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ABSTRACT: The performance of non-fullerene-acceptor (NFA)
organic solar cells is governed by the nanoscale donor–acceptor
morphology of the active layer, yet quantitative design rules linking
molecular packing to device metrics remain limited. Here, we inte-
grate fully atomistic molecular dynamics simulations with sym-
bolic-regression-based machine learning to derive interpretable
morphology–performance relationships for PM6:NFA blends. Ten
representative morphologies were characterized using geometric,
packing, and interaction descriptors capturing density, orientational
order, interfacial spacing, aggregation, and free volume. After vari-
ance inflation factor–based descriptor screening, SISSO (sure inde-

 2
2,

 2
02

6 
at

 0
6:

09
:5

2 
(U

T
C

).
 h

ow
 to

 le
gi

tim
at

el
y 

sh
ar

e 
pu

bl
is

he
d 

ar
cl

e

pendence screening and sparsifying operator) symbolic regression

un
e

s 
on
was employed to construct compact analytic models for short-circuit current (JSC), open-circuit voltage (VOC), fill factor (FF), and
power conversion efficiency (PCEmax). The resulting low-dimensional expressions accurately reproduce experimental performance
trends (r = 0.97–1.00) while retaining physical interpretability. Three primary morphology axes emerge: (i) a density–anisotropy–
free-volume axis governing percolation and charge collection, (ii) an orientation-mismatch axis influencing interfacial charge separa-
tion and transport directionality, and (iii) a clustering/compactness axis associated with energetic disorder and voltage losses.
These results translate complex atomistic morphology into actionable, physically grounded design principles for polymer:NFA solar
cells and provide a generalizable framework for morphology-driven optimization of next-generation organic photovoltaic materials.
KEYWORDS: organic solar cells (OSCs), non-fullerene acceptors (NFAs), morphology–performance relationships,
symbolic regression (SISSO), molecular dynamics simulations, interpretable machine learning
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1. INTRODUCTION

Organic solar cells (OSCs), distinguished by their lightweight,
flexible, and solution-processable nature, continue to attract
attention as promising candidates for next-generation photovol-
taic technologies.1 A major breakthrough in their performance
has come from the development of non-fullerene acceptors
(NFAs), which have pushed power conversion efficiencies
(PCEs) beyond 18% and toward the 19–20% range.2,3 NFAs
provide tunable energy levels, strong and broad absorption,
improved morphological stability, and higher open circuit volt-
ages, advantages that have placed them at the center of contem-
porary OSC research.4,5

Despite these advances, the nanoscale morphology of the
donor–acceptor (D/A) blend remains a key bottleneck.6,7

Photovoltaic performance originates from a complex multiscale
structure in the active layer, where interfacial characteristics dic-
tate exciton dissociation, charge separation, transport, and
recombination.8 Achieving optimal morphology requires balan-
cing interfacial area, percolation pathways, and minimizing trap
states. However, blend structure is notoriously sensitive to
molecular design, intermolecular interactions, solvent and addi-
tive choice, and thermal or solvent-vapor annealing.9,10 Too
much phase separation disrupts charge transport, whereas too
little increases recombination, underscoring the narrow process-
ing window for high-performance devices.9

Experimental techniques such as AFM, TEM, and GIWAXS
have enhanced our understanding of OSC morphology; how-
ever, they often lack the necessary resolution, throughput, or
direct structure–performance correlation required for predictive
design.8,9 Complementary theoretical approaches also face lim-
itations: density functional theory (DFT) accurately captures
https://doi.org/10.1021/acsaem.6c01289
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electronic structure but struggles with long-range interactions,
while molecular dynamics (MD) simulations provide detailed
structural evolution but rely on careful force-field parameteriza-
tion and produce vast, high-dimensional datasets.11,12 Critically,
neither method alone reveals clear, low-dimensional physical
relationships that connect molecular chemistry, morphology,
and device metrics.13

Machine learning (ML) has therefore emerged as a powerful
complement, enabling rapid prediction of OSC characteristics
using random forests, gradient-boosted trees, neural networks,
and symbolic models.13–16 These studies leverage large molecu-
lar databases and physicochemical descriptors such as
HOMO/LUMO levels, band gaps, and SMILES strings, and
demonstrate improved accuracy compared to conventional
regression.13,14,17–19 Nevertheless, the vast majority of ML
approaches bypass the morphological complexity of OSCs,
mapping simple molecular descriptors directly to PCE or
related metrics without capturing the critical intermediate step:
how nanoscale donor–acceptor structure governs device behav-
ior.14,18,19 As highlighted in recent reviews,15,18,19 interpretabil-
ity remains a key challenge, with many models functioning as
black boxes that offer limited physical insight or mechanistic
guidance for interface engineering. Moreover, descriptor sets
are often fragmented and biased toward what is computationally
easy, and they are rarely transferable across different donor–
acceptor combinations.14,17–19

These limitations create three persistent gaps in the field,
namely a lack of mechanistic, physically grounded descriptors,
insufficient exploration of morphology-derived parameters,
and poor generalization across chemistries and device architec-
tures. Addressing these gaps requires frameworks that can trans-
late the rich structural information contained in MD-simulated
morphologies into compact, interpretable, and predictive
models of OSC performance.

In this work, we build such a framework by integrating fully
atomistic MD simulations with interpretable machine learning.
We generate a comprehensive set of geometry-, interaction-,
and packing-based descriptors directly from D/A interfacial
morphologies, an approach that fundamentally differs from con-
ventional models, which are dominated by quantum-chemical
descriptors alone.15,20 Leveraging the SISSO (sure indepen-
dence screening and sparsifying operator)21 methodology, we
identify sparse, analytic relationships between morphology and
all key device metrics [short-circuit current (JSC), open-circuit
voltage (VOC), fill factor (FF), and power conversion efficiency
(PCEmax)]. Our results reveal that the seemingly complex mor-
phological landscape can be reduced to three physically mean-
ingful axes, namely density–anisotropy– spacing; orientation
mismatch; and clustering, which govern photovoltaic behavior
across diverse NFA chemistries. These low-dimensional
descriptors not only achieve high predictive accuracy but also
provide mechanistically transparent design rules, enabling
inverse design of optimized morphologies.

Overall, this study bridges a long-standing gap between pre-
dictive modeling and physical understanding in OSC research.
By fusing MD-derived morphological descriptors with symbolic
learning, we establish a generalizable and interpretable blueprint
for engineering donor–acceptor interfaces. The resulting
insights offer a path toward data-driven, morphology-centric
design of next-generation organic solar cells, with broad impli-
cations for scalable and high-efficiency solar energy
technologies.
B

2. METHODS

2.1. Molecular Dynamics Simulation

To establish morphology–performance relationships across
chemically diverse donor–acceptor blends, we performed fully
atomistic MD simulations for ten distinct PM6:NFA combina-
tions. Figures S1 and S2 show the molecular structures of the
ten NFAs along with the PM6 dimer model used in this work.
Although PM6 forms long polymer chains experimentally, a
dimeric repeat-unit model was adopted because prior atomistic
and coarse-grained studies have shown that dimer- and short-
oligomer representations reliably capture the key short-range
donor–acceptor interactions governing miscibility and interfa-
cial packing in conjugated polymer:NFA blends.22,23 Each
NFA contains 189–220 atoms, and the PM6 dimer consists of
314 atoms.
Initial geometries of all NFAs and the PM6 dimer were con-

structed in GaussView24 and optimized using DFT at the
B3LYP/def2-SVP level as implemented in ORCA.25 Bonded
and nonbonded force-field parameters were generated using
the Sobtop package,26 which derives parameters from the
DFT Hessian. The Sobtop-derived force field, combined with
Lennard–Jones nonbonded potentials, has been previously val-
idated to accurately capture dispersion-dominated donor–
acceptor interactions and weak intermolecular forces governing
OSC morphologies,27 with results consistent with experimental
observations.28 Accordingly, the same parametrization and sim-
ulation protocol employed here are expected to reliably describe
relative trends in intermolecular interactions and morphology
evolution across PM6:NFA systems. The partial atomic charges
were obtained using DDEC analysis29 via the ChargeMol pro-
gram.30 Although the chosen DFT level does not explicitly
include dispersion corrections, intermolecular van der Waals
interactions in MD simulations were handled through
Lennard–Jones pair potentials with a 13 Å cutoff. It should be
noted that the role of DFT in the present workflow is limited
to isolated-molecule geometry optimization, bonded-
parameter generation, and partial-charge derivation, whereas
intermolecular interactions governing morphology are treated
entirely at the MD level. Accordingly, although the chosen
DFT level does not include an explicit dispersion correction,
van der Waals interactions are not omitted; they are explicitly
accounted for in the MD simulations via Lennard–Jones
potentials, with long-range electrostatics treated using the
particle-mesh Ewald method.31 Thus, DFT and MD serve com-
plementary roles, with DFT providing intramolecular parame-
ters and MD capturing intermolecular packing and dispersion
effects. Explicit dispersion correction at the DFT stage would
be essential only if intermolecular binding or packing were com-
puted directly at the quantum-chemical level,32 which is not the
case here.
Blend morphologies were assembled by mixing 500 PM6

dimers with 600 NFA monomers using GROMACS.33 The
donor:acceptor ratio of 1:1.2 was chosen to match experimen-
tally reported PM6:NFA formulations34 and was kept fixed
across all systems to isolate morphology and chemistry effects.
Such a slightly acceptor-rich composition is known to promote
balanced phase separation, adequate interfacial area, and effi-
cient electron percolation in high-performing blends.6,35

Random packing was employed to generate unbiased initial
configurations. Each system was first energy-minimized
(steepest descent) and then annealed in the NPT ensemble
https://doi.org/10.1021/acsaem.6c01289
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from 100 to 800 K over 1.5 ns. Temperature control was
achieved using a velocity-rescaling thermostat,36 pressure con-
trol using the Berendsen barostat,37 and long-range electrostat-
ics were treated with smooth PME. The annealed systems were
subsequently cooled in two stages, from 800 to 600 K over
0.2 ns and from 600 to 300 K over 0.6 ns, within a 1.5 ns of
NPT dynamics. Simulations employed the leapfrog Verlet inte-
grator,38 a 1 fs timestep, and a 1.3 nm cutoff for nonbonded
interactions. Equilibration was confirmed by monitoring the sta-
bilization of thermodynamic quantities (temperature and vol-
ume) and potential energy (See Figure S3). Structural analysis
based on aromatic ring centroids indicates homogeneous amor-
phous packing (see Figure S4). A similar homogeneous amor-
phous packing was observed across all 10 systems, as well as
in the external validation system. After equilibration, each sys-
tem was simulated for an additional 5 ns in the NVT ensemble
to produce trajectories used for computing geometric, interac-
tion-based, and packing descriptors at the donor–acceptor
interface. This workflow follows established protocols for gener-
ating amorphous OSC morphologies.39,40 The same simulation
protocol was applied to all ten PM6:NFA systems.

While longer simulations or multiple independent trajecto-
ries could further enhance sampling, the present protocol cap-
tures the relevant local and mesoscale structural features
governing morphology–property relationships. We note that
PM6 is represented as a dimer, a common approximation that
balances computational efficiency with physical fidelity. This
representation preserves the essential conjugated backbone
and key interaction motifs while improving configurational sam-
pling and avoiding kinetic trapping or artificial entanglement
associated with long polymer chains.22 Although such coarse-
graining may limit the description of long-range polymer
connectivity, it remains suitable for capturing intermolecular
packing and donor–acceptor interactions, which are central to
the present study.

In this context, DFT is employed as a computationally effi-
cient approach for obtaining ground-state geometries and
force-field parameters, with accuracy dependent on the chosen
exchange–correlation functional. We note that the variational
principle applies strictly to the exact functional, while approxi-
mate Kohn–Sham functionals do not guarantee energies above
the exact ground state.41 Classical MD, in turn, is limited by
force-field fidelity, the absence of explicit electronic polarization
and bond rearrangement, and finite time and length scales,
which may restrict sampling of slow morphological relaxation
processes.42 Accordingly, MD is used here to generate equili-
brated amorphous morphologies and extract local structural
descriptors, rather than to fully reproduce experimental film for-
mation. The employed annealing–quenching protocol, followed
by a 5 ns production run, yields thermodynamically stable,
homogeneous amorphous morphologies, as determined by
centroid-level analysis of conjugated units (Figure S4). While
additional validation, such as simulations with multiple trajecto-
ries, or direct comparison with experimental probes (e.g.,
GIWAXS) would further strengthen morphology assessment,43

these aspects represent known limitations and directions for
future work without affecting the primary objective of extracting
physically meaningful morphology descriptors for structure–
performance analysis.44

It should be clarified that the classical, atomistically resolved
molecular dynamics configurations generated in this work are
intended to serve as comparative, protocol-level morphology
C

models that capture relative structural trends across the
PM6:NFA series, rather than complete physical reconstructions
of experimentally processed thin films. Direct validation via
local characterization techniques (e.g., GIWAXS, RSoXS,
TEM, or AFM) for each individual blend is currently con-
strained by the lack of comprehensive literature datasets.
Nevertheless, the physical relevance and predictive reliability
of the employed simulation and morphology analysis protocol
have been explicitly established via protocol-level benchmarking
against experimental thermodynamic data. Specifically, this
exact workflow was previously utilized to model the miscibility
and morphological stability of C-shaped (CF) and S-shaped
(SF) non-fullerene acceptor isomers blended with the donor
polymer D18.27 By implementing k-means clustering analysis
in conjunction with Voronoi tessellation, those simulations suc-
cessfully quantified cluster-size distributions and local molecular
packing, revealing that the C-shaped NFA forms smaller, more
uniformly dispersed clusters that enhance phase mixing,
whereas the S-shaped NFA aggregates into large, phase-
separated domains. Importantly, these computational configura-
tions directly reproduced the macroscopic experimental trends
reported by Bai et al.,28 where the SF:D18 blend exhibits a sig-
nificantly higher experimental Flory–Huggins interaction
parameter (χ = 2.70) compared with the highly miscible
CF:D18 blend (χ = 0.57).
Because this identical, experimentally validated protocol is

applied uniformly across the PM6:NFA series here, it provides
a dependable basis for extracting relative structural metrics
including local packing, aggregation scales, donor–acceptor con-
tact configurations, and phase-mixing behavior. To further ver-
ify that the extracted parameters are invariant to timescale
sampling limits, the production trajectory for the unseen exter-
nal validation system (PM6:Y6-BO) was extended to 10 ns.
Doubling the production window yielded no statistically signif-
icant deviation in the descriptors or subsequent SISSO predic-
tions, confirming that the structural configurations are
thoroughly sampled. Complete thermal, mechanical, and struc-
tural relaxation was verified by monitoring the strict conver-
gence of the instantaneous temperature, system volume, and
potential energy (Figure S3).

2.2. Computation of Morphological Descriptors

To translate the equilibrated MD morphologies into quantita-
tive inputs for machine learning, we extracted a comprehensive
set of descriptors that capture the geometric arrangement,
intermolecular interactions, and packing motifs at the donor–
acceptor interface. These descriptors serve as physically meaning-
ful, low-dimensional representations of the high-dimensional
atomistic configurations and were computed uniformly across
all ten PM6:NFA systems to ensure methodological consistency.
2.2.1. Geometry-based Descriptors. From the equili-

brated amorphous morphologies, three geometry-based
descriptors, namely centroid separation, molecular plane angle,
and backbone alignment angle, were computed using an identi-
cal analysis pipeline, and their definitions are schematically illus-
trated in Figure S5. For every saved trajectory frame, atomic
coordinates were unwrapped under periodic boundary condi-
tions using the minimum-image convention. For each donor
(PM6) and acceptor (NFA) molecule, we calculated the molec-
ular centroid, a plane normal defined from three reference
atoms on the conjugated core, and a backbone direction vector
obtained from two atoms aligned with the molecular long axis.
https://doi.org/10.1021/acsaem.6c01289
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For all donor–acceptor pairs within 10 Å, we collected (i) the
centroid distance rDA, (ii) the interplanar angle

θplane = arccos nD·nAð Þ (1)

and (iii) the backbone-alignment angle

θbb = arccos uD·uAj jð Þ (2)

Here nD and nA are the unit normal vectors to the plane of the
donor and acceptor molecule, respectively. While uD and uA are
the donor and acceptor backbone unit vectors (the absolute
value folds antiparallel orientations, giving a 0–90° alignment
metric). Distances were histogrammed in 0.1 Å bins (0–10
Å); θplane in 10° bins (0 – 180°); and θbb in 10° bins (0–
90°). For each descriptor, we extracted the full distribution,
the arithmetic mean (averaged over bin centers), and the mode
(the bin with the highest occupancy).

2.2.2. Intermolecular Interaction and Packing
Descriptors. To quantify the weak noncovalent interactions
that shape donor–acceptor miscibility and interfacial packing,
we performed an energy decomposition analysis using a classi-
cal force-field scheme (EDA-FF) implemented in Multiwfn.45

For each PM6:NFA system, 200 donor–acceptor dimers within
∼6 Å were randomly sampled from the 5 ns NVT production
trajectories. For each dimer, electrostatic (ΔEele), exchange–
repulsion (ΔExrep), dispersion (ΔEdisp), and total interaction
energies (ΔEtot) were computed. Together, these terms distin-
guish preferred binding regions, steric constraints, and π–π or
other dispersive interactions that collectively determine interfa-
cial stability.46,47

In addition to interaction energies, several molecular-shape
descriptors were obtained from Multiwfn, including van der
Waals (vdW) surface area, sphericity, and dimer density. The
vdW surface area reflects the extent of molecular contact; sphe-
ricity probes shape anisotropy relevant to packing; and density
was calculated from molecular mass and vdW volume.48,49 To
evaluate bulk segregation and packing heterogeneity, free-
volume fractions were calculated using a grid-based occupancy
scheme in which grid points falling inside smooth vdW bound-
ary functions were assigned as occupied. The free-volume frac-
tion for each blend was obtained from the equilibrated structure
prior to descriptor extraction. Finally, molecular packing motifs
were characterized by identifying centroids of terminal–terminal
(TT), terminal–core (TC), and core–core (CC) units and per-
forming k-means clustering on the pairwise distance matrices.
Following procedures used previously for CF and SF blend
analyses,27 silhouette scoring was used to determine the optimal
number of clusters, yielding fourteen distinct packing motifs
consistently across all ten PM6:NFA morphologies.

2.3. Multicollinearity Analysis and Descriptor Refinement

To ensure that the structure–property models were trained on a
statistically robust and interpretable feature set, we first evalu-
ated the degree of multicollinearity among all 14 numerical
descriptors. A complete list of descriptors is tabulated in
Table 1. As we aimed to diagnose correlations within the
descriptor space itself, the device performance metrics (JSC,
VOC, FF, and PCEmax) were excluded from this analysis. For
each descriptor (Xj), we regressed it against the remaining
descriptors and computed the corresponding coefficient of
D

determination (Rj
2); the variance inflation factor was then eval-

uated as VIFj = 1/(1 − Rj
2). This quantity reflects the factor by

which the variance of the regression coefficient of (Xj) is
increased due to correlations with other predictors, and there-
fore provides a direct measure of multicollinearity.50,51 Large
VIF values indicate that a descriptor is close to a linear combi-
nation of the others, which can inflate standard errors, widen
confidence intervals, and produce unstable or non interpret-
able regression coefficients, even when the overall model accu-
racy appears satisfactory.50,51 To mitigate these effects, we
adopted a conservative cutoff of VIF = 5, consistent with
widely used statistical guidelines, and implemented an iterative
elimination protocol in which, at each iteration, the descriptor
with the highest VIF was removed, followed by recomputation
of all VIFs for the reduced set. The process continued until
every remaining descriptor satisfied VIF < 5. This systematic
refinement produced a compact and approximately orthogonal
subset of descriptors that preserved the essential structural,
energetic, and morphological information while promoting
numerical stability and interpretability in the subsequent
regression analyses.

2.4. SISSO-Based Modelling

To translate the refined set of morphological descriptors into
transparent and predictive structure–property relationships, we
employed the SISSO++ framework.21 SISSO++ is a high-
performance C++ implementation of the SISSO methodology,
which integrates symbolic regression with compressed sensing
to identify low-dimensional, interpretable models from high-
dimensional feature spaces efficiently. This approach is particu-
larly suited to our problem, where the goal is to uncover concise
analytic expressions that link interfacial morphology to photo-
voltaic performance.
Beginning with the selected primary descriptors, SISSO++

systematically expands the feature space by applying a prede-
fined set of mathematical operators (e.g., arithmetic operations,
exponentiation, logarithms), thereby generating an extensive
pool of nonlinear candidate features. Relevance filtering is then
performed through sure-independence screening, and the final
predictive expressions are obtained by solving a sparsity-
promoting regression problem with l0 regularization. This pro-
cedure yields models that strike a balance between predictive
accuracy, robustness, and physical interpretability. The SISSO
framework is particularly advantageous for materials property
prediction as it combines predictive accuracy with interpretabil-
ity by identifying compact analytical descriptors from physically
meaningful variables. This is especially valuable in materials sci-
ence, where uncovering structure–property relationships is as
important as prediction itself. SISSO is well-suited to high-
dimensional, correlated descriptor spaces and performs reliably
even in small-data regimes, yielding explicit symbolic expres-
sions that can be directly linked to underlying chemical and
structural features.52,53 However, its performance depends on
the completeness of the initial descriptor pool and chosen oper-
ator space, and it may be susceptible to overfitting if model
complexity is not carefully controlled. Additionally, extrapola-
tion beyond the training domain and the lack of intrinsic uncer-
tainty quantification remain general limitations.52,54 In this
work, these challenges are mitigated by employing a physically
motivated, morphology-derived descriptor set combined with
VIF-based screening, enabling the extraction of low-
https://doi.org/10.1021/acsaem.6c01289
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Table 1. Morphological Descriptors Used in This Study, including Their Symbols, Definitions, and the Geometric, Interaction,
or Structural Property They Represent

descriptor symbol definition

mean distance rDA donor–acceptor centroid distance (Å)
plane angle θplane angle between donor/acceptor molecular plane normals
backbone angle θbb relative donor–acceptor backbone orientation angle
repulsion (exchange–repulsion) ΔExrep Pauli exchange–repulsion energy
inertia I structural inertia of donor–acceptor dimer
sphericity Φ shape descriptor measuring deviation from spherical geometry
density ρ mass per vdW volume of the dimer
free volume Vfree fraction of unoccupied space in the morphology
silhouette score Ssil cluster quality metric from k-means analysis

ACS Applied Energy Materials www.acsaem.org Article
dimensional, mechanistically interpretable relationships
between nanoscale morphology and device performance.

In this study, we focused on feature spaces up to three
dimensions (3D), enabling the construction of compact analytic
models, denoted f 3D, that map the morphology descriptors to
device-relevant targets (JSC, VOC, FF, and PCEmax). The result-
ing expressions provide direct insight into which geometric and
energetic features of the amorphous interface most strongly
influence photovoltaic performance, thereby bridging
molecular-scale morphology with macroscopic device behavior.

2.5. Statistical Validation and Robustness of SISSO Models

Because the present study is based on a limited dataset
(n = 10), we performed explicit statistical validation to assess
model generalization, stability, and the risk of overfitting. Two
complementary strategies were employed: Leave-One-Out
Cross-Validation (LOOCV), which assesses prediction on
unseen samples, and bootstrap resampling, which evaluates
model robustness to perturbations in the training set
composition.

LOOCV was carried out independently for each target prop-
erty (JSC, VOC, FF, and PCEmax) using k = 10 deterministic
folds. In each fold, one sample was excluded from model con-
struction and used exclusively for testing, while the remaining
nine samples were used for training. Thus, for fold i, the training
and test sets satisfied |Traini| = 9, |Testi| = 1, and Traini ∩
Testi = ∅.

For every fold, SISSO++ was rerun from the beginning
using only the corresponding 9-sample training subset, includ-
ing feature construction, descriptor identification, and symbolic
regression under the same model complexity constraints used in
the main analysis. The fold-specific model was then used to pre-
dict the held-out sample, yielding a LOOCV prediction
ŷi
LOOCV. Repeating this procedure over all ten folds ensured

that each sample was evaluated exactly once under strict
train–test separation, providing a leakage-free estimate of out-
of-sample predictive performance.

To further evaluate model stability, bootstrap resampling was
performed independently for each target using B = 30 itera-
tions. In each iteration, a bootstrap training set of size n = 10
was generated by sampling with replacement from the original
dataset. Samples not selected in a given iteration formed the
corresponding out-of-bag (OOB) set, with an expected OOB
fraction of ∼36.8%. A new SISSO++ model was then trained
on each bootstrap sample using the same hyperparameter set-
tings and descriptor dimensionality as in the main analysis.

Because symbolic regression can generate a different descrip-
tor expression in each bootstrap iteration, the resulting models
E

are not identical across resamples. Therefore, for each sample i,
a bootstrap prediction was obtained by averaging only the pre-
dictions from those iterations in which the sample appeared in
the OOB set:

ŷBootstrapi =
1
Bij j∑b∈Bi ŷi;b

where Bi denotes the set of bootstrap iterations in which sample
i was out-of-bag. In total, this required 4 × 30 = 120 SISSO++
runs, of which 111 converged successfully (92.5%), and each
device was evaluated approximately 10–11 times across OOB
sets. A fixed random seed was used to ensure reproducibility
of the resampling procedure.

3. RESULTS AND DISCUSSION

3.1. VIF Screening and Descriptor Curation

The initial VIF analysis revealed severe multicollinearity within
the complete set of 14 descriptors: all descriptors exhibited VIF
values well above 10 (mean ≈ 2.2 × 105), indicating that many
could be expressed as near-linear combinations of others.
Iterative removal of the descriptor with the highest VIF progres-
sively reduced the maximum VIF from ∼106 to 2.55 over nine
iterations, yielding a statistically well conditioned core of six
descriptors, namely plane angle (θplane), density (ρ), backbone
angle (θbb), inertia (I), repulsion energy (ΔExrep), and spheric-
ity (Φ), with final VIFs ranging from 1.43 to 2.55. (Figures 1
and S6). By the VIF criterion alone, these six descriptors would
form the optimal low-collinearity subset.
For subsequent analyses, however, we deliberately retained a

total of nine descriptors by including Silhouette score (Ssil), free
volume (Vfree), and mean distance (rDA). Although these three
exhibit moderate multicollinearity, they encode complementary
and physically meaningful aspects of OSC morphology. rDA rep-
resents the donor–acceptor charge-transfer distance, which cor-
relates with the spatial separation of photogenerated electron–
hole pairs. Larger charge-transfer distances have been linked
to enhanced charge separation and external quantum efficiency
in NFA-based OSCs.2 Ssil quantifies clustering quality by com-
paring intra-cluster cohesion with inter-cluster separation, cap-
turing the emergence of distinct morphological regimes in the
amorphous blend. Vfree denotes the fractional unoccupied space
within the morphology; according to free-volume theory, larger
and better-connected voids facilitate molecular mobility, diffu-
sion, and charge transport, whereas low free volume reflects
dense, rigid packing.
https://doi.org/10.1021/acsaem.6c01289
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Figure 1. Variance inflation factor values for the complete set of 14 morphological descriptors (left) and after iterative pruning, highlighting the
reduction of multicollinearity and the selection of six descriptors (right).
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Thus, our final working set of nine descriptors strikes a bal-
ance between statistical parsimony and physical relevance. By
accepting moderate VIFs for Silhouette score, free volume,
and mean distance, we preserve mechanistically informative fea-
tures that describe clustering, packing free space, and donor
acceptor separation, which are essential factors for interpreting
and predicting charge separation and transport in the studied
OSC morphologies. The nine VIF-screened descriptors, along
with their abbreviations and definitions, are summarized in
Table 1.

3.2. Interpretable SISSO Models for Photovoltaic
Parameters

Using the SISSO-derived models, we assessed the predictive
power of the three-dimensional (3D) analytic expressions con-
structed from the morphology-dependent geometric, energetic,
and structural descriptors. Table S1 summarizes the perfor-
mance of these models in terms of RMSE, MaxAE, and
Pearson’s correlation coefficient (r). Across all four photovoltaic
metrics, namely JSC, VOC, FF, and PCEmax, the 3D SISSO equa-
tions exhibit remarkably high accuracy. The JSC, VOC, and
PCEmax models achieve correlation coefficients of 0.97, 0.97,
and 0.99, respectively, demonstrating the strong discriminatory
capability of the refined descriptor set. Even for the fill factor,
which is typically more challenging to capture due to its sensi-
tivity to coupled transport and recombination phenomena,15,16

the 3D model achieves an r value of 0.99, demonstrating that
morphology-derived descriptors alone can reproduce the gov-
erning trends with high fidelity.

Figure 2 further illustrates the strong agreement between
SISSO-predicted and experimental values. The tight clustering
around the diagonal across all panels confirms that the 3D
models successfully encode the dominant structure–property
relationships. Extending the SISSO search to higher-
dimensional expressions did not yield significant improvements,
indicating that the essential physics is already captured within
the 3D feature space.

The effectiveness of the 3D models stems from the comple-
mentary roles of the selected descriptors, which collectively
F

represent the key geometric arrangements and intermolecular
interactions that shape the donor–acceptor morphology. Their
combined influence enables SISSO to construct compact, inter-
pretable expressions that robustly predict device performance.
The identified SISSO descriptors can also be interpreted in
terms of donor–acceptor charge-transfer physics rather than as
purely statistical variables. In particular, rDA is directly relevant
because donor–acceptor separation governs wavefunction over-
lap, Coulomb binding, and the balance between localized
charge-transfer states and charge separation.55 The orientation
descriptors θplane and θbb further modulate how conjugated
cores align at the interface, thereby influencing electronic cou-
pling and charge-transfer rates.56 Packing-related quantities
such as density (ρ) and free volume (Vfree) regulate intermolec-
ular contact and transport continuity,57 while the anisotropy
descriptor (Φ) reflects the degree of fibrillar organization that
favors percolation and long-range charge transport.12 The iner-
tia term (I) provides a measure of mass distribution and local
structural coherence, contributing to mesoscale connectivity rel-
evant for charge migration.58 In addition, ΔExrep and Ssil pro-
vide information on steric proximity and domain segregation,
both of which affect interfacial area, exciton dissociation, and
recombination.55,59 Taken together, these descriptors provide
a physically grounded representation of the donor–acceptor
interfacial environment, and the SISSO expressions should
therefore be viewed as compact morphology-based encodings
of the coupled structural factors that govern charge generation,
separation, transport, and recombination in PM6:NFA blends.
Overall, the 3D SISSO models deliver near-perfect predic-

tions of the primary OSC parameters, underscoring the robust-
ness of the curated descriptor set and confirming that physically
grounded, morphology-based features are sufficient for accurate
and computationally efficient prediction of photovoltaic behav-
ior. It should be clarified that the present framework does not
explicitly simulate excited-state charge-transfer dynamics or
their deviations, but instead establishes morphology–perfor-
mance relationships using experimentally measured device out-
puts and morphology descriptors extracted from atomistically
simulated PM6:NFA blends. Each data point in the training
https://doi.org/10.1021/acsaem.6c01289
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Figure 2. Parity plots comparing SISSO-predicted values from the 3D models (f 3D) with experimental measurements for (a) JSC, (b) VOC, (c) FF,
and (d) PCEmax, demonstrating the high predictive accuracy of the SISSO-derived structure–property relationships.

Table 2. LOOCV Validation Metrics for SISSO Models
(n = 10, 10 Folds)a

property Pearson r R2 RMSE fit equation

JSC [mA cm−2] 0.997 0.994 0.050 y = 1.017x − 0.433
VOC [V] 0.992 0.984 0.003 y = 1.006x − 0.005
FF [%] 0.988 0.976 0.351 y = 0.967x + 2.633
PCEmax [%] 0.965 0.919 0.151 y = 0.960x + 0.775

aEach metric reflects a prediction on samples excluded from training.
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set, therefore, corresponds to a distinct experimentally reported
device paired with its simulated morphology, providing a direct
morphology-to-experiment mapping. Within this framework,
the morphological descriptors should be understood as physi-
cally meaningful proxies for interfacial charge-transfer behavior,
packing, percolation, and transport, rather than as explicit
descriptors of individual excited-state pathways.7,58

Accordingly, the present results are intended as an interpretable
morphology–performance model within the studied chemical
space, not as a direct treatment of nonadiabatic excited-state
processes.60

3.2.1. Leave-One-Out Cross-Validation. The resulting
LOOCV metrics are summarized in Table 2, and the corre-
sponding predicted-versus-experimental correlations are shown
in Figure 3. All four targets retained strong predictive agree-
ment under cross-validation, with Pearson correlation coeffi-
cients above 0.96. In particular, JSC, VOC, and FF showed very
high correlations (r > 0.98), while PCEmax remained robust
with r = 0.9648. The fitted validation lines also showed slopes
close to unity and small intercepts, indicating that the models
remained quantitatively well calibrated even when each predic-
tion was generated for a sample excluded from training. The
RMSE values were small relative to the scale of each target, fur-
ther supporting that the learned relationships are not merely
artifacts of interpolation.

3.2.2. Bootstrap Resampling Analysis. Bootstrap met-
rics are reported in Table 3, and the corresponding correlations
are shown in Figure 4. The bootstrap analysis yielded uniformly
strong agreement between predicted and experimental values
for all targets. As expected, bootstrap correlations were slightly
G

higher than LOOCV values because OOB predictions are aver-
aged across multiple resampled models, thereby reducing vari-
ance. Thus, bootstrap here should be interpreted primarily as
a measure of model stability under changes in training compo-
sition rather than as a stricter test of generalization than
LOOCV.
Taken together, LOOCV and bootstrap provide complemen-

tary evidence that the SISSO models are not dominated by triv-
ial interpolation, even with a limited sample size. LOOCV
directly tests predictive performance on fully unseen samples,
whereas bootstrap probes robustness to variations in the
training data and reveals the stability of the learned structure–
property relationships. The consistency between these two
validation strategies indicates that the descriptors identified by
SISSO capture meaningful and reproducible morphology–
performance trends rather than unstable, sample-specific corre-
lations. Although the small dataset necessarily limits the
statistical scope of the study, the combined validation results
https://doi.org/10.1021/acsaem.6c01289
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Figure 3. Correlation between experimental values and LOOCV predictions for (a) VOC, (b) JSC, (c) FF, and (d) PCEmax. Each point corresponds
to a sample excluded from model training in its respective fold. Solid lines denote linear fits to the LOOCV predictions.

Table 3. Bootstrap Validation Metrics (B = 30 Iterations per Property) Based on Aggregated OOB Predictions

property Pearson r R2 RMSE avg OOB/device fit equation

JSC [mA cm−2] 1.000 1.000 0.007 10.500 y = 0.999x + 0.025
VOC [V] 1.000 0.999 0.001 10.600 y = 0.980x + 0.019
FF [%] 1.000 0.999 0.054 10.200 y = 0.994x + 0.521
PCEmax [%] 0.999 0.998 0.023 10.700 y = 0.983x + 0.305
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support the reliability of the reported models within the chem-
ically constrained PM6:NFA space considered here.

3.3. Descriptor-Level Mechanistic Insights into
Morphological Control of JSC

To elucidate how nanoscale morphology governs JSC, we
integrate insights from complementary statistical and machine-
learning analyses, including Pearson correlation, mutual infor-
mation (MI), PLS/SPCA latent-space learning, SHAP
interpretability, and SISSO symbolic regression. Each method
probes a different aspect of the structure–property landscape,
with Pearson identifying dominant linear trends and MI isolat-
ing nonlinear predictor content; PLS/SPCA exposes the low-
dimensional manifolds that organize correlated variables;
SHAP quantifies the descriptor contributions within the final
SISSO model; and SISSO itself yields an explicit analytic struc-
ture–property relation. Together, these techniques allow us to
construct a layered interpretation of how morphology regulates
charge extraction.

Pearson correlations (Figure 5) provide the initial view of
descriptor sensitivities. Sphericity (Φ) exhibits the strongest lin-
ear signal with a pronounced negative correlation (r ≈ −0.56),
while rDA and Ssil also correlate negatively with JSC. These
trends indicate that anisotropic, elongated, and tightly packed
domains enhance JSC by promoting extended percolation
H

pathways and efficient charge separation. In contrast, density
(ρ), θplane, and Vfree correlate positively with JSC, highlighting
that densely packed local environments and moderate accessi-
ble voids can assist exciton dissociation and subsequent
transport.
The MI analysis (Figure 6) refines this picture by quantifying

nonlinear predictive content. Here, the geometric descriptor
rDA dominates, and the repulsion energy also exhibits a non-
zero MI, with rDA exhibiting MI ∼ 0.10. Conversely, ρ, Φ,
Vfree, Ssil, and I possess negligible standalone MI, suggesting that
their influence arises not through isolated effects but rather via
coupled, higher-order interactions that are later captured by the
symbolic regression. This is consistent with the morphological
complexity of organic blends, where descriptors often act syner-
gistically rather than independently.
The latent-space models, PLS and SPCA (Table S2), reveal

the structural axes that consolidate these correlations. Both
analyses converge on a dominant “shape–spacing– packing”
mode, featuring strong positive loadings from Φ and donor–
acceptor spacing and negative loadings from ρ and Vfree. This
axis captures the primary morphological mechanism that drives
JSC, consistent with the Pearson and MI findings. A secondary
axis couples clustering (Ssil), Vfree, and inertia, reflecting the role
of mesoscale connectivity and local fluctuations. Higher compo-
nents encode joint orientation and energetic terms, further
https://doi.org/10.1021/acsaem.6c01289
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Figure 4. Correlation between experimental values and bootstrap-based predictions for (a) JSC, (b) VOC, (c) FF, and (d) PCEmax. Predictions were
obtained by averaging OOB estimates across B = 30 bootstrap iterations.
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supporting the view that JSC is dictated by intertwined geomet-
ric and packing effects.

Interpreting these insights through the final SISSO model,
SHAP analysis (Figure 7a) reveals a clear hierarchy of contribu-
tions. Sphericity is the overwhelmingly dominant factor: Φ pro-
duces large negative SHAP values (−130 to −220) because it
appears as Φ6 in the denominator of the principal SISSO term
(eq 6), scaled by a significant positive coefficient (a2 = 2.14 ×
104). This sixth-order dependence amplifies the effect of even
small reductions in Φ, meaning that already anisotropic mor-
phologies exert a disproportionate influence on enhancing JSC.
Density, in contrast, contributes modest positive SHAP values,
consistent with the Pearson trends. Ssil contributes weakly neg-
ative values through its logarithmic dependence, while θplane,
θbb, I, and Vfree have near-zero SHAP magnitudes. Their limited
contribution stems from their presence only in low-weight com-
posite terms (a0 ∼ 10−9, a1 ∼ 10−2), confirming that they play
secondary roles relative to the geometric descriptors dominat-
ing the SISSO manifold.

3.4. SISSO-Derived Axes Governing JSC

The SISSO 3D model provides a compact, physically interpret-
able framework that connects nanoscale morphology to short-
circuit current. In its analytic form,

Jsc = c0 +TJSC
0 +TJSC

1 +TJSC
2 (3)

TJSC
0 = a0

I Vfree

ln Ssilð Þ (4)

TJSC
1 = a1 I Φ − θplane + θbb

� ��� �� (5)
I

TJSC
2 = a2

ρ=Vfree

Φ6 ; a0; a1>0; a2>>0ð Þ (6)

the model predicts current densities with high fidelity to exper-
iment (RMSE ∼ 0.15; Pearson r = 0.97). These three contribu-
tions, clustering (T0

JSC), orientation mismatch (T1
JSC), and the

density–free-volume–shape axis (T2
JSC), span the essential low-

dimensional manifold governing JSC. Among them, T2
JSC is

overwhelmingly dominant. This term couples density, free vol-
ume, and shape anisotropy in a manner that reflects the primary
physical mechanism of charge transport. Dense packing (ρ) and
moderate free volume promote efficient exciton separation and
hopping, while strong anisotropy (low Φ) dramatically
amplifies this effect through the 1/Φ6 dependence. Even mod-
est reductions in sphericity thus translate into substantial
increases in JSC, consistent with the expectation that elongated
donor–acceptor domains establish long, continuous percolation
pathways.
The second contribution, T1

JSC, encodes an orientation-
mismatch effect between an intrinsic mass–shape scale (IΦ)
and the combined molecular orientation (θplane + θbb). When
these quantities differ, the resulting alignment mismatch
strengthens the interfacial dipole. It promotes both exciton dis-
sociation and directional charge transport, in agreement with
earlier findings on orientation-controlled OPV perfor-
mance.56,61 Although smaller in magnitude than T2

JSC, this axis
provides a meaningful correction that fine-tunes transport effi-
ciency across devices. The weakest contribution, T0

JSC, acts as
a clustering penalty. Because 0.58 < Ssil < 0.67 ensures
ln(Ssil) < 0, an increase in Ssil deepens the penalty, particularly
when combined with large inertia (I) and free volume. This
behavior reflects the detrimental impact of excessive phase
https://doi.org/10.1021/acsaem.6c01289
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Figure 5. Pearson correlation analysis for JSC: Pairwise linear correlations between morphological descriptors and JSC, highlighting dominant linear
trends governing short-circuit current.
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separation: as domains coarsen and interfacial area decreases,
exciton harvesting effectiveness is reduced.

Device-to-device variations (Table S3) map directly onto
these three axes. High-performing devices (e.g., Devices 6 and
9) excel along the dominant T2

JSC axis, as they possess low Φ,
high ρ, and sufficient Vfree, resulting in the largest density–
anisotropy enhancement. They maintain moderate orientation
mismatch (favourable T1

JSC) and incur minimal clustering pen-
alties (T0

JSC). Devices 6, 8, 9, and 4 exhibit the lowest Φ and
highest ρ, explaining their strong T2

JSC contributions, while
Devices 6 and 9 stand out with the highest JSC. Orientation mis-
match further boosts Devices 5, 8, 9, and 10 via elevated θplane
and θbb. In contrast, Devices 2, 5, 7, and 10 suffer substantial
negative T0

JSC values due to high Ssil, whereas Devices 4, 6,
and 8 incur negligible clustering penalties. As a result, each mor-
phology occupies a distinct position in the 3D space spanned by
(T2

JSC, T1
JSC, T0

JSC), with Devices 6 and 9 positioned near the
optimum along all axes.

Taken together, the statistical, latent space, and symbolic
analyses converge on a consistent mechanistic picture in which
JSC is regulated not by isolated descriptors but by three emer-
gent morphological axes. The primary driver is the density–
anisotropy axis (T2

JSC), which governs long-range percolation
through dense, elongated domains. The secondary axis
J

(T1
JSC) captures orientation mismatch, refining exciton dissoci-

ation and directional hopping. The third axis (T0
JSC) penalizes

excessive clustering, which reduces the donor–acceptor interfa-
cial area. Other variables, such as mean distance and repulsion
energy, primarily act as correlated surrogates for these axes
and therefore become redundant once the appropriate low-
dimensional manifold is identified. This SISSO-derived decom-
position reveals a hierarchical structure property relationship in
which morphology enhances JSC through dense, anisotropic
packing, while orientation further modulates transport, and
clustering suppresses interfacial charge generation.
Understanding how nanoscale morphology governs the

remaining key photovoltaic metrics, namely open circuit volt-
age, fill factor (FF), and maximum power conversion efficiency,
is critical for rationalizing energetic disorder, charge collection,
and device efficiency in donor–NFA organic solar cells. We
employed a unified analytical framework to dissect how individ-
ual descriptors and their nonlinear interactions influence device
performance. Detailed statistical analyses are provided in the
Supporting Information (Section S1).

3.5. SISSO-Derived Axes Governing VOC

The SISSO 3D model for VOC reveals that voltage is primarily
governed by a density–shape compaction axis, with secondary
https://doi.org/10.1021/acsaem.6c01289
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Figure 6. Mutual information analysis for JSC. Nonlinear descriptor contributions to JSC identified via MI, highlighting geometric features with
significant nonlinear predictive content.
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contributions from orientation-coherence descriptors. The
explicit SISSO expression reads:

VOC = c0 +TVOC
0 +TVOC

1 +TVOC
2 (7)

TVOC
0 = a0 I Φ− θplane + θbb

� ��� �� (8)

TVOC
1 = a1 θplane=θbb

� �
− ρ

�� �� (9)

TVOC
2 = a2

ρ=Vfree

Φ6 ; a0<0; a1>0; a2<0ð Þ (10)

which reproduces experimental voltages with RMSE (≈0.0058)
and Pearson (r ≈ 0.974). The dominant contribution (T2

VOC)
corresponds to the density–free-volume–shape axis (≈ −0.36 to
−0.45). It indicates that high VOC is favored in morphologies
with spherical domains (high Φ), moderate density (low ρ),
and low free volume. The negative coefficient (a2) implies that
increasing compaction or anisotropy enhances energetic-disorder
penalties, consistent with Pearson trends. The coherence term
(T0

VOC) penalizes misalignment between domain-scale geometry
(IΦ) and molecular orientation (θplane + θbb), while the
K

secondary asymmetry term (T1
VOC) provides modest positive

correction when orientation offsets density.
Device-level variations (Table S3) follow naturally from the

interplay of these three terms. High-voltage devices (e.g.,
Device 1, VOC = 0.937 V) combine high Φ, low ρ, and moder-
ate Vfree, minimizing T2

VOC penalties, while intermediate and
low-voltage devices show progressively more negative T2

VOC

and/or coherence mismatches. Collectively, VOC emerges from
three latent morphological axes, namely a dominant compaction
axis, a secondary orientation coherence axis, and a minor orien-
tation density asymmetry axis.

3.6. SISSO-Derived Axes Governing FF

The 3D model for FF captures the geometric trade-offs govern-
ing charge collection:

FF= c0 +TFF
0 +TFF

1 +TFF
2 (11)

with the composite terms (using the descriptor symbols from
Table 1)

TFF
0 = a0

rDA
θplane

− ln rDAð Þ
����

���� (12)
https://doi.org/10.1021/acsaem.6c01289
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Figure 7. SHAP analysis of SISSO-derived models for all photovoltaic parameters. SHAP value distributions for (a) JSC, (b) VOC, (c) FF, and
(d) PCEmax, quantifying descriptor contributions within the corresponding 3D SISSO equations.
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TFF
1 = a1

θplane=rDA
rDA − θplane
�� �� (13)

TFF
2 = a2

rDA=Vfree

Φ3 a0; a1; a2<0ð Þ (14)

with RMSE (≈0.30) and Pearson (r ≈ 0.99). All three terms act
as penalties subtracted from a positive baseline (c0). The dom-
inant (T2

FF) term encodes a geometric transport penalty, which
grows with larger intermolecular spacing, smaller free volume,
and low anisotropy (Φ), sharply reducing FF. Orientation mis-
match (T1

FF) penalizes large plane-angle deviations, while the
softer T0

FF enforces a spacing–orientation balance.
Device-to-device differences (Table S3) arise from the rela-

tive magnitudes of these penalties, with high-FF devices (e.g.,
Device 10, FF = 81.5) combine minimal Φ and rDA with favor-
able θplane and sufficient Vfree, whereas low-FF devices (e.g.,
Devices 7 and 8, FF ≈ 74−75) exhibit large rDA, small plane
angles, limited free volume, and high Φ, maximizing T2

FF and
T1

FF. SHAP analysis (Figure 7c) confirms that Φ and rDA dom-
inate the importance hierarchy (eqs 11–14). Thus, FF is primar-
ily dictated by the geometric manifold formed by spacing,
orientation, and free volume, with anisotropy Φ serving as a
nonlinear gating factor. Secondary descriptors such as repulsion
L

energy, inertia, and clustering largely reflect this manifold and
provide minimal additional predictive power.

3.7. SISSO-Derived Axes Governing PCEmax

The 3D model for PCEmax integrates structural, geometric, and
clustering effects:

PCEmax = c0 +TPCEmax
0 +TPCEmax

1 +TPCEmax
2 (15)

TPCEmax
0 = a0

ffiffiffiffiffiffi
Ssil

p
− ρ− Ssilð Þ�� �� (16)

TPCEmax
1 = a1

ln Ið Þ
ρ rDA

(17)

TPCEmax
2 = a2

exp rDAð Þ
θ6plane

a0<0; a1>0; a2<<0ð Þ (18)

reproducing experimental PCEmax with RMSE ≈ 0.042 and
Pearson r ≈ 0.997. The three terms capture distinct mecha-
nisms, with T0

PCE max is a minor clustering–packing mismatch
penalty, T1

PCE max rewards mesoscale continuity (large I) under
favorable density and spacing, and the dominant T2

PCE max
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exponential term penalizes large spacing rDA and poor plane-
angle alignment θplane.

High-performing devices (e.g., Device 3, PCEmax = 18.80%)
combine minimal rDA, large plane angles, and moderate meso-
scale continuity (Table S3), minimizing T2

PCEmax while maxi-
mizing T1

PCE max, with minor T0
PCE max contributions (eqs

15–18). Poor performers exhibit the opposite characteristics,
with large spacing, slight tilt, or over-dense/discontinuous
domains, leading to steep T2

PCEmax penalties. Overall, PCEmax
is governed by a geometric and orientational gating mechanism
in which minimizing intermolecular spacing, maximizing plane
angle alignment, and balancing mesoscale continuity and clus-
tering together ensure optimal energy conversion. Correlated
descriptors such as free volume, sphericity, and repulsion essen-
tially project onto this same low-dimensional morphological
manifold and add little independent predictive power once
SISSO composites are considered.

3.8. Summary of Morphology–Structure Insights

While the Shockley–Queisser limit defines the thermodynamic
efficiency ceiling based on band-gap and recombination physics,
real device performance is critically governed by morphology,
which determines how closely this limit is approached.7,62 In
organic solar cells, nanoscale packing controls charge genera-
tion, separation, transport, and recombination at donor–
acceptor interfaces.7,9 Accordingly, the morphology-derived
SISSO descriptors employed here should not be viewed as
replacements for electronic-structure parameters, but as physi-
cally meaningful proxies that encode how structural organiza-
tion modulates the effective electronic landscape. Descriptors
such as intermolecular spacing, orientation, density, free vol-
ume, and clustering directly influence electronic coupling, trans-
port pathways, and recombination probabilities.8 Within the
chemically consistent PM6:NFA platform studied here, where
intrinsic electronic variations are relatively constrained, mor-
phology emerges as the dominant source of performance varia-
tion. In this regime, morphology-based descriptors can capture
structure–property relationships with high fidelity, providing a
physically interpretable framework for understanding and pre-
dicting device performance without explicitly invoking elec-
tronic parameters.7,63

We also note that blending can improve photovoltaic effi-
ciency by broadening spectral coverage, as commonly explored
in ternary or multicomponent systems.64 However, the present
work addresses a different question. Here, we focus on binary
PM6:NFA blends, where non-fullerene acceptors already pro-
vide broad visible absorption, and where device performance
is more strongly governed by nanoscale morphology than by
spectral sensitization alone.58,65 In this context, the key factors
are donor–acceptor packing, orientation, free volume, and phase
organization, which directly influence charge generation, trans-
port, and recombination. The contribution of the present work
lies in establishing interpretable morphology–performance
relationships and design rules for binary PM6:NFA organic
solar cells.

Across JSC, VOC, FF, and PCEmax, our combined statistical,
latent-space, and SISSO analyses reveal a unified, physically
grounded framework in which donor–acceptor morphology dic-
tates device performance through a small set of emergent axes.
For JSC, dense, anisotropic domains with moderate free volume
form continuous percolation pathways, enhanced by favorable
M

orientation mismatch and minimal clustering penalties. VOC is
maximized in spherical, moderately dense, and low free volume
morphologies, where orientation-coherence alignment mitigates
energetic disorder. FF is primarily controlled by intermolecular
spacing, modulated by plane angles and free volume, with
anisotropy acting as a nonlinear gate. At the same time,
PCEmax integrates these effects into a geometric–orientational
gating mechanism that balances spacing, tilt, mesoscale continu-
ity, and clustering. Notably, descriptors that appear important in
isolation, such as mean distance, repulsion energy, inertia, or
clustering, mainly function as proxies for these SISSO-derived
composite axes.
While SISSO identifies compact analytical expressions with

strong predictive performance, these expressions should not
be interpreted as unique mechanistic laws. Rather, they are
sparse, data-driven descriptors selected from a large candidate
feature space generated using a predefined operator set.52

Accordingly, nonlinear terms such as Φ6, θplane
6, and exp(rDA)

should not be viewed as physically fundamental exponents,
but as empirical transformations that improve representation
of morphology–property trends within the present dataset.66

In particular, the sixth-power terms arise naturally from
repeated application of the square and cube operators in the
SISSO workflow.53 More generally, symbolic regression is
non-unique, especially in the small-data regime, and multiple
mathematically distinct expressions may capture similar correla-
tions.67 We therefore interpret the SISSO models as robust
empirical descriptors rather than universal mechanistic relation-
ships. At the same time, the recurrence of transformed descrip-
tors such as Φ6, exp(rDA), and θplane

6 across multiple targets
and descriptor dimensions indicates that they capture consis-
tent structure–property trends within the explored morphology
space. Qualitatively, the functional dependencies are physically
reasonable, with distance-dependent terms consistent with the
known sensitivity of charge transfer to donor–acceptor separa-
tion,68 strong angular penalties reflecting the effect of interfacial
misorientation on orbital overlap and transport,69 and sphericity
capturing geometric compactness that influences interfacial
area, diffusion pathways, and recombination.7 Therefore, the
present SISSO expressions should be understood as non-
unique, data-driven morphology–property descriptors whose
specific exponents are not mechanistic constants, but whose
repeated emergence and physically sensible trends support their
interpretive value within the current chemical and structural
space. Together, these insights establish a physically interpret-
able low-dimensional manifold linking nanoscale morphology
to device physics, providing clear design rules for maximizing
OSC performance and guiding future donor–NFA material
selection, processing strategies, and morphology engineering.

3.9. Blind External Validation

To critically assess the out-of-sample predictive performance
and transferability of the 3D SISSO models beyond the training
set, we performed blind external validation on two completely
unseen PM6:NFA blend systems, PM6:AC9 and PM6:Y6-BO.
In both cases, the corresponding systems were entirely excluded
from the initial descriptor screening, SISSO feature selection,
and model parameterization workflows. The generation of
amorphous morphologies, molecular dynamics simulations,
and extraction of morphology descriptors were carried out
using the same procedures described in Sections 2.1–2.3.
https://doi.org/10.1021/acsaem.6c0128
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Table 4. Blind External Validation Results for the PM6-AC9 and PM6–Y6-BO Systems Using SISSO Morphology-Based
Modelsa

system metric JSC [mA cm−2] VOC [V] FF [%] PCEmax [%]

PM6-AC9 Prediction 26.34 0.929 79.83 17.45
Uncertainty ±0.046 ±0.003 ±0.348 ±0.155
Experimental 26.75 0.871 79.00 18.43
% Error −1.54% +6.62% +1.06% −5.34%

PM6–Y6-BO Prediction 24.54 0.957 77.85 17.68
Uncertainty ±0.046 ±0.003 ±0.348 ±0.155
Experimental 27.90 0.840 76.60 18.00
% Error −12.04% +13.93% +1.63% −1.78%

aUncertainties correspond to LOOCV RMSE estimates.

ACS Applied Energy Materials www.acsaem.org Article
The resulting descriptor sets were then used as direct inputs to
the trained 3D SISSO models to predict JSC, VOC, FF, and
PCEmax.

As summarized in Table 4, the morphology-driven models
demonstrate reliable out-of-sample accuracy. For the
PM6:AC9 blend, all four photovoltaic targets are predicted with
low deviations (errors ≤ 6.62%). For the PM6:Y6-BO blend,
the model exhibits excellent quantitative calibration for the fill
factor (FF error = +1.63%) and final device efficiency (PCE
error = −1.78%). A larger, partially compensating divergence
is observed for the individual JSC (−12.04%) and VOC
(+13.93%) components of the PM6:Y6-BO system. This
behavior reflects a well-understood physical limitation of a
morphology-exclusive descriptor pool. While MD-sampled
parameters like donor–acceptor distance ( r ̅DA) and orientation
metrics (θplane, θbackbone) effectively dictate bulk percolation
networks and interfacial packing pathways, they do not explic-
itly account for pure electronic or photophysical variables.
Intrinsic variations in optical absorption coefficients, thin-film
spectral overlap, energetic disorder, and donor–acceptor fron-
tier orbital offsets are omitted by design. Consequently, while
the dual external validation demonstrates that our framework
successfully extracts robust, transferable structure–performance
blueprints across the PM6:NFA family, it underscores that the
integration of explicit electronic-structure parameters remains
a prerequisite for universal, unconstrained multi-platform
extrapolation.

4. CONCLUSIONS

We present a unified, physically interpretable framework that
links nanoscale donor–acceptor morphology in polymer:NFA
blends to all four key photovoltaic metrics, JSC, VOC, FF, and
PCEmax, by combining atomistic MD-derived geometric, inter-
action, and structural descriptors with symbolic regression
capabilities of SISSO++. Analysis of ten PM6:NFA systems
reveals that device performance is governed by a small number
of emergent low-dimensional morphological axes, namely a
spacing–packing–shape axis (rDA, Vfree, ρ, Φ), an orientation–
coherence axis (θplane, θbb, IΦ), and a clustering–packing com-
patibility axis (Ssil). Each photovoltaic parameter corresponds to
a distinct projection of this manifold, where JSC is controlled by
density, anisotropy, and free volume, VOC by compaction and
shape coherence, FF by spacing and plane orientation, and
PCEmax by the geometric–orientational gate, modulated by
structural scale and minor clustering effects.

The SISSO-derived models achieve near-perfect quantitative
accuracy (r ≈ 0.97–0.997) while remaining compact and mech-
anistically transparent, offering actionable insights for rational
N

material and processing design. The present study does not
explicitly include excited-state calculations, as the primary
objective is to establish morphology-based principles governing
charge generation and device performance. In organic solar
cells, charge generation is strongly influenced by donor–
acceptor separation, interfacial orientation, packing-induced
delocalization, and mesoscale connectivity, rather than a simple
injection mechanism.7,70 The descriptors identified through the
MD–SISSO framework capture these structural determinants,
providing a physically interpretable link between morphology
and photovoltaic response. While explicit excited-state calcula-
tions would offer direct insight into charge-transfer character,
the ML-identified interfacial motifs presented here provide a
well-defined, physically meaningful basis for future
investigations.
More broadly, this work demonstrates that organic photo-

voltaic performance arises from a low-dimensional yet
strongly nonlinear morphology–property manifold. We
emphasize that the present study does not claim universal
generalizability across the full organic solar cell materials
space. Instead, it establishes a physically interpretable mor-
phology–performance framework within a deliberately con-
trolled PM6:NFA platform, where the donor, blend ratio,
and simulation conditions are fixed in order to isolate
morphology-driven trends. This controlled design is inten-
tional, because simultaneous variation of donor identity,
composition, and processing conditions would make it diffi-
cult to disentangle causal structure–property relationships.
Indeed, several prior high-impact studies have deliberately
adopted a similar strategy, examining a series of NFAs with
a single donor to uncover multiscale structure–property rela-
tionships and to isolate how acceptor-side packing influences
JSC, VOC, charge transport, and non-radiative losses.7,9

Within this chemical space, the SISSO analysis consistently
identifies three emergent morphology axes, namely
(i) density, anisotropy, and free volume, (ii) orientation mis-
match, and (iii) clustering and compactness, which together
describe the experimental trends in JSC, VOC, FF, and
PCEmax. Accordingly, the generalizability claimed here is at
the descriptor and methodological levels, rather than a claim
that the fitted coefficients are already transferable to all
donor–acceptor systems. In this sense, the framework should
be viewed as an extensible, descriptor-based strategy whose
broader applicability can be tested in future studies using
more chemically diverse OSC systems. The integrative
approach, which bridges atomistic simulation, descriptor engi-
neering, and interpretable symbolic regression, provides a
generalizable blueprint for predictive OSC design and paves
the way for inverse-design strategies that optimize molecular
https://doi.org/10.1021/acsaem.6c01289
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architecture, blend composition, and processing conditions
with unprecedented precision.
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