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Introduction

Exploring the degree of long-range order/disorder
in indaceno-based photovoltaic small molecules
using data-driven machine learning analysis+t

Hussein A. K. Kyhoiesh, @ *2 Karrar H. Salem,? Azal S. Waheeb,” Riyam A. Hasan,?
Hayder R. Salman, & Ahmed A. Al-Kubaisi," Ashraf Y. Elnaggar, & 9 Islam H. El Azab?
and Mohamed H. H. Mahmoud"

Long-range order and disorder in small molecules significantly impact their physical and chemical
properties, affecting their performance in photovoltaic devices. For the current study, a data-driven
machine learning (ML) approach has been applied to explore the relationship between molecular
structure and crystallinity in 480 indaceno-based small molecules. Three ML models, including support
vector machines and random forest models, were trained to predict crystal propensity. A heatmap
analysis revealed that 72.71% of the small molecules exhibit crystalline behavior, while the remaining
27.29% are non-crystalline. ML models achieved near-perfect accuracy (AUC: SVM-RBF = 0.999, RF =
0.998; MSE:RF = 0.00, SVM-RBF =
accuracy, with a mean squared error ranging from 0.0-0.64. Feature importance analysis using SHAP

0.01). The predicted crystal propensity values showed high

values identified ChiOv, kappal, Chiln, and NumRotatableBonds as the most contributing factors to
crystal propensity. The synthetic accessibility score of the small molecules ranged from 0.02 to 0.12,
providing insights for designing and optimizing indaceno-based small molecules with tailored crystallinity
and photovoltaic properties. This study demonstrates the potential of ML approaches in guiding the
development of high-performance small molecules for solar energy applications.

current reliance on fossil fuels.” The unique properties of
photovoltaic small molecules, including their flexibility, light-

The importance of photovoltaic small molecules cannot be
overstated in the wake of modern scientific developments." As
the world grapples with the reality of an energy crisis, these
materials have emerged as a promising solution to mitigate the
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weight nature, and low production costs, make them an
attractive alternative to traditional solar panels.* Furthermore,
recent advancements in material science have led to the devel-
opment of small molecules with enhanced power conversion
efficiency, rivaling their inorganic counterparts.* The applica-
tions of photovoltaic small molecules are vast and varied. One
of the most promising areas is building-integrated photovol-
taics (BIPV), where small molecules can be seamlessly inte-
grated into building structures, generating electricity while
serving as a building envelope.® Additionally, the flexibility and
lightweight nature of photovoltaic small molecules make them
an ideal choice for powering wearable devices, such as smart-
watches and fitness trackers.® As research continues to advance,
the importance of photovoltaic small molecules will only
continue to grow.”

The arrangement of small molecule chains, either in a crys-
talline or amorphous structure, significantly affects the mate-
rials with their mechanical strength, conductivity, and optical
properties.® In crystalline small molecules, long-range order is
characterized by a repeating pattern of molecular arrange-
ments, resulting in improved mechanical strength, thermal
stability, and conductivity.” On the other hand, amorphous
small molecules exhibit a random, disordered structure,
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leading to increased flexibility, optical clarity, and solubility.*®
The balance between long-range order and disorder is critical,
as it directly influences the small molecules with their perfor-
mance in various applications.” Moreover, the degree of order
and disorder can be influenced by factors such as molecular
weight, temperature, and processing conditions, further
emphasizing the need to evaluate these parameters before
designing new small molecules.” Understanding and control-
ling long-range order and disorder in small molecules is
essential for optimizing their properties and performance." By
elucidating the relationship between molecular structure and
material properties, researchers can design small molecules
with tailored properties for specific applications.* Introducing
disorder can improve the optical clarity and solubility of small
molecules, making them ideal for biomedical and optoelec-
tronic devices." Evaluating long-range order and disorder is
thus a critical step in the design and development of new small
molecules, enabling the creation of materials with optimized
properties and performance.*®

The ML has emerged as a powerful tool in materials science,
enabling the prediction of unique material properties with
accuracy." By analyzing complex datasets, ML algorithms can
identify patterns and correlations to predict properties like
mechanical strength, thermal conductivity, and optical prop-
erties.” In small molecules, ML can predict crystal propensity
features, critical for photovoltaic performance.*® This approach
can accelerate the discovery of new small molecules with opti-
mized photovoltaic features, enabling more efficient and
sustainable energy harvesting systems.** The current work
applies ML analysis to a dataset of small molecules to evaluate
crystal propensity features and predict photovoltaic perfor-
mance. By identifying key structural features governing crystal
propensity, a predictive model can be developed to forecast
photovoltaic properties. This enables the design of new
indaceno-based photovoltaic small molecules with optimized
crystal propensity features, leading to enhanced photovoltaic
performance and improved energy harvesting capabilities.

Methodology
Data collection

A dataset of 480 indaceno-based small molecule structures was
curated from peer-reviewed literature and open-access chemical
databases such as PubChem, the Cambridge Structural Data-
base (CSD), the Harvard Organic Photovoltaic Database (https://
opvdb.Ibl.gov) and the OMDB database (https://omdb.digital/).
Search filters targeted the indaceno or similar indaceno-based
core structures. For molecules not available in public
databases, structures were manually drawn using ChemDraw
and converted to SMILES format using the RDKit toolkit. All
SMILES strings were standardized and validated using RDKit
to ensure consistency and accuracy before descriptor
calculation, and represented using Simplified Molecular Input
Line Entry System (SMILES) notation (Fig. 1). The datasets
were preprocessed by standardizing molecular representations
and normalizing calculated descriptor values. The dataset was
then divided into a training set (360 structures, 75%) and
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Fig. 1 Distribution of SMILES string lengths for the 480 indaceno-
based small molecules.

a test set (120 structures, 25%) to ensure model training and
evaluation on separate data. All model performance metrics,
including AUC and MSE, were calculated using the test set to
evaluate the models’ predictive power on unseen data. The
datasets were preprocessed by normalizing the SMILES
lengths to a common scale, preventing feature dominance
and improving model performance. This setup enabled ML
analysis to correlate SMILES length with photovoltaic
performance, aiming to develop predictive models for these
small molecule structures. Hyperparameters for SVM and
Random Forest models were optimized via 5-fold cross-
validation on the training set. All features were standardized
using StandardScaler, and zero-variance features were removed.

Descriptor designing

A comprehensive set of molecular descriptors was generated
from the collected indaceno-based structures using the RDKit
toolkit.>* These descriptors encompassed various types,
including electronic, topological, electrotopological, and
molecular descriptors, which were designed to capture diverse
aspects of the small molecule structures. This diverse set of
descriptors allowed for a thorough characterization of the small
molecules, enabling the identification of potentially relevant
features that may influence their photovoltaic performance. The
calculated descriptors that were correlated with target proper-
ties are provided in the ESI.{***

Machine learning analysis

The latest Python package (Ver. 3.10.6) was used for all
machine-learning operations.”® Advanced Python libraries such
as NumPy, Pandas, SciPy, and Scikit-Learn were utilized for data
processing, analysis, and visualization. Informative plots and
graphs were created with Matplotlib to effectively illustrate the
results. A robust and accurate machine learning model was
developed to predict the crystal properties of indaceno-based
small molecules, leveraging advanced algorithms and data
analysis techniques, ultimately aiding in the identification of
potential candidates for further experimental validation.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Correlations and feature scores

The correlations and feature scores properties are provided in
the ESL 12’

Results and discussion
Model training

The ML model was evaluated using three different classification
algorithms: Support Vector Machine (SVM)*® with a linear
kernel, SVM with a radial basis function (RBF) kernel, and
Random Forest (RF)* Starting with the SVM (Linear) model, the
obtained AUC score of 0.986 indicated that this model was
performing quite well. Its AUC score close to 1 suggested that
the model could be excellent at distinguishing between positive
and negative classes. In the case of a linear kernel, the SVM
model was trying to find a hyperplane that could separate the
classes in a linearly separable way (Fig. 2). The high AUC score
indicated that the model could be able to find a good separation
between the classes, suggesting that the features used in the
model are highly discriminative. Moving on to the SVM (RBF)
model, the AUC score of 0.999 is extremely high, indicating
almost perfect classification performance. This is not
surprising, given that RBF kernels are more flexible than linear
kernels and can handle non-linear relationships between
features. The high AUC score suggested that the RBF kernel
might have been able to capture complex patterns in the data
that the linear kernel could be unable to capture. This might
imply that the data could have non-linear relationships between
features, and the RBF kernel has been able to model these
relationships effectively. Finally, the RF model achieved an AUC
score of 0.998, which is also considerably high. As RF model is
an ensemble learning method to combines the predictions of
multiple decision trees. Its high AUC score could indicate that
the ensemble could have been able to capture the patterns in
the data effectively. Also, the RF model is known for its ability to
handle complex interactions between features and its robust-
ness to overfitting.

1.0 A
7’
,/
4
I,,

0.8 A ,’/
L o
© 7’
o ’
v 067 e
> 7’
p= ol
v
o 7
z 0.4 L
= e
= 4

7’
7’
0.2 e — - —
R SVM (Linear) (AUC=0.986)
,1, — SVM (RBF) (AUC=0.999)
0.0 1 L’ —— Random Forest (AUC=0.998)
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Fig.2 Receiver operating characteristic (ROC) curves for the three ML
models (test set). AUC values: SVM-RBF = 0.999, RF = 0.998, SVM-
Linear = 0.986.
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The high AUC score also suggested that the RF model could
have been able to handle the interactions between features
effectively and could have not overfitted to the training data.
Overall, all three models have performed well which suggested
that the features used in the model were highly discriminative,
and the models could capture the underlying patterns in the
data effectively. Their high performance might suggest that the
data could have complex, non-linear relationships between
features, and the models could have been able to capture these
relationships effectively.

Crystal propensity range

Crystal propensity is defined as a binary classification label
(crystalline/non-crystalline) based on experimental data from
peer-reviewed literature. The crystal propensity analysis of all
480 compounds revealed a fascinating insight into their crys-
tallinity and non-crystallinity characteristics. To visualize these
results, a heatmap with a contour map was created to illustrate
the degree of order (crystallinity) and disorder (non-
crystallinity) among the compounds from their trained
models. The heatmap was a 2D representation of the data, with
ChiOv on the x-axis and NumRotableBonds on the y-axis. The x-
axis ranged from 0-140, while the y-axis ranged from 0-90. The
heatmap was divided into a grid of squares, each representing
a unique combination of ChiOv and NumRotableBonds values
(Fig. 3). The color scheme of the heatmap was important to
understand their results. Its colors ranged from blue to red,
with blue indicating its higher propensity for crystallinity and
red indicating its higher propensity for non-crystallinity. The
transition from blue to red was gradual, with intermediate
colors indicating intermediate propensities for crystallinity. The
heatmap exhibited a clear pattern, with the majority of the blue
region concentrated in the upper-left quadrant.

This suggested that compounds with low ChiOv values and
low NumRotableBonds values could be more likely to exhibit
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Fig. 3 Heatmap of crystal propensity as a function of ChiOv (x-axis,
valence connectivity index) and NumRotatableBonds (y-axis). Contour
lines denote probability density (darker = higher density). Regions with
ChiOv < 40 and NumRotatableBonds < 5 show maximal crystallinity
(72.71% of molecules).
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crystalline behavior. As ChiOv values increased and NumRota-
bleBonds values decreased, the propensity for crystallinity
decreased, and the color gradually shifted towards the red.
Conversely, the red region was more prominent in the lower-
right quadrant, indicating that compounds with high Chiov
values and high NumRotableBonds values could be non-
crystalline. This made sense, as high ChiOv values and high
NumRotableBonds values could often indicate a higher degree
of molecular flexibility, which can hinder crystallization. The
contour lines within the heatmap provide additional insight
into the data. The lines represent regions of equal probability
density, with darker lines indicating higher probability densi-
ties. The contour lines are denser in the blue region, indicating
that the data is more concentrated around the crystalline
region. The contour lines are less dense in the red region,
suggesting that the data is more scattered around the non-
crystalline region. By examining the heatmap, researchers can
identify specific regions of high crystallinity or non-crystallinity,
which can inform further research and development. For
example, compounds with low ChiOv values and low NumRo-
tableBonds values may be prioritized for crystallization
attempts, while compounds with high ChiOv values and high
NumRotableBonds values may require additional optimization
to improve their crystallization properties.

The feature importance analysis revealed its fascinating
insight into relationships between various molecular descrip-
tors and crystal propensity. The highest correlation was
observed between ESate VSA8 and crystal propensity, with
a correlation coefficient of 0.77. Being a topological polar
surface area descriptor, ESate_VSA8 measures the surface area
of a molecule that could be accessible to a solvent. In the
context of crystal propensity, a high correlation with ESa-
te_VSA8 suggested that small molecules with larger polar
surface areas could be more likely to crystallize (Fig. 4). This
made sense, as small molecules with larger polar surface areas
could have stronger intermolecular interactions to facilitate
their crystal formation. Its next features which included Heav-
yAtomMolwt, MolMr, MolWt, and ExactMolwt showed a corre-
lation coefficient of 0.72 with crystal propensity. These features
could be related to molecular weight, which is a fundamental
property of small molecules. The correlation suggested that
small molecules with higher molecular weights could be more
likely to crystallize. This could be attributed to the fact that
larger small molecules tend to have more pronounced inter-
molecular interactions, which could lead to their higher
propensity for crystallization. The feature LabuteASA,** which
measures the accessible surface area of small molecules, also
exhibited a high correlation with crystal propensity (0.72).

That was consistent with the idea that small molecules with
larger surface areas could likely crystallize, as they have more
opportunities for their intermolecular interactions. The feature
NumAromaticRings, counting the number of aromatic rings,
showed a correlation coefficient of 0.71 with the crystal
propensity. The aromatic rings are known to be planar and rigid
to facilitate crystal formation by providing a flat surface for their
intermolecular interactions. The correlation suggested that
small molecules with more aromatic rings could be more likely
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to crystallize. The features ChiOv, Chil, and HeavyAtomCount
also showed a correlation coefficient of 0.71 with crystal
propensity. ChiOv and Chi1 are topological indices that measure
molecular connectivity and shape, while HeavyAtomCount
measures the number of heavy atoms in small molecules. The
correlation suggested that small molecules with more complex
shapes and higher numbers of heavy atoms could be more likely
to crystallize.

Feature-driven investigation

The observation that ChiOv produces a linear correlation with
crystal propensity is a significant finding, as it suggested
a direct relationship between the molecular descriptor ChiOv
and the likelihood of crystallization. To further investigate this
relationship, the distribution of NumRotatableBonds and ChiOv
was evaluated, revealing that the range of NumRotatableBonds
was up to 80, while ChiOv ranged up to 140 (Fig. 5). Notably, the
majority of small molecules exhibited a relatively low number of
rotatable bonds, with most having between 0 and 4 rotatable
bonds. This suggested that the molecular flexibility of these
small molecules is relatively low, which could facilitate crys-
tallization by reducing the degree of molecular motion and
increasing the likelihood of intermolecular interactions. On the
other hand, ChiOv, which measures the molecular connectivity
and shape, ranged from 20-65 for most small molecules. This
range is interesting, as it suggested that the molecular shape
and connectivity of these small molecules were relatively
diverse. However, the fact that ChiOv correlates linearly with
crystal propensity implied that there could be a specific range of
Chiov values that were conducive to crystallization.

The combination of low rotatable bonds and specific Chiov
values may be indicative of small molecules that are more likely
to crystallize. This is because small molecules with low rotatable
bonds are more likely to adopt a rigid conformation, which can
facilitate the formation of crystal lattices. Meanwhile, the
specific range of ChiOv values may correspond to molecular
shapes and connectivities that are more conducive to intermo-
lecular interactions and crystal formation. The distribution of
NumRotatableBonds and ChiOv highlighted the importance of
molecular properties in determining crystal propensity. By
understanding the relationships between these molecular
descriptors and crystal propensity, researchers can design and
optimize small molecules with improved crystallization prop-
erties. For instance, by targeting small molecules with low
rotatable bonds and specific ChiOv values, it might be able to
engineer small molecules with improved crystal structures and
properties. The analysis of the top-ranked small molecules with
the highest crystal probability reveals distinct patterns in their
RotatableBondCount (RBC) and Chi0v values, which fall within
narrow ranges (Fig. 6). The RotatableBondCount of these top-
performing structures ranged from 26-28, indicating a rela-
tively low degree of molecular flexibility. Meanwhile, the Chiov
values ranged from 58.52-59.71, suggesting that these small
molecules have a specific range of molecular connectivity and
shape that is conducive to crystallization. Notably, the top-
ranked structures exhibited a strong correlation between

© 2025 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5ra02748a

Open Access Article. Published on 01 July 2025. Downloaded on 4/16/2026 11:40:04 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Paper

View Article Online

RSC Advances

1.00
Crystal_Propensity .72 0.72 0.72 0.72 0.71 0.71 0.71 0.71 0.71
EState VSAS —} il 0.81 0.82 0.8 0.8 0.81 0.85 0.8 0.82 0.82 095
HeavyAtomMolWt {01 0.81 B EEA-L]
MoIMR | 580
MolWt
ExactMolWt - 0.85
LabuteASA
NumAromaticRings {¥#40.85 0.8 7/ 0.78 0.78 0.78 s8l /51 0.78 0.78 - 0.80
Chi0v
Chil 0.99 099 1 [WE]0.99 1 0.75
HeavyAtomCount {041 0.82 [VEERSERVEERCE RSN 0.78 [N
. 0 - m - - < 7 > : N
EBEEEEEREER
e L 32 33 g5 2
T P S < < @) Q
& = S Z = £ 2
£ < g C 2 = )
-W - =] « < - -
- A < g = 8 g
= = = B
z g g
oy o = s
=
&) = Z

Fig. 4 Pearson correlation heatmap of top RDKit descriptors versus crystal propensity. Strong positive correlations (red) indicate higher crys-

tallinity likelihood.

RotatableBondCount and ChiOv values. Structures with Rota-
tableBondCount values between 26-28 and ChiOv values
between 58.52 and 59.71 were found to have the highest crystal
probability, with values ranging from 0.97-0.99. These results
suggested that small molecules with specific ranges of Rotata-
bleBondCount and ChiOv values might be more likely to crys-

Regression analysis

The regression analysis performed on the trained models
reveals a fascinating insight into the performance of different
algorithms in predicting crystal propensity. The results show
that Support Vector Regression (SVR) with a linear kernel ach-
ieved a mean squared error (MSE) of 0.64, while SVR with

talllze,. ar'1d ther.efore might  be suitable targets for a radial basis function (RBF) kernel achieved an impressively
crystallization studies. low MSE of 0.01 (Fig. 7). This stark difference in performance
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Fig. 5 Distribution of (a) RotatableBonds (range: 0-80) and (b) ChiOv (range: 20-140) across the dataset.
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Fig. 6 Chemical structures of small molecules with the highest crystal probability along their RotatableBonds (RBC) and ChiOv.

suggested that the RBF kernel could be better suited for
capturing the underlying relationships between the molecular
descriptors and crystal propensity. The RBF kernel with its
superior performance could be attributed to its ability to handle
non-linear relationships between the inputs and outputs.** In
this case, the RBF kernel can model the complex interactions
between the molecular descriptors and crystal propensity,
resulting in a much lower MSE. This is in contrast to the linear
kernel, which assumes a linear relationship between the inputs
and outputs and is therefore limited in its ability to model

22454 | RSC Adv,, 2025, 15, 22449-22459

complex interactions. An exceptional deviation is observed for
one compound (blue point) in (Fig. 8). This outlier likely results
from unique structural features or limitations in the model's
representation of underrepresented molecular motifs.

The RF model, on the other hand, achieved an astonishingly
low MSE of 0.00, indicating that it has essentially perfectly
predicted the crystal propensity of the small molecules. This is
likely because RF is an ensemble learning method that
combines the predictions of multiple decision trees, allowing it
to capture complex interactions and non-linear relationships

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 7 Regression plot of predicted vs. actual crystal propensity (test
set).

between the molecular descriptors and crystal propensity. The
results of the regression analysis suggested that both SVR with
an RBF kernel and RF could be suitable algorithms for pre-
dicting crystal propensity. However, the exceptionally low MSE
of the RF algorithm could make it the most promising approach
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for this task. By using RF, researchers can accurately predict the
crystal propensity of small molecules, which can facilitate the
design and optimization of small molecules with improved
crystal structures and properties.

Impact of model performance

The SHapley Additive eXplanation (SHAP)**** value beeswarm
plot revealed that a select group of molecular descriptors had
a disproportionately high impact on the model performance.
Specifically, the top-ranked descriptors in terms of SHAP values
were ChiOv, kappal, Chiln, NumRotatableBonds, ChiOn, and
kappa3. These descriptors were found to have a significant
influence on the model's ability to predict crystal propensity,
with ChiOv and kappal emerging as the most important
features. The high SHAP values for ChiOv and kappal suggested
that these descriptors were capturing critical aspects of molec-
ular structure and connectivity that were closely tied to crystal
propensity (Fig. 8). The ChiOv, a topological index, was likely
influencing the model predictions by encoding information
about molecular shape and size. Meanwhile, kappa1l, a kappa-
shape index, is thought to be contributing to the model
performance by capturing information about molecular flexi-
bility and conformational entropy. The other top-ranked
descriptors, including Chiln, NumRotatableBonds, ChiOn,
and kappa3, also appear to be playing important roles in the
model predictions. Chiln and ChiOn, as topological indices, are
likely to encode information about molecular connectivity and
branching patterns. NumRotatableBonds, which counts the
number of rotatable bonds in small molecules, is expected to
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Fig. 8 SHAP value beeswarm plot of the collected dataset by the trained regression models.
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influence the model predictions by capturing information
about molecular flexibility and conformational entropy. Finally,
kappa3, as a kappashape index, is thought to be contributing to
the model performance by capturing information about
molecular shape and size. Overall, the SHAP value beeswarm
plot highlighted the importance of these molecular descriptors
in predicting crystal propensity and provided valuable insights
into the underlying mechanisms that drive crystallization.**

Data clustering

The t-SNE maps provided a fascinating visual representation of
the high-dimensional molecular descriptor space. The map
revealed that the first component, which captured the majority
of the variation, spanned a range of values from —40 to 20
(Fig. 9). This component likely represented a combination of
molecular descriptors that were highly correlated with crystal
propensity. The clustering of data points along this component
suggested that small molecules with similar crystal propensity
values tend to have similar values for these descriptors.
Furthermore, the fact that the component spans a range of
negative to positive values implies that there may be a threshold
or cutoff value beyond which crystal propensity increases or
decreases significantly. In contrast, the second component,
which captured a smaller but still significant portion of the
variation, spanned a range of values from —20 to 30. This
component may represent a different set of molecular descrip-
tors that are also important for crystal propensity but are less
correlated with the descriptors captured by the first component.
The clustering of data points along this component suggested
that small molecules with similar values for these descriptors
tend to have similar crystal propensity values. The fact that the
second component has a smaller range of values than the first
component may indicate that the descriptors captured by this
component have a smaller impact on crystal propensity. Overall,
the t-SNE maps provide a valuable visualization of the rela-
tionships between molecular descriptors and crystal propensity.
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By identifying the most important descriptors and their rela-
tionships, researchers can gain a deeper understanding of the
underlying mechanisms that drive crystal formation and
develop more effective strategies for designing and optimizing
small molecules with improved crystal properties.***

Synthetic accessibility

The synthetic accessibility (SA) scores in this study were calcu-
lated using the method of Ertl et al.?” The score, ranging from
0.02 to 0.12, exhibits a high density of values clustering around
0.06 to 0.08, indicating a greater number of small molecules
possessing scores within this range. This accumulation sug-
gested a correlation between the synthetic accessibility score
and the underlying structural or functional properties of the
small molecules. A score of 0.06-0.08 might correspond to
a moderate level of accessibility, making these small molecules
more amenable to synthesis than those with lower scores. The
highest synthetic accessibility (SA) scores were observed in
small molecules 1 and 2, with scores of 0.109, accompanied by
crystal propensity values of 0.987 and 0.991, respectively (Table
1).

These small molecules exhibit a high degree of synthetic
accessibility, suggesting that they can be readily synthesized.
Furthermore, their high crystal propensity values indicate
a strong tendency to form crystalline structures. The small
molecules 5, 6, and 7 also demonstrated their high SA scores,
ranging from 0.107-0.103, with crystal propensity values varying
from 0.992 to 1.000. These small molecules display a moderate
to high level of synthetic accessibility, and their crystal
propensity values suggested a strong to absolute tendency to
form crystalline structures. Notably, small molecules 12-15 and
17-20 exhibit SA scores ranging from 0.102-0.101, with crystal
propensity values consistently above 0.99, indicating a high
likelihood of crystallization. These small molecules demon-
strate a moderate level of synthetic accessibility, making them
amenable to synthesis, and their high crystal propensity values
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(a) t-SNE visualization of molecular descriptor clustering; (b) distribution of synthetic accessibility scores (0.02-0.12).
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Table 1 A comparison of the top 30 small molecules with the highest synthetic accessibility scores with their crystal propensity features

Small molecules SA score Crystal propensity Small molecules SA score Crystal propensity
1 0.109 0.987 16 0.102 0.994
2 0.109 0.991 17 0.102 0.994
3 0.107 0.309 18 0.102 0.994
4 0.107 0.269 19 0.102 0.994
5 0.107 0.992 20 0.101 0.600
6 0.103 0.946 21 0.101 0.995
7 0.103 1.000 22 0.101 0.991
8 0.103 1.000 23 0.101 1.000
9 0.103 1.000 24 0.101 1.000
10 0.103 0.921 25 0.101 0.022
11 0.103 0.994 26 0.100 1.000
12 0.102 1.000 27 0.100 1.000
13 0.102 1.000 28 0.100 1.000
14 0.102 0.949 29 0.100 1.000
15 0.102 0.994 30 0.100 0.995

suggest that they may form crystalline structures with ease. The
correlation between SA scores and crystal propensity values
suggested that small molecules with higher SA scores tend to
exhibit a greater propensity for crystallization. This relationship
has significant implications for the design and synthesis of
small molecules with specific structural and functional
properties.

Conclusion

In this study, a machine learning (ML) approach to predicting
the crystal propensity of indaceno-based photovoltaic small
molecules has been applied. By analyzing the molecular struc-
ture of 480 small molecules, their key factors have been iden-
tified to contribute to crystallinity a predictive framework has
been developed for their crystal propensity. The current results
indicate that a crystallinity prevalence of 72.71% is linked to
a low number of rotatable bonds (ranging from 0 to 4) and an
optimal ChiOv value between 58.52 and 59.71. Near-perfect
crystallinity prediction was achieved with an AUC of 0.999 and
an MSE of 0.00 using RF/SVM-RBF models. Additionally, SA
scores, ranging from 0.02 to 0.12, serve as an effective proxy for
crystallinity, facilitating rapid screening. These results demon-
strate that ML can accurately predict the crystal propensity of
small molecules, paving the way for the design and optimiza-
tion of high-performance candidates. The most fascinating
aspect of this study is the potential for rapid screening and
optimization of small molecules. By leveraging ML algorithms,
a rapid evaluation can be made to predict the crystallinity
(order/disorder) of thousands of small molecules to identify the
most promising candidates for further development. This
approach could lead to the discovery of novel small molecules
with enhanced photovoltaic performance, revolutionizing the
field of solar energy. Furthermore, this study opens up oppor-
tunities for future research. Integrating ML with experimental
techniques (like spectroscopy and microscopy) can provide
a deeper wunderstanding of their structure-property
relationships.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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