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Abstract: Defect-induced
recombination critically restricts the power

nonradiative

Machine learning

conversion efficiency (PCE) and stability
of perovskite solar cells (PSCs). Lewis
base additives show great promise in
defect passivation, but current screening
methods rely heavily on empirical trial and
error and lack clear design principles,
making it difficult to efficiently discover
high-performance candidate materials.
Here, we present a machine learning (ML)

framework to intelligently screen Lewis P tining

base molecules for defect passivation. We Qanalysis
trained six ensemble models on a dataset
of 146 experimental data points, with
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(LightGBM) yielding the best classification performance (87% accuracy). Shapley Additive Explanations (SHAP) interpretability

analysis subsequently identifies the highest occupied molecular orbi

(2.5 to 6.5 mg/mL), and simplified molecular backbones (O atom <

tal (HOMO) energy (—7.5 to —6.3 eV), additive concentration
2, C atom < 5) as critical design criteria. The ML prediction

was experimentally validated: (S)-pyrrolidine-3-carboxylic acid ((S)-PCA) and 2-methyl-1,3-cyclopentanedione (MCPD) (Class

II) improved PCE by 2.22% and 2.01%, respectively, while 3-hydroxymethyl-3-methylbutanenitrile (3-HMBN) (Class

showed minimal gain. Density functional theory (DFT) calculations

D)

further confirmed the stronger binding affinities and elevated

defect formation energies of Class Il additives. Notably, the champion (S)-PCA device achieved a PCE of 24.05%. This work

established an ML-accelerated paradigm for the rational design of defect passivators, bridging data science and photovoltaics.
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Organic-inorganic hybrid perovskite solar cells (PSCs)
have emerged as a leading photovoltaic technology driven
by their high power conversion efficiencies (PCEs), low
production costs, and facile fabrication processes!' *. Since
their initial report in 2009, the PCE of PSCs has surged
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from 3.8% to over 26%, now rivaling and, in some cases,
surpassing conventional photovoltaic technologies”. This
breakthrough is mainly attributed to the excellent
optoelectronic properties of halide perovskites, including
high absorption coefficient, low exciton binding energy,
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long carrier diffusion length, tunable bandgap, and high
carrier mobility®'?. Despite these advantages, the
commercialization of PSCs is hindered by the inherent
instability of the materials. The soft, ionic lattice inevitably
facilitates the formation of structural defects, particularly at
the surface and grain boundaries (GBs) of polycrystalline
films. These defect sites act as non-radiative recombination
centers, leading to open-circuit voltage losses and
accelerating the degradation of device efficiency and long-
term operational stability* .  Consequently, defect
passivation has become the crucial strategy for suppressing
recombination losses and inhibiting ion migration, which is
essential for enhancing PSC efficiency and stability.

To address this challenge, extensive research has been
conducted on various chemical passivation materials,
including small molecules"*"™,  polymers!'*>"
liquids®' %, and inorganic salts. Among these, Lewis base
small molecules (e.g., phosphine oxides, thiophenes) have
received considerable attention due to their effective
passivating properties™ 2. As electron donors, Lewis base
small molecules can coordinate with undercoordinated Pb*"
ions at perovskite grain boundaries or surfaces, forming
stable Pb—O/Pb—N bonds. This interaction suppresses deep-
level trap states, reduces non-radiative recombination, and
enhances film morphology by promoting uniform
nucleation during crystallization. Therefore, Lewis base
small molecules can significantly improve the overall
performance of the device. Their molecular tunability,
solution-processability, and applicability across various
device architectures further underscore their potential for
broad implementation. However, the discovery and
optimization of high-performance Lewis base passivators
remain largely empirical, relying on intuition-driven
screening that lacks a fundamental understanding of the
underlying structure-property-performance relationships.
Moreover, due to the vast molecular design space, this trial-
and-error approach is inherently inefficient™. Therefore,
establishing rational design principles is urgent to rapidly
and accurately guide the identification and development of
novel, efficient passivation materials, thereby accelerating
the advancement of perovskite photovoltaic technologies.

To overcome this inherent limitation, machine learning
(ML) has recently emerged as a transformative tool in
perovskite material design and device performance
optimization, leveraging its powerful data mining and
predictive capabilities® . Previous ML applications in
PSCs include identifying key molecular descriptors
correlated with efficiency in ammonium salts®”,
systematically evaluating organic halide salts for improved
stability®, and integrating drift-diffusion physical
modeling to select optimal passivators®?. However, ML
research specifically focused on Lewis base passivators is
still in its early stages. Currently, there is a lack of dedicated
feature descriptor libraries tailored for Lewis base
molecules in PSCs, as well as benchmark datasets that
systematically correlate molecular features with device
performance metrics such as PCE enhancement. As a result,

, lonic

existing studies are largely confined to performance
validation of individual molecules, leading to fragmented
research without generalizable design principles or
systematic screening strategies. This severely hinders the
rational design and rapid discovery of high-performance
Lewis base passivators.

In this work, we proposed an intelligent screening
framework based on data-driven ML to rationally identify
high-performance Lewis base additives. A dataset for
machine learning training was constructed by collecting 146
experimental data points from the literature. Six binary
classification prediction models were constructed using six
ensemble learning algorithms—including Random Forest
(RF), Extreme Gradient Boosting (XGBoost), Gradient
Boosting Decision Tree (GBDT), Light Gradient Boosting
Machine (LightGBM), Categorical Boosting (CatBoost),
and Adaptive Boosting (AdaBoost)—with a threshold of
PCE improvement rate =2%. The results show that the
LightGBM model exhibited superior predictive accuracy,
and subsequent Shapley Additive Explanations (SHAP)
analysis revealed key molecular descriptors that governed
passivation efficacy, providing in-depth mechanistic
analysis and guidance for the screening and design of
superior Lewis base passivators. The predictions of the
LightGBM model were verified through the binding energy
and defect formation energy calculated using the density
functional theory (DFT) method. Moreover, the model’s
predictions were further validated by applying three novel,
model-identified additives in device fabrication. The
champion additive, (S)-pyrrolidine-3-carboxylic acid ((S)-
PCA), yields a certified PCE of 24.05%. This work
highlights the immense potential of machine learning in
accelerating the identification of excellent Lewis base
additives for PSCs, which opens a new avenue for
developing more efficient perovskite devices.

1 Results and discussion

1.1 Dataset construction and feature engineering

In this work, we collected 146 data points from the
literature where Lewis base small molecules were used as
additives in PSCs, representing 44 distinct compounds.
These molecules demonstrated effective defect passivation
in PSCs. The target variable (Y) for the model is the
difference in power conversion efficiency (APCE), which is
calculated as the difference between the passivated and
initial PCE values (APCE = PCE,ivsea-PCEipisiat). APCE 1is
divided into two categories: Class [ (APCE < 2%) and
Class II (APCE = 2%). The APCE values of the Lewis
base small molecules are sourced from the literature.
Multidimensional features (X) are also included to
characterize the Lewis base molecules. We utilized the
simplified molecular input line entry system (SMILES)
from the PubChem database to obtain molecular structural
information™®.  Subsequently, 7 descriptors—including
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atomic composition, physicochemical properties (computed
via the RDKit library), electronic structure parameters
(obtained from DFT -calculations, such as the highest
occupied molecular orbital (HOMO) energy, the lowest
unoccupied molecular orbital (LUMO) energy), and the
dipole moment—were incorporated. Furthermore, we also
included the molecular concentration (MC) reported in the
literature, resulting in a 20-dimensional feature space. The
detailed definitions of these features are shown in Table 1.

To address the challenges posed by high-dimensional
features and the limited sample data size®", a three-tiered
feature engineering system was developed. First, we
quantified the linear correlation between feature pairs using
the Pearson correlation coefficient (r) (Figure SI1)P%.
Features with || > 0.8 were considered highly correlated,
allowing for the selection of a representative feature while
excluding the redundant counterpart®*>”. For example,
HAC was excluded due to its high correlation with the C
atom (|r| = 0.94), and EM was removed due to its perfect
correlation with MW (J¢| = 1.0). This filtering step
substantially reduced feature redundancy (Figure 1).
Subsequently, the dataset was discretized into a binary
classification sample space, revealing a significant class
imbalance (Class I :Class Il = 74.66%:25.34%, a sample
ratio of 2.95:1) (Figure S2). This imbalance typically leads
to model bias, causing the model to favor the majority
class®*,

H atom = -010
O atom = 011
N atom - 014
S atom = -0.06
HOMO - on
LUMO - oz
Gap - o1
DM - on
MW - -6
HBD - 020
HBA --013
RBC =-017

TPSA - 004

o =z

Table 1 Definition of the 20 features for the organic small
molecules in this study

Feature Definition

C atom, H atom, O atom, number of carbon, hydrogen, oxygen,
N atom, S atom nitrogen and sulfur atoms

highest occupied molecular orbital

HOMO energy encray/eV

LUMO energy lowest unoccupied molecular orbital
energy/eV

MiogP molecu.lar lipid-water partition
coefficient

TPSA topological polar surface area/A’

HBD number of hydrogen bond donors

HBA number of hydrogen bond receptors

RBC rotatable bond count

MCP molecular complexity

HAC heavy atom count

Gap HOMO-LUMO gap/eV

MC molecular concentration/(mg-mL )

MW molecular weight/(g-mol_l)

RS number of rings

DM dipole moment

EM exact mass(Da)

-0.4

-0.2

%]
-4

]
M
-4

TPSA + :

Fig. 1 Pearson correlation coefficient matrix of the 17 selected features
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To address this issue, we employed the Synthetic
Minority Over-sampling Technique (SMOTE) to correct the
class imbalance™. This adjustment effectively balanced the
class distribution, increasing the ratio of Class I to Class
Il to 1.20:1 (Figure S2), thereby improving the classifier’s
sensitivity to minority class data. Finally, Min-Max
normalization was applied to all numerical features, scaling
each feature to the [0, 1] range to eliminate the influence of
dimensional differences during model training. This
progressive data processing framework significantly
improved the generalization ability and convergence
efficiency of subsequent ML models.

1.2 Model training and comparative evaluation

In a supervised ML framework, the model learns the
mapping relationship between input variables X and output
variables Y by training on a labeled dataset. ML tasks are
conventionally categorized based on prediction objectives
into regression (predicting continuous labels) and
classification (predicting discrete labels). Although both
regression and classification models are applicable, the
classification approach demonstrates superior generalization
capability when handling small-scale datasets (n = 146).
Consequently, this work employed classification algorithms
to construct ML models, implementing six ensemble
learning methods for comparative analysis: RFM"
XGBoost*, GBDT", LightGBM™! CatBoost* and
AdaBoost™.
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The dataset was split into training and testing sets in a
4:1 ratio, with the training and testing sets used for model
development and performance evaluation, respectively. All
models underwent hyperparameter optimization via
Bayesian optimization with five-fold cross-validation*.
Each model’s optimal hyperparameter configuration
(detailed in Table S1) was determined through 50 iterations
of the search process, strictly confined to the training set to
prevent data leakage. It is worth noting that we used
accuracy as the main metric for evaluating classification
performance. As shown in Figure 2(a), the LightGBM
model achieved an accuracy of 87% on the test set,
indicating its high overall predictive correctness. To
quantify the statistical significance of the observed
performance differences, McNemar test was conducted. The
analytical results showed that no statistically significant
difference in test accuracy between LightGBM and RF (p =
0.48), GBDT (p = 0.48), XGBoost (p = 1.00), CatBoost (p =
1.00), or AdaBoost (p = 0.45). To further evaluate the
model’s discriminative  ability, Receiver Operating
Characteristic (ROC) analysis and corresponding Area
Under the Curve (AUC) values were examined (Figure 2(b)
and Figure S3). The ROC curves illustrate the trade-off
between true positive rates and false positive rates across
various decision thresholds, while AUC quantifies the
model’s ability to distinguish between classes. Herein, the
AUC values for both Category I and Category II were 0.82,
indicating that the LightGBM model has strong inter-class
separability.
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Fig.2 (a) The accuracy of the ML ensemble model; (b) The ROC curve of the LightGBM model on the test set; (¢) The confusion
matrix of the LightGBM model on the train set; (d) The confusion matrix of the LightGBM model on the test set
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The micro-average AUC was 0.89, and the macro-
average AUC was 0.84, further validating the model’s
performance from the perspectives of sample-level
performance and class balance. Finally, the classification
accuracy of the model was validated using confusion
matrices. The confusion matrices for both the training and
testing sets (Figure 2(c), (d)) exhibit high and stable
classification accuracy. Results on the test set (Figure 2(d))
demonstrate that among the 24 Class [ samples, 3 were
misclassified as Class I ; conversely, only 1 of 6 Class II
samples was incorrectly assigned to Class I . This indicates
that the LightGBM model not only demonstrates superior
discriminative capability compared to other models but also
possesses strong generalization performance (Figure S4).
Considering the accuracy metrics, ROC-AUC analysis, and
confusion matrix evaluation supports the superior predictive
performance and generalizability of the LightGBM model.
Therefore, LightGBM was selected as the final predictive
model for this work.

1.3 SHAP-driven interpretability and design criteria

The Shapley Additive Explanations (SHAP) method,
proposed by Lundberg and Lee, utilizes game theory to
explain the predictions of machine learning models. This
work employs this method to deeply analyze the
contribution of each feature to the prediction results.
Figure 3(a) presents the importance ranking of input
features X for the two output classes Y, based on the average
absolute SHAP values. The larger the average absolute
SHAP value of a feature, the greater its influence on the
classification result. The results show that the HOMO
energy, MC, O atom and C atom are the four most
influencial features, having a significant and consistent
impact on the molecular classification results for both
output classes (Figure S5 and S6).

Figure 3(b) illustrates the SHAP summary for the
prediction of class II. A slight vertical jitter was introduced
to ensure the visibility of all data points. Positive SHAP
values indicate a positive contribution to class II
classification, whereas negative SHAP values indicate a
negative contribution. Analysis reveals that the feature
values of O atom and C atom are negatively correlated with
SHAP values, while HOMO energy and MC exhibit a trend
of initially increasing and then decreasing SHAP values.
This clearly demonstrates the direction and strength of the
contributions of these features to the classification of
Category II.

Figure 3(c)—(f) further explore the quantitative impact of
these important features on the class II prediction:

(1) HOMO energy: when the HOMO energy is in the
range of —7.5 to —6.3 eV, its SHAP value becomes
significantly positive (Figure 3(c)).

(2) MC: an MC in the range of 2.5 to 6.5 mg/mL yields a
peak contribution (Figure 3(d)).

(3) Molecular Structure: the number of oxygen atoms <

2 (Figure 3(e)) and the number of carbon atoms < 5 (Figure 3
(f)) both show a positive effect, indicating that simplifying
the molecular backbone enhances passivation performance.

Based on these findings, we proposed a multi-parameter
collaborative optimization range: HOMO energy (=7.5 to
—6.3 eV), MC (2.5 to 6.5 mg/mL), O atom < 2 and C atom
< 5. This quantitative standard reveals the nonlinear
coupling relationships between characteristic parameters,
which establishes a measurable theoretical framework for
the rational design and performance prediction of Lewis
base passivators. This framework effectively bridges the
predictive power of ML models with material design
principles.

1.4 Molecular screening prediction and verification

To validate the predictions of our model, three previously
unexplored Lewis base molecules—3-hydroxymethyl-3-
methylbutanenitrile (3-HMBN), 2-methyl-1,3-
cyclopentanedione (MCPD) and (S)-PCA—were selected
for theoretical and experimental investigation. We
performed density functional theory (DFT) calculations to
evaluate the electrostatic potential (MEP) distribution of the
molecules™ ™ (Figure 4(a)—(c)). The results confirmed that
these molecules possess Lewis basic properties, as
significant negative electrostatic potentials were observed
on the N and O atoms.

These atoms can coordinate with the under-coordinated
Pb®" ions, promoting electrostatic interaction with the
perovskite surface?. To further investigate these
interactions, the binding energies of the three molecules
with the most stable Pbl,-terminated (001) perovskite
surface were calculated (Figure S7)!'l. The results show
that the binding energies of 3-HMBN, MCPD and (S)-PCA
are —0.71, —0.82 and —0.92 eV, respectively. This indicates
a favorable interaction, with (S)-PCA exhibiting the
strongest and most stable binding affinity.

Furthermore, we evaluated the defect formation energies
of the pristine perovskite (0.91 eV) and the passivated
systems. The defect formation energy increased
significantly to 2.25 eV (3-HMBN), 2.27 eV (MCPD) and
2.38 eV ((S)-PCA), indicating that these candidate
passivating agents can effectively suppress the formation of
intrinsic defects. The calculated binding energies and defect
formation energies (Figure 4(d)) exhibit excellent
correlation with the LightGBM model predictions: higher
binding energies and defect formation energies correspond
to more effective defect passivation. Consequently, Class I
molecules ((S)-PCA and MCPD) exhibit higher APCE
values than the Class I molecule (3-HMBN), predicted
with the highest classification probability (95.83%),
demonstrated superior theoretical performance compared to
MCPD (92.28%). In contrast, 3-HMBN was predicted as a
Class I molecule (75.19% probability), which is consistent
with its lower APCE and weaker passivation ability. These
findings provide strong theoretical support for the model’s
ability to distinguish effective passivators.



MENG Jiangtao et al.: Machine learning-assisted discovery of Lewis base

@ Homo

MC
O atom

C atom

H atom .
MLogP
TPSA
HBA
DM

N atom N
HBD
RBC N

LUMO Il
MW

Gapll
RS|
S atom|

0 0.25 0.50 0.75 1.00 1.25 1.50 1.75
Mean (|[SHAP value|)

mm Class [
mm Class 11

©

SHAP value

[

o
@
o

°
]

-8 =7
HOMO/eV

1.0
0.8 F

0.6 F
0.4 F
0.2

o ® © owo

SHAP value

70.2 -
~04|

®6 6 ®
® oEm

o ®

-0.6

[\S]
N

O atom

(b)

/J Fuel Chem Technol, 2026, 54(7), 20250322 (6 of 10)

High
HOMO ERRTR

O atom
C atom
H atom
MLogP
TPSA
HBA .
DM
N atom
HBD
RBC
LUMO
MW
Gap
RS
S atom

Feature value

Low

-1.5-1.0-05 0 05 1.0 15
SHAP value

1.5 Hd
1.0}

0.5F

SHAP value
S
W

10 15 20
MC/(mg-mL")

0.6

()
04}

02 F

SHAP value
S
3]

|
<
~
T

16 18

8 10
C atom

12 14

Fig. 3 (a) The ranking of feature X importance for both Class I and Class I obtained from the LightGBM model; (b) The SHAP
values of various features X with different values for Class I, where the color bar on the right indicates the relative value size of
features X; The relationships between the values of important features and their SHAP values:

(c) HOMO; (d) MC; (e) O atom; (f) C atom

To experimentally wvalidate these theoretical and
computational findings, we fabricated FTO/SnO,@
TiO,/perovskite/PEAI/Spiro-OMeTAD/Au  devices. The
additives were introduced into the perovskite precursor
solutions at their optimal probability MC predicted by
LightGBM: 3-HMBN (1.0 mg/mL), MCPD (4.5 mg/mL)
and (S)-PCA (4.5 mg/mL). Under ambient conditions, we
measured the current density-voltage (J-V) characteristics of
the control device and the target devices under AM1.5G
illumination (100 mW/cm?), as shown in Figure 4(e), with
the corresponding photovoltaic parameters summarized in

Table S2. The results show that the power conversion
efficiency (PCE) of all three modified devices was
significantly improved compared to the control device
(21.85%). Furthermore, the PCE statistics, as shown in the
histogram of 14 devices in Figure 4(f), indicate excellent
reproducibility. Notably, the (S)-PCA device achieved the
highest certified PCE of 24.05%, marking a substantial
improvement of 2.22%. The close agreement between
experimental data and theoretical modeling further validates
the the reliability of our ML-based predictive model.
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To gain deeper insights into the passivation effect of the (a) and Table S3), indicating a drastic suppression of non-
champion additive, (S)-PCA, we conducted the steady-state radiative recombination losses®* ', We further performed
photoluminescence ~ (PL) and the time-resolved quantitative evaluation of the electron transport device
photoluminescence (TRPL) analyses to analyze the charge (FTO/SnO,/perovskite/PCBM/Au) using space-charge-
generation and recombination kinetics for different limited current (SCLC) measurements, which determined

perovskite films. The (S)-PCA film exhibited enhanced PL the trap state density (V,) based on the trap-filling limit
intensity and a significantly longer decay time (621.32 ns) voltage (V)P (Figure 5(b)). The Vi values for the
compared to the control film (445.36 ns) (Figure S8, Figure 5 control and films were 0.552 and 0.356 V, respectively.
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Fig. 5 (a) TRPL spectra of control and (S)-PCA films on glass substrates; (b) Dark current-voltage characteristics of electron only
devices with and without (S)-PCA passivation; (c) J-¥ curves of control and (S)-PCA champion devices under reverse and forward
scanning; (d) IPCE spectrum and corresponding integrated J,,
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This indicates to a significant reduction in N, from 5.94 x
10° cm™ (control) to 3.83 x 10“ cm™ ((S)-PCA),
definitively showing that (S)-PCA effectively represses
defect formation.

Electrochemical  impedance  spectroscopy  (EIS)
measurements (Figure S9 and Table S4) showed a decrease
in the charge transfer resistance (Rct) of the (S)-PCA
device, indicating higher charge extraction and transport
efficiency, which is consistent with a lower density of
defect state®®?). To systematically evaluate the impact of (S)-
PCA modification on device performance and hysteresis
effects, current density-voltage (J-V) characteristics were
measured under both forward and reverse scans. As shown
in Figure 5(c), the champion (S)-PCA device demonstrated
superior performance across all metrics: PCE of 24.05%,
V.. of 1.112 V, J. of 26.11 mA/cm?* and FF of 82.84%, with
significantly reduced hysteresis compared to the control
device (Table S5). Furthermore, the (S)-PCA-based device
exhibited significantly enhanced incident photon-to-electron
conversion efficiency (IPCE) across nearly the entire
spectral range, as shown in Figure 5(d). The integrated J
values reached 25.03 and 25.52 mA/cm?, for the control and
(S)-PCA devices, respectively, which are very close to the
J,. values measured from J-V curves (deviation < 5%). This
consistency further validated the superior optoelectronic
performance of the (S)-PCA device.

2 Conclusion

In summary, we developed a ML-driven framework for
the rapid and rational identification of high-performance
Lewis base passivators in PSCs. By combining
experimental datasets with multidimensional molecular
descriptors (electronic, structural, and compositional
features), the LightGBM model achieved excellent
predictive accuracy (87%) in predicting additives capable of
increasing PCE by = 2%. SHAP-based interpretability
analysis identified key molecular design rules governing the
passivation performance: a lower HOMO energy (—7.5 to
—6.3 eV), an optimal MC window (2.5 to 6.5 mg/mL), and
reduced numbers of O and C atoms (< 2 and < 5,
respectively). The accuracy of the ML model was validated
through both experimental assessments and DFT
calculations. Ultimately, a device modified with (S)-PCA
achieved a record-high certified PCE of 24.05% (APCE =
+2.22%). This work not only delivers a high-efficiency
passivator but also establishes a generalizable, ML-
accelerated paradigm. This effectively reveals the complex
structure-performance relationships in PSCs materials,
paving the way for data-driven discovery of next-generation
photovoltaic materials.
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