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nlinear conductive properties of
polymer/graphene composites at the molecular
level: a machine learning approach†

Hongfei Li, a Yazhou Chen, *a Linsen Zhou, b Zun Xie,c Wei Caoa

and Zhaoming Qua

Polymer/graphene (Py/GN) composites under the influence of external electric fields often exhibit unique

nonlinear conducting behaviors. However, the underlying mechanism of this field effect at the molecular

level is still obscure until now. Herein, the evolution of electrical properties of Py/GN composites

induced by electric fields has been explored by combining high-throughput first-principles calculations

with machine learning models. The results show that the polymer valence band maximum (PVBM) and

polymer conduction band minimum (PCBM) of Py/GN composites under different electric fields can be

accurately predicted by the XGBoost regression algorithm. The band arrangement of polymers in Py/GN

composites can be easily altered with applied electric fields, where charges accumulate around the

graphene layer and depleted around the polymer layer. Moreover, the electrons at the pyrrole/GN

interface may overcome the Schottky barrier height, leading to a transition from a Schottky contact to an

ohmic contact under a critical field (Eb), which can be effectively predicted with an R2 value of 0.854.

Then, two types of novel Py/GN composites with lower or higher Eb values were screened by reverse

engineering the ML model, offering valuable guidance for the application of Py/GN composites in

different electric field conditions. This work can provide new insights into the nonlinear electrical

response of Py/GN composites under electric fields, which has significant implications for practical

applications.
1 Introduction

Polymer/graphene (Py/GN) composites hold signicant scien-
tic and technological importance as advanced functional
materials. Carbon-based nanollers, such as graphene, carbon
nanotubes, and carbon bers, have been widely utilized to
improve the thermal, electrical, and mechanical properties of
polymer-based composites.1–4 Graphene, in particular, pos-
sessing semi-metallic characteristics, when blended with poly-
mers, can exhibit percolation behavior at extremely low loading
fractions.5–9 This unique low-loading electronic transport effect
help prevent mechanical property degradation seen in high-
loading concentration systems. Recent studies have revealed
that Py/GN composites display distinctive nonlinear current
density–electric eld (J–E) characteristics under high electric
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elds.10 This nonlinear conducting behavior positions these
composites as smart materials capable of real-time electrical
resistance modulation through external electric eld control.
These materials exhibit high resistance at low electric elds, but
once a specic threshold is surpassed, their carrier mobility
increases exponentially, causing rapid switching between high-
resistance and low-resistance states.11 The nonlinear electrical
response of Py/GN composites allows for adaptive impedance
matching of the material, which is particularly promising for
next-generation electromagnetic shielding applications.12 Wang
et al. found that polydimethylsiloxane (PDMS) composites lled
with graphene showed signicant nonlinear conductive prop-
erties with the addition of only 3 vol% of ller.13

The nonlinear conductive behavior of polymer/graphene
composites is due to the electric eld-induced effect, which
signicantly impacts the electronic structure of the interface
region between graphene and polymer matrix, leading to the
rearrangement of interfacial charges. The microstructure of Py/
GN composites plays a crucial role in determining the complex
interactions between polymer molecules and graphene
surfaces. However, there is a lack of studies investigating the
inuence of electric elds on the microstructure of these
composites. Specically, establishing a connection between the
microstructure and the unique nonlinear electrical properties
RSC Adv., 2025, 15, 17711–17719 | 17711
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of Py/GN composites is challenging due to the electrical insu-
lating nature of polymer materials. Gaining a thorough knowl-
edge of how electric elds affect the microstructure of Py/GN
composites could lead to a better comprehension of their
nonlinear conduction behavior. First-principles characteriza-
tion design serves as the initial step towards gaining a deeper
understanding of the transport properties of Py/GN compos-
ites.14,15 Therefore, to better understand the source of the power-
law nonlinear transport behavior in Py/GN composites, we use
an ab initio calculation framework to simulate nanocomposites
at the molecular level and accurately characterize quantum
effects.

Machine learning approaches have become increasingly
popular in the eld of research pertaining to the prediction,16–24

discovery and design,25–29 and structural testing30–32 of polymer-
based composites. Shi et al. developed a machine learning
model to predict the electromagnetic interference shielding
capabilities of carbon-based ller nanocomposites.33 Finite
element analysis, in conjunction with neural networks, was
proposed by Lu et al. to simulate the nonlinear conductive
behavior of Py/GN composites.34 The investigation of the
breakdown of polymer-based nanocomposites was explored by
combining high-throughput random breakdown simulation
and machine learning techniques.35,36 Moreover, machine
learning approaches have been successfully applied to the eld
of molecular simulation. Willhelm et al.37 combined machine
learning and DFT to predict the electronic and structural
properties of bilayer materials. Shayeganfar38 employed neural
networks to explore the correlation between van der Waals
pressures and interfacial characteristics in polymer/graphene
interfaces, thus speeding up the identication of novel mate-
rials. While machine learning algorithms provide strong
support for predicting the electric eld response properties of
Py/GN composites, molecular-level machine learning methods
still face signicant challenges in materials informatics. These
include data limitations, complexity in feature representation,
and the requirement for multi-scale correlation. The lack of
rst-principles simulation datasets severely limits the ability of
model generalization. Effective descriptors are critical for
accurately capturing the microscopic structure–property
mapping and predicting the electric eld response properties of
graphene/polymer interfaces. In addition, we have summarized
key experimental and theoretical studies on the electrical and
band structure properties of Py/GN hybrids in Tables S1 and S2†
(see ESI†). These ndings highlight that the multi-scale corre-
lation of “structure–property–mechanism” presents a challenge
in bridging the gap between atomic predictions and macro-
scopic composite behavior.

In this manuscript, the electrical properties of Py/GN
composites under different electric elds were investigated via
a combination of rst-principles calculations and machine
learning techniques. Based on high-throughput rst-principles
calculations results, the correlation of ve interfacial properties,
including the polymer valence band maximum (PVBM) and
polymer conduction band minimum (PCBM), adsorption
energy (Eads), graphene gap (Eg), and dielectric constant (3) was
discussed under electric eld induction. The evolution of PVBM
17712 | RSC Adv., 2025, 15, 17711–17719
and PCBM in Py/GN composites under different electric elds
was successfully predicted using the ML algorithm. By
analyzing the projected density of state (PDOS) and charge
density difference of pyrrole/GN, it was observed that there is
a transition from Schottky contact to ohmic contact at a certain
critical eld, causing a sharp shi in electrical properties.
Furthermore, the critical eld (Eb) at which this transition
occurs can be efficiently predicted by machine learning algo-
rithms. The novel Py/GN composites with lower or higher Eb
values were screened by reverse engineering of the ML model.
The ML framework functions as a robust design tool for effi-
ciently screening Py/GN eld-responsive composites. It estab-
lishes a vital bridge between DFT-level theoretical simulations
and the performance of experimental composite materials.
2 Computational methodology
2.1 First-principles calculations

In this study, geometric and electronic calculations utilizing
DFT were performed using the VASP code.39,40 The Perdew–
Burke–Ernzerhof (PBE) functional of the generalized gradient
approximation (GGA)41 was employed to address the exchange
and correlation effects, which is a commonly utilized approach
for material simulations. The 7 × 7 × 1 k-point grid were
sampled in the Brillouin Zone (BZ) for performing the struc-
tures optimization. The vacuum space was adjusted to 20 Å to
prevent any unnecessary interaction between the slabs. The van
der Waals (vdW) correction factor was taken into account at the
vdW-DF level.42,43 All geometries were fully relaxed until the total
energy reached convergence at 10−5 eV and the maximum force
was set to 0.001 eV Å−1. The cutoff energy was set to 500 eV, and
the electronic energy convergence threshold was set to 1 ×

10−5 eV, with the atomic force convergence threshold at 0.02 eV
Å−1. The electronic band structure was calculated along the
high-symmetry k path of G–K–M–G. To address the issue of
image interactions resulting from the implementation of peri-
odic boundary conditions in the plane-wave DFT calculations,
a dipole correction was implemented to the total energy in the
Z-direction perpendicular to the plane. The PDOS was calcu-
lated by employing a 14 × 14 × 1 k-point grid. Moreover,
considering the unavoidable issue of band gap narrowing with
the standard PBE functional, the hybrid functional of HSE06 is
utilized for precise electronic structure calculations. The
adsorption energy is dened as Eads = Esum – (EPy + EGN), where
Esum is the total energy of Py/GN composites, EPy is the energy of
the polymer monomer, and EGN is the energy of the graphene
substrate.
2.2 Machine learning process

A owchart illustrating the workow is depicted in Fig. 1, which
includes data preparation, construction of a machine learning
model, and analysis and prediction of critical elds.

2.2.1 Data preparation. Data sets are the basic resource for
building machine learning models.44 Initially, the single-chain
polymer utilized in our study was acquired from the Pub-
Chem database45 (https://pubchem.ncbi.nlm.nih.gov/), which
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 Flowchart of a simulation to investigate the effect of electric fields on the interfacial properties of Py/GN composites by machine learning
process and first-principles calculations.
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offers an extensive collection of polymer small molecule
structures and their corresponding properties. Subsequently,
a total of 186 kinds of polymers were chosen to construct Py/
GN composites. Regarding the consideration of the graphene
layer, experimental data demonstrate that multilayer graphene
(2–4 layers) maintains stable mobility around 3000 cm2 V−1 s−1,
whereas monolayer graphene exhibits signicantly superior
mobility at room temperature up to 8200 cm2 V−1 s−1.46 The
exceptional performance of monolayer graphene originates
from its distinctive Dirac cone band structure and weak phonon
scattering properties.47 Existing theoretical models primarily
focus on monolayer systems for graphene-based composites.
For example, the rst-principles studies have examined the
electronic properties and Schottky barriers in graphene/
MoSeS,48 SnS,49 MoSe2 (ref. 50) heterojunctions under electric
elds. Therefore, in this study, a composite conguration of
polymer monomers adsorbed on monolayer graphene was
constructed, and an electric eld was applied perpendicularly to
the Py/GN interface. By utilizing high-throughput rst-
principles calculations, the atomic positions of the bilayer
components were optimized, enabling the calculation of the
related electronic properties. Eventually, the initial data were
obtained for studying of the effect of electric eld on the
interfacial properties of Py/GN composites.

2.2.2 Feature generation. It has been previously observed
that electric elds have the ability to alter the structural defor-
mation, dielectric properties, and electronic properties of Py/GN
composites.51 To investigate this, high-throughput rst-
© 2025 The Author(s). Published by the Royal Society of Chemistry
principles calculations were used to calculate the PVBM,
PCBM, graphene bandgap (Eg), adsorption energy (Eads) and
dielectric constant (3) of Py/GN composites under different
electric elds. The results indicated that the PVBM and PCBM
energies exhibit greater responsiveness to electric eld modu-
lation. Subsequently, machine learning techniques were used to
predict the alterations in PVBM and PCBM when an electric
eld is applied. Building on Pereira et al.‘s work, the relation-
ship between properties and electron orbital energies was
established using machine learning algorithms.52 This enabled
accurate prediction of the alterations of PVBM and PCBM
inuenced by the electric eld, utilizing physicochemical
properties of the polymers obtained from PubChem and the
electric eld as feature labels. Initially, we collected 30 original
input features from the PubChem database (Table S3†), carried
out machine learning pre-training, and then chose the top 7
features as descriptors based on their importance ranking, as
listed in Table 1. Furthermore, the existing molecular descriptor
feature set was modied by excluding the CID feature and
combined with the intrinsic bandgap of polymers. This was
done to predict the critical eld Eb for the transition from
Schottky contact to ohmic contact in Py/GN composites.

2.2.3 Machine learning model construction. Two machine
learning models of Py/GN composites have been developed: one
to predict the evolution of the PCBM and PVBM under an
electric eld, and the other to predict the critical eld, i.e., the
transition from a Schottky contact to an ohmic contact. The
process of machine learning consists of model selection, model
RSC Adv., 2025, 15, 17711–17719 | 17713



Table 1 7 input features acquired from the PubChem database for
machine learning training of Py/GN composites

Label Features

MW Molecular weight
TPSA Topological polar surface area
QX XStericQuadrupole3D
QY YStericQuadrupole3D
QZ ZStericQuadrupole3D
CID Chemical identiers
XLogP Octanol-water partition coefficient

Fig. 2 Correlation matrix of five interfacial properties and applied
electric fields. The corresponding Pearson correlation coefficient
a was labeled. A higher absolute value signifies a greater degree of
correlation. Histograms of interfacial properties are displayed along
the matrix diagonal.
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training, and model evaluation. For model selection, ve
different machine learning algorithms, namely AdaBoost
regression (AdaBoost),53 bagging regression (Bagging),54

random forest regression (RFR),55 XGBoost regression (XGB),56

and gradient boosting regression (GBR)57 algorithms, were
chosen for training. These ve algorithms, all of which are
improved integrated algorithms, are more powerful and have
achieved great success in many algorithmic competitions. They
are particularly popular due to their outstanding accuracy and
efficiency on small sample sizes. The machine learning models
were trained using a dataset comprising 80% of the samples,
and the performance was evaluated on the remaining 20%. The
optimal hyperparameters for all models were determined using
Bayesian optimization. To minimize random error, multiple
trials with 100 iterations were conducted in parallel, and the
nal evaluation metrics were the average values of all the trials.
To measure the tting performance of the models, common
machine learning metrics such as the determination coefficient
(R2), root mean square error (RMSE), and mean absolute error
(MAE) were employed. The parameters are derived from the
following equations:

R2 ¼ 1�
P
i

�
ytrue � ypred

�2
P
i

�
ytrue � yavg

�2 (1)

MAE ¼ 1

N

XN
i

��ypred i � ytrue
i
�� (2)

RMSE ¼
"
1

N

XN
i

�
ypred

i � ytrue
i
�2#1

2

(3)

where N is the number of samples in the dataset, ytrue and ypred
are the true and predicted values, respectively, yavg is the average
of the true values of all the samples.
3 Results and discussion
3.1 Correlation analysis of the interfacial properties of Py/
GN composites

Firstly, in order to acquire a comprehensive understanding of
the relationship between the interfacial properties of Py/GN
composites under the inuence of an electric eld, the corre-
lation matrix for the interfacial properties of Py/GN composites
17714 | RSC Adv., 2025, 15, 17711–17719
was derived (Fig. 2). The Pearson correlation coefficient a, as
labeled in Fig. 2, was used to quantify the degree of the corre-
lation between interface properties, using the following
formula:

a ¼
P ðx�mxÞ

�
y�my

�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP ðx�mxÞ2

P�
y�my

�2q (4)

where x and y are an array of two variables, withmx andmy being
the means of x and y respectively. In order to obtain a more
precise correlation coefficient, the correlation matrix of each Py/
GN composite is calculated separately, and then all values are
averaged as the nal result. The study ndings indicate that,
except for Eg, which exhibits a negative correlation with the
electric elds, the other interfacial properties (PCBM, PVBM,
Eads, 3) demonstrate a positive correlation with the electric eld.
Specically, the PVBM and PCBM of the composites show
a strong positive correlation with the applied electric elds, with
correlation coefficients of 0.49 and 0.57, respectively. This
indicates that the band structures of polymers in Py/GN
composites become more sensitive to vertical electric eld
tuning. The correlation coefficient of 0.32 between 3 and the
applied electric eld indicates that 3 increases with the electric
eld, as has been previously reported.58 The effect of the electric
eld on Eads and Eg is much smaller than that on 3, PVBM, and
PCBM. Additionally, the 3 showed a positive correlation with
PVBM and PCBM with correlation coefficients of 0.34 and 0.22
respectively, which was higher than that of Eads with PVBM and
PCBM (0.076 and 0.19 respectively). This indicates that the
evolution of band structures of polymers in Py/GN composites
might have a stronger correlation with 3 than with Eads. It was
observed that the correlation between 3 and Eads was 0.17,
implying that a stronger adsorption between the polymer and
© 2025 The Author(s). Published by the Royal Society of Chemistry
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graphene might reduce the dielectric constant. Overall, the
matrix analysis suggests that the interaction between interfacial
properties should be taken into account in the design of Py/GN
composites to achieve an excellent electrical response to electric
elds.

3.2 Prediction and evaluation of PVBM and PCBM models

The predictive models for the evolution of PVBM and PCBM
under different electric elds were developed using machine
learning algorithms. To evaluate the performance of ve algo-
rithms on PVBM and PCBM, the metrics of R2, RMSE, and MAE
were used and the results of this assessment are shown in Table
2. The R2 value is close to 1, indicating a better t of the
machine learning model. The smaller the MAE and RMSE, the
higher the accuracy of the estimation. The ndings indicated
that all ve machine learning algorithms were able to effectively
capture the correlation between PVBM and PCBM with the
applied electric elds. It is evident from the results that the
XGBoost algorithm shows superior performance in terms of R2,
achieving 91.3% for PVBM and 91.6% for PCBM. Other algo-
rithms also exhibit satisfactory levels of accuracy, such as GBR
algorithm (89.9% and 83.3%), RFR algorithm (86.6% and
78.0%), and Bagging algorithm (84.7% and 88.6%). In contrast,
the AdaBoost algorithm (75.9% and 73.6%) shows relatively
lower accuracy. Consequently, the XGBoost machine learning
algorithm was chosen as the ultimate prediction model for
PVBM and PCBM in this study. Simultaneously, Fig. 3 visually
illustrates the difference between the values obtained from the
Fig. 3 Scatter plots between the predicted and the calculated values
of (a) PVBM (b) and PCBM models of Py/GN composites under the
action of electric fields on the testing sets using the XGBoost algo-
rithm. The dashed line is the ideal prediction line, and the nearer
a scatter is to it, the better the prediction result.

Table 2 Evaluation of the five algorithms for PVBM and PCBMmodels
of Py/GN composites under the applied electric fields on the testing
set

Model

PVBM (eV) PCBM (eV)

R2 MAE RMSE R2 MAE RMSE

XGBoost 0.913 0.185 0.240 0.916 0.102 0.135
RFR 0.866 0.219 0.262 0.780 0.161 0.237
GBR 0.899 0.193 0.265 0.833 0.136 0.191
AdaBoost 0.759 0.316 0.388 0.736 0.242 0.312
Bagging 0.847 0.248 0.294 0.886 0.162 0.206

© 2025 The Author(s). Published by the Royal Society of Chemistry
DFT simulation and those predicted by the XGBoost regression
algorithm. The results show that each point of the PVBM and
PCBM models is distributed near the dashed line, indicating
that the prediction results have better accuracy.

The seven input features of the polymer, which were selected
from the PubChem database, are presented in Table 2. The
addition of the electric eld variable and the polymer descrip-
tors to the feature set has been shown to be effective in pre-
dicting PVBM and PCBM. To enhance the credibility of the
electric eld regulation of polymer PVBM and PCBM models,
the XGBoost algorithm was employed to calculate the feature
importance ranking of each feature. As depicted in Fig. 4, it can
be seen that the electric eld feature holds the highest rank
among the features, indicating that the electric eld has
a signicant impact on the evolution of polymer band
arrangement. Feature ranking analysis veries the validity of
the PVBM and PCBM models, which are regulated by electric
elds.

3.3 Mechanism analysis of electric elds effect on electronic
structures

To better understand the underlying mechanism of the impacts
of electric elds on the electronic characteristics of Py/GN
composites, pyrrole/GN composite was taken as representative
example. The PDOSs of the pyrrole/GN interfaces under varying
electric elds were analyzed and are presented in Fig. 5(a–c).
The results demonstrate that with the increase of the electric
elds, the PVBM of pyrrole obviously shis closer to the Fermi
level. Specically, at +1.0 V Å−1, the PVBM crosses above the
Fermi level, and the Schottky barrier heights (SBH) of the
interface decrease to zero. This Eads to a transition from a p-type
Schottky contact to an ohmic contact. In contrast to the evolu-
tion of the PVBM, the PCBM of pyrrole exhibits a substantial
deviation from the Fermi level. These ndings indicate that the
differential work function of graphene and pyrrole creates
a built-in electric eld near the interface.59 The positions of the
valence and conduction bands at the pyrrole/GN interface are
inuenced by the internal electric eld, resulting in alterations
in their energy levels. The aforementioned transition has
a signicant impact on the energy barrier associated with the
transport of electrons and holes, consequently inuencing the
electrical properties of the composites. The SBH acts as a barrier
to prevent electron tunneling across the interface layer. A
decrease in SBH will result in a reduction in the resistivity of the
Fig. 4 Features importance ranking of the (a) PVBM and (b) PCBM
prediction models for Py/GN composites.

RSC Adv., 2025, 15, 17711–17719 | 17715



Fig. 5 PDOSs for pyrrole/GN composites under electric fields of (a) +0 V Å−1, (b) +0.5 V Å−1, (c) +1.0 V Å−1. The charge difference is plotted under
electric fields of (d) +0.3 V Å−1, (e) +0.5 V Å−1, (f) +1.0 V Å−1. The yellow and cyan regions indicate electron accumulation and depletion,
respectively.

Table 3 Evaluation of the five algorithms for Eb models of Py/GN
composites under the applied electric fields on the testing set

Model

Eb (eV)

R2 MAE RMSE

XGBoost 0.854 0.056 0.103
RFR 0.814 0.078 0.132
GBR 0.816 0.067 0.125
AdaBoost 0.808 0.098 0.120
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Py/GN composites. Therefore, the variation of potential barrier
heights provides valuable insights into the nonlinear conduct-
ing characteristics of dielectric composites. Although the
application of electric elds can be utilized to regulate the
charge transfer and the Schottky barrier between the polymer
and graphene, its impact on the intrinsic bandgap of both layers
is minimal.

The charge density difference at the interface between the
polymer and graphene under various electric elds is illustrated
in Fig. 5(d–f). The charge density difference (rdiff) was dened as
rdiff = rele – rnoele, where rele is the charge density under electric
elds and rnoele is the charge density without electric elds. The
yellow and cyan regions illustrate the presence of electron
accumulation and depletion, respectively, at the isosurface of 3
× 10−4 e Å−3. The yellow color indicates an excess of electron
charge compared to the pristine pyrrole/GN composites. The
results indicate that a notable redistribution of charges takes
place in the vicinity of the van der Waals interface of the Py/GN
composites. With the increase in electric eld strength,
a signicant charge dissipation region appears above the
pyrrole layer, corresponding to the migration of p electrons
from the polymer molecular orbitals to the interface. Mean-
while, the range of the charge accumulation region below the
graphene layer is extended, conrming the directional enrich-
ment of electrons in the graphene layer. This enhances carrier
mobility and reduces interfacial contact resistance. Thus, the
electric eld promotes the transfer of additional negative charge
from the pyrrole layer to the graphene layer. The presence of
a charge depletion layer leads to a change in the Fermi energy
level, which further reduces the SBH at the interface. The
change in Fermi energy level and the reduction of SBH jointly
17716 | RSC Adv., 2025, 15, 17711–17719
affect the electron transport properties, which in turn affects the
electrical properties of GN/pyrrole composites.

3.4 The critical elds Eb prediction model of Py/GN
composites

According to our simulations using DFT, we have found that the
applied electric eld can effectively transform the Schottky
contact to an ohmic contact in Py/GN composites by adjusting
the wide bandgap of the polymer. The critical eld Eb was
proposed as an effective description to evaluate the difficulty of
transition in electrical conductive performance of Py/GN
composites by analysing the charge conduction mechanism
under electric elds. The Eb was calculated based on the
behavior of the PVBM passing through the Fermi levels for Py/
GN composites. The Eb of 186 polymer monomers obtained
from the PubChem database is listed in Table S4.†

Aer successfully predicting the PVBM and PCBM sets, we
found that the bandgap of the polymer is important for the
eld-effect regulation of Py/GN composites. Therefore, we
Bagging 0.759 0.129 0.164

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



Fig. 6 (a) Scatter plots between the machine learning and the DFT
values of Eb of Py/GN composites using the XGBoost algorithm. (b) The
comparisons between machine learning and DFT values of test sets of
Eb prediction model.

Fig. 7 Features importance ranking for the Eb prediction model of Py/
GN composites.

Paper RSC Advances
incorporated the bandgap data of the polymer into the molec-
ular descriptor sets, forming a new feature set for Py/GN
composites as shown in Fig. 1. Subsequently, a prediction
model for critical elds Eb was developed based on this updated
Fig. 8 PDOSs for benzene-1,2-diamine/GN composites under electric
fluoride/GN composites under electric fields of (d) 0 V Å−1 (e) 1.0 V Å−1

© 2025 The Author(s). Published by the Royal Society of Chemistry
feature set. The same parameters of the machine learning
algorithms consisting of XGBooxt, GBR, RFR, AdaBoost, and
Bagging which were mentioned above, were still used. To
enhance the accuracy and effectiveness of the prediction
results, we carried out 100 iterations and determined the mean
value as the nal predictive outcome. The performance evalu-
ation of the ve algorithms for the Eb model is shown in Table 3.
From the results shown above, it could be seen that the XGBoost
algorithm achieved the best performance for the Eb prediction
model (R2: 0.854, MAE: 0.056, RMSE: 0.103) for Py/GN
composites. Fig. 6(a) illustrates the comparisons between the
machine learning predicted and DFT calculated values for the
Eb prediction model. It is evident that the XGBoost machine
learning model ts each point closely distributed near the
diagonal. In Fig. 6(b), the visual representation demonstrates
the strong agreement between the predicted values and the true
values on the test set of the Eb prediction model. These results
indicate that the model exhibits high prediction accuracy for
the critical electric eld of composites.

Our nal and most crucial objective in this study is to prove
that our prediction model is capable of directing researchers
towards interesting discoveries. Once the Eb ML model is
established, it can be reverse-engineered to facilitate the
discovery of new Py/GN composites with favorable performance.
The 33 375 polymer monomers were chosen from the Pubchem
database as potential binders to graphene. The above optimized
Eb model was then used to predict the Eb of 33 375 potential
combinations under the action of an electric eld. From the
predicted results, we chose the top 10 polymer monomers with
low Eb values and the bottom 10 polymer monomers with high
Eb values. These ndings are detailed in Table S5.† From the
predicted results, we selected two different polymer monomers:
benzene and 1,2-diamine (CID 7243) with lower Eb values and
carbonyl chloride uoride (CID 9622) with higher Eb values.
fields of (a) 0 V Å−1 (b) 0.1 V Å−1 (c) 0.5 V Å−1 and carbonyl chloride
(f) 2.0 V Å−1.
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The PDOSs of two composites under different electric elds
are depicted in Fig. 8. The benzene-1,2-diamine/GN composite
showed a transition from Schottky contact to ohmic contact at
0.1 V Å−1, while the carbonyl chloride uoride/GN composite
reached a critical eld value close to 2.0 V Å−1. This validates the
effectiveness of the machine learning prediction model. This
serves as a useful guide for the future utilization of nonlinear
conductivity in polymer/graphene composites, whether in low
or high electric eld environments. In this reverse material
design, the goal is to identify promising materials without the
need to evaluate every single candidate. By doing so, this
method effectively minimizes computational costs and over-
comes the constraints imposed by combinatorial complexity.

The importance ranking of each feature is listed in Fig. 7,
and the analysis demonstrates that the bandgap of the polymer
plays a more signicant role in predicting the Eb of Py/GN
composites. Moreover, to illustrate the signicance of features
and assess the relationship between Eb and features, scatter
plots between 7 input features and Eb are depicted in Fig. S1.†
From Fig. S1,† it is clear that polymer gap features exhibit
a positive correlation and have distinct impacts on Eb. This
aligns with the ndings of feature importance. It was addi-
tionally found that Eb shows a negative correlation with other
features, such as the fact that Eb might decrease with increasing
molecular weight. This study leverages the computational
power of machine learning algorithms to provide additional
insights that can improve our comprehension of the relation-
ship between the characteristics of Py/GN composites and the
critical elds.

4 Conclusions

In summary, the evolution of electrical properties of Py/GN
composites under the applied electric elds was examined to
explore the nonlinear conductive properties of these composites
at the molecular level. The correlation matrix of interfacial
properties (PVBM, PCBM, Eg, Eads, and 3) with the electric eld
was initially constructed by averaging the correlation coeffi-
cients between variables of each Py/GN composite from high-
throughput simulation results. The results demonstrate that
the applied electric eld has a particularly notable effect on the
variations of PVBM and PCBM. Additionally, 3 exhibits a higher
positive correlation with both PVBM and PCBM. The evolution
of PVBM and PCBM under varying electric elds was accurately
predicted using the XGBoost algorithm, which was superior to
other machine learning algorithms, achieving the highest R2 of
0.913 and 0.916 respectively. Meanwhile, the effectiveness of
electric eld modulation was veried by feature importance
ranking. Further analysis was carried out on the PDOS and
charge density difference of the pyrrole/GN interface under
different electric elds to observe that the Fermi level
substantially shis towards the VBM of the polymer with
increasing electric eld. In particular, at a critical eld Eb, the
SBH reduces to 0, achieving a transition from a Schottky contact
to an ohmic contact. The Eb of Py/GN composites can be
successfully predicted with the best R2 of 0.854 through 100
iterations using the XGBoost algorithm. A total of 33 375
17718 | RSC Adv., 2025, 15, 17711–17719
potential combinations were predicted, leading to the identi-
cation of Py/GN composites with the lowest or highest Eb values.
This information can effectively guide the application of Py/GN
composites in various electric eld conditions. This work delves
into the molecular-level exploration of the electric eld-induced
nonlinear electrical properties of Py/GN composites, providing
a fresh perspective for future research in this area.
Data availability

The data supporting this article have been included as part of
the ESI.† The polymer structures in this research article can be
obtained from PubChem database at https://
pubchem.ncbi.nlm.nih.gov/.
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