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ABSTRACT

Two-dimensional (2D) hybrid perovskites are promising candidates for stable and efficient solar energy conversion, yet their complex chemistry and device ar-
chitecture pose challenges for rational design. In this study, we compile a curated dataset—from database and literature sources—of 792 2D perovskite solar cell
devices, including detailed chemical descriptors for large organic spacer cations, and investigate how these descriptors relate to photovoltaic performance. Using an
interpretable machine learning model, we evaluate the relative importance of chemical and device parameters in predicting key performance metrics. Our analysis
reveals that chemical descriptors, particularly the large organic-to-metal ratio and small organic cation type, have a greater influence on device efficiency than stack
architecture or deposition method. The large organic-to-metal ratio emerges as the most influential feature in our model, accounting for 19.5 % of the total feature
importance. The results highlight the importance of chemically informed data representation and demonstrate how structured datasets can uncover key structur-

e—performance relationships in complex hybrid materials.

1. Introduction

While three-dimensional (3D) perovskites have driven remarkable
progress in photovoltaic (PV) applications due to their potential for high
efficiency and low-cost energy production [1-3], their long-term sta-
bility remains a critical challenge, as solar cells are typically exposed to
outdoor conditions for decades [4]. To address this issue, two-
dimensional (2D) perovskites have attracted increasing attention. In
these layered systems, larger organic cation spacers separate the inor-
ganic layers, while small cations occupy the intralayer spaces, together
determining the material’s structural and optoelectronic properties
(Fig. 1) [5,6]. Introducing organic spacer cations slices the infinite
inorganic framework into 2D layers, with varying dimensionality
depending on the ratio of small to larger organic cations [7], and forms
natural quantum wells, enhancing environmental stability compared to
3D counterparts [8]. Recent advances in 2D perovskites, including de-
velopments in spintronics, ferroelectricity, and charge transport, have
expanded their applications to LEDs, photodetectors, and solar cells
[9-12].

Machine Learning (ML) has emerged as a powerful framework across
perovskite-related devices, enabling the prediction of material proper-
ties, optimization of synthesis conditions, and forecasting of device
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performance and stability [13-24]. ML has been successfully applied to
solid oxide fuel cells [13], light-emitting diodes [14], photodetectors
[15], space applications [16], perovskite dimension classification [17],
and solar cells, particularly for performance prediction [18-21], sta-
bility modeling [22-24], and synthesis optimization [19]. Machine
learning (ML) applications to date have largely focused on 3D perov-
skites. While early efforts applying ML to 2D perovskite solar cells have
made important progress [18,25-27], continued developments,
including models predicting photovoltaic behavior from optical spectra
[28] and ligand screening for 2D/3D interfaces [29], demonstrate the
growing momentum and expanding potential of ML in this field. While
previous works have explored different aspects of perovskite design —
Mai et al. focused on screening organic spacers at the molecular level
[27], Mammeri et al. emphasized device-level stability prediction [23],
and Alsulami et al. analyzed stability trends across device architectures
[22] — this study bridges the gap between molecular-level chemistry
and device-level characteristics in 2D perovskites.

An important factor in 2D perovskite solar cells is how the organic
spacer cation governs structural distortion, optical properties, and ulti-
mately device performance. Mahal et al. showed that monovalent and
divalent spacers significantly impact the crystal framework [30], while
other studies have highlighted the spacer’s role in modulating stability,
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efficiency, and charge transport [31-34]. For example, halogen func-
tionalization of organic spacers, such as fluorine addition, has been
shown to enhance power conversion efficiency (PCE) [35,36]. The
current record PCE of 21.6 % was achieved using a glycine-based cation
acting as both spacer and additive [37]. While small cations such as
formamidinium (FA) can also affect film orientation and device behavior
[38,39,40], the primary focus remains on understanding how organic
spacer descriptors—such as molecular weight, backbone structure
(linear vs. ring) [41], and halogen substitution [42,43]—systematically
impact performance. While a growing body of literature on 2D perov-
skites exists, only a few studies have utilized ML approaches on this data
to explore the relationship between these chemical characteristics and
2D perovskite solar cell outcomes to date [27].

Complicating the successful application of ML to perovskites has
been the diversity of experimental data and the traditional archival
method in text form in individual journal papers. Meftahi et al. utilized
100 entries of experimental data to optimize 2D perovskite solar cell
fabrication and enhance performance prediction by applying ML [18],
while Dunlap et al. generated 50 data points to develop ML models to
predict the stability of 3D perovskite solar cells from their initial dy-
namics [24]. Despite their significant contributions, these earlier models
could be further optimized through application to larger datasets. To
overcome the barrier of individual researchers extracting data from the
literature, Jacobsson et al. collected more than 40,000 experimental
data points from 16,000 perovskite studies to develop a Perovskite
Database [44], originally hosted on Materials Zone (https://www.
materials.zone/) and now integrated into the NOMAD repository [45].
The original database focused on structural details and key performance
metrics but lacked curated chemical descriptors critical for deeper
analysis. Subsequently, Zhang et al. effectively utilized this database to
perform a statistical analysis evaluating various stability-enhancement
strategies encompassing 3D and 2D perovskite systems [46]. However,
Saliba et al. pointed out potential biases in the database due to the na-
ture of the experiments [47]. Furthermore, data imbalance can occur as
some materials are studied more frequently than others [48]. As a result,
applying ML to predict perovskite device performance demands not only
more robust and representative datasets but also a cautious approach to
avoid overinterpretation or bias.

In this study, we focus on compiling and analyzing a structured
dataset of 2D perovskite solar cell devices combining existing data in the
Materials Zone database with additional manual literature data extrac-
tion, to add chemical descriptors for the 2D systems absent from the
original Materials Zone data curation and NOMAD repository. The
additional chemical data is added to the Duke Research Data Repository
(RDR) to make this expanded dataset available for all researchers (See
Data Availability section). Using the combined dataset, we tune and
train XGBoost models to predict performance and extract feature
importance, aiming to (1) create reliable ML predictors despite data
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imbalance and (2) identify the most impactful chemical and device de-
scriptors. This work highlights how data-driven insights can inform the
design and optimization of next-generation 2D perovskite solar cells.

2. Results and Discussion
2.1. Data acquisition

Data were collected from the Materials Zone database (https://www.
materials.zone/, data are now available on NOMAD [45]) and filtered to
include only 2D perovskites, excluding entries labeled as 3D, 1D, OD, or
other dimensionalities. As the Materials Zone database does not include
chemical information on large cation spacers, we manually collected the
data from the original publications or website links (such as PubChem
[49]). By identifying 45 unique large cation spacers in the Materials
Zone data, we mapped chemical information (molecular weight, number
of amine groups, structure, and halide chemical attachment) to the data
from Materials Zone (Table S1). Ultimately, the dataset comprised 792
data points—i.e., one of the largest datasets currently employed for ML
evaluation of 2D perovskite solar cells. All this data is now available for
the community in Duke RDR (See Data Availability Section).

2.2. Dataset description

The input to the ML model in this study consists of a feature vector
constructed from perovskite information, device information, and
chemical information of the large cation spacer. The predictions of the
model include PCE, short circuit current (Js¢), open circuit voltage
(Voc), and fill factor (FF), where PCE represents a composite of the other
parameters and is the ratio of the electrical power output to the incident
light power input, indicating the overall efficiency of a solar cell. Jsc is
the maximum current a solar cell can produce under short-circuit con-
ditions, Voc is the maximum voltage available from a solar cell at zero
current, and FF represents the ratio of the actual maximum obtainable
power to the product of Jsc and Voc, reflecting the cell’s quality and
performance. The labeled input data and corresponding target data are
listed in Table 1.

The dataset was cleaned by correcting minor errors from the Mate-
rials Zone database, such as unwanted or non-unified punctuation. Next,
the perovskite composition columns were divided into organic and
inorganic ion columns, with the organic ion entries further divided into
small organic cation and large cation columns. In the “small organic”
column, most values involve small organic cations, such as methyl-
ammonium (MA) and FA ions, although some studies include the inor-
ganic cesium ion; nevertheless, we will refer to this category as “small
organic” for convenience. Finally, the data were preprocessed with
Multi-label Binarization (MLB) encoding and normalization methods,
such as Min-Max scaling or Standard Scaling. Rows containing missing
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Fig. 1. Illustration of 3D perovskite and 2D hybrid perovskite crystal structures with monovalent ammonium cations. The infinite inorganic layers are sliced into

layers characterized by varying degrees of dimensional reduction.
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Table 1
Selected features (input) and predictions (output) for ML.
Input Description Example(s)
Inorganic Metal halide ions Pb, I (lead, iodine)
Small Organic Small organic cation MA (CH3NH3,
methylammonium)
tLarge Organic Organic Cation Spacer BA (butylammonium)
Cell architecture Solar cell architecture p-in
Cell area Solar cell area measured (cm?) 0.05
measured
ETL stack Electron transport layer stack PCBM-60 | LiF
sequence sequence
ETL deposition Electron transport layer deposition  Spin-coating |
procedure procedure Evaporation
HTL stack Hole transport layer stack PEDOT:PSS
sequence sequence
HTL deposition Hole transport layer deposition Spin-coating
procedure procedure
A ion coefficient Stoichiometry coefficient of large 2;3
and small organic cations
B ion coefficient Stoichiometry coefficient of metal 4
ions
C ion coefficient Stoichiometry coefficient of halide 13
ions
Molecular weight Molecular weight of fully- 74.14
protonated large organic cation
spacer (g/mol)
*Number of Number of amine groups for the 1
amines large organic cation spacer
Structure linear vs. ring structure of large linear
organic cation spacer
Halide chemical Halide substitution on the large None
organic cation spacer
Large organic and  Stoichiometric ratio of the organic 0.5
metal ratio cation spacer and metal
Output Description Example
PCE Power Conversion Efficiency (%) 5.85
Jse Short Circuit Current (mA/cm?) 10.84
Voo Open Circuit Voltage (V) 0.9
FF Fill Factor 0.6

*In this study, all nitrogen-containing functional groups—including primary,
secondary, tertiary, and quaternary amines, as well as imine groups—are
collectively categorized under the term “amine groups” for simplicity. This
simplification was made to provide a unified framework for investigating ni-
trogen functionalities. Nitrogen functional groups are typically nitrogen-
containing groups bonded to a carbon framework.

1In this study, “cation spacers” are defined operationally as any A-site or addi-
tional cation whose incorporation induces interlayer separation and mixed-
dimensional stacking, regardless of steric size. Under this functional defini-
tion, NH; was classified as a spacer cation.

data were dropped, ultimately leaving 792 completed samples to use for
the modeling, each with 17 features represented (Table 1).

2.3. Dataset analysis

Our first focus was to uncover the chemical composition of the
dataset. Here, “chemical composition” refers to the unique combinations
of organic spacer cations, small organic cations, and metal halide ions,
irrespective of their stoichiometric ratios. The classification aligns with
the descriptors defined in Table 1, which include both the types and
roles of cations and halide ions in the dataset. We extracted all the
unique chemical compositions of samples from the dataset. Then, for
each composition, we totaled the number of entries in the dataset within
that compositional family, as shown in Fig. 2. From this analysis, we find
that the dataset is heavily compositionally imbalanced. The two most
prevalent compositions, butylammonium methylammonium lead iodide
(BA-MA-Pb-I) and phenethylammonium methylammonium lead iodide
(PEA-MA-Pb-I) comprise 34 % of entries in the dataset. At the other
extreme, out of the 99 unique chemical compositions in the dataset, 33
are supported by only a single example, leading to extreme sparsity in
the remaining features. Though the additional features beyond the
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Fig. 2. Perovskite Compositional Analysis: Frequency of Chemical Composi-
tions (x-axis) vs. Types of Perovskite Compositions (y-axis).

chemical composition further diversify entries, the compositional
imbalance toward (PEA)- and (BA)-MAPDbI derivatives presents a chal-
lenge for performing ML and predicting PSC performance across the
compositional space.

Another aspect meriting investigation relates to the effect of the
measured cell area on the PCE. In the literature, it is generally under-
stood that decreasing the cell area leads to an increase in both the
achievable PCE and PSC stability. This trend is expected due to the
increased ease of achieving a uniform and high-quality film and in-
terfaces over smaller areas versus larger areas [50]. Thus, if this effect
exists in the 2D PSC data from the database, a normalization procedure
for the PCE values to the measured cell area is suggested. To investigate
this relationship, we considered the intra-compositional variation in PCE
values for the reported cell areas. However, of the 249 unique stoi-
chiometric compositions, only 24 contained measurements of more than
one cell area. This finding largely relates to the fact that most of the
compositions contain only one or two entries, though there are also
some compounds with many entries that never varied cell areas. From
the 24 compositions where the PCE vs cell area relationship could be
examined, we found no clear evidence of smaller cell areas increasing
the PCE within the dataset’s relatively limited area range of 0.02 cm? to
0.4 cm? (Fig. S1). The narrow range of reported device areas
(0.02—0.4 cm?) and the limited number of compositions with multiple
measurements (24 out of 249) substantially constrain the statistical
robustness of such an analysis. Under these conditions, applying an area-
normalization procedure would risk introducing artifacts rather than
correcting systematic trends. Accordingly, we did not normalize PCE by
area in this study; instead, we emphasize the need for broader and more
systematic reporting of device areas in future datasets to enable rigorous
correction of this effect.

To explore the important impact of the large cation spacer on 2D
perovskite solar cell performance, we examined the correlations be-
tween the PCE and several chemical and structural spacer cation fea-
tures, which were selected based on prior literature and chemical
relevance to perovskite charge transport [27,30,51]. Specifically, we
focused on five key descriptors: the cation spacer molecular weight, the
number of amine groups present, whether the cationic structure is linear
or contains a ring, the type of halide modification, and the stoichio-
metric ratio of organic cation spacer and metal (Fig. 3). Additionally, we
investigate the effect of these descriptors on other performance pa-
rameters such as Jsc, Voc, and FF (Figs. S2 - S7).

Considering the impact of molecular weight, the most frequently
used cation spacers, specifically butylammonium (74.14 g/mol) and
phenethylammonium (122.18 g/mol), appear more densely represented
in high-performing devices (Fig. 3(a)). However, this should not be
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Fig. 3. Relationships between power conversion efficiency (PCE) and spacer cation features of (a) molecular weight, (b) halide chemical (since there is only one data
point for Br addition, the box plot is reduced to a single line), (c) number of amine groups (Note that fractional values may result from mixtures of cations. A value of
0 indicates a cation that lacks a nitrogen group bonded to a carbon framework), (d) linear vs. ring structure of the organic cation spacer, and (e) stoichiometric ratio
of the organic cation spacer and metal—i.e., to represent the number of perovskite layers, n, in the 2D perovskite structures. Kernel density plot is applied for
molecular weight and stoichiometric ratio of the organic cation spacer and metal, to visualize the distribution patterns and identify any dominant trends or clusters

across the dataset.

interpreted as evidence that these molecular weights inherently yield
the highest PCEs. Rather, this trend likely reflects historical experi-
mental preference and greater optimization efforts for these specific
cations. Importantly, the figure serves as a density summary of existing
data and not a prescriptive indicator of optimal values; for instance,
sparse data at other molecular weights (e.g., <20 g/mol) also show
relatively high PCEs. Therefore, caution should be exercised to avoid
overgeneralizing from data concentration alone. Regarding halogen
addition, cation spacers incorporating chlorine exhibited superior PCEs,
surpassing those of spacers with other halides or without halide incor-
poration (Fig. 3(b)). Sharzadi et al. introduced a chlorinated ethyl-
ammonium compound, 2-chloroethylammonium, to the MAPbI

structure, achieving high efficiency by modulating the bandgap due to
distortions in the Pb-I-Pb bonds, stabilizing the perovskite lattice
through interactions with grain surfaces, and enhancing thermal sta-
bility [52]. Organic cation spacers with zero or three amine groups tend
to yield higher PCE compared to those with one or two amine groups, as
well as those with cation-mixed perovskites (1.5 amine groups) (Fig. 3
(c)). Organic cation spacers with zero or three amine groups may yield
higher PCE due to either reduced lattice disruption or enhanced struc-
tural ordering via multidentate coordination (for tri-amines), consistent
with prior findings that spacer-lattice interactions strongly influence
crystallinity and charge transport efficiency in low-dimensional perov-
skites [41].



M. Choi et al.

Further considering spacer cation structure, cation spacers that
combine both linear and ring-structured characteristics show a compa-
rable median PCE to purely linear spacers and slightly higher than
purely ring-based spacers (Fig. 3(d)). While this suggests a potential
synergy from combining structural motifs, the apparent performance
advantage of the linear and ring group over the linear group is modest
(Fig. 3(d)). The combination of linear and ring characteristics arises
from cation mixing, such as phenethylammonium (PEA) with buty-
lammonium (BA). Zhou et al. mixed linear and ring structure cations to
leverage their structural and electronic properties, with acyclic cations
like BA facilitating self-assembly and crystal growth, and ring structure
cations like PEA reducing exciton binding energy and improving carrier
transport without disturbing the structure [53]. Lastly, the stoichio-
metric ratio of the organic cation spacer to the metal is investigated for
its relationship with PCE (Fig. 4(e)). For example, in the quasi-2D
perovskite BA;MA3Pbul; 3, this ratio is 0.5, as there are two BA cations
per four Pb ions. A higher spacer-to-metal ratio indicates a greater
proportion of organic spacer cations, which leads to fewer inorganic
layers (i.e., lower n values) and thus a more two-dimensional structure.
Conversely, lower ratios correspond to higher n values and increasingly
3D-like structure. The trend shows that, as the stoichiometric ratio
decreases—corresponding to an increase in n—the PCE tends to in-
crease. This result is consistent with the findings of Quan et al., which
demonstrated improved PCE with increasing n. [54]. While higher n
values in 2D perovskites improve PCE by approaching 3D-like perfor-
mance, they reduce the stability benefits of lower-n structures, high-
lighting the need to balance efficiency and stability.

The above analysis of our dataset shows that the selected spacer
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cation features may significantly influence device performance.
Notably, commonly used cations like butylammonium and phenethy-
lammonium, chlorinated spacers, and mixed linear-ring structures
correlate with higher efficiencies.

2.4. XGBoost regressor: Performance analysis

The initial statistical analysis identified general correlations between
spacer cation features and device performance, but it is limited in
capturing nonlinear interactions or multivariate dependencies. To
overcome this limitation, we applied (eXtreme Gradient Boosting)
XGBoost, which provides high predictive power and interpretable
feature importance metrics. This model facilitates a more comprehen-
sive understanding of how complex combinations of spacer character-
istics influence power conversion efficiency.

We used MLB encoding and MinMax scaling to preprocess the fea-
tures and trained an XGBoost regressor optimized through grid search
across eight hyperparameters (details in SI “XGBoost” section and
Fig. S8-510). The optimized model demonstrated strong predictive
performance, with average R values close to 0.7 for key photovoltaic
metrics (Fig. 4). Each panel in Fig. 4 presents the distribution of R?
values obtained from repeated 4-fold cross-validation with three
random seeds, reflecting model robustness to data partitioning and
initialization. The blue histograms represent the empirical distributions,
while the overlaid orange curves depict Gaussian fits using the observed
means (p) and standard deviations (c), as indicated in each subplot.
Notably, PCE, Jsc, and Voc (Figs. 4(a) — 4(c)) show consistently high
central R? values and relatively narrow spreads (¢ 0.04-0.06),
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Fig. 4. Performance distribution of optimized XGBoost models, showing R? values for predictions of (a) PCE, (b) Jsc, (c) Voc, and (d) FF, where p denotes the mean,
and the value after + represents the standard deviation. The mean and standard deviation are calculated directly from the R? values, while the orange curve is a
Gaussian distribution plotted using those parameters. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of

this article.)
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suggesting stable and accurate modeling across multiple runs. In
contrast, FF (Fig. 4(d)) exhibits slightly lower predictive accuracy,
indicating a more complex or noisier relationship with the input fea-
tures. This approach of visualizing performance distributions offers a
transparent assessment of model generalizability [55].

Based on the XGBoost results, the model performance for FF was
lower than that for the other photovoltaic parameters (PCE, Jsc, and
Voc). This discrepancy likely stems from the fact that, although both
device-level and spacer-cation descriptors were included, FF is inher-
ently more sensitive to device- and process-dependent factors such as
contact resistance and interfacial inhomogeneity [56-58]. To improve
FF prediction, future work may focus on curating datasets that incor-
porate additional descriptors, including descriptors for series/shunt
resistance (e.g., contact work function mismatch, defect states),
morphology-related descriptors (e.g., grain size, orientation), and
fabrication variables (e.g., annealing conditions, solvent choice).

We compared the XGBoost model with Random Forest (RF) [59] and
Partial Least Squares Regression (PLS) [60]. RF performed comparably
to XGBoost, while PLS showed slightly lower but still reasonable pre-
dictive performance (Table S2). Conceptually, these three models
represent distinct algorithmic families: XGBoost is a boosting-based
ensemble that sequentially corrects errors of weak learners, RF is a
bagging-based ensemble that aggregates multiple decision trees trained
on bootstrapped samples, and PLS is a linear regression method that
projects predictors into a lower-dimensional latent space to capture
maximum covariance with the target. Although RF yielded similar re-
sults to XGBoost with the current dataset, we anticipate that XGBoost
may demonstrate superior performance once a larger and more balanced
dataset is available, given its boosting-based mechanism that can cap-
ture subtle feature-target relationships more effectively than RF.

In our dataset, the main source of compositional imbalance arises
from the unequal representation of spacer cations (e.g., BA- and PEA-
based systems appear much more frequently than many others). To
quantitatively assess the impact of data imbalance and sparsity on model
predictions, we further applied weighted and Group K-Fold schemes to
XGBoost (Table S2). For the weighted scheme, frequently occurring
spacer cations were assigned lower weights, while rarely observed
spacer cations were assigned higher weights to balance the training
distribution. The results showed that under random K-Fold, weighting
had little effect, suggesting that data imbalance itself does not strongly
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influence model outcomes (R? values varied by less than 0.02 across all
targets). In contrast, Group K-Fold splitting, where all samples with the
same spacer cation are held out from the training set when included in
the test set, led to a marked decrease in performance compared to
random K-Fold (reduced by roughly 35-60 % for PCE, Jsc, and Voc, and
by over 85 % for FF, in both the unweighted and weighted models). This
result indicates that the model struggles to generalize to unseen spacer
cations, highlighting the importance of including a broader range of
spacer chemistries in future datasets.

2.5. XGBoost regressor: Feature importance

To interpret model predictions and identify key performance-driving
descriptors, we applied three complementary feature attribution
methods to the optimized XGBoost model: permutation importance,
SHAP (SHapley Additive Explanations), and tree-based feature impor-
tance. Among these, we adopted permutation importance as the primary
tool, as it directly quantifies each feature’s contribution to predictive
performance by measuring the reduction in R2 when the feature is
randomly shuffled (Fig. 5). PCE, Jsc, Voc, and FF are weighted equally.
While the derived feature importance rankings are interpretable within
the present datasets, their applicability to unseen and more heteroge-
neous data remains uncertain.

Permutation importance analysis revealed that intrinsic chemical
descriptors, most notably the large organic-to-metal ratio and small
organic, accounting for 19.5 % and 13.2 % of the total importance,
respectively, played a dominant role in determining 2D perovskite solar
cell performance, significantly exceeding device-related features such as
stack architecture and deposition methods. These trends were further
supported by tree-based feature importance results (Fig. S11), though
the robustness of tree-based importance is compromised by high cardi-
nality of the large organic category [61]. The small organic category and
inorganic presence also emerged as influential contributors.

To complement these results, we conducted a focused SHAP analysis
on the large organic-to-metal ratio to further investigate its sample-level
influence and directional impact (Fig. S12). The SHAP distribution re-
veals that lower spacer-to-metal ratios, although only indirectly indic-
ative of the inorganic layer number and thus dimensionality, are
correlated with higher predicted PCE, consistent with earlier dataset
observations. (Fig. 3(e)).

largeorganic_metal_ratio
small_organic

inorganic

c_ion_coeff
ETLstack_sequence
b_ion_coeff
Cell_area_measured
a_ion_coeff
large_organic

Feature

molecular_weight
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Cell_architecture
ETL_deposition_procedure
structure

number_amine
HTL_deposition_procedure 1
halide_chemical 1

1073

1072 1071

Mean Importance (Decrease in R?)

Fig. 5. Permutation importance of input features for the optimized XGBoost model, quantified by the mean decrease in R? across 4-fold cross-validation. Note the log
scaling, which supports the top feature, large organic-to-metal ratio, as significantly more important than the trailing features.
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To interpret why certain chemical descriptors emerged as key pre-
dictive factors in our machine learning model, we examined their
physical and structural implications. In particular, the large organic-to-
metal ratio, an inverse proxy for perovskite dimensionality, plays a
critical role in determining optoelectronic properties. Lower dimen-
sionality structures exhibit enhanced exciton binding energy and
reduced carrier mobility due to strong quantum and dielectric confine-
ment, whereas structures with increased dimensionality enable better
charge transport and higher PCE [62,63]. This trend aligns well with the
trend analysis shown in Fig. 3(e), as the large-organic-to-metal ratio
decreases, PCE increases (Fig. S13). Overall, this correspondence high-
lights how chemically intuitive descriptors can offer mechanistic in-
sights into the factors governing device efficiency.

Similarly, the small organic cation, which occupies the A-site of the
perovskite lattice, has been shown to affect the band edge positions,
lattice distortion, and crystallographic phase stability [40,64-66]. Spe-
cifically, variations in the composition of FAT, MA™, and Cs™ shift the
valence and conduction band positions, influence the formation of
photoactive a-phases, and modulate the intermediate crystallization
pathway. Cs incorporation has been shown to stabilize the a-phase of
FA-based perovskites at room temperature, and triple cation systems
have demonstrated improved crystallinity, band alignment, and long-
term device performance under ambient conditions. Additionally, we
evaluated deep neural networks (DNNs) for performance prediction, as
presented in the Supporting Information (Figs. S14-S17). The DNN
achieved comparable accuracy to XGBoost models, offering a comple-
mentary perspective on model choice.

The data analysis illuminates the bridge between perovskite chemi-
cal information and perovskite solar cell performance. However, it is
important to consider that the available data for this study does not
capture all possible nuances and the relationships between chemical and
device information. For example, transitioning from linear to ring
compositions likely changes the optimization of device fabrication steps.
More extensive and detailed data will be beneficial for elucidating this
relationship. To advance ML applications in materials science, we sug-
gest expanding chemical composition coverage to include a wider va-
riety of organic and inorganic cations and their combinations, as this is
essential for addressing data imbalance, as shown in Fig. 2. Additionally,
documenting detailed processing conditions in the database, including
specific steps, environmental conditions, and synthesis methods, will
allow ML models to better learn complex relationships. Lastly, gathering
comprehensive property measurements, such as continuity and grain
size of the perovskite films via scanning electron or optical microscopy,
will make the dataset more suitable for ML, especially for structur-
e—property—performance prediction. Addressing these points will make
future datasets more robust for ML applications, allowing for extracting
more valuable information (See more details in “Enhancing XGBoost
Performance by Addressing Data Sparsity and Imbalance” in Supporting
Information).

3. Conclusion

A major bottleneck in the development of perovskite solar cells is the
overwhelming number of variables to consider — such as device archi-
tecture, the choice of materials for each layer, and, in the case of 2D
perovskites, the selection of spacer cation molecules for optimal per-
formance. Traditionally, researchers have approached this challenge
through trial-and-error, varying one design dimension at a time (e.g.,
testing different device architectures while keeping other variables
constant). While this method is time- and labor-intensive, its biggest
limitation is that it only allows comparisons within a single design
dimension. It does not reveal which dimension, such as material selec-
tion versus device architecture, has the greatest impact on performance.
Machine learning-based data analysis enables not only comparison
within a single design dimension, but also cross-dimensional insights,
revealing which groups of variables have the most significant influence
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on device performance. Thus, we presented a data-driven investigation
into the factors governing the 2D perovskite solar cell performance,
using a dataset of 792 curated devices with comprehensive chemical and
device descriptors. Through interpretable machine learning analysis, we
identify that intrinsic chemical features, most notably the large organic-
to-metal ratio and small organic cation, play a more significant role in
determining power conversion efficiency than device-related parame-
ters such as stack architecture or deposition method. The crucial role of
chemical features is an important finding enabled by our data-driven
analysis, which considers in ensemble the results of many previous
studies that had focused on either intrinsic chemistry or device related
features. The tendency of large organic-to-metal ratio and the small
organic cation composition to emerge as critical determinants of
perovskite optoelectronic behavior highlights the interplay between
dimensionality-driven charge transport and composition-driven phase
and band structure stability. The finding suggests that dimensional
control through spacer chemistry remains a central lever for perfor-
mance optimization in 2D perovskites.

Our results highlight the value of incorporating chemically mean-
ingful descriptors in perovskite databases and demonstrate how such
structured datasets can reveal key structure-property relationships not
easily accessible through experimental trial-and-error. We also
contribute a significant expansion of the dataset, adding new chemical
diversity and descriptors. The data resource is openly available (See
Data Availability section) for the research community to use and further
extend, supporting continued progress in data-driven materials design.

4. Limitation

In this study, we utilized hand-curated datasets, including Materials
Zone data and manually collected spacer cation data. However, this
approach introduces potential sources of human error. One key limita-
tion is the ambiguity in cation spacer acronyms within the Materials
Zone dataset. For instance, “HA” can refer to both hexylamine and his-
tamine, leading to potential mismatches when mapping spacer cation
data to the Materials Zone dataset. The potential sources of error
inherent to a hand-curated dataset may be mitigated in future work
through the development of automated data-curation pipelines, for
example, systematic parsing of IUPAC nomenclature. Ultimately, such
errors could be substantially reduced if researchers in the field were to
adopt the practice of consistently providing accurate IUPAC names
when publishing manuscripts or depositing data. Additionally, there
may be minor inaccuracies in the molecular weight calculations for
spacer cations. To maintain consistency across all samples, we assumed
a highly acidic environment and assigned the maximum number of
protons to each nitrogen-containing organic spacer (i.e., full protonation
of all nitrogen functional groups). In reality, the degree of protonation
may vary—typically by up to 3 protons, resulting in a deviation in the
molecular weight of approximately + 3 g/mol—depending on the
chemical environment, especially in the solid-state perovskite structure.
Looking ahead, more rigorous assignments of protonation states could
be achieved by integrating cheminformatics pipelines (e.g., SMILES/
InChl strings with automated protonation state and pK,-based rules). In
the present study, because reported experimental conditions (e.g., pH,
solvent environment) were often under-specified, we assumed full pro-
tonation of all nitrogen sites to maintain internal consistency in mo-
lecular weight assignments. However, if future reports systematically
document the relevant experimental environments (e.g., solution pH,
buffer composition, processing conditions), curated databases could
leverage such information to assign protonation states more accurately
and reduce systematic errors. Furthermore, the Materials Zone dataset
includes several entries labeled as 2D perovskites that appear to be
misclassified. These discrepancies could introduce unintended noise into
the model, possibly influencing its accuracy. Addressing these in-
consistencies through enhanced validation methods, improved data
preprocessing, and incorporating supplementary data sources could
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further strengthen future models. In this study, the dataset is primarily
literature-based and therefore lacks direct experimental validation of
model predictions. While this limitation does not diminish the value of
the current analysis, future work integrating targeted synthesis and
device testing of model-predicted candidates will be essential to fully
establish and benchmark the predictive power of this approach.

5. Methods
5.1. Data preprocessing

5.1.1. Minimum-maximum (Min-Max) scaling

Data scaling represents an essential step in ML to increase scale
invariance and reduce biases toward features with larger magnitudes
[67]. Many standardized scaling methods exist in this domain, such as
standard scaling, maximum absolute scaling, and Min-Max scaling [68].
Min-Max scaling involves performing a linear transformation on each
feature of the original data to constrain the features into a normalized
range of O to 1. The feature-wise transformation is given by:

X — Xmin
Xnormalized =~
Xmax — Xmin

where Xnormalized @and x are the scaled and original feature vectors, and
Xmin and Xmey, are the minimum and maximum values of the feature,
respectively. The implementation of Min-Max scaling used throughout
this work comes from the scikit-learn preprocessing package [69].

5.1.2. MultiLabelBinarizer (MLB) Encoding

Since ML algorithms involve performing mathematical operations to
learn from the input data, additional preprocessing is required to
convert categorical data into a numerical format that can be understood
and operated upon. The process is often referred to as data encoding.
Like with feature scaling, there are many existing encoding methods
with varied levels of complexity and use cases, such as one-hot encoding,
label encoding, and Latent Dirichlet Allocation [70]. Selecting an
appropriate encoding strategy requires careful consideration of the
data’s structure and information content as well as the ML algorithm
being used. The method used herein is MLB encoding, which transforms
list-like multilabel features into a binary representation. The imple-
mentation of MultiLabelBinarizer encoding used in this work is from the
scikit-learn preprocessing package [69].

6. Machine learning models
6.1. XGBoost regressor

XGBoost or eXtreme Gradient Boosted models are a class of decision-
tree-based ensemble models with demonstrated excellent performance
over a wide variety of both regression and classification tasks [71-73].
Being an ensemble method, XGBoost consists of many individual deci-
sion trees, each of which is trained and performs predictions. Then, the
decisions are collectively pooled and used to give the overall model
prediction. The utilized XGBoost Regressor model is contained in the
open-source XGBoost package [74].

6.2. Grid search model optimization

In Al and ML applications, grid searching is a method employed
during model selection to optimize a model’s hyperparameters based on
some objective function. For example, in the context of this work, the
grid search seeks to find the hyperparameters of the XGBoost Regressor
that maximize the overall R? on the predicted output features. Before
performing a grid search, one must first define a list of model-specific
hyperparameters and values for each over which to perform the opti-
mization [74]. After defining the model and the parameter grid, various
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methods exist to find the global optimum within the parameter space
[75]. Although it is more computationally expensive, we opted to
perform model training and evaluation at every node in the parameter
grid to develop a more robust and comprehensive understanding of the
model’s performance concerning the hyperparameters.

6.3. Random forest (RF)

RF regression is an ensemble method based on bootstrap-aggregated
decision trees [59]. Each tree is trained on a randomly sampled subset of
the data and features, and the final prediction is obtained by averaging
outputs across trees.

6.4. Partial least square regression (PLS)

PLS is applied to model the relationship between input descriptors
and target photovoltaic parameters [60]. PLS projects the feature space
into a lower-dimensional latent space while maximizing covariance
between predictors and response variables.

6.5. Cross validation

Model performance was evaluated using two cross-validation
schemes. In random K-fold cross-validation, the dataset was randomly
partitioned into K folds, with each fold used once as the test set while the
remaining folds were used for training [76]. In Group K-fold cross-
validation, samples belonging to the same composition group were
restricted to either the training or test set, thereby preventing infor-
mation leakage across splits [69].
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Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.

org/10.1016/j.solener.2025.114112.

Data availability

The datasets generated and/or analyzed during this study are avail-

able at the following locations: GitHub: https://github.com/migonchoi/
ML-for-2D-Perovskite-Solar-Cell-Performance. Duke Research Data Re-
pository (RDR): https://doi.org/10.7924/r40g3xh1d. The original data
were obtained from Materials Zone (https://www.materials.zone/),
where the Perovskite Database [44] was originally deposited. The data
have now been migrated to NOMAD [45]. We are currently collaborating
with NOMAD to incorporate our additional descriptors and data to the
existing dataset.

Code Availability
The underlying code for this study is available in GitHub repository

and can be accessed via this link https://github.com/migonchoi/ML-
for-2D-Perovskite-Solar-Cell-Performance.
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