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Abstract

This study presents a comprehensive dataset that encompasses the indoor device performance of organic photovoltaic
(OPV) materials, their corresponding SMILES codes, and frontier molecular orbital (FMO) energy levels. This dataset
comprises a total of 128 subsets and features 64 pairs of donors and acceptors. We demonstrate that traditional models,
such as the Shockley—Queisser limit and Scharber’s model, are insufficient for accurately predicting the behavior of indoor
OPVs based on the molecular orbitals of these materials. In contrast, we explore the predictive capabilities of four machine
learning (ML) models for estimating the power conversion efficiencies (PCEs) of indoor OPVs, utilizing molecular struc-
ture information and FMO data from the dataset we compiled. The trained ML models exhibit strong predictive perfor-
mance with high correlation coefficients (»>0.8) for indoor PCE values; notably, the support vector regression (SVR)
model achieves the highest r of 0.878. The generalization capabilities of the models are also assessed using previously
unseen materials, and the results demonstrate high accuracy rates. The SVR algorithm reaches the best average accuracy
of 92.1%, underscoring its potential for efficiently screening materials for indoor applications. Our findings suggest that
this dataset, with opportunities for future expansion, could significantly facilitate material design and accelerate computer-
aided materials screening, reducing the need for extensive experimental testing in the development of indoor OPVs.

Keywords Data - Organics - Indoor - Photovoltaics - Machine learning

1 Introduction
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powering off-grid portable electronics, wearable devices,
and internet of things (IoT) items. Particularly, IoT systems
comprise wireless interactions among numerous electron-
ics and sensors, each having unique identifiers and real-time
data. Considering the substantial energy demands for sus-
taining these IoT systems, OPVs offer a promising solution
to enhance the sustainability of [oT products [4-9].

Significant efforts have been devoted to developing effi-
cient OPVs in the last decade, including materials design
and synthesis, morphology optimization, and device archi-
tecture engineering [1, 2]. However, identifying suitable
organic compounds within the vast range of possibilities
remains highly challenging, requiring extensive and costly
experimental work to fully understand the performance of
OPV materials. Although density functional theory (DFT)
computations can provide insights into the electronic prop-
erties of organic semiconductors, computer-guided material
design is still necessary to directly forecast device perfor-
mance and PCEs from the structural features of the organic
molecules [10—14].

Recently, data-driven approaches, including machine
learning (ML), have been employed to develop quantitative
structure-property relationship (QSPR) models that link
material structures to their properties [10—16]. The use of
computer-aided techniques has sparked considerable inter-
est in the OPV community. In 2006, Scharber et al. created a
model to estimate PCEs based on bandgaps and energy lev-
els of conjugated polymers [17]. The Harvard Clean Energy
Project (CEP) collected calculations and experimental data
for thousands of organic molecules, predicting their PCEs
using Scharber’s model [18]. Furthermore, ML models have
been proposed to identify high-performance non-fullerene
acceptors and optimal donor/acceptor pairs [10, 19, 20].
This data-driven approach has proven to be highly effec-
tive in exploring the QSPR of materials and accelerating the
discovery of new OPV materials.

Indoor photovoltaics function distinctively from conven-
tional solar cells in various aspects. Although solar irradia-
tion spans a broad spectrum of wavelengths, artificial light
sources—such as white light-emitting diodes (LEDs) and
fluorescent tubes (FTs)—primarily emit light within the
visible range. This difference necessitates larger optimal
bandgaps for the semiconductors when used under indoor
lighting conditions [21-23]. Furthermore, the intensity of
indoor light sources is significantly lower than that of sun-
light, which leads to distinct design principles for materials
utilized in indoor OPVs [21-23]. While many studies using
data-driven and ML methods have explored material prop-
erties and device performance for OPVs, research focusing
specifically on indoor OPVs remains relatively limited.

In this work, we established a dataset outlining the prop-
erties of materials and the device performance of indoor
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OPVs. This dataset includes 128 subsets of data, derived
from various combinations of 31 donor (D) materials and
32 acceptor (A) materials. Key photovoltaic performance
indicators, including open-circuit voltage (V,), short-circuit
photocurrent (J), fill factor (#F), and PCE were encom-
passed in the dataset, along with detailed information on the
D and A materials utilized in these indoor OPVs. Further-
more, the dataset also consisted of the molecular orbitals
of the materials, including their highest occupied molecu-
lar orbital (HOMO), lowest unoccupied molecular orbital
(LUMO), and bandgap values. The chemical structures
of the materials were represented using the Simplified
Molecular Input Line Entry System (SMILES) notation.
Our analysis indicated that traditional theories, such as the
Shockley—Queisser limit and Scharber’s model, fell short of
accurately describing device behaviors based on the frontier
molecular orbital (FMO) energy levels of these materials.
Conversely, ML models developed from this dataset dem-
onstrated high accuracy in predicting PCE values. To the
best of our knowledge, this dataset is the first reported for
indoor OPVs. We anticipate that this dataset can serve as a
valuable resource for material design tools and that the out-
comes of this work may ultimately improve computer-aided
materials screening for indoor OPVs.

2 Results
2.1 Dataset Description and Analysis

Figure 1(a) illustrates a typical device structure for OPVs,
with a blend of organic semiconductors positioned between
two electrodes. To overcome the high binding energy of
excitons in organic semiconductors, most high-efficiency
OPVs are designed based on the concept of bulk-heterojunc-
tion (BHJ), which enables effective exciton separation at the
interfaces between organic donors and acceptors [24, 25].
Although some ternary blends of indoor OPVs have demon-
strated high efficiencies, studies in this area remain limited
[26, 27]. Therefore, this work focuses on OPVs prepared
using organic blends containing only one pair of donor and
acceptor molecules. The indoor OPV dataset was manually
collected from 45 literature sources (see Supplementary
Information). It contains 128 subsets, with each subset pro-
viding fundamental properties of the donor/acceptor (D/A)
pairs, such as their energy levels, bandgaps, and the cor-
responding photovoltaic parameters. Notably, the accep-
tors include both fullerene and non-fullerene molecules.
Specifically, there are 56 subsets for fullerene-based accep-
tors, while non-fullerene acceptors (NFAs) account for 72
subsets. This higher number of NFAs reflects the increasing
trend in research that emphasizes the use of NFAs as active
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Fig. 1 Indoor photovoltaics. (a) The solar irradiation spectrum and
the emission spectra of the FT and white LED light sources. (b) A
typical device structure of indoor OPVs and chemical structures of the

materials in OPVs. The relatively balanced numbers help to
eliminate significant biases that may arise from the dataset
itself.

Unlike the standard AM1.5G illumination condition for
conventional solar cells, there is still no standardized illumi-
nation condition available for indoor photovoltaic devices.
Therefore, the dataset also specifies the types of indoor light
sources used, either white LEDs or FTs, along with their
respective illuminance values [21-23]. While other artificial
light sources like incandescent bulbs exist, white LEDs and
FTs are the most commonly used indoor lighting options.
Research results using other types of indoor light sources
are still quite limited. Figure 2 shows the overview of the

PM6 (Donor)

representative donor (PM6) and acceptor (Y6) materials. (¢) The cor-
responding energy levels of the two materials in (b)

dataset; it includes 31 donors and 32 acceptors. The com-
binations of these donors and acceptors result in 64 differ-
ent D/A pairs. The maximum and minimum PCE values are
36.3 and 3.5%, respectively. The D/A pair of the best device
consists of PM and Y6 as the donor and acceptor molecules,
respectively; the chemical structures of this representative
molecular pair are also illustrated in Fig. 1(a).

The feature selection process aims to identify the physi-
cal and chemical properties within the dataset that exhibit
strong correlations with the target property for ML models.
In general, the stronger the correlation between the features
and the target, the more straightforward the learning task
becomes. Pearson’s correlation analysis was employed to
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Fig. 2 The dataset statistics. The PCE values of the (a) donors; (b)
acceptors in the dataset. The black bars represent the range of PCE
distributions for the single donor or acceptor used in different combi-
nations. (¢) The PCE values of the D/A combinations. The black bars

assess the importance of the selected features in relation to
the target, and the heatmap results are illustrated in Fig. 2(d).
According to Fig. 2(d), it is evident that the PCEs of indoor
OPVs are strongly correlated with FF values. Because FF
is typically linked to device quality, including thin-film
defects, morphologies of the BHJ active layers, and device
interfaces, it is not surprising that OPVs with high FF val-
ues tend to exhibit high PCEs [28]. Moreover, Pearson’s
correlation coefficient (r) for short-circuit photocurrents
was 0.48, considerably lower than that of open-circuit volt-
ages (V,.), which was 0.67. It is important to note that the
J,. values were normalized using their corresponding lumi-
nance in this analysis due to the absence of a standard for
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indicate the range of PCE distributions for the combinations reported
from different literature. (d) Pearson’s correlation coefficient for the
descriptors of the donor and acceptor molecules

indoor lighting conditions. Additionally, two subsets from
the literature were excluded from the analysis because they
did not provide luminance values, reporting power density
instead. Therefore, the higher Pearson’s correlation coeffi-
cient of V., may be attributed to the narrow light spectral
range of indoor light sources, which only covers the vis-
ible wavelengths from 400 to 800 nm. Consequently, pho-
tovoltage likely plays a more critical role in determining the
performance of OPVs under artificial lighting conditions [8,
29]. This finding aligns with the conclusion of our previ-
ous study, which highlighted that increasing the V,, value
is the key factor in achieving high PCEs for indoor OPVs
[29]. Different from sunlight irradiation, which has a wide
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spectral regime from the ultraviolet to the infrared range,
most indoor light sources only emit in the visible spectral
range. Therefore, indoor OPVs can only absorb a very
limited spectral range of photons, which contributes to the
photocurrents.

Given the importance of V, values for the performance
of OPVs, we further examined the Pearson correlation
coefficients for ¥, [Fig. 2(d)]. For conventional inorganic
photovoltaics, V. values are mostly affected by the band-
gap of the semiconductors. For OPVs, interestingly, V. was
found to be strongly correlated with the bandgap of donors
(r=0.53), the lowest unoccupied molecular orbital (LUMO)
of the acceptors (r = -0.49), and the LUMO of the donors (»
=-0.45). The results reflected the nature of the OPVs, which
are based on the BHJ concept. The photons absorbed by the
organic semiconductors of the OPVs become highly bound
excitons. As illustrated in Fig. 1c, the strong binding energy
of the resulting excitons can only be overcome at the inter-
faces between donors and acceptors. Subsequently, the sep-
arated electrons and holes are transported through acceptors
and donors, respectively, and eventually collected by the
opposite electrodes. Therefore, the photovoltaic properties
are reasonably affected by the molecular orbitals involved
in the processes.

Many literatures indicate that most observed V. values
are closely related to the energy level offset between the
highest occupied molecular orbital (HOMO) of the donors
and the LUMO of the acceptors, as described by Eq. (1) [15,
17,30-32]:

qVoe=([HOMO(D)|-[LUMO(A)|-A) (1

where ¢ is the elementary charge, 4 is an empirical value
ranging from 0.3 to 0.5 eV and HOMO(D)|-LUMO(A)|
represents the effective energy gap of the donor/acceptor
pair. For instance, in Scharber’s model for fullerene-based
OPVs, the empirical energy loss term (4) was reported to be
0.3 eV [17]. Therefore, we also calculated the energy differ-
ence ((HOMO(D)|-|[LUMO(A)|) for each subset, finding a
strong correlation with I values (»=0.49) [Fig. 2(d)]. The
results from the dataset confirmed that the energy levels of
the D/A pairs influence the ¥, values significantly.

In contrast to conventional solar cells, the bandgap of
the acceptors appeared to be less critical for indoor OPVs
as the Pearson correlation coefficient was only 0.11. Typi-
cal acceptors, particularly non-fullerene molecules, are
specifically designed to capture long-wavelength photons
from solar irradiation in OPVs. However, due to the much
narrower spectral range of indoor light sources, the role
of these acceptors in absorbing photons with wavelengths
longer than 780 nm was minimal. On the other hand, most

donors have wider bandgaps and are usually designed as
the primary absorbing material, covering nearly the entire
visible spectrum for indoor OPVs. In other words, the
donors probably absorb more visible photons than accep-
tors, resulting in a higher Pearson correlation coefficient.
Consequently, as indicated by the high Pearson correlation
coefficient (r=0.53) previously, the ¥ values are strongly
correlated with the bandgaps of the donors. The results from
the Pearson correlation analysis in this dataset will be used
later to guide the selection of input features for the machine
learning models during the learning process.

2.2 Traditional Models for Indoor OPVs: Shockley-
Queisser Limit

In theory, ideal solar cells follow the principle of “detailed
balance”, which states that the maximum extractable energy
is determined by the difference between absorbed and emit-
ted radiation [22, 33]. Shockley—Queisser limit (SQ limit)
establishes the highest theoretical efficiency for a solar cell
utilizing a single p—n junction under the assumption that
radiative recombination is the only loss mechanism. Our
previous study estimated the upper PCE limits for two types
of artificial light sources [22]; the results are presented in
Fig. 3a. However, in the case of OPVs, the presence of two
distinct semiconductor materials complicates the computa-
tion and prediction of the PCEs. Figure 3a also reveals the
PCEs from the dataset as a function of the bandgap (E,)
values from various assumptions. As illustrated in Fig. 3a,
some experimental outcomes surpassed the predicted SQ
limits for certain E, values of donor or acceptor materi-
als. On the other hand, as shown in Eq. (1), when the E, is
defined as the effective energy gap of the donor/acceptor
pair (E, =[HOMO(D)|-[LUMO(A))), the results appear more
reasonable. However, predicting PCEs still remains highly
challenging for indoor OPVs.

2.3 Traditional Models for Indoor OPVs: Modified
Scharber’s Model

Scharber’s model has been widely used for evaluating the
performance of OPVs and has been applied in numerous
virtual screening studies [17, 34, 35]. This model estimates
the maximum efficiency based solely on the E, values
and frontier molecular orbitals of the polymer donors. As
revealed in Eq. (1), V. is assumed to be the effective energy
gap of the donor/acceptor pair minus an empirical energy
loss (0.3 eV). Additionally, the EQE and FF values are both
set at 65% [17]. To adapt Scharber’s model for understand-
ing the limit of PCEs of indoor OPVs, the empirical energy
loss term (4) should be further adjusted. Because the light
intensity of indoor light sources is significantly lower than

@ Springer
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Fig. 3 Results from traditional models. (a) SQ limits at various band-
gaps; the solid curves are calculated from an FT or a white LED at
1000 Ix [22]. (b) The correlation between the calculated V. values
from the modified Scharber’s model and the experimental V. data.

that of solar irradiation, additional energy losses should be
considered. Previously, Koster et al. demonstrated that the
V.. value of an ideal device with only bimolecular recombi-
nation and negligible leakage current can be expressed by
Eq. (2) [36]:
2
E, kT ln<(1P)7NC> 2

Voe = —2 — —
¢ q q PG

where ¢ is the elementary charge, k is Boltzmann’s con-
stant, T is temperature, Pis the dissociation probability of
a bound electron-hole pair, g is the bimolecular recombi-
nation rate coefficient, N, is the effective density of states,
and G is the photogeneration rate. Because G depends on
light intensity, V. should exhibit a logarithmic dependence
on light intensity with a slope of kT/q. Later, Proctor and
Nguyen examined this dependence in nonideal devices and
found that the logarithmic relationship between V. and
light intensity is particularly sensitive to leakage currents,
often resulting in slopes greater than kT/q [37]. Based on
this, we calculated V values by assuming a slope of 2kT/q
and considering an indoor light intensity that is 1000 times
lower than one-sun illumination [37]. Figure 3b presents
the results derived from incorporating the adjusted energy
loss term. The Pearson correlation coefficient (r) between
the calculated ¥, values and the experimental results was
0.535. From Fig. 3b, the calculated ¥, values were overall
overestimated, suggesting the presence of additional volt-
age loss mechanisms in the OPVs.

Figure 3¢ presents the predicted PCE values derived from
the modified Scharber’s model using the emission spectrum
of the indoor light source FT. Notably, the majority of PCE
values appear to be underestimated. The average FF in the
dataset was 0.645, which indicates that the assumed FF
value of 0.65 was a reasonable approximation. Because the
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Experimental V__ (V)

Experimental PCE (%)

(¢) The correlation between the calculated PCE values from modified
Scharber’s model and the experimental results data. The diagonal line
indicates the perfect positive correlation (r=1)

V.. values were underestimated (Fig. 3b), we suspected the
photocurrent prediction could be inaccurate. More critically,
the results exhibit considerable variability, as evidenced by a
very low r value of 0.095. The low correlation suggests that
Scharber’s model is inadequate for accurately predicting
the indoor performance of OPVs based solely on material
properties. Scharber’s model was developed initially using
observations from fullerene-based OPVs, in which fuller-
ene derivatives have limited absorption capabilities. Con-
sequently, its accuracy diminishes when applied to OPVs
utilizing NFA materials. While Scharber’s model offers low
computational cost, there is still a need for models that pro-
vide higher accuracy.

2.4 Machine Learning Models for Indoor OPVs

Machine learning presents alternative approaches for
uncovering hidden QSPR relationships [16]. As mate-
rial informatics advances, a new generation of paradigms
for material research and development is emerging [16]. A
material database is utilized to train ML models, which can
subsequently be employed to discover new materials and/or
predict their properties. Consequently, this section aims to
evaluate the capability of ML models to predict the PCEs of
indoor OPVs using the dataset we compiled for this study
[38]. Herein, we intentionally select four ML models based
on different principles: support vector regression (SVR)
[31, 39], random forests (RF) [31, 40], k-nearest neighbors
(KNN) [40], and artificial neural networks (ANN) [39, 41,
42]. Among them, three representative supervised learning
algorithms include SVR, RF, and KNN, and ANN belongs
to a neural network model. Particularly, SVR and RF have
been reported for predicting the performance of OPVs oper-
ated under one-sun illumination with high accuracy.
Initially, we trained the models using only the chemi-
cal structures as the input features. Subsequently, we
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incorporated information regarding the FMOs into the
inputs. The workflow for building and evaluating ML models
is illustrated in Fig. 4. The modeling work involved utilizing
two distinct sets of features to train the models. In the initial
trial, we employed the fingerprints of both the donor and
acceptor materials. For the second trial, these fingerprints
were combined with data regarding the FMO information.
Further, four models were trained to predict PCEs based on
molecular structure descriptions obtained from molecular
fingerprint analysis. The chemical structures of the donor/
acceptor pairs were first converted into SMILES codes. For
conjugated polymers, the repeating units were used as the
inputs instead. Subsequently, using RDKit with a Python
API [43], these codes were transformed into Morgan fin-
gerprints. Cross-validation functions from the scikit-learn
Python package were used to train and validate the mod-
els [44]. The training subset, along with the corresponding
PCE values, was then fitted into the models. The test subsets
were used to evaluate the models. The performance of the
trained models was evaluated using several metrics, includ-
ing the Pearson correlation coefficient (r), mean squared
error (MSE), root mean squared error (RMSE), coefficient
of determination (R?), and mean absolute percentage error
(MAPE). The hyperparameter settings for each model are
listed in Table S1.

Figure 5(a-d) presents the correlation between the experi-
mental and predicted PCE values derived from the four ML

models. The results indicate that each model achieved a
commendable fit for the indoor OPV dataset. Table 1 pro-
vides a summary of the evaluation metrics associated with
these models. Notably, SVR exhibited the highest perfor-
mance, attaining a high r value of 0.861 and an R? value
0f 0.669. The regression-based ANN, which employed only
three hidden layers, also demonstrated a high correlation
coefficient of 0.847 and an R? of 0.602. The KNN model,
which exhibited a slightly lower r of 0.743, still reflected
satisfactory performance.

Collectively, these results suggest that employing the fin-
gerprints of the D/A pairs as input features to train the ML
models could achieve much better performance than con-
ventional physics-based models. While predicting the PCE
values with the modified Scharber’s model, a very low r of
0.095 was obtained (Fig. 3c). Because conventional theo-
ries rely only on FMO data and lack knowledge of chemical
structures, insufficient information limits the performance
in predicting the device behavior. Particularly, the material
properties often affect the device efficiencies significantly
in OPVs.

As revealed in the previous Pearson correlation analy-
sis (Fig. 2d), the properties of frontier molecular orbitals
showed a significant correlation with PCE values. Conse-
quently, we selected four additional features for inclusion
in the ML models: the bandgap of the donors (r=0.53),
the LUMO of the acceptors (» = -0.49), the LUMO of the

Molecular Structures

SMILES

CC1=CC2=C(C3=CC(F)=C(CC
(CCCC)CC)S$3)Ca=C(C=C(C5=
CC=C(C6=C7C(C(C8=C(CC(C

8C7=0)=0)=C(C9=CC=C(C)S
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Fig.4 The workflow for the ML modeling. The input features are either the fingerprints of the D/A materials or the combinations of the fingerprints

with the energy levels of the frontier molecular orbitals
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Fig. 5 The performance of the ML models. The correlation between
the true (experimental) and predicted PCE values in (a)SVR; (b)RF;
(¢)KNN; (d)ANN models. The correlation between the experimental

Table 1 Performance of the models trained with fingerprint only

Experimental PCE (%)

Experimental PCE (%)

and predicted PCE values in (¢)SVR; (f)ANN models after the FMO
information of the D/A materials is considered as the input features.
The diagonal lines indicate the perfect positive correlation (r=1)

Model SVR RF KNN ANN
Feature(s) Fingerprint Only

r 0.861+0.073 0.834+0.101 0.743+0.160 0.847+0.072
MSE 16.20+12.83 17.40+£13.98 22.65+14.98 17.88+13.63
RMSE 3.74+1.49 3.93+1.46 451+1.51 3.98+£1.42
R? 0.669+0.153 0.619+0.196 0.505+0.208 0.602+0.184
MAPE 0.190+0.089 0.180+0.068 0.236+0.108 0.068+0.064
Table 2 Performance of the models trained with fingerprint and molecular orbitals

Model SVR RF KNN ANN
Feature(s) Fingerprint+Molecular Orbitals?

r 0.878+0.063 0.832+0.111 0.790+0.112 0.796+0.184
MSE 14.75+12.08 17.84+15.91 22.23+14.93 21.59+23.11
RMSE 3.56+1.43 3.91+1.60 4.49+1.50 4.14+2.10
R? 0.690+0.164 0.605+0.226 0.514+0.149 0.546+0.353
MAPE 0.169+0.080 0.183+0.078 0.208+0.102 0.208+0.059

3The StandardScaler utility class from scikit-learn was used to perform the scaling

donors (r = -0.45), and the effective energy gap of the D/A
pairs (r=0.49). These features, derived from the energy
levels of the D/A pairs, differ from the previous Morgan
fingerprints, which consist of only binary numbers. In the
absence of standardization, certain ML algorithms may
exhibit varying performance characteristics. Consequently,
we implemented feature scaling through the process of
standardization to ensure consistency. Scikit-learn offers

@ Springer

a variety of methods for data preprocessing. As illustrated
in Fig. 5(e, f) and detailed in Table 2, the best modeling
results were obtained using standardized features, achieved
by removing the mean and scaling to unit variance. We also
noted that some prediction results are significantly different
after adding FMO data to train the models. Unfortunately,
we could not understand the reason currently. It is probably
necessary to use some explainable Al techniques to uncover
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why such differences arise. Among the four algorithms ana-
lyzed, KNN demonstrated significant improvement, with
r and R? values rising to 0.790 and 0.514, respectively. In
contrast, there were no notable changes for the SVR and
RF algorithms. However, the SVR model still exhibited
the best performance, with r and R? values achieving 0.878
and 0.690, respectively (Fig. 5¢). The metrics of the ANN
model, however, declined, showing r and R? values of 0.796
and 0.546, respectively. Note that the network structure
remained unchanged (three hidden layers) to allow for a fair
comparison of performance after standardization. The ANN
model was not well optimized, as the purpose of this study
is not to pursue the best performance. Further tuning the
hyperparameters should deliver better performance. More-
over, we believe that newer models, such as deep neural net-
works (DNNs), could yield better results. In principle, these
models are suitable for large datasets. With the increasing
amount of labeled data, DNNs usually can generalize bet-
ter than ML models, including SVR and RF, which may
not scale as effectively. Consequently, increasing the size
of the dataset, or including other material features, such as
molecular weights and polymer dispersity indexes, thin-film
morphology, and manufacturing conditions, are possible
approaches to improve the models.

Table S2 provides a detailed overview of the performance
metrics associated with the other scaling techniques. When the
features of the energy levels were rescaled to a range from 0
to 1, the performance of most models remained comparable
(Table S2). Notably, the experimental PCE results and the pre-
dicted PCE values generated by the ANN methods exhibited
a comparatively higher correlation, with r of 0.857 (Fig. 5f).
These overall results indicated that some distinct scaling tech-
niques are more appropriate for specific ML algorithms. Addi-
tionally, an examination of various performance metrics across
different preprocessing approaches revealed that the rescaling
processes had a negligible effect on the RF model. This deci-
sion-tree-based algorithm demonstrated considerable robust-
ness against arbitrary scaling of the data**.

In comparison to the performance metrics of the models
trained exclusively on the information of chemical structures,
as shown in Table 2, the enhancement in the predictive capabil-
ity of the ML methods that utilized additional features relative
to energy levels was rather limited. Only the accuracy of the
KNN model was improved slightly. Contrary to what one might
intuitively expect, most of the ML prediction accuracies did not
show significant improvement. This limitation may stem from
the fact that structural fingerprints have already encapsulated
much of the relevant information, including various chemical
and physical parameters. In other words, the material proper-
ties are highly correlated to the chemical structures, which are
coded in the molecular fingerprints. Consequently, these addi-
tional descriptors, such as the FMO data, may only provide

minimal information or contributions to the overall predictive
capability [45].

The results of the ML models could also provide valuable
physical insights and guide the rational design of new mol-
ecules. For example, we identified six donor-acceptor (D/A)
pairs that exhibited the highest PCE values using the best
SVR model. The chemical structures of these combinations
are shown in Scheme S1. From this scheme, it is evident that
derivatives from the PM6:Y6 family demonstrated the best
performance, particularly for the modified medium-bandgap
NFAs. Additionally, the P3TEA: FTTB-PDI4 pair showed
promise, likely due to the larger bandgaps of both the donor
and acceptor molecules [5]. Further detailed analysis of the ML
models is ongoing to fully understand the design rules behind
these findings.

2.5 Predictions for Unseen Materials

One of the challenges in ML modeling is developing mod-
els that can provide accurate predictions when faced with
new and unseen data. The generalization of ML algorithms
is a crucial aspect of developing practical tools, as it allows
them to produce reliable predictions in real-world situa-
tions. Therefore, eight subsets of data sourced from recent
literature were utilized to assess the generalization capabili-
ties of the ML models developed in this study [27, 46—49].
Crucially, this data had not been included in the training
process, meaning it represented entirely new information to
these models. Figure 6 depicts the chemical structures of the
“unseen” materials used for the generalization test. Among
the testing materials, two donors, PM6 and PTQ10, were
seen but paired with other “unseen” acceptors in the dataset
during model testing, making them “unseen” D/A pairs to
the models. As illustrated in Fig. 6, the first acceptor was
L8-BO, which features a Y6-based dithienothiophen[3,2-
b]-pyrrolobenzothiadiazole core with branched alkyl chains
[48]. Additionally, PM6 was paired with two polymer accep-
tors, PYFO-T and PYFO-V [47]. The molecular design of
these polymers was also inspired by Y-series NFAs, incorpo-
rating branched alkoxy side chains at the conjugated cores.
Thiophene and vinylene were included as the polymer link-
ers at the end of PYFO-T and PYFO-V, respectively. In the
second group of the “unseen” pairs, the core structure of
the donor, PTQ10, is different from the PM6 family. How-
ever, it was paired with two new acceptors, tPDI2N-tMeB
and tPDI2N-Eada, whose molecular designs are based on
the N-annulated perylene diimide dimer.** Only one similar
acceptor, tPDI2N-EH, appeared once in the dataset, but was
paired with a very different donor, PPDT2FBT. Finally, in
the third group of the D/A combinations, both the donors
and acceptors were new to the training dataset. The donor
in these pairs, PM7, is characterized by the substitution
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L8-BO (Acceptor)

DTSiC-2M (Acceptor)

DTSiC-4F (Acceptor)

PYFO-V (Acceptor)

Fig. 6 The chemical structures of the unseen organic molecules for the ML models. The materials include eight new acceptors and one donor,
delivering eight different D/A combinations

of the two F atoms in the repeating unit of PM6 with CI
atoms (Fig. 6) [27]. The three acceptors in this group were
silicon-bridged carbazole-based NFAs, which featured F
atoms and methyl groups at the end-groups for DTSiC-4 F
and DTSIC-2 M, respectively. Furthermore, alkoxy groups
were introduced in the B-positions of the thiophene units
in DTSiC-4 F to create DTSiCODe-4 F [27]. Notably, no
silicon-bridged compounds were included in the training
data for the previous four ML models.

Table 3 summarizes the prediction results of various
D/A combinations from each model trained using chemi-
cal structures. The accuracy values were notably high, with
average accuracies of 92.1%, 86.4%, 84.1%, and 87.6%
for the SVR, RF, KNN, and ANN models, respectively.
A high average accuracy of 95.5% was reached using the
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SVR model for the third unseen D/A pairs, in which both
donors and acceptors were new to the models. Individually,
the highest accuracy achieved was 99.5% using the SVR
algorithm when predicting the PM6:PYFO-T combination.
On the other hand, the KNN model showed less consistency
in their predictions. While some predictions were close to
the experimental PCEs, others deviated significantly from
the actual values. Among the eight pairs analyzed, the accu-
racies for the PM6:PYFO-V combination were consistently
lower across all four models. While the chemical structure
of PYFO-V is comparable to that of PYFO-T, the predic-
tion results varied significantly. This discrepancy was likely
attributed to its tighter n—m stacking and greater crystallinity,
which enhanced its PCEs*’. Consequently, predicting out-
comes for the PM6:PYFO-V combination has proven more
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Table 3 Results of predictions from the ML models for the unseen D/A
combinations

D/A Combination SVR RF KNN ANN
(Experimental PCE)

[%]

PM6:L8-BO Prediction 22.55 22.59 303 26.68
24.17) Accuracy [%] 93.3 935 79.8 90.6
PM6:PYFO-T Prediction 20.01 20.80 22.26 22.73
(19.9) Accuracy [%] 99.5 957 894 875
PM6:PYFO-V Prediction 20.12 20.77 2226 21.53
(25.7) Accuracy [%] 783 80.8 86.6 83.8

PTQI0: tPDI2N-tMeB Prediction. ~ 18.40 19.52 12.60 14.01
(15.3) Accuracy [%] 832 784 824 91.6
PTQI0: tPDI2N- Eada Prediction.  18.43 19.52 12.60 14.68

(16.7) Accuracy [%] 96.1 85.6 754 879
PM7:DTSiC-4 F Prediction 19.31 23.05 1595 20.31
(21.17) Accuracy [%] 91.2 91.8 753 959
PM7:DTSiC-2 M Prediction 19.34 22.79 18.19 23.23
(19.53) Accuracy [%] 99.1 857 93.1 84.1
PM7:DTSiCODe-4 F  Prediction. 19.38 25.17 2226 25.31
(20.14) Accuracy [%] 96.2 80.0 90.5 79.6

complex, as chemical structure codes, such as SMILES
strings, may not sufficiently represent the pertinent physical
properties.

The generalization of the ML models trained using fin-
gerprints and molecular orbitals was also investigated, and
the prediction results for the D/A pairs are summarized in
Table S3. The average accuracy values were 80.6%, 85.5%,
84.7%, and 87.4% for the SVR, RF, KNN, and ANN mod-
els, respectively. The accuracies became lower than those
previously reported in Table 3 for the SVR, RF, and ANN
models. Only the average accuracy of the KNN increased
slightly from 84.1 to 84.7%. Surprisingly, the accuracy was
significantly lower than that previously reported in Table 3
for the SVR model. Additionally, some accuracies were
even lower than 70%, indicating the robustness of the mod-
els had declined. As previously discussed, the enhancements
in the performance metrics of the ML methods utilizing
additional data from the FMOs were marginal (see Table 2).
The results indicate that incorporating FMO data may have
even compromised the generalizability of the models, espe-
cially for the SVR model. While the underlying reason for
this observation remains unclear, we suspect that the energy
levels were too closely spaced, causing critical information
to be obscured.

While FMO data may sometimes be considered redun-
dant or even detrimental to model generalizations, we can-
not overlook the potential for other physical descriptors to
influence our models positively [45]. Numerous experimen-
tal parameters can significantly affect device efficiencies.
For instance, various factors such as the molecular weights
of polymers, the ratio of donor to acceptor materials, thin-
film morphologies, and device structures are likely to have

considerable impacts on device performance. Furthermore,
process parameters, including annealing temperatures, spin-
coating rates, and the incorporation of processing additives,
play a crucial role in determining the PCE values. There-
fore, we plan to include at least some of these features, such
as the annealing temperatures and durations, and interfacial
layers on both sides of the electrodes, to further improve
the models in the near future. Moreover, newer models,
including DNNss, could also be adopted once the dataset is
extended. DNNs are possibly rather suited for leveraging a
more diverse set of input features compared to traditional
ML models like RF and SVR. Beyond the chemical struc-
tures, integrating information about these parameters could
enhance the accuracy of model predictions from various
perspectives.

3 Conclusion

In conclusion, we have compiled a dataset that outlines the
indoor device performance of OPVs, the SMILES codes of
the materials, and the FMO energy levels. To the best of our
knowledge, the dataset in this work is the first one reported
so far for indoor OPVs. The data analysis shows that pho-
tovoltage likely plays a more critical role in determining
the performance of indoor OPVs. Conventional theories,
such as the Shockley—Queisser limit and Scharber’s model,
prove insufficient in predicting the device behaviors based
on the FMO information of these materials. Conversely,
we evaluated the capability of the four ML models to pre-
dict the PCE values of indoor OPVs, utilizing molecular
structure information and FMOs derived from the dataset.
Overall, the trained ML models demonstrate a strong cor-
relation coefficient (#>0.8) when predicting the indoor PCE
values for OPVs. The necessity of using FMO information
was further examined by comparing the performance met-
rics of the models trained exclusively on molecular finger-
prints with those incorporating FMO data. This comparison
clearly demonstrates that the frontier molecular orbitals can
be regarded as redundant in the development of the ML
models. Additionally, the models can accurately predict the
performance of indoor OPVs made with previously unseen
materials, showcasing their strong capability to screen
potential candidates for indoor applications. We foresee the
potential of this dataset for further expansion, making it an
asset for material design decision-making tools. Ultimately,
we believe the findings of this study could significantly
advance computer-aided materials screening while mini-
mizing the need for extensive experimental measurements
for indoor OPVs.
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4 Method

The dataset was collected manually from the literature.
During the data analysis, various values for photovoltaic
parameters, including V., J, FF, and PCE values, were
obtained for certain pairs of materials. These values were
averaged for Pearson’s correlation analysis. It is important
to note that J,, was normalized with respect to the corre-
sponding luminance for this analysis, as these values were
particularly sensitive to lighting levels. All the ML models
considered in this study were implemented in python using
the scikit-learn library. Chemical structures were converted
to SMILES strings using ChemSketch software [50]. and
subsequently transformed into molecular fingerprints using
the RDKit library. The Morgan algorithm was employed
during the conversion, with the default set to 2048 bits per
hash. The optimal hyperparameters for each algorithm were
determined by minimizing the mean squared errors. Cross-
validation from the scikit-learn python package was utilized
to train and validate the models for ML applications. The
training subset, along with the corresponding PCE values,
was fitted into the models. The test subsets were then uti-
lized to evaluate the model performance. Performance met-
rics for each model were calculated by averaging the results
from 10-fold cross-validation. The function “cross_val pre-
dict” from the scikit-learn library was employed for model
visualization (cv=10). The training and validation loss
curves of the ANN model are shown in Fig. S1 and S2. It is
important to note that the new and “unseen” subset of data
was not utilized in the training of the models.
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