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Abstract 

Polymer solar cells (PSCs) have attracted extensive attention due to their lightweight, 

flexibility, and solution-processability. However, the performance of PSCs arises from the 

intricate coupling of molecular structure, energy-level alignment, charge generation, transport, 

recombination, and morphology, posing a significant challenge for rational materials design. 

With the accumulation of experimental data and advances in polymer informatics, machine 

learning has emerged as a powerful tool for accelerating PSC research. In this work, we 

construct the largest experimental database of 5,797 binary bulk-heterojunction PSC devices 

reported from 2010 to 2025 and develop an interpretable machine learning framework that 

predicts device performance directly from donor and acceptor structures. Random forest 

models using Morgan fingerprints achieve a strong prediction of power conversion efficiency 

(PCE), with R = 0.85 and RMSE = 1.94%. Statistical and Shockley-Queisser limit analyses 

show that historical PCE improvements have been driven primarily by short-circuit current 

density, whereas further gains increasingly depend on open-circuit voltage. Fragment-level 

SHapley Additive exPlanations reveal distinct structural roles: Y6-derived acceptors with 

ADA’DA architectures and INCN-type end groups contribute strongly to PCE and photocurrent, 

while donor fragments mainly regulate voltage. Screening more than 2.2 million virtual donor 

and acceptor combinations further indicates that high-performance systems occupy a restricted 

chemical space dominated by optimized Y6-derived acceptors paired with halogenated 
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benzodithiophene-based donors. These results demonstrate how experimentally grounded, 

interpretable machine learning can clarify structure-performance relationships and guide the 

rational design and screening of organic photovoltaic materials. 

 

Keywords: Polymer solar cells, Machine learning, Explainable artificial intelligence, Random 

forest, Molecular fingerprints 
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1. Introduction 

In recent years, the emergence of polymer informatics has transformed the paradigm of 

polymeric materials development [1]. By integrating big datasets with machine learning (ML) 

techniques, this data-driven approach enables the discovery of hidden correlations and 

accelerates the exploration of processing-structure-property-performance (PSPP) relationships 

[2]. Owing to the ability of ML to handle high-dimensional and nonlinear problems, polymer 

informatics has been widely applied across diverse research domains. Representative 

applications include the prediction of glass-transition temperature and mechanical properties, 

assessment of polymer blend miscibility, and identification of high-performance polymers for 

dielectric, membrane, and optoelectronic applications [3, 4]. 

Among various material applications, polymer solar cells (PSCs) represent one of the most 

challenging PSPP systems because device performance arises from the complex coupling of 

molecular structure, energy-level alignment, charge generation, transport, recombination, 

morphology, and processing conditions [5]. Over the past three decades, continuous advances 

in donor and acceptor materials have steadily improved device performance [6-8]. In particular, 

the emergence of non-fullerene acceptors (NFAs), represented by ITIC [9] and later Y6 [10] 

derivatives, has revolutionized PSC development owing to their superior light absorption, 

tunable energy levels, and favorable morphology, enabling power conversion efficiencies (PCE) 

approaching 20% [11, 12]. Despite these remarkable advances, the discovery of high-
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performance materials still relies largely on empirical trial-and-error experiments, resulting in 

extensive experimental costs and slow development cycles [13]. These challenges have driven 

increasing interest in AI-assisted PSC research. 

Early studies are largely inspired by the Harvard Clean Energy Project (CEP) [14-17]. They 

combine high-throughput quantum-chemical calculations with cheminformatics methods to 

explore millions of virtual donor materials for fullerene-based PSCs, establishing a framework 

for data-driven virtual screening in organic photovoltaics. As PSC materials have evolved 

toward modern NFA systems, numerous ML studies have increasingly relied on experimentally 

measured device databases [18-43]. Diverse molecular representations, including descriptor-

based, fingerprint-based, graph-based, and hybrid representations that combine structural and 

electronic information, have been investigated. These representations are combined with 

various regression models, such as random forests (RF), Gaussian process regression (GPR), 

kernel ridge regression (KRR), support vector machine (SVM), gradient boosting (GB), and 

neural networks, to predict photovoltaic properties and performance. For example, Lee [18, 19] 

uses donor and acceptor frontier orbital energy descriptors derived from experimentally 

reported PSC devices with RF models to predict PCE and open-circuit voltage (VOC). The 

acceptor bandgap and donor highest occupied molecular orbital (HOMO) are identified as the 

dominant descriptors governing PCE, whereas the acceptor lowest occupied molecular orbital 

(LUMO) and donor HOMO are identified as the key descriptors for VOC prediction. Sun et al. 
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[20] systematically compare different molecular representations and machine-learning 

algorithms using a database of 1,719 experimentally reported donor materials. They show that 

molecular fingerprints longer than 1000 bits combined with RF models achieve the best 

predictive performance. Recently, Zhu et al. [21] systematically compared molecular 

descriptors and fingerprint representations using four machine-learning algorithms on an 

experimental database of 1,586 NFA-based PSC devices. Although descriptor-based models 

achieve slightly higher prediction accuracy, they show that Morgan fingerprints provide 

superior generalization and computational efficiency for high-throughput screening. SHapley 

Additive exPlanations (SHAP) analysis identifies the D unit of Y6-series acceptors, the cyano 

group in the acceptor, and BDD-based donor fragments as key structural motifs associated with 

high PSC performance. Guided by these insights, they synthesized three new NFAs that achieve 

experimental PCEs up to 15.86%, with prediction errors below 3%. Zhang et al. [22] 

constructed an experimental database of 547 donor and acceptor pairs and developed an RF 

model using Morgan fingerprints for PCE prediction, while employing MACCS fingerprints 

for SHAP-based substructure interpretation. SHAP analysis reveals that six-membered-ring 

donor fragments and halogen-containing acceptor fragments are frequently observed in high-

performance PSC materials. They further recombined donor, acceptor, and π-spacer 

substructures to generate over 3.4 billion donor–acceptor combinations, identifying 14,296 

candidate devices with predicted PCEs above 14%, including 123 combinations exceeding 
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15.5%. Despite these advances, current ML studies remain limited by the lack of 

comprehensive experimental databases, interpretable frameworks that connect molecular 

structures with photovoltaic performance, and systematic assessment of model applicability for 

materials discovery. These limitations hinder the translation of ML predictions into reliable 

molecular design principles and practical materials discovery. 

In this work, we construct the largest experimental database of binary bulk-heterojunction 

(BHJ) PSCs reported between 2010 and 2025 and develop a structure-based machine learning 

framework for prediction, interpretation, and materials discovery. Using only donor and 

acceptor molecular structures as input, RF models achieve strong predictive performance for 

PCE, JSC, VOC, and FF. SHAP analysis further reveals the distinct donor and acceptor fragments 

governing individual photovoltaic parameters, enabling the establishment of parameter-

specific molecular design guidelines. We further demonstrate that the proposed framework 

reliably predicts previously unreported donor and acceptor combinations within the known 

chemical space and identify a series of promising PSC candidates with predicted PCEs 

exceeding 18.47% through large-scale virtual screening. 
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2. Methodology 

2.1 Dataset Construction and Preparation 

In this study, the database of binary BHJ PSCs is constructed through a systematic 

literature survey. Publications are retrieved from SciFindern using the keyword “polymer solar 

cell”. The resulting records are manually curated, and only studies of binary BHJ PSC devices 

containing extractable donor and acceptor structures, energy level information, and complete 

photovoltaic performance data are retained for database construction. To ensure consistency 

with experimentally accessible properties, the energy levels of materials are collected primarily 

from cyclic voltammetry (CV) measurements as reported in the original literature. Due to 

limitations in structural representation and Simplified Molecular Input Line Entry System 

(SMILES) conversion, polymeric donors and acceptors are approximated using their repeating 

unit structures. For copolymers, representative structures are constructed by connecting one 

unit of each constituent monomer, without explicitly considering molecular weight, sequence 

distribution, or compositional ratio. Certain material systems, such as modified fullerenes with 

complex side groups and metal–organic compounds, are excluded from the dataset due to 

difficulties in SMILES encoding and Morgan fingerprint generation, as well as their limited 

relevance to mainstream PSC material design.  

 

2.2 Molecular Representation 
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The chemical structures of donor and acceptor materials are manually reconstructed from 

the reported experimental literature using ChemDraw. These structures are subsequently 

converted into SMILES strings and molecular fingerprints using the RDKit package in Python. 

SMILES representations are used to record molecular structures, while Morgan fingerprints 

(also known as extended-connectivity fingerprints, ECFPs) [44] are employed as input 

descriptors for machine learning models. Morgan fingerprints encode atom-centered local 

chemical environments into fixed-length numerical vectors. Two key parameters govern the 

structural information captured by Morgan fingerprints: the radius (r) and the fingerprint 

dimensionality (nBits). The radius determines the spatial extent of each fragment, controlling 

the level of structural detail from local atomic environments to larger functional motifs. The 

fingerprint dimensionality defines the size of the feature space. To systematically evaluate the 

impact of these parameters, a grid of radius values (r = 3–8) and fingerprint dimensionalities 

(nBits = 512–131,072) is explored. The results indicate that models with nBits ≥ 8192 

consistently achieve higher and more stable test performance, while smaller fingerprint sizes 

(nBits ≤ 1024) lead to significant degradation due to increased feature collision. Considering 

both computational efficiency and model generalization, a fingerprint size of nBits = 8192 is 

selected. Within this feature space, model performance is relatively insensitive to the radius in 

the range of 3–8. Therefore, the choice of radius is guided by chemical interpretability. A radius 

of r = 5 is found to effectively capture chemically meaningful substructures, including 
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functional groups, representative monomer units, aromatic systems, and key fragment 

interactions. Each donor and acceptor molecule is independently transformed into a binary 

fingerprint vector using r = 5 and nBits = 8192. The final descriptor for each device is 

constructed by concatenating the donor and acceptor fingerprints, resulting in a 16,384-

dimensional vector representation. 

 

2.3 Model Training and Evaluation 

Following relevant studies, we use a random forest (RF) model due to its ability to capture 

complex non-linear relationships and its robustness in high-dimensional feature spaces [20, 22]. 

As an ensemble learning method, it aggregates predictions from multiple decision trees trained 

on bootstrapped samples, effectively reducing variance while maintaining strong predictive 

performance. In this work, RF regression models are constructed using the scikit-learn library 

in Python to predict device performance metrics, including PCE, JSC, VOC, and FF, as well as 

material electronic properties such as HOMO, LUMO, and bandgap for both donor and 

acceptor materials. Model performance is evaluated on an independent test set using Pearson’s 

correlation coefficient (R) and root mean squared error (RMSE). These metrics are calculated 

according to the following equations: 

R = ∑ ௜ݕ) − ௡௜=1(ݕ̅ ప̂ݕ) − ∑√(ݕ̅̂ ௜ݕ) − 2௡௜=1(ݕ̅ √∑ ప̂ݕ) − 2௡௜=1(ݕ̅̂  (1) 
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RMSE = ௜ݕ)∑1݊√ − ప̂)2௡ݕ
௜=1  (2) 

where ݕ௜ and ݕప̂ denote the experimental and predicted values, respectively, ̅ݕ and ̂̅ݕ are 

their corresponding mean values, and n is the number of samples in the test set. 

For model optimization, several hyperparameters are tuned using grid search with 5-fold 

cross-validation, including the number of trees (n_estimators), maximum tree depth 

(max_depth), and node splitting criteria (min_samples_split and min_samples_leaf). The 

optimal hyperparameter combination for the PCE prediction model is determined to be 

n_estimators = 1000, max_depth = 50, min_samples_split = 2, and min_samples_leaf = 1. 

 

2.4 Model Explanation via SHAP 

To understand the effect of chemical structure on device performance, we apply SHapley 

Additive exPlanations (SHAP) [45, 46] to compute feature-level contributions for each input 

chemical fragment derived from the Morgan Fingerprint. For a given feature i, the SHAP value 

߶௜ is defined as: 

߶௜ = ∑ |ܵ|! |ܨ|) − |ܵ| − ௌ⊆ி\{௜}!|ܨ|!(1 [ ௌ݂∪{௜}(ݔௌ∪{௜}) − ௌ݂(ݔௌ)] (3) 

where F denotes the set of all features, S is a subset of features excluding i, and f() represents 

the model prediction. The SHAP value quantifies the marginal contribution of feature i to the 

prediction relative to the model baseline. For each predicted property, global feature 
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importance is evaluated using the mean absolute SHAP value across all samples, while SHAP 

value distributions are analyzed to identify fragments with positive or negative effects on the 

target property. 

 

2.5 Shockley–Queisser Limit Analysis 

To benchmark the theoretical efficiency limits of PSCs, the experimental device 

performance is compared with the Shockley–Queisser (SQ) [47] detailed balance limit. The 

SQ limit represents the maximum attainable photovoltaic performance of an ideal single-

junction solar cell, assuming unity absorption above the bandgap, no absorption below the 

bandgap, and radiative recombination as the only unavoidable loss pathway. In this work, the 

effective bandgap (Eg) of each donor and acceptor pair is defined as the smaller value of the 

donor and acceptor bandgap [36]. This approximation represents the lowest-energy absorption 

onset in a binary bulk-heterojunction active layer and therefore determines the long-wavelength 

limit of photon harvesting. The theoretical SQ-limit values of PCE, JSC, and VOC in our work 

are obtained from the tabulated values reported by Rühle under AM1.5G illumination and 

standard test conditions [48]. The resulting relationships between experimental PSC 

performance and the corresponding SQ limits for PCE, JSC, and VOC are presented in Figure 3. 
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3. Results and Discussion 

3.1 Data Collection and Statistical Overview 

A total of 5,797 experimental data points of binary bulk heterojunction polymer solar cells 

are collected from 2,058 publications reported between 2010 and 2025. For model training and 

prediction capability evaluation, the dataset is split by year: data from 2010 to 2023 are used 

for model training, and newly reported devices from 2024 to 2025 are reserved for prediction. 

The 2010-2023 dataset contains 5,628 device entries, corresponding to 3,842 unique donor and 

acceptor combinations, including 2,474 donor materials and 832 acceptor materials. The 2024-

2025 dataset includes 169 new device entries, covering 121 previously unseen donor and 

acceptor combinations, with 59 new donors and 48 new acceptors. Table 1 exhibits an example 

of one dataset recorded in the database, including material names, experimental 

HOMO/LUMO/bandgap values, SMILES representations, and device performance metrics 

(PCE, JSC, VOC, and FF). Figure 1 shows the statistical distributions of the photovoltaic 

performance metrics (PCE, JSC, VOC, and FF) in the 2010-2023 dataset. In particular, Figure 

1(a) shows that both PCE and JSC exhibit a right-skewed distribution, reflecting the historical 

evolution of PSC materials. Early devices, primarily based on fullerene acceptors, manifest 

relatively low performance, with maximum values of approximately 11.5% for PCE [49] and 

22 mA cm-2 for JSC [50]. The introduction of non-fullerene acceptors (NFAs), such as ITIC and 

Y-series systems, significantly improves performance, reaching up to 18.6% for PCE [51] and 
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29.83 mA cm-2 for JSC [52]. The strong correlation between PCE and JSC can be seen in Figure 

2(a). The correlation coefficient between PCE and JSC is 0.95, which implies the JSC might be 

the dominant factor of improving PCE. In contrast, the relationships between PCE and VOC, as 

well as PCE and FF, are more scattered. Both VOC and FF can correspond to either high- or 

low-performance devices, indicating that their contributions are strongly coupled with other 

factors rather than acting as independent performance determinants. 

 

Table 1 A representative entry from our database includes molecular energy levels (HOMO, 
LUMO, and bandgap), chemical structure descriptors (SMILES), and device performance 
metrics (VOC, JSC, FF, and PCE), as illustrated using data from a reference [53] 

Materials 
HOMO 
(eV) 

LUMO 
(eV) 

Bandgap 
(eV) 

SMILES 

PM6 
(donor) 

-5.45 -3.63 1.82 

CCCCC(CC)Cc1sc(-c2c3cc(-c4ccc(-c5sc(-c6cc 

cs6)c6c5C(=O)c5c(CC(CC)CCCC)sc(CC(CC)
CCCC)c5C6=O)s4)sc3c(-c3cc(F)c(CC(CC)CC 

CC)s3)c3ccsc23)cc1F 

Y6 
(acceptor) 

-5.65 -4.10 1.55 

CCCCCCCCCCCc1c(/C=C2\C(=O)c3cc(F)c(F
)cc3C2=C(C#N)C#N)sc2c1sc1c3c4nsnc4c4c5s
c6c(CCCCCCCCCCC)c(/C=C7\C(=O)c8cc(F)
c(F)cc8C7=C(C#N)C#N)sc6c5n(CC(CC)CCC
C)c4c3n(CC(CC)CCCC)c21 

D-A combination VOC (V) JSC (mA/cm2) FF PCE (%) 
PM6:Y6 0.839 25.011 0.734 14.741 
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Fig. 1 Statistical distribution histogram of (a) PCE (blue) and JSC (red), (b) VOC (blue) and FF 

(red) in the 2010-2023 experimental literature 

 

 

Fig. 2 Plots of PCE vs. (a) JSC, (b) VOC, and (c) FF in the 2010-2023 experimental literature 
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To further evaluate the development of device performance, we compare the experimental 

values of PCE, JSC, and VOC with the theoretical Shockley–Queisser limit [47] as a function of 

the bandgap in Figure 3 (a-c), respectively. Here, the Eg is chosen as the smaller one of the 

donor and acceptor bandgaps. The results show that current devices remain significantly below 

the theoretical maximum PCE. Notably, many devices already approach the theoretical limit of 

JSC, whereas VOC still exhibits a gap from its corresponding limit. This indicates that although 

JSC has historically been the dominant factor in improving PCE, its enhancement is approaching 

saturation. In contrast, VOC remains the primary limiting factor for further efficiency gains. 

Furthermore, the SQ trends reveal an intrinsic trade-off: both PCE and JSC favor smaller 

bandgaps, while higher VOC requires larger bandgaps. This opposing tendency highlights the 

need to identify an optimal VOC within this trade-off space. As mentioned before in Figure 2(b), 

the observed VOC range of 0.8-1.0 V likely reflects an optimized operating regime. This is 

consistent with the approximated SQ limit, where the maximum PCE (~33%) is achieved at an 

Eg of around 1.3 eV, corresponding to VOC ≈ 1.0 V and JSC ≈ 34 mA cm-2. An important question 

that arises from this observation is whether these performance trends are encoded in molecular 

structure and can therefore be learned by structure-based machine learning models. To address 

this question, we next examine the predictive capability of random forest models trained 

directly on molecular fingerprints. 
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Fig. 3 A comparison of experimental PSC performance, (a) PCE, (b) JSC, and (c) VOC with the 

Shockley–Queisser (SQ) limit as a function of the bandgap (Eg). The black dashed lines 

indicate the corresponding theoretical SQ limits 

 

 



18 

 

3.2 Structure-based prediction of PSC performance 

Figure 4 displays the predicted and experimental values for four key device parameters: 

(a) PCE, (b) JSC, (c) VOC, and (d) FF via the optimized random forest models. In all cases, the 

data points are largely distributed along the diagonal reference line, indicating that the models 

successfully capture the underlying relationships between molecular structure and device 

performance. This tendency is quantitatively evaluated with Pearson’s coefficient (R) and root 

mean square error (RMSE) in Table 2. The models for PCE, JSC, and VOC prediction exhibit 

comparable performance, with R reaching 0.97 for the training set and 0.85 for the test set, as 

reflected in Figure 4 with training (blue) and test (red) data scattering. FF remains reasonably 

predictable (test R = 0.738), but its lower accuracy suggests contributions beyond molecular 

structure. This likely arises from its sensitivity to morphological and device-level factors, such 

as charge transport balance, molecular packing, and intermolecular interactions [54]. The 

RMSE further provides a quantitative measure of prediction uncertainty. For PCE, the RMSE 

corresponds to an approximate error range of ±2% for newly reported materials. The moderate 

gap in R value between training and test performance suggests mild overfitting, while still 

indicating acceptable generalization within the learned chemical space [55]. The extent of this 

limitation will be further examined in Section 3.3 through predictions on newly reported 

materials. 
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Fig. 4 Predicted versus experimental values of PSC device performance from the random forest 

model: (a) PCE (%), (b) JSC (mA cm-2), (c) VOC (V), (d) FF. Blue and red dots represent training 

and test set data, respectively. The diagonal dashed line represents perfect prediction 
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Table 2  Performance of random forest models on different prediction targets, including 
PCE, JSC, VOC, FF, and energy levels of donor and acceptor 

Prediction target 
Training set Test set 
R RMSE R RMSE 

PCE (%) 0.968 0.971 0.853 1.939 

JSC (mA/cm2) 0.970 1.481 0.848 3.050 

VOC (V) 0.965 0.038 0.825 0.077 

FF 0.938 0.045 0.738 0.084 

HOMO of Donor (eV) 0.910 0.076 0.766 0.121 

LUMO of Donor (eV) 0.902 0.113 0.806 0.160 

HOMO of Acceptor (eV) 0.917 0.085 0.870 0.103 

LUMO of Acceptor (eV) 0.713 0.116 0.645 0.119 

 

Table 3 compares the present model with previous studies that employed machine learning 

for PCE prediction. The advantages of our work can be summarized as follows. First, this study 

utilizes one of the largest experimentally collected PSC datasets, covering both fullerene and 

non-fullerene acceptors, enabling the model to capture broader material evolution trends. 

Second, the use of Morgan fingerprints provides a simple yet effective molecular representation 

without requiring additional quantum-chemical calculations or manual feature engineering, 

allowing the analysis to focus directly on structural effects. Third, the model achieves 

competitive performance for PCE prediction. In addition, the model is further evaluated using 

an external dataset derived from the Clean Energy Project Database (CEPDB) [15]. A randomly 

sampled subset (10% of the database) is used for prediction, yielding a strong correlation (R = 

0.82) between predicted and reference values. This result highlights the model’s ability to 

capture generalizable structure–performance relationships beyond the experimental dataset. 
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These advantages facilitate further investigation into model interpretability and the prediction 

of new materials. 

 

 

 

 

Table 3 Comparison of PCE prediction capabilities of binary bulk heterojunction polymer 
solar cells among various studies, including our results and related literature, highlighting 
different methods and achieved R of test set 

Data set Data Source Model Input 
ML 
models 

R values 
of test set 

Ref. 

5,628 Literature Morgan Fingerprint RF 0.853 Our 
results 221,367 CEPDB27 Morgan Fingerprint RF 0.820 

320 Literature 
Morgan fingerprint and 
energy levels 

KRR 0.78 Ref. [23]  

566 Literature 
Material properties and 
fingerprint 

RF 0.85 Ref. [24] 

290 Literature 

Descriptor of quantum 
simulation and statistical 
analysis 

GBRT 0.80 Ref. [25] 

500 Literature Morgan fingerprint RF 0.83 Ref. [22] 

565 Literature 
Fingerprints based on 
rational designs 

BRT 0.71 Ref. [26] 

1586 Literature 
Morgan fingerprint 
Mordred descriptor 

XGBoost 
XGBoost 

0.8444 

0.8603 
Ref. [21] 

2.3 
million 

CEPDB 

Descriptor of quantum 
simulation, statistical 
analysis, and molecular 
mass 

Linear 
regression 

0.916 Ref. [14] 
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To further investigate the key fragment signals captured by the RF models, SHAP analysis 

is performed for the device metrics. Figure 5 presents the top 20 influential fragments for 

predicting (a) PCE, (b) JSC, (c) VOC, and (d) FF. Acceptor-related fragments are labeled with 

(A), and donor-related fragments are labeled with (D). The corresponding acceptor and donor 

structural fragments are summarized in Tables 4 and 5, respectively. To facilitate chemical 

interpretation, fragments with clearly identifiable origins are represented by complete 

functional motifs or representative molecular substructures, such as the INCN-class end group 

(A) and PCBM-related structures (A). In contrast, fragments without specific molecular origins 

are retained in their original fragment forms, such as a linear unsaturated double bond (A) and 

a ketone group (D). The presence of each fragment in the materials is indicated in red, whereas 

its absence is indicated in blue. Fragments with concentrated red distributions in the positive 

SHAP region and blue distributions in the negative region can be regarded as key structural 

features that strongly promote the predicted property. 
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Fig. 5 SHAP summary plot showing the top 20 most important chemical fragments in the 

prediction model of (a) PCE, (b) JSC, (c) VOC, and (d) FF. Each point represents the SHAP value 

of one sample for a given feature. Red: presence of the fragment; Blue: absence. The further 

from zero, the stronger the influence of the fragment on the predicted PCE 
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Table 4 Representative acceptor structural fragments identified from SHAP analysis of the RF 
models 

Fragment name Diagram Fragment name Diagram 

INCN class end 
group 

 

PC71BM 

 

Linear 
unsaturated 
double bond 

 

PC61BM 

 

D unit of Y6-
series acceptors 

 

A’ unit of Y6-
series acceptor 

 

Alkyl side 
chains 

 

Indene unit 
 

Benzene without 
substituents 

 

Ketone group 

 

Fluorine 
substituent 
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Table 5 Representative donor structural fragments identified from SHAP analysis of the RF 
models 

Fragment name Diagram Fragment name Diagram 

Branched alkyl side 
chain on thiophene 

 

Thienothiophene 
unit 

 

Fluorine substituent on 
aromatic ring 

 

Thiophene fused 
ring 

 

Quinoid unit without 
substituents 

 

Thiophene 

 

Branched side chain 

 

Ketone group 
 

BDD unit 

 

Fluorine 
substituent 

 

Aromatic side chain on 
BDT unit 

 

Benzene 

 

BDT unit 

 

Thiophene bridge 
with side chain 

 

Thiophene side chain on 
aromatic ring  

BDT-thiophene 
 

Pyrrolopyrrole unit 
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Figure 5(a) presents the SHAP analysis of the PCE model, in which several fragments 

exhibit distinct positive and negative contributions to device performance. Among them, the 

INCN-class end group (A) shows the broadest and strongest positive SHAP distribution, 

indicating that it is one of the most critical structural motifs for achieving high PCE 

performance. Other fragments, including branched alkyl side chains on thiophene (D), fluorine 

substituents on aromatic rings (D), and the D unit of Y6-series acceptors (A), exhibit 

moderately positive contributions. Additional fragments, such as linear unsaturated double 

bonds (A), alkyl side chains (A), fluorine substituents (A), the A’ unit of Y6-series acceptors 

(A), branched side chains (D), and the BDD unit (D), show relatively weaker but still favorable 

contributions. Notably, all three key structural motifs of the Y6 architecture (ADA’DA) [56] 

are identified as positive contributors, with their importance ranked as the INCN end group (A 

unit), the fused D unit, and the A’ unit. In contrast, fullerene-related fragments, including 

PC71BM (A) and PC61BM (A), exhibit both positive and negative SHAP distributions, 

indicating that their contributions are partially offset across different device systems and have 

lower overall importance in determining high-PCE performance. Furthermore, unsubstituted 

benzene (A) and quinoid units without substituents (D) exhibit negative SHAP contributions. 

This trend suggests that the observed effect does not originate from the benzene or quinoid 

structures themselves, but rather from the absence of substituents. Together with the positive 

contributions of fluorine substituents on both donor and acceptor fragments, these results 
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highlight the critical role of fluorination in enhancing the PCE, consistent with numerous 

experimental studies [57-59]. 

Figure 5(b) shows that the overall SHAP contribution pattern of the JSC model closely 

resembles that of the PCE model. Among these fragments, the INCN-class end group and Y6-

series-related motifs remain dominant positive contributors, while PC71BM exhibits a 

relatively more positive distribution compared with the PCE model, implying that fullerene 

acceptors still retain certain advantages in charge transport and photocurrent generation. 

Figure 5(c) presents a markedly different SHAP contribution pattern for the VOC model, 

with fragment importance becoming more strongly dominated by donor-related structures. The 

BDT unit (D) shows the strongest positive contribution, indicating its important role in 

maintaining favorable energy-level alignment and suppressing voltage loss [60]. Conversely, 

pyrrolopyrrole units (D), thienothiophene units (D), and alkyl side chains on thiophene (D) 

exhibit negative SHAP contributions. Thiophene fragments (D) exhibit both positive and 

negative distributions, indicating that their influence strongly depends on the surrounding 

molecular environment and substitution pattern. On the acceptor side, alkyl side chains (A) and 

indene units (A) exhibit notable positive contributions, suggesting that branched side chains 

weaken excessive intermolecular coupling, suppress non-radiative recombination, and 

maintain favorable morphology [61]. 
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Figure 5(d) shows a more diverse SHAP fragment contribution in the FF model than those 

of the PCE, JSC, and VOC models. In addition to previously identified important motifs, the FF 

model places greater emphasis on branched alkyl side chains (D), fluorine substituents (D), and 

π-bridge-related acceptor fragments (A). These fragments are closely associated with 

intermolecular interactions, molecular packing, phase separation, and charge transport balance, 

reflecting the strong dependence of FF on morphology-related characteristics [54]. 

Overall, the SHAP analysis reveals two dominant structure–performance relationships in 

PSCs: acceptor-centered photocurrent generation governing JSC and donor-mediated electronic 

regulation governing VOC. These observations are consistent with recent SHAP-based studies 

by Zhu et al. [21] and Zhang et al. [22], which likewise identified Y-series acceptors and 

fluorinated donor motifs as key structural features associated with high-performance PSCs. 

However, previous studies primarily focused on interpreting PCE or applied SHAP for virtual 

screening, whereas our work systematically resolves the structural determinants of PCE, JSC, 

VOC, and FF individually. Our results establish a direct structure–performance framework 

linking molecular fragments to individual photovoltaic processes, providing mechanistic 

insights that can guide future molecular designs. 
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3.3 Prediction of newly reported PSC materials 

To further evaluate the applicability of our structure-based prediction model, predictions 

are performed on 121 newly reported PSC devices from 2024 to 2025 and compared with 

experimental values in Figure 6. When categorizing the new devices into combinations 

composed of known materials (red) and those involving newly introduced donor or acceptor 

structures (blue), a clear distinction emerges: systems constructed from previously reported 

materials scatter closer to the diagonal line and exhibit significantly higher prediction accuracy. 

Quantitative analysis in Table 6 shows that approximately 90% of these “known material” 

combinations fall within acceptable relative error ranges (RE ≤ 20%), whereas systems 

involving new materials exhibit a substantially larger deviation, with 40% below RE 20%. This 

result suggests that the model is well-suited for large-scale combinatorial screening within the 

chemical space of known materials, rather than for directly predicting the performance of a 

device with unseen materials. 
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Fig. 6 Predicted versus experimental PCE values for newly reported PSC materials, categorized 

by combination type. Systems composed of previously known donor and acceptor materials 

but forming new combinations (red), systems involving new donors or acceptors (blue) 

 

 

Therefore, in order to explore the potential of full data from 2010 to 2025, we retrain the 

model with the full database and screen all possible combinations of 2,533 known donor and 

880 known acceptor materials. In total, the device performance of 2,229,040 hypothetical 

Table 6 Prediction accuracy distribution categorized by the combination type of donor–
acceptor systems. Model performance is evaluated using relative error (RE) of PCE 
prediction, classified into three ranges: accurate (RE < 10%), moderate (10% ≤ RE < 20%), 
and poor (RE ≥ 20%) 

combination type 
Accurate  

(RE<10%) 
Moderate  

(RE 10-20%) 
Poor  

(RE>20%) 

Known materials 33.3% 55.6% 11.1% 

Unknown materials 16.5% 25.2% 58.3% 
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donor and acceptor pairs are predicted. Based on the predicted PCE, Table 7 shows the top 10 

donor and acceptor combinations (PCE ≥ 18.47%). First, the model demonstrates good 

predictive consistency for previously reported high-performance systems, where the relative 

prediction errors are generally below 5%. More importantly, the predicted high-performance 

region is not randomly distributed throughout the chemical space. Instead, three representative 

acceptors, DPz-F, LC301, and L8-BO, repeatedly emerge in combination with a diverse range 

of donor materials, as shown in Figure 7. Notably, these three acceptors all originate from 

modified Y6-series molecular architectures. Among them, L8-BO mainly involves side-chain 

engineering at the outer (β-position) of the Y6 framework. The introduction of branched alkyl 

side chains partially weakens excessive acceptor–acceptor aggregation while improving the 

formation of interconnected charge-transport pathways and strengthening donor–acceptor 

intermolecular interactions [62]. This structural optimization enables L8-BO systems to 

maintain balanced morphology while simultaneously improving charge transport and 

photocurrent generation. LC301 further introduces asymmetric modification on one side of the 

INCN-class end group. Such asymmetric molecular design enhances intramolecular charge 

redistribution and dipole characteristics, thereby improving molecular packing and reducing 

energy loss [63]. Compared with symmetric Y6-type acceptors, this strategy provides more 

flexible regulation of intermolecular interactions and electronic structure, allowing LC301-

based systems to achieve improved VOC while maintaining efficient charge separation. In 
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contrast, DPz-F adopts a stronger electron-withdrawing A’ unit together with side-chain 

engineering at the inner (N-position), where two molecular subunits are connected through a 

benzene-core-linked dimer architecture. This type of dimerized acceptor design enhances 

intermolecular interactions, charge delocalization, and molecular packing, while 

simultaneously suppressing non-radiative recombination losses [12]. As a result, DPz-F-based 

systems exhibit excellent balance among photocurrent generation, charge transport, and 

voltage retention, making DPz-F the most dominant acceptor appearing in the top-ranked 

candidate systems. Overall, these three acceptors exhibit strong advantages in charge 

generation, intermolecular interaction, energy-loss suppression, and morphology regulation. 

Therefore, it is reasonable that the RF model repeatedly identifies them as representative high-

performance acceptor frameworks within the explored chemical space. 

The donor materials paired with these acceptors can be broadly categorized into three 

representative groups: D18 derivatives (D18, D18-Cl, D18-ChCl, and DTTz-40), PM6-derived 

copolymers (PQB-2, D3, and PM6-CNBT-15), and PFBZ, as summarized in Figure 8. The 

donor D units in these systems are predominantly based on fluorinated or chlorinated 

benzodithiophene (BDT) frameworks combined with various acceptor units to construct 

conjugated copolymer backbones. These donor systems provide balanced charge transport 

capability, suitable energy-level alignment, and favorable intermolecular interactions, allowing 

them to effectively cooperate with highly optimized Y6-derived acceptors. 
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Table 7 Top 10 donor–acceptor combinations with the highest predicted PCE identified 
from large-scale combinatorial screening using the retrained random forest model 
Donor Acceptor Predicted PCE (%) Experimental PCE (%) 
D18 DPz-F 19.01 19.8 

D18-Cl DPz-F 18.95 - 

DTTz-40 DPz-F 18.84 - 

PQB-2 DPz-F 18.60 - 

D18-ChCl DPz-F 18.57 - 

D3 LC301 18.53 - 

D3 L8-BO 18.53 18.37 

PM6-CNBT-15 DPz-F 18.50 - 

PFBZ DPz-F 18.47 - 

D18 L8-BO 18.47 18.35 
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Fig. 7 Molecular structures of representative acceptors (DPz-F, LC301, and L8-BO) appearing 

in the top-ranked donor–acceptor combinations identified from large-scale combinatorial 

screening 

 

Fig. 8 Molecular structures of representative donors (D18, PFBZ, and PQB-2) appearing in the 

top-ranked donor–acceptor combinations identified from large-scale combinatorial screening 

 

Overall, these results indicate that the random forest model is most suitable for screening 

new combinations within the known chemical space. Analysis of the top 10 predicted 
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combinations further reveals that high-efficiency PSC systems are not randomly distributed, 

but are instead concentrated around a limited number of well-optimized Y6-series acceptors 

with ADA’DA architecture. The results are strongly consistent with the SHAP analysis 

discussed in Section 3.2. These insights provide a practical design guideline: 

(1) prioritize Y6-derived acceptor frameworks with ADA′DA architectures, where INCN-class 

end groups together with optimized backbone and side-chain engineering consistently 

dominate high-PCE systems;  

(2) employ donor molecular design, particularly BDT-based copolymer backbones, to regulate 

energy-level alignment and suppress voltage loss while maintaining efficient charge transport;  

(3) both the SHAP analysis and experimental statistics indicate that halogenated, especially 

fluorinated, donor and acceptor materials are strongly associated with enhanced PSC 

performance; 

(4) utilize machine learning models for rapid combinatorial screening within this physically 

meaningful design space. 

 

4. Conclusion 

In this work, we establish the largest experimental database of 5,797 binary bulk-

heterojunction polymer solar cell datasets reported between 2010 and 2025 and develop an 

interpretable structure-based machine learning framework. Random forest models using donor 

and acceptor Morgan fingerprints directly predict device performance, achieving R = 0.85 and 
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RMSE = 1.94% for PCE. Combined statistical and Shockley-Queisser limit analyses indicate 

that historical PCE gains are driven primarily by JSC, while further improvements increasingly 

depend on VOC and materials energy-level matching. Fragment-level SHAP analysis reveals 

specific structural roles. Y6-derived acceptors with ADA’DA architectures and INCN-type end 

groups contribute strongly to PCE and JSC, whereas donor fragments primarily govern VOC. 

Halogenated motifs, particularly fluorinated structures, on both donor and acceptor are 

consistently associated with favorable performance. These findings connect model 

interpretation with established molecular design strategies for high-performance PSCs. 

Our model shows its reliability for new combinations of known materials, supporting its 

use for combinatorial screening within represented chemical space. Screening more than 2.2 

million donor and acceptor pairs has identified a restricted high-performance region enriched 

in optimized Y6-derived acceptors and halogenated BDT-based polymer donors. Looking 

forward, model application and materials discovery could be further advanced by expanding 

new experimental data and incorporating geometry-aware molecular representations like three-

dimensional molecular graphs. Overall, this work demonstrates that combining large-scale 

experimental data with interpretable machine learning enables not only accurate prediction but 

also physically meaningful understanding of structure-performance relationships, providing a 

practical framework for rational molecular design and accelerated discovery of next-generation 

polymer solar cells. 
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