, play a crucial role in understanding model pre-
dictions. Model-based methods, such as random forests (RF)
and decision trees, visualize decision-making processes using
tree importance (TI), while linear regression (LR) provides
interpretable formulas linking features to outcomes [71].
This makes LR particularly useful for developing perovskite
stability descriptors, though its accuracy is often insufficient
for complex prediction tasks. For black-box models like deep
learning, interpretation tools such as Shapley additive expla-
nations (SHAP) and the perturbation method (PM) are widely
applied. These tools analyze trained models to assess the
importance of features or functional groups [72, 73]. For in-
stance, Subudhi et al. used SHAP to identify critical factors
influencing PSC performance, enabling improvements in sta-
bility and efficiency [74]. Such interpretation methods are in-
creasingly valued for their ability to balance model accuracy
with explainability. However, explanatory methods based on
probability statistics are contingent on the features used in
material modeling, resulting in the interpretive results some-
times distorting our ability to judge the chemical essence of
the substance. Thus, it is highly recommended to combine QC
calculations to gain a deeper insight.

2.4 | Prediction and Validation

Prediction and experimental validation are pivotal steps in the
ML workflow for PSCs research. Experimental validation not
only assesses the reliability of ML predictions but also pro-
vides critical feedback for model refinement. By integrating
experimental results into the training process, the model can
be iteratively optimized, enhancing its predictive accuracy and
robustness. This feedback loop allows the ML model to evolve
alongside an expanding experimental dataset, enabling precise
property predictions and accelerating the discovery of high-
performance materials with increased efficiency.

In summary, the ML workflow in PSCs research offers a
systematic framework for accelerating the discovery and op-
timization of high-performance materials. By following key
steps—data preparation, feature selection, model training,
experimental validation, and iterative optimization—ML em-
powers researchers to extract valuable insights from complex
datasets and make accurate predictions about material prop-
erties. Each step is interconnected, with experimental valida-
tion serving as a vital feedback mechanism to improve model
performance. This structured approach not only enhances
the efficiency of material screening but also establishes a ro-
bust foundation for integrating ML into advanced materials
science. The workflow's adaptability and versatility make it
an indispensable tool for addressing the challenges of modern
materials research.

3 | Application of ML Techniques in PSCs
Research

After showing the general workflow of ML in materials re-
search, in the subsequent section, a detailed review of case stud-
ies where ML methodologies have been effectively implemented
in PSCs research is presented.

3.1 | ML Research for Selecting and Designing
Materials in PSCs Research

The vast compositional space and complex interplay of param-
eters in perovskite material design render traditional trial-
and-error approaches impractical, highlighting the necessity
of ML for efficiently identifying optimal formulations [55, 75].
For instance, in 2023, Zhu et al. developed a comprehen-
sive PSC database using QC calculations. High-throughput
screening, guided by trained ML models, was performed to
predict material stability, band gaps, and photovoltaic effi-
ciency (Figure 4a). From 177,264 candidates, 434 compounds
were selected. Among these, the spectroscopic limited maxi-
mum efficiency (SLME) values of the screened PSCs exceeded
20%, with four perovskite cells achieving efficiencies above
23% (Figure 4b) [76]. This study provided critical guidance
for developing stable PSCs through data-driven screening.
Similarly, in 2024, Zhang et al. systematically screened 60 per-
ovskite compositions. Through iterative ML-guided optimiza-
tion, the experimental workload was significantly reduced,
culminating in a record-breaking PCE of 25.75%, along with
outstanding thermal and photochemical stability (Figure 4c)
[77]. Notably, the PSCs retained 94% of their initial efficiency
after 1920h of continuous operation in a nitrogen atmosphere
at 65°C. This work not only set new performance benchmarks
for PSCs but also demonstrated the transformative potential
of ML in accelerating photovoltaic innovations. Compared to
traditional trial-and-error approaches, ML-assisted virtual
screening is both cost- and labor-efficient, making it a prom-
ising mainstream method for materials exploration in future
laboratories.

In terms of materials design, combining material stability pre-
dictors with essential factors enables researchers to design novel
materials more effectively [78, 79]. For example, bandgap tun-
ing often results in compositional mixtures that cause severe
phase segregation in perovskites, compromising solar cell sta-
bility. Luo et al. addressed this challenge by identifying optimal
compositions to suppress phase segregation and enhance PSC
stability [80]. They constructed a global phase diagram of hybrid
perovskites, integrated with bandgap maps, and trained a neural
network model to predict the most stable perovskite composi-
tions. The workflow offers a systematic approach to optimizing
perovskite materials for improved stability. Additionally, Zhang
et al. employed ML for buried-interface engineering in per-
ovskite materials [81]. A deep neural network model was trained
using Klekota—Roth fingerprints (KRFPs) and physicochemical
descriptors (Figure 5a,b). Correlation analysis identified critical
features and key molecular fragments, guiding the design of
novel molecules. These newly designed molecules significantly
improved the PCE and long-term stability of PSCs, retaining
91.24% of the initial PCE after 1200h of continuous maximum
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FIGURE 4 | (a) The flowchart of the high-throughput screening guided by trained ML models [76]. (b) Predictive scores of different ML models
[76]. Reproduced with permission [76]. Copyright 2024 Elsevier. (c) Colormap representation of the lifetime of 60 different perovskite samples sub-
jected to aging at 50°C under a nitrogen atmosphere (left) and 30°C, 40%-50% RH (right) using MPP tracking [77]. Reproduced with permission [77].

Copyright 2024 Royal Society of Chemistry.

power point tracking (Figure 5¢). Furthermore, when integrated
with high-throughput laboratories, ML can provide more ef-
fective support for materials design. For instance, in 2024, Wu
et al. demonstrated a closed-loop workflow to identify new hole-
transporting materials tailored for PSCs. By synthesizing 149
molecules, they identified a series of high-performance candi-
dates, achieving PSCs with a certified PCE of 25.9% [82].

3.2 | ML Research for Mechanism Investigation in
PSCs Research

ML can be employed to investigate the mechanisms underlying
the improved performance of selected or designed materials
in PSCs, enabling targeted problem-solving. By leveraging in-
terpretation tools to analyze important features and functional
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groups, researchers can identify the key factors influencing the
long-term stability and other performance of PSCs, providing
valuable insights for the development of more stable and high-
efficiency PSC devices [83, 84].

Interface passivation using an ammonium salt can effectively
improve the performance and stability of PSCs. Despite signifi-
cant PCE improvement achieved in previous studies, the selec-
tion criteria for ammonium salts are not fully understood. In
2023, Zhi et al. applied an ML method to investigate the relation-
ship between the molecular features of ammonium salts and the
PCE improvement of PSCs. They established an ML model using
an experimental dataset of 19 salts to predict the PCE improve-
ment after passivation. Three molecular features (hydrogen
bond donor, hydrogen atom, and octane-water partition coeffi-
cient) are identified as the most important features of selecting
an ammonium salt for passivation (Figure 6a) [85]. This work
cleared the mechanism of ammonium salt, which is beneficial to

establish the selection criteria of ammonium salts for interface
passivation. Additionally, in 2024, Wang et al. utilized genetic
programming and extra-trees ML models to identify critical mo-
lecular features that decouple multi-molecule contributions in
perovskite systems. Combined with DFT calculations, they re-
vealed that stabilized interfacial structures arise from multiple
hydrogen bonds and anion--m surface interactions, offering valu-
able insights into improving the water stability of perovskites
[86]. Similarly, they integrated high-throughput experimenta-
tion with ML models to investigate the effect of multiple cat-
ions on perovskite stability across a wide aging temperature
range. Their findings showed that at high aging temperatures,
increasing organic cations (e.g., MA), or decreasing inorganic
cations (e.g., Cs) in multi-cation perovskites negatively impacts
photo- and thermal-stability. However, below 100°C, the trend
is reversed (Figure 6b). Consequently, they demonstrated that
MA-containing PSCs maintained negligible efficiency loss after
1800h of operation under illumination at 30°C (Figure 6c¢) [32].
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3.3 | ML Research Based on Characterization

Characterization techniques are commonly employed to un-
cover the underlying mechanisms behind device performance
improvements [87-89]. However, various subtle and complex
correlations remain concealed within the data. ML provides
a powerful approach to unravel these intricate relationships,

FA ¢sPbl, (x=0%, 5%, 10%, and 15%) perovskite solar cells tested under 100mW cm~* white LED illumination [32]. Reproduced with

providing deeper insights into the factors that affect material
behavior and device efficiency, which are challenging to obtain
through traditional analysis methods.

For example, scanning electron microscopy (SEM) is frequently
used to study the impact of film morphology on device perfor-
mance. However, identifying the optimal morphology remains
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challenging. In 2025, Liu et al. developed a multimodal convo-
lutional neural network to extract microstructural features from
SEM images of perovskite thin films. The model dynamically
adjusted the weights of various modal inputs, including material
composition, processing techniques, and microstructure, to im-
prove predictive accuracy. It achieved an impressive R? of 0.79 on
a dataset of 1583 SEM images. By introducing six SEM-derived
features to characterize the grain size of PSCs, the study revealed
that a grain boundary length density (GBLD) below 5.96 and an
equivalent circular diameter (ECD) above 0.83 significantly en-
hance PCE (Figure 7a) [90]. Additional experiments validated
these findings, demonstrating that optimizing these parameters
to control crystallization improved the PCE to 24.61%. The con-
sistency of the results highlights the effectiveness and reliability
of the multimodal model. In addition, Laufer et al. introduced a
unique in situ photoluminescence (PL) dataset for blade-coated
PSCs and analyzed it using unsupervised k-means clustering,
demonstrating the potential of extracting valuable insights from
such data. The correlations between the identified clusters and
the measured device performance revealed that the in situ PL
signal encodes critical information about the quality of per-
ovskite thin films. By detecting spatial variations in PL patterns,
the study identified detrimental mechanisms occurring during
thin-film formation, which directly impact device performance.
Furthermore, k-nearest neighbors (k-NN) were employed to

predict PSC performance, highlighting the promise of ML-based
in-line process monitoring for scalable PSC fabrication [91]. This
approach enables the detection, understanding, and mitigation
of process variations across fabrication iterations, paving the
way for more consistent and efficient device production.

4 | Challenges and Outlook

The integration of artificial intelligence in PSCs research
holds transformative potential but is hindered by challenges
in data quality, standardization, and accessibility. Literature-
extracted data often suffer from performance bias, where re-
ported positive cases can lead models to overestimate material
properties [92, 93]. Variations in computational methodologies
introduce inherent discrepancies that compromise the repro-
ducibility of DFT calculations, thereby affecting the reliabil-
ity of the resulting data [94]. Detailed records of experimental
equipments and procedures are essential to mitigate human-
induced deviations [95]. Ensuring data verifiability is also crit-
ical; unverified patent claims and retracted publications must
be filtered during database construction. The lack of standard-
ized data formats complicates cross-system research, limiting
the efficiency of ML methods. Addressing accessibility requires
fostering an open data community based on shared resources,
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with LLMs offering solutions for faster, more accurate data
extraction, processing, and validation [96, 97]. Advances in
retrieval-augmented generation [98] and data analysis directly
enhance the proficiency of LLMs in targeted literature re-
trieval and data authenticity verification, which addresses crit-
ical data bottlenecks and accelerates PSCs research. Moreover,
current material descriptors, mostly based on computationally
expensive QC parameters, are insufficient for broader ML ap-
plications. The lack of descriptors for disordered structures
like amorphous perovskite materials further limits progress.
Consequently, low-cost, interpretable, and versatile feature de-
sign is critical. Features derived from spatial 3D and topological
structures, as well as real experimental data like XRD images,
show promise for improving ML performance.

The accuracy of ML models largely depends on the features
selected, whereas limited datasets hinder their generalization.
Integrating chemical properties into model design allows for a
more comprehensive representation of material characteristics.
Multi-modal models, which combine diverse data types such
as images and crystal graphs, offer significant improvements
in prediction accuracy [99, 100]. However, small experimen-
tal datasets often lead to overfitting. LLMs, with their strong
generalization capabilities, can address this limitation through
transfer learning, enabling effective application to small-scale
experimental data. On the other hand, the development of smart
laboratories is also gaining momentum, with LLM-driven
technologies supporting fully automated research workflows,
including literature review, experimental design, validation,
and data analysis [101, 102]. Despite this progress, accessibility
remains a challenge due to the lack of user-friendly platforms
and documentation, which limits their use by chemists without
computational expertise. Additionally, the high cost of experi-
mental robots slows the transition to automation. Overcoming
these barriers by creating cost-effective, customizable hard-
ware and integrated software platforms will revolutionize re-
search methods, making them more efficient, accessible, and
innovative.

5 | Conclusions

ML has proven to be a transformative tool in PSCs research,
offering solutions to longstanding challenges in material opti-
mization, stability enhancement, and scalable fabrication. By
leveraging advanced algorithms and large datasets, ML accel-
erates the discovery of high-performance materials, identifies
critical stability mechanisms, and optimizes fabrication pro-
cesses. The future of PSCs research will increasingly depend on
the integration of ML with experimental and computational ap-
proaches. Expanding high-quality datasets, particularly through
high-throughput experimentation and in situ characterization,
will be essential for improving model accuracy and robust-
ness. Additionally, the development of interpretable ML models
will enhance our understanding of the underlying physics and
chemistry of PSCs, enabling more effective material design and
process optimization. To fully realize the potential of ML, in-
terdisciplinary collaborations across materials science, data sci-
ence, and computational modeling will be crucial. Addressing
challenges such as data standardization, algorithm scalability,
and computational cost will further enhance the impact of ML

in PSCs research. Ultimately, the continued integration of ML
into PSC development has the potential to accelerate the transi-
tion of PSCs from laboratory innovation to market-ready tech-
nology, contributing significantly to global efforts in achieving
sustainable and affordable energy solutions.
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