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ABSTRACT: Doping conjugated polymers, which are potential
candidates for the next generation of organic electronics, is an
effective strategy for manipulating their electrical conductivity.
However, selecting a suitable polymer−dopant combination is
exceptionally challenging because of the vastness of the chemical,
configurational, and morphological spaces one needs to search. In
this work, high-performance surrogate models, trained on available
experimentally measured data, are developed to predict the p-type
electrical conductivity and are used to screen a large candidate
hypothetical data set of more than 800 000 polymer−dopant
combinations. Promising candidates are identified for synthesis
and device fabrication. Additionally, new design guidelines are
extracted that verify and extend knowledge on important molecular fragments that correlate to high conductivity. Conductivity
prediction models are also deployed at www.polymergenome.org for broader open-access community use.
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1. INTRODUCTION

Conjugated organic polymers are garnering interest as
potential candidates for a wide variety of uses, ranging from
electronics to biomedical applications.1−4 One attribute of
importance in such applications is high electrical conductivity
(σ), and the optimal value of σ can be realized with appropriate
dopants mediating electron or hole conduction.5−7 A few
thiophene-based polymers exhibit conductivities up to 1 × 103

S/cm8−10 and are expected to be useful as hole transport
materials. Nevertheless, given the breadth of the polymer and
dopant chemical spaces, identifying viable candidates using just
prior experience, chemical insight, and ingenuity is nontrivial.
σ is proportional to the product of the hole/electron density

and the charge-carrier mobility.11,12 Doping generates charge
carriers by extracting or transferring electrons to the frontier
orbitals of the polymer, thus increasing the density of charge
carriers. It can be accomplished using a wide range of dopants,
including alkali metals, halides, small organic molecules, and
metal complexes. The diverse chemical nature and size of these
dopants lead to irregular and significant changes in the physical
properties of the polymer as well as their solid-state
microstructure.10,13,14 In addition to the nature of the dopant,
the chemical structure of the polymer significantly influences σ.
It is negatively correlated with the reorganization energy
associated with charge carriers and positively correlated with
the electronic coupling between frontier orbitals of adjacent
conjugated segments in the π-stacking direction.15 It is worth
noting that the electronic coupling strongly depends on the
polymer packing and its general molecular arrangement.

Machine learning (ML) is a well-known approach for
selecting and designing materials by inferring hidden
correlations from previous measurements/calculations.16−19

Such informatics and related computational efforts have
contributed in the past to accelerating the rational design of
application-specific polymers.20−26 Within the context of
electrical conductivity, a few attempts have been made to
establish machine learning models for σ of inorganic
materials27 and properties related to σ for organic materi-
als.28−32 Notably, Atahan-Evrenk et al.29 proposed a surrogate
model for the intramolecular reorganization energy using
graph- and geometry-based features. Models are also
developed for predicting electron transfer coupling, which is
a critical factor in determining electron transfer rates, to reduce
computational cost.30−32 Although these studies attempted to
build models for properties related to the σ of polymers, none
of them aimed to directly estimate σ.
In this work, we have developed ML models to predict σ of

p-doped polymers using a data set of 398 polymer-dopant
combinations measured experimentally at room temperature.
The schematic workflow for this study is depicted in Figure 1.
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Polymers and dopants are represented using chemical,
electronic, and geometrical features by considering a three-
level hierarchical fingerprinting scheme discussed previously.33

Gaussian process regression (GPR) and support vector
machine (SVM) algorithms were used to map the polymer−
dopant representation with the corresponding σ values. The
resulting ML models are able to accurately and rapidly predict
σ of a new polymer−dopant combination. These predictive
models were then used to screen more than 800 000 new
candidates, and 500 promising ones are proposed for
experimental verification. By analyzing models and screening
results, important molecular fragments that control σ were
identified, verifying and extending the list of known ones.

Finally, we propose new guidelines for designing potential
polymer−dopant combinations in terms of molecular frag-
ments and properties.

2. DATA SET AND MACHINE LEARNING MODELS

2.1. Data Set. Our room-temperature electrical con-
ductivity data set for p-type doping was collected from
literature10,34−55 and from our own laboratory. There were 226
different homopolymers and 65 distinct dopants in the data
set, forming 398 distinct polymer−dopant combinations. If
more than one measurement was available for a combination,
the mean value of all measurements was considered. A
histogram of the experimental data set shown in Figure 2a

Figure 1. Machine-learning workflow for the electrical conductivity (σ) prediction and designing of doped polymers.

Figure 2. Experimental data set for the electrical conductivity (σ) of doped polymers. (a) Histogram for the experimental σ of 398 unique
polymer−dopant combinations. (b) Chemical structures of exemplary polymers and dopants present in the data set. (c) Types of dopants and the
number of samples for each case. (d) Average σ for each dopant type, along with the standard deviation as an error bar. (e) Types of polymers and
the number of samples for each case. (f) Average σ for each polymer type, along with the standard deviation as an error bar.
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indicates that there are an adequate number (88) of samples
with high σ (>100 S/cm). The data set covered a wide variety
of chemical structures of polymers as well as dopants. Polymers
and dopants were constructed from {C, H, N, Br, Cl, P, O, Si,
S, F} and {C, H, N, Sb, B, F, P, Mg, Fe, Cu, S, Cl, Br, Li, I, O,
Na, Mo, Zn} sets of elements, respectively. The chemical
structures of a few representative polymers and dopants are
depicted in Figure 2b. Figure 2c,d shows that various types of
dopants, such as small organic molecules, inorganic molecules,
and metal−organic complexes, are in the dopant set, and the
average conductivity of polymers doped with metal−organic
complexes was relatively high in comparison to other dopants.
As shown in Figure 2e, in addition to 309 π-conjugated
polymer-dopant blends, there are 89 systems comprising
nonconjugated polymers. In conjugated polymers, benzene and
thiophene rings were overrepresented compared to other
conjugated segments. Nonconjugated polymers were mostly
silicon-based polymers, alkanes including polyethylene deriv-
atives as well as materials comprising benzene moieties in their
backbone. Figure 2f shows the average conductivity value and
the corresponding standard deviation for each polymer type.
As shown in the figure, thiophene-based conjugated polymers
have higher σ compared to others. It is worth emphasizing that
although nonconjugated polymers are known to have low σ,
they are included in the data set to extend the range of
conductivity and polymer space, which is required for efficient
training of ML models. Additionally, this will enable our
models for screening low conducting polymers, a critical factor
for dielectric materials.
2.2. Fingerprints and Feature Engineering. The

numerical representation of polymers and dopants is the first
step toward building a high-performing machine-learning
model. The key features of polymers were captured by three
hierarchical levels of descriptors, i.e., (1) atomic-level frag-
ments, (2) block-level fragments, and (3) chain-level
features.33 Dopants are small molecules and include both
organic and inorganic compounds, and there is a need to
consider both geometrical and electronic aspects in the feature
space. Therefore, in addition to geometrical fingerprints,
maximum and minimum partial charge, van der Waals surface
area (VSA) descriptors, and Kier and Hall’s EState
Descriptors56 were also calculated for dopants, as implemented
in the RDKit package.57 Out of a total of 456 features obtained
for each sample, important ones were identified by several
feature selection approaches such as forward selection and the
least absolute shrinkage and selection operator (LASSO).58

The forward selection approach was started by selecting one
feature and appending the most important one to the selected
featured list during each iteration. In LASSO, coefficients of
less important features shrink to zero by adding a penalty term
to the loss function, and they were removed from a model. The
down-selected feature representations of polymer−dopant
candidates along with their respective experimental con-
ductivity were used for model training.
2.3. Machine-Learning Models. Classification and

regression are the two primary classes of supervised machine
learning problems. Classification is a process of finding a
suitable mapping function from the input variables to
categorical output variables. However, in a regression model,
a mapping function is established to predict continuous output
variables. As the working principles of these two approaches
are different and a distinct set of features are selected for each
case, we applied both strategies to build surrogate models.

We trained a regression model using the GPR algorithm
combined with a radial basis function (RBF) as a kernel. There
are potentially many functions that can fit the training data,
and GPR finds a distribution of functions, in which the mean
of this probability distribution is the most probable prediction.
For the classification model, the data set was divided into three
classes based on the values of σ. Samples with conductivity
value less than 1 × 10−4 S/cm and higher than 1 × 10−1 S/cm
were assigned to Low and High classes, respectively. The
remaining samples were assigned to the Medium class. The
surrogate models were trained using SVM combined with RBF
as a kernel. In SVM, hyperplanes are defined in such a way that
they best divide a data set into classes.
Models were trained by varying sampling techniques. First,

models were built by removing a particular type of polymer
from the training set (Figure S1), and then the performance of
each model was tested for the removed polymer type. Second,
the model performance was tested for a polymer type by
adding 50% polymers of the same kind to the training set. As
the presence of a polymer type leads to improved performance,
we considered the random and stratified random samplings for
the regression and classification models, respectively. The
hyperparameters of the models were optimized by following a
5-fold cross-validated grid-search approach. As mentioned in
section 2.2, we used different feature selection techniques to
identify important ones. Learning curves were generated for
each case to check the performance and stability of the models
and are depicted in Figures S2 and S3. The forward selection
approach and LASSO led to the best results for classification
and regression models, respectively.

3. RESULTS AND DISCUSSION
First, the performance of each model was verified, and
obtained errors were compared with expected experimental
deviations. Second, the models were used for screening new
candidates, and promising ones were selected for experimental
verification. Third, models and screening results were analyzed
to extract useful guidelines for designing highly conducting
organic materials.

3.1. Model Performance and Validation. Each electrical
conductivity model was trained using 90% of the data set, and
the rest of the data set was used for testing. The performance
of the classification model is reported in Figure 3a in terms of
precision, recall, and f1-score values. The confusion matrix is
shown in Figure S4, which is a table with different
combinations of predicted and actual values. For train and
test sets, the f1 scores of the High class were 0.82 and 0.81
with precision values of 0.73 and 0.76, respectively.
The performance of the regression model was estimated for

an unseen data set by two metrics: (a) root-mean-square error
(RMSE) and (b) the coefficient of determination (R2). The
parity plot for predicted and true conductivity values is
depicted in Figure 3b. The R2 for the train and test sets were
0.86 and 0.81, respectively. The RMSE for the train (test) set
was 1.12 (1.37) S/cm, mostly originated from experimental
anomalies that arise from a change in processing method,
measurement technique, solvent, etc. To compare experimen-
tal uncertainties with model predicted errors, we considered
175 unique polymer/dopant combinations with multiple
reported σ, a total of 1269 measurements. A histogram for
deviations from the respective mean for a polymer/dopant
combination is depicted in Figure S5. It appears that the
measured uncertainties follow a normal distribution with a
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standard deviation of 1.53 log10 σ (S/cm) with a peak at the
mean value. Thus, intrinsic uncertainties associated with
conductivity measurement are close to the model RMSE
value, indicating that our model is capable of capturing the
intrinsic noise associated with σ measurements around the data
set. It is worth noting that to minimize the effect of
experimental variation, the feature space must contain
experimental conditions that govern the solid-state micro-
structure of materials.
Even though the prediction of conductivity was quite

challenging for doped polymers, the models showed
satisfactory results that can be used for further analysis.
These models are deployed on the Polymer Genome platform
(www.polymergenome.org) to provide easy access to the
polymer community. The user can predict the conductivity at
room temperature for any polymer combined with 20 selected
dopants present in the training set.
3.2. Screening of Candidate Materials.We established a

candidate set of unique polymer−dopant combinations,
different than those present in the training set. The chemical

identities of 12 904 previously synthesized homopolymers were
collected from the literature.22,59−61 Each of these polymers
was combined with 65 dopants present in the training set, and
a data set of 838 760 candidates formed our candidate set.
Note that synthesis routes for both the polymer and the
dopant are well-known; however, the electrical conductivity
values of the polymer−dopant combinations are unknown.
All relevant features were computed for the candidates. To

get an overview of the chemical space, we performed principal
component analysis (PCA) of chemical features of both
candidate and training sets. The scatter plot of the first two
components (Figure 4a) indicates that the training set covered
only a portion of the candidate space, and there was an
opportunity to discover suitable candidates in the unexplored
chemical space.
Candidates were screened using both regression and

classification models. They were considered highly conducting
materials if the predicted class was High by the classification
model and predicted σ > 10° S/cm by the regression model.
Note that polymer-dopant combinations were rejected if they
are associated with high uncertainty (>1 × 102 S/cm) in
predicting σ. These conditions led to selections of a total of
4197 candidates. As shown in Figure 4a, selected candidates
expanded the polymer space of the training set. Table S1
provides a list of 500 most-suitable polymer−dopant
combinations, involving 192 unique polymers and 22 dopants,
with predicted σ and associated uncertainty. These cases are
proposed for synthesis and device fabrication.
A few promising candidates are shown in Figure 4b, and

among them, the predicted conductivities of poly(3-cyano-
thiophene) and poly(3-heptafluoropropyl thiophene) in
combination with (Mo(tfd)3) and Mo(tfd-COCF3)3, respec-
tively, are encouraging (∼1 × 104 S/cm). Figure 4c depicts the
change in average σ of a polymer type when combined with 6
selected dopants, providing guidance for selecting suitable
polymer−dopant combinations. The minimum and maximum
values for each polymer type and dopant combination are also
provided. As can be seen, for a specific dopant, thiophene-
based polymers often show higher σ compared to other
polymer types. Polyphenylamine derivatives are far superior to
benzene-based polymers as lone pair electrons contribute to
the π-conjugation. For several polymers, the average σ is high
when they are blended with Mo complexes, probably due to
high doping efficiency and increased polaron delocalization.10

3.3. Guidelines for Designing Organic Materials.
Design guidelines provide insights and heuristics for rational
pathways to designing polymers that meet target property
requirements. In this work, we propose a set of design rules for
choosing molecular fragments that correlate to high electrical
conductivity.

3.3.1. SHAP Analysis. The Shapley additive explanations
(SHAP) approach has recently received considerable attention
due to its profound ability to explain statistical models.62−64 It
evaluates the importance of having a particular value for a
feature compared to the prediction for that feature’s baseline
value. In this work, SHAP values were approximately
computed with the kernel explainer for both classification
and regression models. Feature importance and density plots
for classification and regression models are depicted in Figures
S9 and S10, respectively. SHAP analysis of the classification
model renders more useful insights as it explains feature
importance for the desired class (i.e., High class) compared to
the overall performance in the regression model. The density

Figure 3. Performance of machine learning models for electrical
conductivity (σ). (a) Precision, recall, and f1-score values of each class
for the classification model. Values outside and inside the parentheses
are for train and test sets, respectively. (b) Parity plot for the
regression model. Conductivity values are provided in log10 scale. The
uncertainty associated with each data point is shown as an error bar.
For both the models, 90% of data was used for training, and 10% was
used as a test data set.
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plot for the most important features of the classification model
is shown in Figure 5a. Characteristic features for determining σ
were extracted from SHAP analysis of both the models; they
are depicted in Figure 5b.
As shown in the figure, the number of non-hydrogen ring

atoms in the main chain (denoted as main_chain_ring) and
carbon atoms with only 1 H in a ring (bfp_4) are two crucial
descriptors for both the models. As expected, an increase in
main_chain_ring of polymers leads to a rise in σ. The presence
of adjacent thiophene/pyrrole rings are captured by bfp_1/
bfp_5, and has a positive impact on conductivity. However, the
presence of a benzene ring negatively affects hole conduction
as it is often associated with a large dihedral angle in the main
chain, leading to a weak π-conjugation.65,66 A rise in the
percentage of non-hydrogen atoms for a polymer chain indicates
an increase in the degree of unsaturation and number of
heteroatoms, and thus it is positively correlated with σ. Number
of cyclic tetravalent nodes in a repeat unit, N3−C4−H1, C4−
C4−H1, and C3−C3−N2 are negatively correlated as they
block π-conjugation, and a low value is preferred. In dopants,

an increase in the number of aliphatic rings improves σ,
probably because of enhanced solubility. Overall, a feature is
positively correlated with the conductivity if it extends π-
conjugation or improves solubility, and vice versa.

3.3.2. Importance of Molecular Fragments. For designing
conducting polymers, it is worth estimating the importance of
molecular fragments commonly used in the polymer research
community. The z-score is often used as a numerical
representation of the fragment importance that describes the
relationship between a fragment’s occurrence to the average,
measured in standard deviation units.67−69 The details of the z-
score calculation are provided in the Supporting Information.
In this work, z-scores for building blocks of polymers were

computed, ignoring the presence of dopants. For z-score
calculation, a total of 12 976 unique polymers present in train
and candidate sets were considered. Out of them, a subset of
680 polymers were labeled as highly conducting polymers by
combining good candidates obtained from high-throughput
screening (section 3.2) and samples with conductivity values
>100 S/cm in the training set. A database of fragments is

Figure 4. Chemical space of training, candidate and selected polymer data sets, and preferred polymer−dopant combinations. (a) Chemical space
of polymers in the training set (blue; triangle up if σ > 10° S/cm, otherwise triangle down), 12 904 candidate polymers (cyan rounds), and 663
unique polymers present in 4197 selected candidates (dark red rounds) illustrated using the first two principal components (PC1 and PC2). (b)
Chemical structures of a few polymers and dopants selected in the machine-learning assisted virtual-screening. (c) The average σ of different
polymer types combined with a few selected dopants. The minimum and maximum predicted values of σ for a particular polymer type and dopant
combination are also provided in a square bracket.
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Figure 5. Key molecular fragments and properties controlling electrical conductivity (σ). (a) Density plots of the top contributing descriptors
determined by the mean absolute SHAP values for classifying High class in classification model, (b) crucial features obtained from the Shapley
values, and (c) molecular fragments with z-score higher and lower than 10.
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established from the polymer data set, using the breaking of
retrosynthetically interesting chemical substructures (BRICS)
fragmentation70 as implemented in the RDKit package. Using
this method, each polymer was decomposed into such
synthetically meaningful fragments, and the resulting list was
reduced to a set of 3331 unique fragments (after fingerprint
comparison). Note that in the z-score calculation, only one
fragment is considered at a time, ignoring the presence of other
moieties in a polymer. When a molecular fragment is
combined with a wide variety of moieties in a sufficiently
large number of polymers, the impact of other fragments is
minimized, offering a reliable score for the desired one.
We computed the z-score of each fragment, and the

important ones are shown in Figure 5c. As can be seen,
thiophene and its derivatives are mostly overrepresented in
highly conducting polymers, along with pyrrole and other
conjugated systems. Phenylacetylene and styrene moieties
favor high σ in comparison to benzene and benzaldehyde
building blocks. A good z-score of long aliphatic side chains
indicates their importance for solubility and materials
processing. The z-scores of amide and carboxyl functional
groups suggest that their presence is not favorable for high
conductivity. The presence of a tertiary carbon atom in a
polymer-chain decreases π-conjugation, leading to a negative z-
score. An extended list of fragments with their z-scores is
provided in the Tables S2 and S3. In short, to design efficient
conducting polymers, we strongly recommend incorporating
fragments with positive z-scores while avoiding negative ones.

4. CONCLUSION

We have developed reliable classification and regression
models to predict the electrical conductivity of p-doped
polymers at room temperature using support vector machine
(SVM) and Gaussian process regression (GPR) algorithms,
respectively. These models were then used to screen more than
800 000 candidates, and 500 promising polymer−dopant
combinations were selected for experimental verification.
Additionally, key molecular fragments in determining σ were
identified. In future work, we plan to extend the feature space
further to cover the effect of solid-state microstructure and
environmental conditions such as temperature, processing, and
measurement techniques.
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(43) Bodugöz-Sentürk, H.; Güven, O. Enhancement of Conductivity
in Polyaniline-[Poly(Vinylidene Chloride)-co-(Vinyl Acetate)] Blends
by Irradiation. Radiat. Phys. Chem. 2011, 80, 153−158.
(44) Singh, R.; Singh, R. K.; Kumar, J.; Kant, R.; Kumar, V. The
Origin of DC Electrical Conduction and Dielectric Relaxation in
Pristine and Doped Poly(3-hexylthiophene) Films. J. Polym. Sci., Part
B: Polym. Phys. 2010, 48, 1047−1053.
(45) Somboonsub, B.; Srisuwan, S.; Invernale, M. A.; Thongyai, S.;
Praserthdam, P.; Scola, D. A.; Sotzing, G. A. Comparison of the
Thermally Stable Conducting Polymers PEDOT, PANi, and PPy
using Sulfonated Poly(imide) Templates. Polymer 2010, 51, 4472−
4476.
(46) Yamamoto, T.; Usui, M.; Ootsuka, H.; Iijima, T.; Fukumoto,
H.; Sakai, Y.; Aramaki, S.; Yamamoto, H. M.; Yagi, T.; Tajima, H.;
Okada, T.; Fukuda, T.; Emoto, A.; Ushijima, H.; Hasegawa, M.;
Ohtsu, H. π-Conjugated Polymers Consisting of Isothianaphthene
and Dialkoxy-p-phenylene Units: Synthesis, Self-Assembly, and

ACS Applied Materials & Interfaces www.acsami.org Forum Article

https://doi.org/10.1021/acsami.1c04017
ACS Appl. Mater. Interfaces XXXX, XXX, XXX−XXX

H

https://doi.org/10.1039/C8TA05922E
https://doi.org/10.1039/C8TA05922E
https://doi.org/10.1039/C8TA05922E
https://doi.org/10.1038/natrevmats.2016.50
https://doi.org/10.1038/natrevmats.2016.50
https://doi.org/10.1039/C6CS00149A
https://doi.org/10.1039/C6CS00149A
https://doi.org/10.1039/C9TC05695E
https://doi.org/10.1039/C9TC05695E
https://doi.org/10.1039/C9TC05695E
https://doi.org/10.1021/acs.jpclett.9b02070?ref=pdf
https://doi.org/10.1021/acs.jpclett.9b02070?ref=pdf
https://doi.org/10.1021/acs.chemrev.7b00086?ref=pdf
https://doi.org/10.1021/acs.chemrev.7b00086?ref=pdf
https://doi.org/10.1038/s41578-020-00255-y
https://doi.org/10.1038/s41578-020-00255-y
https://doi.org/10.1038/s41578-020-00255-y?ref=pdf
https://doi.org/10.1021/acs.accounts.9b00470?ref=pdf
https://doi.org/10.1021/acs.accounts.9b00470?ref=pdf
https://doi.org/10.1021/acsnano.0c00384?ref=pdf
https://doi.org/10.1021/acsnano.0c00384?ref=pdf
https://doi.org/10.1002/aenm.201801032
https://doi.org/10.1002/aenm.201801032
https://doi.org/10.1002/aenm.201801032
https://doi.org/10.1016/j.mser.2020.100595
https://doi.org/10.1016/j.mser.2020.100595
https://doi.org/10.1021/acs.jpcc.8b02913?ref=pdf
https://doi.org/10.1021/acs.jpcc.8b02913?ref=pdf
https://doi.org/10.1016/j.mattod.2017.11.021
https://doi.org/10.1016/j.mattod.2017.11.021
https://doi.org/10.1016/j.mattod.2017.11.021
https://doi.org/10.1039/C5TA01252J
https://doi.org/10.1039/C5TA01252J
https://doi.org/10.1109/TDEI.2010.5492268
https://doi.org/10.1109/TDEI.2010.5492268
https://doi.org/10.1021/ma502424r?ref=pdf
https://doi.org/10.1039/D0TA02364G
https://doi.org/10.1039/D0TA02364G
https://doi.org/10.1039/D0TA02364G
https://doi.org/10.1021/acs.jctc.0c00246?ref=pdf
https://doi.org/10.1021/acs.jctc.0c00246?ref=pdf
https://doi.org/10.1021/acs.jpca.9b02733?ref=pdf
https://doi.org/10.1021/acs.jpca.9b02733?ref=pdf
https://doi.org/10.1021/acs.jpca.9b04256?ref=pdf
https://doi.org/10.1002/adts.201800136
https://doi.org/10.1002/adts.201800136
https://doi.org/10.1002/aic.16760
https://doi.org/10.1002/aic.16760
https://doi.org/10.1063/5.0023759
https://doi.org/10.1063/5.0023759
https://doi.org/10.1038/s41563-018-0263-6
https://doi.org/10.1038/s41563-018-0263-6
https://doi.org/10.1039/C8TC01593G
https://doi.org/10.1039/C8TC01593G
https://doi.org/10.1039/C8TC01593G
https://doi.org/10.1002/adma.201700930
https://doi.org/10.1002/adma.201700930
https://doi.org/10.1039/C5TC04207K
https://doi.org/10.1039/C5TC04207K
https://doi.org/10.1039/C5TC04207K
https://doi.org/10.1002/aenm.201401072
https://doi.org/10.1002/aenm.201401072
https://doi.org/10.1002/anie.201302396
https://doi.org/10.1002/anie.201302396
https://doi.org/10.1063/1.4810068
https://doi.org/10.1063/1.4810068
https://doi.org/10.1002/pat.1972
https://doi.org/10.1002/pat.1972
https://doi.org/10.1016/j.synthmet.2011.03.024
https://doi.org/10.1016/j.synthmet.2011.03.024
https://doi.org/10.1016/j.radphyschem.2010.07.025
https://doi.org/10.1016/j.radphyschem.2010.07.025
https://doi.org/10.1016/j.radphyschem.2010.07.025
https://doi.org/10.1002/polb.21994
https://doi.org/10.1002/polb.21994
https://doi.org/10.1002/polb.21994
https://doi.org/10.1016/j.polymer.2010.08.008
https://doi.org/10.1016/j.polymer.2010.08.008
https://doi.org/10.1016/j.polymer.2010.08.008
https://doi.org/10.1002/macp.201000246
https://doi.org/10.1002/macp.201000246
www.acsami.org?ref=pdf
https://doi.org/10.1021/acsami.1c04017?rel=cite-as&ref=PDF&jav=VoR


Chemical and Physical Properties. Macromol. Chem. Phys. 2010, 211,
2138−2147.
(47) Massoumi, B.; Aghili, H.; Entezami, A. Investigation of
Electrochemical Copolymerization of 1-Naphthylamineaniline in the
Presence of Various Organic Sulfonic Acids. J. Chin. Chem. Soc. 2009,
56, 741−747.
(48) Ak, M.; Toppare, L. Synthesis of Star-shaped Pyrrole and
Thiophene Functionalized Monomers and Optoelectrochemical
Properties of Corresponding Copolymers. Mater. Chem. Phys. 2009,
114, 789−794.
(49) Li, Y.; Wang, J.; Tang, J.; Liu, Y.; He, Y. Conductive
Performances of Solid Polymer Electrolyte Films based on PVB/
LiClO4 Plasticized by PEG200, PEG400 and PEG600. J. Power
Sources 2009, 187, 305−311.
(50) Idris, N. K.; Aziz, N. A. N.; Ramli, S.; Isa, M. I. N.; Senin, H. B.;
Carini, G.; Abdullah, J. B.; Bradley, D. A. Chitosan Based Film
Electrolytes Doped Oleic Acid: An Electrical Study. AIP Conf. Proc.
2007, 1017, 315−320.
(51) Ayad, M. M.; Rehab, A. F.; El-Hallag, I. S.; Amer, W. A.
Preparation and Characterization of Polyaniline Films in the Presence
of N-Phenyl-1,4-Phenylenediamine. Eur. Polym. J. 2007, 43, 2540−
2549.
(52) Kumar, A.; Hussain, A. 120MeV Si9+ Ion Irradiation Effects on
Poly(3-methylthiophene) Conducting Polymer. Nucl. Instrum.
Methods Phys. Res., Sect. B 2006, 251, 451−456.
(53) Ou, R.; Cui, G.; Gerhardt, R. A.; Samuels, R. J. Effect of
Stretching on the Structure and Electrical Conductivity of Doped and
Undoped Poly(phenylene vinylene) Thin Films. Electrochim. Acta
2006, 51, 1728−1735.
(54) Galal, A. Characterization of Conducting Poly(3-methylthio-
phene) Films Prepared Under Sono-Electrochemical Conditions. J.
Appl. Polym. Sci. 2006, 102, 2416−2425.
(55) Xu, J.-C.; Liu, W.-M.; Li, H.-L. Titanium Dioxide Doped
Polyaniline. Mater. Sci. Eng., C 2005, 25, 444−447.
(56) Kier, L. B.; Hall, L. H. Molecular Structure Description: The
Electrotopological State; Academic Press, 1999.
(57) RDKit: Cheminformatics and Machine Learning Software; Open-
source, 2018. http://www.rdkit.org/.
(58) Tibshirani, R. Regression Shrinkage and Selection via the Lasso.
J. R. Statist. Soc. B 1996, 58, 267−288.
(59) Huan, T. D.; Mannodi-Kanakkithodi, A.; Kim, C.; Sharma, V.;
Pilania, G.; Ramprasad, R. A Polymer Dataset for Accelerated
Property Prediction and Design. Sci. Data 2016, 3, 160012.
(60) Bicerano, J. Prediction of Polymer Properties; CRC Press, 2002.
(61) Mark, J. Polymer Data Handbook; Oxford University Press,
1999.
(62) Yang, Z.-Y.; Dong, J.; Yang, Z.-J.; Lu, A.-P.; Hou, T.-J.; Cao, D.-
S. Structural Analysis and Identification of False Positive Hits in
Luciferase-Based Assays. J. Chem. Inf. Model. 2020, 60, 2031−2043.
(63) Xie, Y. R.; Castro, D. C.; Bell, S. E.; Rubakhin, S. S.; Sweedler, J.
V. Single-Cell Classification Using Mass Spectrometry through
Interpretable Machine Learning. Anal. Chem. 2020, 92, 9338−9347.
(64) Ye, W.-L.; Shen, C.; Xiong, G.-L.; Ding, J.-J.; Lu, A.-P.; Hou, T.-
J.; Cao, D.-S. Improving Docking-Based Virtual Screening Ability by
Integrating Multiple Energy Auxiliary Terms from Molecular Docking
Scoring. J. Chem. Inf. Model. 2020, 60, 4216−4230.
(65) Dharmapurikar, S. S.; Chithiravel, S.; Mane, M. V.; Deshmukh,
G.; Krishnamoorthy, K. Dihedral Angle Control to Improve the
Charge Transport Properties of Conjugated Polymers in Organic
Field Effect Transistors. Chem. Phys. Lett. 2018, 695, 51−58.
(66) Sahu, H.; Shukla, R.; Goswami, J.; Gaur, P.; Panda, A. N.
Alternating Phenylene and Furan/Pyrrole/Thiophene Units-Based
Oligomers: A Computational Study of the Structures and
Optoelectronic Properties. Chem. Phys. Lett. 2018, 692, 152−159.
(67) Sahu, H.; Yang, F.; Ye, X.; Ma, J.; Fang, W.; Ma, H. Designing
Promising Molecules for Organic Solar Cells via Machine Learning
Assisted Virtual Screening. J. Mater. Chem. A 2019, 7, 17480−17488.
(68) Hachmann, J.; Olivares-Amaya, R.; Jinich, A.; Appleton, A. L.;
Blood-Forsythe, M. A.; Seress, L. R.; Román-Salgado, C.; Trepte, K.;

Atahan-Evrenk, S.; Er, S.; Shrestha, S.; Mondal, R.; Sokolov, A.; Bao,
Z.; Aspuru-Guzik, A. Lead Candidates for High-Performance Organic
Photovoltaics from High-Throughput Quantum Chemistry − the
Harvard Clean Energy Project. Energy Environ. Sci. 2014, 7, 698−704.
(69) Lopez, S. A.; Sanchez-Lengeling, B.; de Goes Soares, J.; Aspuru-
Guzik, A. Design Principles and Top Non-Fullerene Acceptor
Candidates for Organic Photovoltaics. Joule 2017, 1, 857−870.
(70) Degen, J.; Wegscheid-Gerlach, C.; Zaliani, A.; Rarey, M. On the
Art of Compiling and Using ‘Drug-Like’ Chemical Fragment Spaces.
ChemMedChem 2008, 3, 1503−1507.

ACS Applied Materials & Interfaces www.acsami.org Forum Article

https://doi.org/10.1021/acsami.1c04017
ACS Appl. Mater. Interfaces XXXX, XXX, XXX−XXX

I

https://doi.org/10.1002/macp.201000246
https://doi.org/10.1002/jccs.200900110
https://doi.org/10.1002/jccs.200900110
https://doi.org/10.1002/jccs.200900110
https://doi.org/10.1016/j.matchemphys.2008.10.041
https://doi.org/10.1016/j.matchemphys.2008.10.041
https://doi.org/10.1016/j.matchemphys.2008.10.041
https://doi.org/10.1016/j.jpowsour.2008.11.126
https://doi.org/10.1016/j.jpowsour.2008.11.126
https://doi.org/10.1016/j.jpowsour.2008.11.126
https://doi.org/10.1063/1.2940651
https://doi.org/10.1063/1.2940651
https://doi.org/10.1016/j.eurpolymj.2007.03.043
https://doi.org/10.1016/j.eurpolymj.2007.03.043
https://doi.org/10.1016/j.nimb.2006.08.005
https://doi.org/10.1016/j.nimb.2006.08.005
https://doi.org/10.1016/j.electacta.2005.02.140
https://doi.org/10.1016/j.electacta.2005.02.140
https://doi.org/10.1016/j.electacta.2005.02.140
https://doi.org/10.1002/app.24513
https://doi.org/10.1002/app.24513
https://doi.org/10.1016/j.msec.2004.11.003
https://doi.org/10.1016/j.msec.2004.11.003
http://www.rdkit.org/
https://doi.org/10.1111/j.2517-6161.1996.tb02080.x
https://doi.org/10.1038/sdata.2016.12
https://doi.org/10.1038/sdata.2016.12
https://doi.org/10.1021/acs.jcim.9b01188?ref=pdf
https://doi.org/10.1021/acs.jcim.9b01188?ref=pdf
https://doi.org/10.1021/acs.analchem.0c01660?ref=pdf
https://doi.org/10.1021/acs.analchem.0c01660?ref=pdf
https://doi.org/10.1021/acs.jcim.9b00977?ref=pdf
https://doi.org/10.1021/acs.jcim.9b00977?ref=pdf
https://doi.org/10.1021/acs.jcim.9b00977?ref=pdf
https://doi.org/10.1016/j.cplett.2018.01.052
https://doi.org/10.1016/j.cplett.2018.01.052
https://doi.org/10.1016/j.cplett.2018.01.052
https://doi.org/10.1016/j.cplett.2017.12.034
https://doi.org/10.1016/j.cplett.2017.12.034
https://doi.org/10.1016/j.cplett.2017.12.034
https://doi.org/10.1039/C9TA04097H
https://doi.org/10.1039/C9TA04097H
https://doi.org/10.1039/C9TA04097H
https://doi.org/10.1039/C3EE42756K
https://doi.org/10.1039/C3EE42756K
https://doi.org/10.1039/C3EE42756K
https://doi.org/10.1016/j.joule.2017.10.006
https://doi.org/10.1016/j.joule.2017.10.006
https://doi.org/10.1002/cmdc.200800178
https://doi.org/10.1002/cmdc.200800178
www.acsami.org?ref=pdf
https://doi.org/10.1021/acsami.1c04017?rel=cite-as&ref=PDF&jav=VoR

