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Abstract

Optimizing perovskite solar cells (PSCs) requires precise control of solution chemistry
and functional additives. However, limited experimental data hinder systematic
discovery. Here, we integrate 1,540 carefully selected experimental device records
with 4,000 synthetic data points generated by a beta-variational autoencoder to
investigate solution parameters and organic additives governing device performance.
A residual neural network trained on this hybrid dataset achieves strong predictive
accuracy with an R? of 0.87 for power conversion efficiency. Even when trained
solely on synthetic data, the model attains an R? of 0.785. Within this framework, 733
organic additives with diverse functional groups were evaluated to identify molecular
features that enhance absorber quality. High-efficiency PSCs are associated with
solution concentrations above 1.3 molar and elevated formamidinium iodide (FAI)
ratios, in combination with additives containing benzene rings, methylene, and
amine groups. Notably, a composition comprising FAI (1.05), cesium iodide (0.03),
methylammonium chloride (0.3), lead(ll) iodide (1.5), and a molybdenum trioxide
interlayer, combined with 1,3-dihydro-1-[1-(phenylmethyl)-4-piperidinyl]-2H-
benzimidazol-2-one as an additive, yields a PCE of 25.66%. This additive was absent
from the training data, demonstrating the capability of the proposed framework to
discover novel and effective organic additives for PSC optimization.

Keywords: Perovskite solar cell; Experimental data; Synthetic data; Additive

1. Introduction

The development and discovery of optimal and efficient materials and structures in
materials science and chemistry require substantial investment and extended timeframes.
Furthermore, the interplay of multiple factors influencing outcomes, as well as the
interdependence of various parameters, underscores the necessity for additional
experimentation. In recent decades, considerable efforts have been devoted to enhancing
efficiency and sustainability while minimizing the use of toxic elements, leading to
significant advancements in the field. However, researchers continue to face numerous
challenges before these devices can be commercialized. For instance, although organic
additives have emerged as a crucial factor in enhancing stability and final efficiency—
demonstrating significant potential for further stability improvements and Power
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Conversion Efficiency (PCE)—a comprehensive study
examining the various types of these additives and their
effects on the absorber layer has yet to be conducted. A
practical solution is to leverage past experimental
experiences and their outcomes to avoid unnecessary
repetitions. Recent advancements in artificial intelligence
(AI) and innovations in neural network architecture and
machine learning algorithms have inspired researchers
across scientific disciplines to adopt these emerging
technologies. Notably, promising developments have been
reported in applying AI within materials science.
Nevertheless, more rigorous and innovative efforts are
required to streamline experiments, accelerate progress,
and develop new optimal compounds. In the domain of
perovskite solar cells (PSCs), there is substantial potential
for applying AL owing to the abundance of laboratory data
and the collective experience of researchers worldwide.'
While the effectiveness of machine learning-based
algorithms in evaluating factors influencing cell
performance is well established, their application in
predicting photovoltaic parameters remains in its nascent
stages.*® This limitation arises primarily from several
challenges. First, the complex and numerous relationships
affecting final device performance complicate the analysis
of these interactions.”"" Second, limitations in existing
datasets necessitate the collection of new data, which is
often time-consuming and costly.”? For instance, in the
case of a mixed-cation, mixed-metal perovskite containing
formamidinium, cesium, tin, and lead with iodide anions,
the lack of experimental data led A.D. Kapim Kenfack and
colleagues to generate non-experimental data using the
solar cell capacitance simulator in one dimension
(SCAPS-1D)."* However, the multitude of parameters and
diverse manufacturing methods necessitate a substantial
amount of data to effectively train machine learning
models and neural networks.'**® Additionally, the use of
laboratory simulators has proven insufficient due to the
numerous  assumptions introduced to  simplify
calculations.””® For instance, efficiency values and
photovoltaic parameters calculated using SCAPS-1D
software exhibit significant discrepancies when compared
with laboratory measurements.** Furthermore, critical
factors influencing final efficiency, such as the precursor
molar ratio, the antisolvent employed, and other laboratory
parameters, are not incorporated into the software.??
These factors, combined with existing simplifications,
contribute to the observed discrepancies between
laboratory and simulation results.”® Third, perovskites
incorporating newer compounds and lead-substituted
cations have not received sufficient attention, further
impeding data collection in this domain.” In addition, the
quality of available data varies considerably, leading to

potential overlap or redundancy.?*® Similar to machine
learning algorithms, multilayer neural networks require
large datasets for effective learning, with the required
dataset size increasing alongside the number of features
and model complexity.*' The perovskite database,
developed by Jacobson and colleagues, serves as a valuable
resource, encompassing over 43,000 PSC performance
entries spanning from 2009 to 2024. This database supports
machine learning-based research and reduces the need for
extensive experimental testing.*> Leveraging this database,
FJ. Kusuma et al. achieved a coeflicient of determination
(R?) of 0.751 for PCE prediction.*® However, the practical
utility of this dataset remains limited due to incomplete
data and the lack of consideration for laboratory
characteristics, such as precursor quantities, among other
factors. Additionally, to address data scarcity, Sh. Zhao et
al. enhanced training samples through feature
transformation with the feature mask method, achieving a
root mean square error (RMSE) of 0.833% and a Pearson
correlation coefficient of 0.980.** However, the model was
tested using only 10 samples, indicating a need for
additional data to further evaluate its robustness. Therefore,
the adoption of innovative methods for predicting the
performance of PSCs is essential for advancing the
development and practical application of these
technologies. In our previous work, we improved model
accuracy in predicting final efficiency by generating only
100 synthetic data points using neural networks such as
autoencoders and a conditional generative adversarial
network (CGAN), along with architectural modifications.*
In this study, we have successfully generated a synthetic
dataset comprising 4,000 data points using models based
on deep learning and neural networks. This was achieved
by employing a beta-variational autoencoder (B-VAE)
architecture, which was adapted for dense layers. The
training data utilized for the network were sourced from
reliable journals, including Nature, the American Chemical
Society, Science, Elsevier, the Royal Society of Chemistry,
and Wiley Online Library. Following a rigorous data
separation and cleaning process to eliminate outliers, 1,540
structures were obtained. The synthetic dataset was
generated incrementally, allowing the network to acquire
the necessary values for effective training. Initially, 200
data points were generated sequentially. At each stage, the
newly generated data were integrated into the synthetic
dataset, resulting in a total of 4,000 data points. All data
were sourced from the optimized model and subjected to
multiple quality assessments to ensure integrity. By refining
this process and optimizing the model, additional data can
be generated to further enhance network training and
predictive performance. For evaluation, both classical
machine learning models and modern deep neural
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networks were employed, utilizing the original dataset and
a composite dataset consisting of both synthetic and
original data. Among classical models, Gradient Boosting
(GBoost), Extreme Gradient Boosting (XGBoost), Extra
Tree (ETree), and Random Forest (RF) demonstrated the
highest accuracy when tested on 151 new data points,
achieving coefficient of determination (R?) values of 0.822,
0.822, 0.812, and 0.798, respectively. Conversely, after
training on the composite dataset, the residual neural
network (ResNet), XGBoost, GBoost, and ETree attained
R? values of 0.870, 0.867, 0.857, and 0.856, respectively, on
the test set. Overall, this comparison highlights a substantial
improvement in accuracy for modern neural networks,
underscoring the superior capacity of deep learning
models. The incorporation of synthetic data enables deep
models to leverage additional information, thereby
enhancing their generalizability through effective feature
learning. On the other hand, classical models typically do
not require large datasets to achieve their optimal learning
potential. Their accuracy improvements are driven more
by data quality and diversity than by dataset size. This
suggests that the model has effectively learned the
underlying data distribution and that the generated data
meet the required quality standards. In the subsequent
phase, we analyzed 733 structures containing various
organic additives and constructed a dataset based on their
functional groups. This led to the development of a trained
model with a mean absolute error (MAE) of 0.3982,
designed to identify organic molecules that effectively
enhance the photovoltaic properties of the absorber layer,
thereby improving PCE and overall stability. Additionally,
20 new candidate molecules are proposed for experimental
consideration. In conclusion, to enable researchers in this
field to leverage models trained on artificial and large-scale
datasets while minimizing the need for extensive
experimentation, a Python-based system that learns from
laboratory and synthetic data has been developed. This
system predicts the photovoltaic parameters of structures
and recommends optimal material configurations, thereby
reducing the reliance on costly experimental trials. By
extending this methodology across various laboratory
disciplines, = researchers  can  avoid  repetitive
experimentation in the pursuit of optimal material
structures.

2. Methodology

This research is structured as follows: (i) research and
testing to evaluate the most important features affecting
the performance of the perovskite cell; (ii) collecting
targeted, high-quality data while eliminating structures
with incomplete features and unreasonable PCE. This
process removed redundant features and enhanced model

performance by leveraging the most relevant information;
(iii) implementing various generative neural network
models, such as generative adversarial network (GAN),
CGAN, B-VAE, and U-shaped convolutional neural
network (U-Net), while modifying the architecture and
implementation on the existing dataset. Table S1 lists all
the abbreviations used. Among these models, the f-VAE
architecture was selected as the most efficient model for
generating synthetic data to enhance the primary dataset
andimprove predictionaccuracy; (iv) application of classical
machine learning models and deep neural network-based
models for training, validation, and evaluation using both
the main and concatenated datasets. Finally, the features
influencing PCE were identified, and the enhanced models
were utilized to predict optimal structures and to assess the
effects of new organic additives on these structures. The
overall enhanced learning workflow is shown in Figure 1.

2.1. Construction of the dataset

To address the scarcity of laboratory data in materials-
related fields, particularly in perovskite research, several
stepswere undertaken to develop amoreaccurateand robust
model. First, a dataset comprising 1,540 high-quality data
points was compiled from 310 publications between 2013
and 2024. This collection includes articles from esteemed
journals such as Nature, the American Chemical Society,
Science, Elsevier, the Royal Society of Chemistry, and Wiley
Online Library. The dataset contains values ranging from
0.12 to 24.33. Based on prior knowledge, intuition, and
testing of significant parameters, a total of 24 parameters
were identified as influential features. These include the
molar amounts of precursors (methylammonium iodide,
formamidinium iodide (FAI), cesium iodide (CsI), cesium
bromide, methylammonium bromide, methylammonium
chloride, lead(II) iodide [PbL ], lead(II) bromide, lead(II)
chloride, tin(II) iodide [SnL], tin(II) bromide, tin(II)
chloride, lead(II) thiocyanate, and tin(II) fluoride),
solvents (N, N-Dimethylformamide, dimethyl sulfoxide,
and gamma-butyrolactone), antisolvent polarity index
values, perovskite annealing temperature, electron and
hole transport layers (ETL and HTL), back contact,
and interlayer or insulating layer (Table 1). Feature
interrelationships were analyzed using Spearman’s rank
correlation matrix (Figure S1). All 24 features were
retained, as each contributes distinct information to the
PSC structures, and no redundant variables were identified
for removal. To reduce unnecessary complexity, low-
impact parameters such as the thickness of the electron
and hole transport layers were excluded. Distribution
plots for all features are shown in Figure S2. To further
enhance the relevance and applicability of the research,
only structures fabricated using the one-step perovskite
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layer deposition and spin coating methods were included. and intuitive analysis, it is essential to present the dataset
Structures prepared using alternative methods, such as and the relationships among variables using various
dip coating, chemical vapor deposition, Vienna ab initio formats, including statistical charts and correlation
simulation package, and spray, were excluded. The final analyses. A comprehensive understanding of both
cell efficiency was also considered a target variable in the quantitative and qualitative relationships within the data
reverse prediction. The PSC structures used in this study significantly aids researchers in data collection and in
are presented in Table S2. To enhance model usability and discerning the relationships among different parameters
enable accurate predictions prior to the layer synthesis and their relevance. Recognizing the importance of
and fabrication, specific molar amounts of precursors different features helps identify critical ones and eliminate
and solvent ratios were utilized, rather than relying those that are unnecessary. In this context, a bar chart,
solely on perovskite type or cation-anion nomenclature. derived from both quantitative and qualitative analyses,
Furthermore, to broaden the applicability of this research is used to illustrate the distribution and range of power
and to examine the effects of various additives, data were conversion efficiencies (Figure S3), thereby providing an
compiled based on the presence of distinct functional overview of the dataset. Descriptive statistics, including
groups associated with different organic additives. These the mean, median, standard deviation, and graphical
functional groups include hydrazine, ester, hydroxyl, representations, are employed to convey the data clearly
nitrile, imide, amine, amide, ether, methyl, methylene, and effectively. According to the diagram, the PCE values
ketone, halides (iodine, bromine, and chlorine), alkene, predominantly fall within the ranges of 4-10% and
ammonium, trifluoromethyl, benzene, thiocyanate, 14-20%, which together contain the highest data point
aryl halide, tert-butyl, pyridine, thiophene, thioketone, values. This relatively normal distribution is expected to
sulfonate, and imine. In this context, the difference improve model efficacy and enhance learning outcomes.
between the final PCE of the reference structure and that Additionally, an analysis of data density reveals that the
of the structures containing the additive is regarded as the values are more concentrated in the mid-range. The decline
target variable. in data density for PCE values exceeding 20% highlights

For an initial preview of the data and for the statistical the need for additional data in this region. Considering

Table 1. Descriptions of the 24 features and the one target feature for DL

Category Input feature name Feature description
Perovskite composition MAL, FAI, CsI, CsBr, MABr, MACI, PbL, PbBr,, The ratios of various components of lead and tin halide
ovsidie compositio PbCL, Snl, SnCl,, SnBr,, SnF,, Pb (SCN), perovskite.

Solvent system Ratios of solvents used (e.g., N, N-dimethylformamide: dimethyl
(DMF, DMSO, GBL) sulfoxide, N, N-Dimethylformamide: gamma-butyrolactone).
Antisolvent .
(Polarity index) Type of anti-solvent used (e.g., toluene, chlorobenzene).
Electron transport layer (ETL) Material used as ETL (e.g., TiO,, SnO,, PCBM).

Processing parameters : o .
Hole transport layer (HTL) Materials used as HTL (e.g., Spiro-OMeTAD, PTAA, PEDOT:

PSS).

Annealing The temperature applied to the perovskite film after deposition.
Back contact Materials used as Back contact (e.g., Au, Ag).
Interlayer Materials used as Interlayer (e.g., LiF, ALO,).

Additives/dopants Additive type Specific additives (e.g., SnF2, Pb(SCN,)).

Output target Best power conversion efficiency (%) The champion power conversion efficiency.
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Figure 1. Flowchart of the enhanced learning workflow designed to enhance the prediction accuracy of classical models and deep networks while

identifying efficient structures
Abbreviations: Al Artificial intelligence; MSE: Mean Squared Error.

the limited data available, there is an increased need for
alternative data generation methods, such as synthetic data
generation.

2.2. Model framework

Overall, to address the different objectives of device
optimization and additive discovery, two independent
predictive models were developed within the proposed
framework, each tailored to a distinct prediction task
operating at different scales. First, both classical machine
learning models and neural network-based models were
employed to predict the absolute PCE of PSCs using
fabrication parameters and solution chemistry descriptors
as input features. To mitigate data scarcity and improve
generalization, the experimental dataset comprising 1,540
samples was augmented with 4,000 synthetic samples
generated using a p-VAE, resulting in a hybrid training
set with increased diversity. Second, a molecular-level
additive screening model was developed to evaluate
the effect of organic additives on device efficiency. A
separate dataset comprising 733 additives was compiled,
in which each molecule was represented using molecular

descriptors and functional group features. The target
varjable was defined as the change in PCE induced by
each additive. Independent predictive models based
on XGBoost and deep neural networks were trained
to estimate this performance variation, with the best-
performing model achieving a MAE of 0.3982. This model
was subsequently employed to screen candidate molecules
and to propose 20 new organic additives with potential
performance improvements. Because these two tasks
involve different datasets, feature spaces, and prediction
targets— namely absolute PCE prediction versus additive-
induced performance variation—the corresponding
models were designed and trained independently, forming
two complementary components of the overall predictive
framework. The classical models evaluated included
decision tree, ETree, RE, Adaptive Boosting, GBoost,
XGBoost, Multilayer Perceptron, and Support Vector
Machine. Additionally, the neural network models utilized
included ResNet, one-dimensional convolutional neural
network (1D CNN), deep neural network (Deep NN),
wide and deep neural network, attention neural network,
simple neural network (Simple NN), and TabTransformer.
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In contrast to machine learning models, which primarily
emphasize feature selection for final predictions, deep
learning methods focus on developing suitable prediction
models for the dataset. Currently, popular deep learning
models include convolutional neural networks, deep
neural networks, and recurrent neural networks.
To enhance prediction accuracy, structures yielding
unreasonable returns were removed, thereby improving
the reliability of the predicted results relative to real and
experimental outcomes. The training dataset comprised
1,390 structures, while the test set consisted of 150 data
points that were entirely different from the main dataset.
To enhance the reliability of the results, the main dataset
was not randomly split into training and testing subsets.
Given the continuous range of final efficiency, model
training was formulated as a regression problem. To further
address the data limitations inherent in deep networks and
to improve the accuracy of the models, synthetic data were
generated using a generative model such as p-VAE. This
process was conducted in multiple stages. Using Shapley
Additive Explanations (SHAP) analysis, we identified the
features most strongly associated with final efficiency. To
further enhance the applicability of the framework and
identify effective organic additives, organic additives were
collected and categorized according to the functional
groups present in their molecular structures. SHAP
analysis was also employed to determine the functional
groups that contribute most significantly to the stability
and passivation of the absorber layer.

2.3. Development of the model

To enhance the original dataset and address the data
scarcity in deep learning models, generative models were
employed to generate synthetic data. To identify the most
effective network for generating high-quality synthetic
data, both unsupervised learning and supervised learning
methods were employed. The architectures utilized in
this research include the CGAN, B- VAE, and U-Net.
Based on the nature of the data and the quality of the
network outputs, the B-VAE architecture was selected as
the primary model for this study. As reported in previous
studies, unsupervised learning-based networks, while
capable of enhancing model accuracy, are often limited
in their ability to generate substantial volumes of high-
quality synthetic data. The network architecture employed
in this research is depicted in Figure 2, which provides a
comprehensive overview of the integrated deep learning
framework used in this study. Figure 2a illustrates the
B-VAE architecture, which effectively learns compact
and semantically meaningful latent representations of the
input data through probabilistic encoding and decoding.
This architecture enables accurate reconstruction of input

samples but supports the generation of new data and
sampling from the learned distribution. p-VAE combines
neural networks with statistical inference to learn the
data distribution p(x). However, direct computation of
the marginal likelihood [ p(xlz) p(z)dz is intractable
due to the integral over the latent variable z. To address
this, Variational Autoencoders (VAEs) introduce an
approximate posterior distribution g(z|]x) and optimize
a lower bound on the data log-likelihood, known as the
Evidence Lower Bound (ELBO):

logp(x) = E q¢(z]x) [logp0(x|z)] -4 DK(q¢(z|x)ll p(z))

(1)

The reconstruction term (Eq(zlx) [log pO(xlz)])
encourages the decoder, parameterized by 6, to accurately
reconstruct the input data x from the sampled latent
variable z. The regularization term (DK(q¢(zIx) Il p(z)))
ensures that the learned latent distribution q@(z|x)
remains close to the prior distribution p(z), which is
typically chosen as a standard normal distribution.
Unlike generative models that rely on data retention, such
as traditional autoencoders, VAEs learn a probability
distribution of the data in a low-dimensional latent space
by optimizing the ELBO. This methodology enables the
generation of new samples while preserving the critical
characteristics of the training dataset. However, -VAE
is highly sensitive to the selection of hyperparameters,
feature distribution, and the architecture of both the
encoder and decoder layers in maintaining the integrity
of the data distribution. Consequently, optimizing these
parameters can be challenging due to the complexity of
the data and its feature distribution. Furthermore, the
ResNet architecture, shown in Figure 2b, enhances the
learning capacity of deep features, particularly when
faced with large and complex datasets, and effectively
extracts significant new features. The incorporation of
residual blocks in ResNet mitigates common challenges
in training deep networks, such as the vanishing gradient
problem, thereby improving model convergence and
enhancing the stability of the training process. Given
the critical need for producing precise synthetic data
and achieving optimal output values, the models were
trained using regression algorithms. Regression serves as
a vital data analysis technique, enabling the exploration
of relationships between a dependent variable and one or
more independent variables. We employed label encoding
methods for feature encoding, removed missing values to
enhance model accuracy and data quality, and conducted
feature screening. Label encoding is a technique that
converts strings into numerical values ranging from 0 to
a specified maximum, making the data more interpretable
for neural networks and machine learning models. To
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Figure 2. Schematic representation of (a) the variational autoencoder and (b) the superior model based on integrated data (residual neural network)

evaluate the performance of the models and assess their
accuracy and error rates, we employed metrics such as mean
squared error (MSE), MAE, RMSE, and R®. These metrics
provide insights into the average squared errors, the mean
absolute differences between actual and predicted values,
the RMSE, and the proportion of variance explained by
the model. MAE is less affected by large errors, whereas
large errors carry more weight in the MSE criterion, as
demonstrated in Equations 2 and 3.

N
MAE = % > Jtrue, - predicted, (2)
i=1
1 & ) 2
MSE =WZ( true, —predzctedi) (3)

i=1

3. Results and discussion

3.1. Model evaluation

Figure 3 shows the process of 3-VAE model updating and
model learning enhancement through hyperparameter
tuning and layer optimization. To illustrate the learning
improvement process and evaluate the data distribution
effectively, the dataset features were reduced to two

dimensions using Principal Component Analysis (PCA)
and t-distributed stochastic neighbor embedding (t-SNE)
(Section S2.2). PCA identifies the directions (principal
components) along which the data exhibit the greatest
variance,* then projects the high-dimensional data onto
these directions to reduce dimensionality while retaining
as much information as possible.” As shown in Figure 3a,
the output data are more significantly concentrated and less
dispersed than the original dataset. In contrast, the original
data exhibits greater scattering and distinct distribution
bands, whereas the output data is more focused around a
central cluster. This over-concentration in the output data
often signifies reduced diversity or incomplete modeling,
suggesting that the data may not adequately represent
the entire feature space. Consequently, the model may
reproduce only a portion of the data distribution rather
than accurately capturing the original distribution, leading
to under-diversified and incomplete output data. In
contrast, Figure 3e demonstrates that the generated data
(red dots) closely overlap with the original data (blue dots),
with the dispersion of the generated data closely mirroring
that of the original dataset. This overlap and similarity
in dispersion indicate that the generative model has
effectively preserved the overall diversity and distribution
of the original data. Furthermore, both datasets display
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Figure 3. The process of enhancing data pattern learning through the Variational Autoencoder model by adjusting and optimizing network hyperparameters.
(a, b) Initial output: Over-concentrated generated data with insufficient diversity. (c, d) Intermediate improvement: Partial overlap but persistent cluster
separation. (e, f) Optimized output: Synthetic data (red) exhibits complete alignment with original data (blue) in both global distribution (PCA) and local
structure (t-SNE), demonstrating successful hyperparameter tuning in preserving the original data manifold.

Abbreviations: PCA: Principal Component Analysis; t-SNE: t-distributed stochastic neighbor embedding.
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a multi-cluster or linearly scattered pattern, suggesting
that the overall structures in the generated data have
been maintained. t-SNE is a nonlinear dimensionality
reduction algorithm that primarily focuses on preserving
local structures within the data.® Unlike PCA, which
aims to maintain overall variance, t-SNE attempts to
preserve proximity relationships, keeping points that are
close in the original space similarly close in the lower-
dimensional representation.® This characteristic makes
t-SNE particularly suitable for visualizing complex and
nonlinear clusters and structures within the data. Figure
3d reveals a much clearer and stronger separation between
the original and generated datasets. The original data form
several distinct clusters, while the generated data appear
as compressed, isolated bands within the space. This
notable separation suggests that the generative model may
struggle to replicate the intricate local structures of the
original data, resulting in substantial differences between
the generated samples and the actual samples in terms of
neighborhood and clustering. In Figure 3f, the original data
points and generated data exhibit partial overlap within
certain clusters; this overlap indicates that the generative
model has successfully reproduced some local structures
of the original data. Optimization of hyperparameters
to enhance the understanding of the data distribution is
depicted in Figure S4. However, a clear separation persists
in some clusters, highlighting subtle differences in local
neighborhoods, suggesting that challenges remain in
accurately reproducing all local complexities and patterns,
particularly for complex, highly nonlinear data distribution.
In this study, the key hyperparameters include the learning
rate, hidden layers, and latent dimension.***** Increasing
the number of layers and neurons in the network can lead
to overfitting.** However, implementing dropout mitigates
this by preventing the network from memorizing the
training data.** In this study, six layers were employed in
the encoder, with a dropout rate of 0.1 and a learning rate
of 0.001. Considering the input dimension of 25 features,
the latent dimension was set to 40 after conducting
multiple tests. This choice accommodates the highly
nonlinear relationships among the features and facilitates
the effective learning of the hidden data distribution.

In the subsequent stage, 200 synthetic data points were
added to the synthetic dataset. Stage 3 similarly involved
adding 200 synthetic data points, and the original dataset
with synthetic data was incrementally augmented in a
stepwise manner. The Reconstruction Loss parameter
quantifies the discrepancy between the original input and
the network-reconstructed output,* serving as an indicator
of the model’s effectiveness in data reconstruction. Given
the continuous nature of the data, MSE was employed
as the primary reconstruction metric. Additionally, the

Kullback-Leibler loss measures how closely the latent
space approximates a normal distribution.* Selected
examples from the synthetic dataset generated by the
VAE network are presented in Table S3. These data
effectively illustrate the learning rate of the network, with
structural parameters, including those of precursors and
solutions, showing a significant correlation with the final
efficiency. To evaluate the robustness of the synthetic data
generation process and its effect on model performance,
we systematically varied the volume of synthetic samples
from 1,390 to 5,390 in five increments, evaluating classical
and neural network-based models independently on
a fixed, unseen test set. For ensemble-based classical
models, such as RF and XGBoost, increasing the number
of synthetic data points led to a monotonic improvement
in generalization performance, indicated by a progressive
increase in test R* and decreases in RMSE and MAE.
This trend reflects a systematic reduction in model bias.
High-variance classical models, such as decision trees,
exhibited unstable performance with limited synthetic
data; however, their variability decreased significantly
with larger synthetic volumes, demonstrating improved
generalization and enhanced variance control. Notably,
performance gains for most classical models reached a
point of diminishing returns beyond approximately 4,000
synthetic samples, suggesting that the core structure of the
data distribution is adequately captured at this scale. The
results of this analysis for classical models are summarized
in Figure 4a-c, which visualizes the R>, RMSE, and MAE
trends across synthetic data volumes. A comparable
visualization for neural network-based models is provided
in Figure 5.

In contrast, neural network-based models exhibit an
even stronger dependence on synthetic data volume. Across
seven architectures evaluated over the same range of data
volumes, neural models demonstrated larger performance
gains and a steeper improvement trend than classical
models, consistent with their higher representational
capacity and flexibility. Importantly, no performance
degradation was observed for neural models at higher
synthetic volumes; instead, improvements continued
beyond the saturation point observed in classical models.
This indicates that synthetic data is particularly effective
in reducing both bias and variance in neural architectures.
Quantitatively, notable improvements were observed
across architectures. For instance, R? scores increased from
0.4209 to 0.7823 for Simple NN, from 0.6954 to 0.8555 for
the Wide and Deep model, and from 0.6622 to 0.8117 for
the 1D CNN. Correspondingly, error reduction was also
pronounced, with RMSE decreasing most significantly for
the Wide and Deep model (from 2.8051 to 1.9320) and
the Simple NN (from 3.8681 to 2.3717). More complex
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Figure 4. Performance of classical machine learning models across varying volumes of synthetic data. (a) R* score, (b) RMSE, and (c) MAE. The trends
demonstrate bias reduction and variance stabilization with increasing data volume, with performance gains saturating beyond approximately 4000

synthetic samples for most models.

Abbreviations: ABoost: Adaptive Boosting; DTree: Decision Tree; ETree: Extra Trees; GBoost: Gradient Boosting; MAE: Mean absolute error; MLP:
Multilayer Perceptron; R coefficient of determination; RMSE: Root mean square error; SVM: Support Vector Machine; XGBoost: Extreme Gradient

Boosting.

architectures, such as Wide and Deep and 1D CNN,
benefited most from increased data volume, reflecting
their enhanced capacity to capture complex patterns.
With increased data volume, performance variance
decreased across all neural models, resulting in more stable
predictions. Architectures such as Residual NN maintained
consistently high performance across all data volumes,
suggesting a strong suitability for the problem domain. In
contrast, some models, including the Deep NN, exhibited
diminishing returns beyond a certain volume, suggesting
potential capacity limitations or the need for further
hyperparameter adjustment. Finally, the performance gap
between different architectures narrowed with increasing
data volume, implying that sufficient synthetic data can
partially compensate for architectural differences.

After generating synthetic data using generative
neural networks, we assessed the quality of the data and

its impact on the prediction accuracy of the models. Eight
classical networks and seven neural networks were used
for evaluation. In the first stage, the model was trained
using the original dataset. Figure 6 presents the R* values
for the models applied to this training set in relation to
the PCE value. Additionally, Figure 6b illustrates the
correlation between the predicted values by these models
and the actual PCE values. The specific values of the tuned
hyperparameters are provided in Table S4. At this stage,
classical and ensemble models have demonstrated superior
performance compared to deep network-based models.
The R? values for the GBoost, XGBoost, ETree, and RF
models are 0.968, 0.961, 0.933, and 0.946, respectively,
for the training data, and 0.822, 0.822, 0.812, and 0.798,
respectively, for the test data. These results indicate that
the models effectively learn while avoiding overfitting.
The coefficient of determination quantifies the extent
to which the model explains data variation, with higher
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Figure 5. Performance of neural network-based models across varying volumes of synthetic data. (a) R* score, (b) RMSE, and (c) MAE. In contrast to
classical models, neural architectures show continued improvement without saturation in this range, highlighting their stronger dependence on and benefit

from synthetic data augmentation.

Abbreviations: 1D CNN: One-Dimensional Convolutional Neural Network; Attention NN: Attention Neural Network; Deep NN: Deep Neural Network;
MAE: Mean absolute error; R%: coeflicient of determination; Residual NN: Residual Neural Network; RMSE: Root mean square error; Simple NN: Simple

Neural Network.

values reflecting greater learning capacity. The fitting graph
(Figure 6b) illustrates the dispersion of predictions for the
selected ideal model, XGBoost, from the ideal line. The
blue and pink bars surrounding the ideal line represent
the MAE and RMSE, respectively. The MAE for XGBoost
is 1.576, indicating that, on average, the predictions are
1.576% away from the true PCE value. The RMSE value
of 2.145 suggests the presence of significant errors,
particularly for PCE values exceeding 10, highlighting
the need for additional data in this range for improved
training. In contrast, models based on deep networks
exhibited lower performance at this stage, with the ResNet
model achieving an R? value of only 0.735 for the test data
(Figure 6¢). Although this performance is acceptable,
further improvements of the model are needed to ensure
high confidence and validity in the results.

In the subsequent step, the models were trained on a

concatenated dataset, resulting in a training set comprising
4,000 synthetic data points and 1,390 experimental data
points. Figure 7 illustrates the R* values for the various
models on both the training and test datasets, highlighting
the correlation between predicted and actual PCE values.
Notably, the ResNet model demonstrates significantly
reduced dispersion compared to previous analyses,
indicating a significant improvement in evaluation metrics.
ResNet achieves an R* value of 0.87, an RMSE of 1.834,
and an MAE of 1.496, outperforming the classical and
ensemble-based models. Table S5 presents numeric results
for the main dataset, while Table S6 shows results for the
integrated synthesis dataset. These results underscore
the potential of synthetic data to improve the learning
capabilities of deep neural networks and suggest a higher
degree of generalization in deep networks relative to
classical and ensemble models. This implies that the model
effectively captures the fundamental patterns within the
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Figure 6. Bar chart and fitting graph of testing and training results based on the main dataset using 15 distinct models for PCE prediction. The blue bars
represent the training, while the red bars represent the test results: (a) Bar chart illustrating the performance of various models. (b) Fitting plot for the

XGBoost model. (c) Fitting plot for the ResNet model.

Abbreviations: 1D CNN: One-Dimensional Convolutional Neural Network; ABoost: Adaptive Boosting; Attention NN: Attention Neural Network; Deep
NN: Deep Neural Network; DTree: Decision Tree; ETree: Extra Trees; GBoost: Gradient Boosting; MAE: Mean absolute error; MLP: Multilayer Perceptron;
PCE: Power Conversion Efficiency; R%: coefficient of determination; Residual NN/ResNet: Residual Neural Network; RMSE: Root mean square error;
Simple NN: Simple Neural Network; SVM: Support Vector Machine; XGBoost: Extreme Gradient Boosting.

data rather than relying on specific details. This further
suggests that, when generated effectively, synthetic data
can introduce latent relationships or valuable noise into
the model. Deep models are better equipped to recognize
these complex relationships, whereas classical models may
only respond to linear or simpler features. Conversely,
while enhancing neural network-based models due to their
significant potential, we also recognize the importance
of strengthening the learning of classical and ensemble
models. This approach not only increases the volume of
data but also improves its quality, reflecting the model’s
effective training on the data distribution.

Using SHAP provides an effective framework for
identifying significant factors influencing the final target
variable,” particularly in cases where conventional physics

cannot fully elucidate the complex relationships among
factors governing PCE. SHAP is grounded in Game
Theory, specifically Shapley values, and is widely used
to interpret the outputs of machine learning models by
assigning an importance value to each feature.® In the
SHAP summary plots, the x-axis represents the SHAP
values for each feature, and positive and negative values
indicate positive and negative contributions to the final
PCE. The color bar on the right denotes feature magnitude,
with values transitioning from blue (low) to red (high).
Figure 8a shows the key features that significantly influence
the final efficiency as well as the output of SHAP analysis
based on the XGBoost model trained exclusively on the
original dataset. These features include the Pbl, content,
the amount of additive concentration in the absorber layer,
the polarity index of the antisolvent used, the electron
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Figure 7. The bar chart and fitting graph of testing and training results based on the integrated main data and data generated by the B-VAE model using
15 distinct models for PCE prediction. The blue bars represent the training, while the red bars represent the test results: (a) bar chart illustrating the
performance of various models, (b) fitting plot for the XGBoost model, (c) fitting plot for the ResNet model.

Abbreviations: 1D CNN: One-Dimensional Convolutional Neural Network; ABoost: Adaptive Boosting; Attention NN: Attention Neural Network; Deep
NN: Deep Neural Network; DTree: Decision Tree; ETree: Extra Trees; GBoost: Gradient Boosting; MAE: Mean absolute error; MLP: Multilayer Perceptron;
PCE: Power Conversion Efficiency; R%: coefficient of determination; Residual NN/ResNet: Residual Neural Network; RMSE: Root mean square error;
Simple NN: Simple Neural Network; SVM: Support Vector Machine; XGBoost: Extreme Gradient Boosting.

transport layer, the FAI value, and the hole transport layer.
However, Figure 8a does not explicitly convey the specific
impact of each feature on the final efficiency. In contrast,
Figure 8b clarifies how variations in individual features
influence device efficiency. Among the A-site cations in the
absorber layer, FAI exhibits the most significant impact on
PCE. A decrease in FAI content results in a slight decline
in the PCE of PSCs, whereas increasing FAI content leads
to a significant improvement in PCE, underscoring its
critical role in achieving high PCE in PSCs. We analyzed
the influence of various features on PCE by augmenting
the original dataset with synthetic data and reanalyzed
using the same XGBoost model for comparison with prior
results. As illustrated in Figure 8b, the five most influential
features identified were PbIZ, additive concentration,

polarity index, electron transport layer, and FAI value,
respectively. Consistent with earlier observations, FAI
remains the most influential A cations of the perovskite
layer. Additionally, the importance of the Snl, becomes
more pronounced after data augmentation. Specifically,
an increase in Snl, content coupled with a decrease in
Pbl, content significantly reduces the PCE of PSCs. This
phenomenon can be attributed to the rapid oxidation of
Sn** ions, which enhances non-radiative recombination,*
thereby reducing the PCE of PSCs. Consequently, achieving
high PCE in PSCs requires increasing FAI content and
selecting perovskites with optimal PbI, and Snl, values.
Other features also exert varying degrees of influence on
PCE. For instance, the SHAP analysis indicates that higher
Csl content correlates with a reduction in PCE, consistent
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Figure 8. SHAP analysis identifying key features influencing PCE in perovskite solar cells. (a, c) A bar chart illustrating the average absolute SHAP values.
(b, d) Swarm plots displaying the distribution of SHAP values for each feature.
Abbreviation: SHAP: Shapley Additive Explanations.
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with the widening of the band gap and diminished
photon absorption,™ an effect that was not clearly evident
in Figure 8b. Furthermore, reductions in Snl, content
and back-contact materials (coded as 0 and 1 for gold
and silver, respectively, and up to 4 for carbon) exert a
more pronounced impact on PCE compared with earlier
analyses. Finally, the electron transfer layer is shown to be
more influential than the hole transfer layer, in agreement
with previous studies highlighting the importance of the
electron transfer layer in comparison to the hole transfer
layer.>'->*

To assess the robustness of SHAP-based feature
importance, a bootstrap stability analysis was conducted
across 30 iterations. For each iteration, a new bootstrap
sample was drawn from the training data, an XGBoost
model was retrained, and SHAP values were computed
using a permutation explainer. Feature importance was
calculated as the mean absolute SHAP value per feature.
On the original dataset, the mean coefficient of variation
(CV) across features was 0.3739, with 20% of features (4/20)
classified as stable (CV < 0.3) and 7% (3/20) as unstable
(CV > 0.5). The top predictive features exhibited lower
CV values, indicating greater inherent stability. When
the same analysis was applied to the combined dataset
(original and synthetic data), stability improved markedly.
The mean CV decreased to 0.2459, the number of stable
features increased to 14 out of 20, and no features were
classified as unstable. This demonstrates that synthetic
data augmentation significantly enhances the consistency
and reliability of feature importance interpretations. For
example, the CV of the SnIz—related feature decreased
from 0.36 (moderately unstable) to 0.13 (highly stable),

confirming its role as a genuinely important predictor
rather than an artifact of data sparsity. Overall, these
results indicate that interpretability is not only preserved
but enhanced with synthetic data, yielding more stable
and trustworthy explanations across different training
conditions. Figure 9a,b displays the results of the bootstrap
analysis for the original dataset and the combined dataset
(original and synthetic data), respectively.

3.2.The impact of organic additives on cell
performance

The application of organic additives to enhance the
stability and overall efficiency of perovskite solar cells
has increased significantly in recent years.”>>® Perovskite
fabrication  processes, particularly  solution-based
methods, consistently introduce detrimental defects
within the material layer.® Furthermore, the aggregation
of multiple crystals exacerbates this issue.®" The presence
of Pb** ions and uncoordinated halogens contributes to
ion migration and undesirable recombination within the
structure,® thereby adversely affecting the cell stability
and performance. One of the most effective strategies for
controlling grain growth and minimizing structural defects
is the engineering and selection of appropriate additives
within the cell architecture.*%* Different functional groups
exert distinct effects on the absorber layer and its interface
with adjacent layers.®*¥ For instance, hydroxyl (-OH)
groups can effectively adsorb oxygen by donating hydrogen
atoms and electrons, thereby providing robust protection
against oxidation in tin-containing perovskites.®® Here,
we collected a dataset focusing on organic additives to
investigate their effects on the final performance and

Figure 9. Bootstrap stability analysis of Shapley Additive Explanations feature importance. (a) Distribution of the coeflicient of variation (CV) for each
feature using only the original dataset. (b) Distribution of CV for each feature using the combined dataset (original and synthetic data).
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efficiency of solar cell structures. The objective is to identify
new additives that enhance both the efficiency and stability
of these structures. To mitigate the potential for misleading
results, we considered only the change in efficiency—either
an increase or decrease—resulting from the incorporation
of specific additives in the absorber layer. Furthermore,
drawing inspiration from the SoftMax activation
function, we differentiated the impact of additives based
on their effects on PCEs, placing greater emphasis on
improvements exceeding 10% compared to those below
this threshold. After identifying the important features
using the XGBoost regression model and evaluating the
performance of various models, we developed a predictive
model incorporating classical approaches, the XGBoost

model, and a deep neural network to predict the PCE
increases across different structures. Figure 10 illustrates
the plots of predicted PCE increases versus actual PCEs
for both the training and test sets. Key regression metrics,
including RMSE, R? and MAE, were employed to evaluate
model predictions. RMSE measures the deviation between
predicted and actual values, with lower RMSE signifying
smaller discrepancies. Conversely, R® represents the
proportion of variance in the dependent variable explained
by the independent variable(s) and serves as a critical
indicator of model fit, reflecting the predictive capability of
the dependent variable based on the independent variables.
In this context, the dependent variable is the predicted
PCE change, while the independent variable is the actual

Figure 10. Performance comparison of XGBoost and deep neural network models on raised PCE. Training and testing fit curves for (a) the XGBoost
model, and (b) the neural network model. (c) Training and validation loss curves for the neural network model.
Abbreviations: MAE: Mean absolute error; R% coeflicient of determination; RMSE: Root mean square error; XGBoost: Extreme Gradient Boosting.
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PCE change. The R* value ranges from 0 to 1, with values
greater than 0.6 indicating substantial explanatory power.
As presented in Figure 10a,b, the RMSE values for the
XGBoost and deep neural network models on the test set
are 0.638 and 0.709, respectively, with corresponding R?
values of 0.761 and 0.705. Additionally, the MAE values are
0.3982 and 0.468, respectively. These results demonstrate
the strong reliability of these models.

The R? values for the training dataset are 0.864 and
0.866, respectively. These results further indicate that
the extreme gradient boosting model provides a good
fit for our data, demonstrating accurate predictions
without overfitting. SHAP analysis was employed to
assess the significance of 26 functional groups as inputs
for enhancing the quality of the absorber layer, thereby
improving PCE. Figure 1la shows the relationship
between feature values and their corresponding SHAP
values derived from extreme gradient boosting. The x-axis
denotes the SHAP values of each feature, with positive
and negative SHAP values reflecting their positive and
negative contributions, respectively. The color bar on the
right indicates the relative values of each feature, with a

gradient from blue to red signifying an increase in feature
values from low to high. The five most influential features
identified are benzene, amine, methylene, ammonium, and
thiocyanate. Notably, positive correlations are observed
between feature values and SHAP values for benzene,
amine, ammonium, and thiocyanate, whereas methylene
exhibits a negative correlation. Molecules with long carbon
chains may inhibit electron exchange between effective
active functional groups and the cations and anions within
the absorber layer.® The impact of specific features on PCE
was also investigated. Molecules containing a benzene
ring tend to enhance thermal and moisture stability due
to the high electron density of aromatic structures, which
can engage in m-m interactions or weak coordination with
lead ions (Pb** ) or halides (iodide [I"] /bromide [Br~]).”
The amine group serves as a ligand for lead cations (Pb*)
and mitigates surface defects,”” while also improving
adhesion between the perovskite layers and the charge
transport layer.”” In perovskite, ammonium-containing
groups are crucial for maintaining structural stability
and influencing the energy gap. Ammonium can form
hydrogen bonds with halide anions (I/Br-), thereby

Figure 11. SHAP analysis identifying the impact of additives on the efficiency of perovskite solar cells. (a) A bar chart illustrating the average absolute
SHAP values. (b) Swarm plots displaying the distribution of SHAP values for each feature.

Abbreviation: SHAP: Shapley Additive Explanations.
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stabilizing the structure.”” Thiocyanate further enhances
the morphology of the perovskite layer and reduces surface
defects.”* The XGBoost model thus generates guidelines
for identifying additives that can improve the performance
of methylammonium lead iodide perovskite systems. To
enhance device performance, researchers should prioritize
key characteristics such as benzene, amine, ammonium,
and thiocyanate when selecting additives. Additionally, the
model was utilized to predict the PCE improvement rates
for 20 new candidate molecules.

Table2 showsthe predictive performance ofthe XGBoost
regression model on a set of organic additives sourced from
recent, reputable literature that were not included in the
initial training dataset. This evaluation assesses the model’s
generalizability beyond the compounds it was originally
trained on. The predicted values for the PCE increase show
strong agreement with the experimental results for all
five samples. For instance, the predicted PCE increase for

terephthalic acid (sample 4) is 3.208, closely matching the
experimental value of 3.203, with a minimal error of 0.005.
Similar accuracy is observed for the other samples, with all
predictions remaining within a reasonable deviation range.
This demonstrates that the XGBoost model effectively
captures the structural and chemical characteristics
correlating with PCE increases. Consequently, the model
can be confidently used to screen new molecular additives
prior to experimental validation, reducing the time and
costs of experimental testing. The average relative error
between the predicted and experimental values for the
five unseen organic additives is approximately 11.5%,
indicating that the XGBoost regression model achieves an
effective accuracy of about 89% on external data. This level
of performance demonstrates the robust generalizability
of the model in predicting PCE enhancements from new
molecular additives and highlights its practical utility in
guiding experiments.

Table 2. Organic additives extracted from the literature (not included in the primary dataset), evaluated using an Extreme
Gradient Boosting regressor to predict the power conversion efficiency improvement

Sample Molecular name Predicted  Experimental = Chemical structure Reference
number

1 Coumarin hydroxyethyl 2.62 2.29 2

) 4—(?15 (9,9—d1meth)-fl—9H—ﬂ0uren—2—yl) 559 275 3

amino)-1-naphthoic acid

3 2,2'-bipyridine 1.847 1.57 4

4 Terephthalic acid 3.208 3.203 5

5 2-thienylmethylamine hydrochloride ~ 1.85 1.575 6
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Table 3 presents examples of new candidates sourced
from PubChem, selected for their diverse functional
groups to support further research. These candidates
were evaluated using a pre-trained model to predict their
target values. The 20 most effective candidates are detailed
in Table S7. The influence of various functional groups
on the absorber layer is clearly illustrated. For instance,
the molecule 4-sulfocalix[4]arene, which features four
additional sulfonate functional groups, is more complex
than calix[4]arene-25,26,27,28-tetrol but demonstrates

inferior performance. This may be due to the combined
effects of hydroxyl and sulfonate groups on the solution,
which increased acidity (lower pH), leading to more defects
and reduced surface passivation. Conversely, samples 6
and 10 exhibit superior performance due to their effective
incorporation of functional groups such as amine, ketone,
ether, methylene, and phenyl. Phenyl has demonstrated
superior ability to neutralize defects compared to iodo and
cyano groups when coordinated with amide, supporting
perovskite grain growth, reducing defects, and enhancing

Table 3. New organic additives candidates with potentially high power conversion efficiency (PCE) utilizing the Extreme Gradient
Boosting regression model and the amount of raised PCE as the target variable

Sample Candidate Classification Target Chemical structure
number
1 9H-Carbazole-2,7-diol Aromatic alcohol 2.69
2 [3-(Cyclohex-3-en-1-yl)propyl]benzene Aromatic hydrocarbon 2.55
3 18-Crown-6- Polyether 2.17
4 4-Sulfocalix[4]arene Calixarene 1.89
HO
5 Calix[4]arene-25,26,27,28-tetrol Calixarene 2.81 O OH H8H Q

(Cont'd...)
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Table 3. Continued

Sample Candidate Classification Target Chemical structure

number
1,3-dihydro-1-[1-(1-phenylethyl)-4- .

6 piperidinyl]-2H-benzimidazol-2-one Heterocyclic compound 4.26
N-1-Naphthylethylenediamine . .

7 dihydrochloride Aromatic amine salt 2.44

8 Pyridine-3-sulfonic acid Heterocyclic aromatic 1.76

9 Phenethylamine, 4-(benzyloxy)-3- Phenethylamines 216
methoxy-

10 2—(4—pyrldlflylmethoxy)benzaldehyde Aromatic aldehyde 415
hydrochloride

11 2 —hydroxy—2—(4-hyd{oxyi3— Aromatic hydroxy acid 2.95
methoxyphenyl) acetic acid

12 4’-Methoxychalcone Flavonoid/aromatic ketone 23
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charge transport more effectively than other end groups
through n-m conjugation and hydrophobicity.”” Amine
additives can effectively modulate crystal growth, film
formation, and crystallization, improving perovskite
film quality in terms of crystallinity, crystal orientation,
smoothness, and uniformity. Acting as a Lewis base via
their amino groups, these additives form coordination
bonds with perovskites by sharing the N lone electron pair
with the empty 6p orbital of Pb*.7*”” This coordination
slows the reaction between the metal halide and organic
halide salt, reducing crystallization rate. As a result, highly
uniform and compact perovskite films with preferential
crystal growth orientation and improved crystallinity can
be achieved. The coordination bonds formed by the ketone
group with Pb** and tin(IV)/tin(II) ions, combined with the
hydrogen bonds from the ~-OH group with I" in perovskite,
facilitate the passivation process. This multifunctional
interface interaction effectively removes residual PbI, from
the grain boundaries, preventing perovskite degradation.
Optimizing energy level alignment between perovskite
and SnO, quantum dots further reduces interface barriers,
facilitating the establishment of an electron bridge for
rapid electron extraction and transfer. Consequently, the
D-fructose-based PSC achieved a champion efficiency
of 24.91%, with negligible J-V hysteresis and excellent
stability.”®

4, Conclusion

In summary, we developed high-accuracy models for
predicting and identifying optimal structures in the field
of PSCs using a dataset of 1,540 experimental data points
and 4,000 synthetic data points. The data were carefully
selected and cleaned to enhance quality, enabling robust
applicability to new experiments and providing a reliable
recommendation system. We employed a generative
neural network, specifically the p-VAE model, to generate
synthetic data and learned the relationships between
features and the target variable. For evaluation, we
implemented various machine learning models, including
classical models, ensemble methods, and deep networks.
The results showed a significant enhancement in the
learning capabilities of the models. ResNet achieved the
highest R* value of 0.87 among all models, reflecting a
15.5% improvement, while the R* values for the XGBoost
and GBoost models increased from 0.822 and 0.821 to
0.867 and 0.857, respectively. These findings demonstrate
that synthetic data can effectively address data scarcity in
laboratory sciences while enhancing predictive accuracy,
ultimately reducing experimental costs and time.
Furthermore, to increase the capabilities of the proposed
system, we collected 733 data points on organic additives,
analyzed their functional groups and quantities within the

additives used in the perovskite solution, and identified
effective functional groups, enabling the proposal of new
molecules for future research.
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