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Polymer nanocomposites reinforced with multi-walled carbon
nanotubes (MWCNTs) offer promising mechanical performance;
however, predicting their tensile modulus remains challenging due to
the complex interplay of multiple factors such as filler content,
functionalization, and interphase quality. In this study, a dataset of 229
samples was compiled from literatures, augmented via cubic spline
interpolation to 4,933 training points, and analyzed using six machine
learning models, including SVR, Random Forest, Gradient Boosting
Regressor, XGBoost, KNN, and Artificial Neural Networks (ANNs). The
inclusion of the interphase modulus (E;), calculated via an extended Ji
model, was proved critical for improving prediction accuracy. Among
all models, Gradient Boosting Regressor and XGBoost achieved the best
predictive performance (Test R?> = 0.9868 and 0.9837, respectively),
while ANN demonstrated competitive accuracy (Test R = 0.9703) but
higher sensitivity under cross-validation (Mean CV R? = (.7486).
Feature importance analysis using SHAP further confirmed the
significant contribution of E; to prediction outcomes. Overall, this work
demonstrates that incorporating physically-informed features like
interphase modulus, combined with robust machine learning pipelines,
can substantially enhance the predictive modeling of nanocomposite
mechanical properties, providing a valuable tool for material design
and optimization.
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1. Introduction

Polymers are widely used in industrial and
domestic applications due to their low weight,
ease of processing, resistance to harsh
environments, and cost-effectiveness [1-4].
Their versatility has made them a staple in
many engineering systems [5-8]. However,
their relatively poor mechanical properties,
especially when compared to traditional
materials such as metals and ceramics, remain
a major limitation [9-12]. One effective way to
address this issue is reinforcing the polymer
matrix with a secondary phase, particularly at
the nanoscale [13-15]. Nanoparticles, because
of their high surface-to-volume ratio, interact
more efficiently with the polymer matrix than
conventional fillers [16-19]. This interaction
often leads to the formation of an interphase
region, which plays a crucial role in
transferring stress and improving the
composite’s mechanical response [20-23]. In
many cases, this allows nanocomposites to
achieve comparable or even
properties using much smaller amounts of

superior

fillers [24-26]. Among available nanofillers,
multi-walled carbon nanotubes (MWCNTS)
have gained significant interest. Their
exceptionally high aspect ratio, low density,
and outstanding stiffness (with Young’s
modulus near 1000 GPa) allow for enhanced
performance in a wide range of properties,
including thermal, electrical, and especially
mechanical ~ behavior  [27-30].  These
advantages make MWCNT-based
nanocomposites a key focus in the
development of next-generation functional
materials [31-33]. Various approaches have
been proposed for predicting the mechanical
properties of polymer nanocomposites,
including experimental techniques, analytical
models, and finite element simulations.
Several  experimental, analytical, and
numerical studies have sought to predict the
mechanical behavior of polymer

nanocomposites[18, 34-36]. For instance,
Mortazavian and Fatemi [37] conducted
experiments on short fiber-reinforced
polymers and reported that tensile strength and
elastic modulus are strongly influenced by
fiber orientation and material anisotropy. They
showed that classical analytical models, such
as Tsai—Hill and Halpin—Tsai, can provide
reasonable predictions when anisotropic
effects are properly accounted for. Similarly,
Ghasemi et al. [38] developed an analytical
model based on the Takayanagi approach to
estimate the tensile modulus of nanocellulose-
reinforced composites. Their model explicitly
incorporated interphase modulus and filler size
as key parameters and demonstrated excellent
agreement with experimental measurements,
underscoring the critical role of interphase
properties in determining overall stiffness. In
another example, Bhuiyan et al. [39] employed
the finite element analysis (FEA) to predict the
tensile =~ modulus  of  CNT-reinforced
polypropylene  (PP)  composites  and
systematically investigated the influence of
experimentally observed features such as CNT
agglomeration,  imperfect = CNT-polymer
interfacial contact, and filler alignment. Their
study demonstrated that ignoring these factors
led to a substantial overestimation of
composite stiffness. When incorporated into
the FEA models, these factors brought
predictions into close agreement with
experimental data. Their findings highlighted
that CNT agglomeration and poor interfacial
contact reduced the efficiency of
reinforcement  significantly, while CNT
alignment also contributes to variations in the
mechanical performance.

While useful, these methods often struggle to
account for the complex interactions among
multiple factors such as the filler content,
aspect ratio, interphase quality, and
functionalization. They may also require
significant amounts of time and resources to
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implement [40-42]. In contrast, machine
learning (ML) and artificial neural networks
(ANNs) offer a promising data-driven
alternative. These models are capable of
capturing nonlinear relationships between
features, making them particularly useful for
predicting the composite behavior based on a
range of input parameters. They also help
reduce the need for extensive physical testing,
and save both time and cost in material
development [43, 44]. In recent years, machine
learning (ML) and artificial neural networks
(ANNs) have been employed in a growing
number of studies to predict the physical and
mechanical properties of  polymer
nanocomposites. These models have been used
to estimate tensile strength, Young’s modulus,
thermal conductivity,
properties based on a variety of material
descriptors [45, 46]. Their ability to handle
nonlinear dependencies and complex feature
interactions has made them valuable tools in
the field of materials informatics. Champa-
Bujaico et al. [47] comprehensively applied

and other critical

machine learning models to predict the
mechanical properties of the multiscale
nanocomposites based on the poly(3-
hydroxybutyrate) (P3HB) reinforced with
multi-walled carbon nanotubes (MWCNTSs),
tungsten disulfide (WS2), and sepiolite. The
results of their studies indicated that the
uniform dispersion of these nanofillers
significantly enhanced stiffness (by up to
132%), while the improvement in tensile
strength was more moderate. Among the
models evaluated, the RNN-Levenberg
algorithm demonstrated the best performance
for predicting Young’s modulus, whereas the
Random Forest model was the most accurate
one for predicting tensile strength. This study
demonstrated that machine learning models
could predict mechanical properties with high
accuracy (R? up to 0.92 for test data), as a
powerful tool for material design optimization.

58

Rajaee et al. [48] employed the XGBoost
algorithm to predict the mechanical properties
behavior of the
polypropylene/EPDM nanocomposites
reinforced with clay and halloysite
nanoparticles. The XGBoost model had
excellent accuracy for predicting tensile
modulus and strength (R? = 0.99 for test data),
while its predictions for more complex
variables such as strain at break and essential
work of fracture (EWF) were less accurate (R?
~ 0.79). Their analysis revealed that the
nanoparticle content was the most influential
parameter, and vulcanization played a critical
role in improving mechanical performance.

and fracture

Despite the success of these models, many
data-driven polymer
nanocomposites still rely primarily on readily
accessible descriptors (e.g., matrix properties,
filler loading/geometry, and processing
conditions) and therefore do not include an
explicit interphase modulus parameter, partly
due to the limited availability of interphase
properties reported in a form suitable for
model training [49-51].

This study presents a hybrid framework for
predicting the tensile modulus of the
thermoplastic =~ polymer  nanocomposites
reinforced with MWCNTs. A central element
of this framework is the interphase modulus, a
physically informed parameter derived using
an extended version of the Ji model. Unlike

studies on

traditional features, this one directly captures
the effect of the interaction zone between the
filler and the matrix. Along with the interphase
modulus, other key features used in the models
include the polymer matrix modulus, weight
fraction of MWCNTSs, their diameter and
length, and a binary variable indicating
functionalization. These features re fed into a
set of machine learning models and ANNS,
which are trained to predict the tensile
modulus accurately. Beyond improving the
prediction accuracy, this approach also
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highlights which parameters have the most
influence, providing materials engineers with a
practical tool for optimizing formulation
design, tailoring mechanical performance, and
accelerating the development
generation nanocomposite materials  for
industrial applications.

of next-

\

CNT Interphase Polymer matrix

Figure 1. Three-dimensional schematic
illustration of a multi-walled carbon nanotube
(MWCNT) embedded in a polymer
nanocomposite system. The diagram highlights
the nanotube core, the surrounding interphase
region (shown in blue), and the outer polymer
matrix (yellow), which together govern the
overall mechanical behavior of the composite.

Table 1.

2. Materials and methods

2.1 Data Description

For this study, a dataset containing 229 data
points was compiled from various peer-
publications on
nanocomposites. Each data point includes key
descriptors such as the Young’s modulus of the

reviewed polymer

thermoplastic polymer matrix (Em), the weight
fraction of multi-walled carbon nanotubes
(MWCNTs), the diameter and length of the
MWCNTs, and a binary variable indicating the
functionalization status (0 for pristine, 1 for
functionalized). Additionally, the interphase
modulus (E;) was included as a physically
informed feature, calculated using an extended
version of the Ji model to capture the effect of
the interphase region between the matrix and
the nanotubes. The representative entries of the
compiled experimental dataset are shown in
Table 1, while the full descriptive statistics of
all features (mean, standard deviation,
minimum, and maximum) are provided in the
Supplementary Information (Table Sla-b).
The complete list of references, from which the
dataset was compiled, is available in the
References section [52, 53].

Representative sample rows from a dataset compiled in literatures on MWCNT-reinforced thermoplastic
nanocomposites, showing the input features (Em, wt%, Ei, D, L, and functionalization) and the target tensile
modulus (E¢). The examples indicate that a given composite system is often reported at multiple wt% levels.

Sample En(GPa)  wt% Ei(GPa) D(nm) L(nm) Functionalized Ec(GPa)
1 0.590
2 0.724
PMMA/MWCNT 0.467 3 5.0822 50 5000 0 0.854
5 0.930
10 0.951
0.1 1.50
1 1.55
PP/MWCNT 1.38 3 5.3017 25 22500 0 168
5 1.87
0.1 1.76
0.5 44511 0 187
PEN/MWCNT 1.68 0.1 20 24000 184
0.5 9.041 ! 1.98
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2.2 Feature Engineering and Preprocessing
To prepare the dataset for machine learning,
the combined dataset was first divided into
training and testing subsets using a stratified
sampling strategy. Specifically, the target
variable (tensile modulus, E¢) was discretized
into six bins to ensure that both subsets
reflected a comparable distribution across the
full range of modulus values. An 80:20 split
was then applied, resulting in 183 training
samples and 46 test samples.

To increase data density along the nanofiller
loading axis and facilitate model learning, the
training set was augmented using intra-group
cubic-spline  interpolation.  Importantly,
interpolation was performed only on the
training set after the train/test split, and the test
set consisted only of the experimentally
reported data that remained intact throughout
model development and preprocessing. For
augmentation, training samples were grouped
according to constant composite descriptors
(Em, D, L, functionalization status, and E;).
Within each group, the relationship between
the content of the nanofiller (wt%) and the
target modulus (E:) was interpolated using
cubic splines when at least three unique wt%
values were available. Intermediate wt%
points were generated with a step size of 0.05
wt%, and the corresponding E. values were
computed accordingly. This procedure
generated synthetic samples strictly within the
original experimental wt% range of each group
(i.e., without extrapolation). Using this
strategy, the training set was expanded to
4,933 samples.

All numerical input features, including Em,
wt%, Ei, D, and L, were standardized using the
StandardScaler function from Scikit-learn to
ensure comparable scaling and proportional
contribution during model training. The binary
functionalization variable (0 or 1) was retained
without standardization. To prevent data
leakage, the scaler was fitted exclusively on
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the training subset (on the augmented training
data when augmentation was used), and the
same fitted scaler was subsequently applied to
transform the held-out test set; the test-set
statistics were not used at any stage of
preprocessing. In addition, for models trained
in log space, the target transformation (loglp)
was applied only during model fitting on the
training targets, and predictions were inverse-
transformed (expml) prior to computing the
reported performance metrics.

Because interpolated points are not
independent experimental observations, the
effect of the spline-based augmentation on
generalization was further examined by
repeating model training without
augmentation under the same  split,
preprocessing, and hyperparameter settings.
The with/without augmentation comparison is
provided in the Supplementary Information
(Table S2).

2.3 Machine
Evaluation

Learning Models and

The predictive models implemented in this
study included the support vector regression
(SVR), random forest regression (RF),
gradient boosting regressor (GBR), extreme
gradient boosting (XGBoost), k-nearest
neighbors (KNN), and artificial neural
networks (ANNSs). These six algorithms were
selected for their ability to model complex
nonlinear relationships and have shown
promising results in previous studies related to
the prediction of material properties.

All model training and validation procedures
were carried out in Python using the Scikit-
learn and Keras libraries. The model
performance was evaluated using three
commonly adopted metrics: the coefficient of
determination (R?), mean absolute error
(MAE), and root mean squared error (RMSE).
These metrics are calculated using Equations

(-0).
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RP=1-— (1)
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RMSE = /%Z(y —5)? 3)

Where:

y; and §; represent the experimental and
predicted values for the i-th sample
respectively; § denotes the mean of the
experimental values, and n is the total number
of data points.

Hyperparameters for all machine learning
models were selected using grid search on the
training subset. Candidate hyperparameter

retained. In particular, for the Random Forest
model, the search space covered the main
parameters of complexity-controlling:
n_estimators € {100, 200, 300}, max_depth €
{None, 10, 20}, min_samples split € {2, 5},
and min_samples leaf € {1, 2}. The complete
hyperparameter search spaces for all six
models are provided in the Supplementary
Information (Table S3), and the final selected
settings are summarized in Table S4.

2.4 Calculation of the Interphase Modulus

Ji et al. developed a theoretical model for
estimating the Young’s modulus of polymer
nanocomposites by  considering  the
mechanical contributions of the nanoparticles
(p), the interphase region (1), and the polymer
matrix (m) [54]. This model has been extended
to accommodate  various types  of

combinations were evaluated using 5-fold nanocomposites and is mathematically
cross-validation, and the configuration with expressed as follows [55]:
the best mean cross-validated score was
-1
_ 4)
E =|(-a)+—2 aﬂ(m_l)+ : ﬁﬁ)( T
(-—a)+ 2 gy FZPNmTD) | g =
oy () ; by
nanofiller and interphase regions. This
£ - E, (5) relationship is expressed as [55, 56]:
" E, E =1+11(0, +0)" )
B=49, (6) Accordingly, the parameter a can be expressed
E. (7) in terms of E; as:
m=—
E

a=0,+0, ®)

A simplified empirical relationship has also
been proposed to estimate the effective
modulus ratio of polymer nanocomposites
based on the combined volume fractions of the

E _1 0.294 (10)
a=|Zr
)
To improve the accuracy and generalizability
of the original Ji model, Zare and Rhee [55]
proposed an extended formulation that
integrates  interphase  properties = more
explicitly. The resulting expression, which is
applicable to a wide range of polymer
nanocomposites, is given in Equation (11):
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0.294
E =[ 1—(E’11_1j +
Er—l 0.294
( 11 J Y

an

+
Er _ 1 0.294 1 Er _ 1 0.294 EI, Ep
1_( 1 ) +2(( 1 j _“Q"){E H}E“Q"

Where En, Ei, and E, denote the Young’s
modulus of the polymer matrix, the interphase
region, and the nanoparticle respectively, and
Qr represents the volume fraction of the
nanofiller.

The interphase modulus E; was calculated
using the formulation suggested by Zare and
Rhee [55], where it is expressed as a function
of the matrix and nanoparticle moduli along
with a dimensionless interphase parameter Y,
as follows:

E=E,-(E,-E,0.5" (12)

As observed in this relationship, the higher
values of Y result in an E; that approaches the
modulus of the nanoparticle (E;), which in this
study corresponds to multi-walled carbon
nanotubes (MWCNTs). Conversely, the lower
values of Y shift E; toward the matrix modulus
(Em). In the limiting case, where Y = 0, the
interphase region effectively vanishes, and E;
becomes equal to En, indicating the absence of
a distinct interphase.

To identify the appropriate value of Y, an
initial guess is substituted into Equation (12) to
compute E;, which is then used in the Ji-based
model (Equation (11)) to predict the effective
modulus ratio E;. The value of Y is updated
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numerically to minimize the squared mismatch
between the predicted and experimental values

of Ey, i.e., (Ej’”d(Y )— ESP )2 , and the iteration

continues until the mismatch becomes
negligibly small (or further updates no longer
improve the objective), subject to the physical
constraint Y remains non-negative (Y > 0). In
practice, the procedure was initialized with a
small Y value in the range [0, 1] (default Yo =
0.5), while still allowing convergence to
values larger than 1 when required by the
experimental data. The complete procedure is
schematically illustrated in Figure 2, which
outlines the loop of iterative calculations from
initial guess to convergence.

It should be noted that the dataset collected
from literatures often reports multiple modulus
measurements for the same composite system
at different nanofiller loadings. Accordingly,
in this study, Y (and thus E;) was estimated
once per composite system using a single
representative  experimental loading level
selected from the wt% points reported for that
system, and the obtained E; was then kept
constant and assigned to the remaining loading
levels of the same system. This strategy
reflects the assumption that interphase
stiffness is primarily governed by the material
pair (polymer/MWCNT and surface state) and
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does not vary strongly across the limited wt%
range reported for a given system.

In this study, the Young’s modulus of
MWCNTs (Ep) was set to 1000 GPa as a
representative value widely reported for well-
graphitized carbon nanotubes. It should be
noted that the elastic modulus of MWCNTs
reported in the literature can vary depending
on the synthesis route, defect density,
diameter, and the measurement technique [57-

59].
Considering a
random Y

Compute predicted E;

using Jimodel (Eq 1)
Compute error

AE,
Update Y and repeate

No (] .
Accept B and Y s
<
Ip Ervor Stolerance ek

Figure 2. Flowchart illustrating the iterative
optimization process used to determine the
interphase modulus (E;). The procedure,
implemented in Python using
scipy.optimize.minimize, updates the
interphase parameter (Y) until the predicted
effective modulus (E:) closely matches the
experimental value.

To ensure that our conclusions are not
dependent on this assumption, we performed a
sensitivity analysis by recalculating the
interphase modulus feature using E;, values of
500, 800, 1000, 1200, and 1500 GPa and re-
evaluating the predictive performance of the

best-performing models (SVR, GBR, and
XGBoost) under the same data split and
preprocessing pipeline. The test-set metrics
showed only minor variations across this E;
range, indicating that the model conclusions
are robust to the assumed E, value. The
detailed results are provided in the
Supplementary Information (Table S5).[59]

3. Results and Discussion

3.1 Introductory Overview of Results

To evaluate the effectiveness of different
machine learning algorithms in predicting the
tensile polymer
nanocomposites reinforced with MWCNTs, a
comprehensive series of six models was
trained and tested. These included traditional
regressors such as the Support Vector
Regression (SVR), ensemble-based
approaches like Random Forest (RF), Gradient
Boosting Regressor (GBR), and XGBoost
(XGB), as well as more complex learners such
as Artificial Neural Networks (ANN) and
instance-based methods like K-Nearest
Neighbors (KNN). The goal was to compare
these models not only through -classical
evaluation metrics such as R?, MAE, and

modulus of the

RMSE, but also in terms of their generalization
ability, cross-validation stability, and overall
interpretability. The model performance was
assessed using a consistently prepared dataset
that incorporated careful preprocessing steps,
including the log-transformation of the target
variable and data augmentation via cubic
spline interpolation. By systematically tuning
hyperparameters and applying cross-validation
strategies, the study aimed to identify the most
reliable and accurate predictive model. The
following sections provide a detailed
breakdown of model performances, error
trends, and key insights into how the model
structure influences the predictive behavior.
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3.2 Overall
Performances

Comparison of Model
A broad performance overview revealed that
most machine learning models demonstrated
satisfactory accuracy in predicting the tensile
modulus, with several models achieving test-
set R? scores above 0.95. Among these,
ensemble-based models, particularly GBR and
XGB, consistently yielded the best results,
striking an effective balance between accuracy
and generalization. These methods achieved
low MAE and RMSE values while avoiding
overfitting, a testament to their robustness
across varying data splits. Artificial Neural
Networks (ANNs), while inherently more
complex, performed comparably well when
carefully tuned. The sensitivity of ANNs to
hyperparameters was evident, yet when
properly configured, their predictive strength
rivaled the best ensemble models. Meanwhile,
simpler models such as KNN, despite their
reduced flexibility, still managed to produce
solid results, largely due to the informative
nature of the engineered feature set and the
preprocessing  pipeline. These findings
underscore that, although advanced models
offer higher accuracy and adaptability, simpler
approaches can still be competitive in well-
structured settings. The implication is that the
thoughtful data preparation can significantly
enhance the performance of even the most
basic algorithms.
3.3 Performance Across
Models

The numerical results of all six models are
summarized in Table 2. The Gradient Boosting
Regressor (GBR) emerged as the top-
performing model, achieving a test R*? of
0.9868 with a remarkably low MAE of 0.0765

Comparison

64

and RMSE of 0.1381. This demonstrates that
GBR has effectively captured the nonlinear
structure of the data and generalized well
across unseen samples. XGBoost and SVR
also delivered strong performances, with test
R? values above 0.98, highlighting the strength
of boosting algorithms and kernel-based
methods in modeling complex relationships.
Artificial Neural Networks (ANNs) achieved
competitive results (test R? = 0.9703),
reflecting their ability to capture nonlinear
dependencies and interactions between
features. However, their
hyperparameter settings was evident, and their
performance remained more dependent on

sensitivity  to

how these settings were tuned, particularly as
network architectures became deeper or more
complex.

Random Forest (RF) displayed a near-perfect
fit on the training data (R?* = 0.9999) but
exhibited a noticeable reduction in the test
performance (R? = 0.9527), suggesting mild
overfitting. Although this drop is not critical, it
underscores the importance of the careful
model validation when applying RF to
heterogeneous datasets. The K-Nearest
Neighbors ~ (KNN)  algorithm,  while
conceptually simple, performed better than
expected, achieving a test R* of 0.9795 and
demonstrating solid effectiveness on datasets
with localized patterns.

Taken together, these results illustrate a clear
trade-off between the model complexity and
performance stability. Ensemble methods and
ANNS offered superior predictive accuracy but
required more careful tuning and training
resources, whereas simpler algorithms such as
KNN remained surprisingly competitive, due
to the strength of the engineered features and
preprocessing pipeline.
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Table 2.

Evaluation results (R?, MAE, RMSE) of the machine learning models on the train and test datasets.
Overall, GBR achieves the highest test-set accuracy (R* = 0.9868; RMSE = 0.1381 GPa) with a small
train—test gap, whereas RF shows the largest generalization gap (R* 0.9999 train vs. 0.9527 test),

consistent with higher variance/overfitting tendencies.

R? MAE RMSE

Model Train Test Train Test Train Test

SVR 0.9911 0.9826 0.0881 0.1112 0.1486 0.1584
GBR 0.9992 0.9868 0.0267 0.0765 0.0439 0.1381
RF 0.9999 0.9527 0.0016 0.1292 0.0150 0.2612
XGBoost 0.9992 0.9837 0.0270 0.0889 0.0436 0.1534
KNN 0.9996 0.9795 0.0015 0.1061 0.0307 0.1719
ANN 0.9667 0.9703 0.1364 0.1131 0.2872 0.2067

3.3.1. Comparison with an analytical
baseline (Halpin—Tsai model)

In addition to the model-to-model comparison
in Table 2, an analytical micromechanics
baseline was introduced to provide a reference
point against the classical composite theory.
Specifically, the Halpin—Tsai formulation was
used to estimate the tensile modulus of the
MWCNT-reinforced nanocomposites from the
matrix modulus and filler content. For each
experimental sample, the nanotube volume
fraction V¢ was computed from the reported
weight fraction and densities, ensuring
consistency across material systems. The
Halpin—Tsai modulus was then calculated as:

Ey =E, l;_i”g (13)
B

Z =[§;’? (14)
E,

§=2= (15)

where En is the matrix modulus, Ef is the
nanotube modulus, and & is the geometry
parameter. In this baseline, § was set using the
nanotube aspect ratio to reflect the high-
aspect-ratio nature of MWCNTs.

It should be noted that Halpin—Tsai does not
explicitly capture the key nanoscale effects
such as the interphase  mechanics,
dispersion/agglomeration, imperfect load
transfer, and processing-induced variability;
therefore, it 1s used here strictly as a simplified
baseline rather than a calibrated predictive
model. The baseline predictions were
evaluated on the same experimental train/test
split used throughout the manuscript (i.e.,
without using spline-generated augmented
samples for evaluation). The resulting
performance metrics are summarized in Table
3, and a brief comparison confirms that the
best-performing ML models substantially
outperform the analytical baseline on the
independent test set, highlighting the benefit of
data-driven learning combined with physically
meaningful descriptors.
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Table 3.

Test-set performance comparison between the Halpin—Tsai analytical baseline and the top ML models
(evaluated on the experimental-only test set). The analytical baseline exhibits substantially lower
agreement with experiments (R? = 0.432; RMSE = 0.739 GPa), while ML models markedly improve the
predictive accuracy, highlighting the benefit of data-driven learning for the heterogeneous literature

dataset.
Model R? (Test) MAE (Test) [GPa] RMSE (Test) [GPa]
Halpin—Tsai (baseline) 0.432  0.341 0.739
GBR 0.9868 0.0765 0.1381
XGBoost 0.9837 0.0889 0.1534
SVR 0.9826 0.1112 0.1584

The Halpin—Tsai analytical baseline exhibits
limited agreement with the experimental data,
yielding R* = 0.432, MAE = 0.341 GPa, and
RMSE = 0.739 GPa on the experimental-only
evaluation set. This outcome is expected
because Halpin—Tsai is a simplified
micromechanics formulation that does not
explicitly capture nanoscale effects governing
CNT nanocomposites, including interphase
mechanics,
imperfect load transfer, and processing-

dispersion/agglomeration,

induced variability. In contrast, the top
performing machine learning models provide
substantially improved predictive performance
on the same independent test set (e.g., R* =
098 with RMSE = 0.14-0.16 GPa),
highlighting the added value of the data-driven
framework and the inclusion of physically
informed descriptors such as the interphase
modulus.

3.4 Scatter Plot Analysis

To further understand the predictive behavior
of each model, scatter plots of predicted versus
actual tensile modulus values were examined
for both the training and test sets. These plots
provide visual insight into the accuracy,
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generalization capability, and any systematic
biases or variance present in the predictions.
Ideally, a well-performing model should
produce data points closely aligned along the
identity line (y = x), indicating consistent
accuracy across the entire range of values.
Among the evaluated models, the Support
Vector Regression (SVR) exhibited a balanced
and robust performance. On the training set, it
achieved an R? 0£0.9911 and RMSE 0f 0.1486
GPa, while maintaining a high R* of 0.9826
with a low RMSE of 0.1584 GPa on the test
set. These results suggest that SVR effectively
captured the underlying data patterns without
overfitting. The scatter plots further confirm
this behavior, showing a tight clustering of
predicted values around the ideal diagonal line
for both training and test datasets, reflecting
excellent generalization. Notably, the SVR’s
ability to deliver this level of performance,
despite a limited number of input features,
highlights its strength in modeling nonlinear
relationships when properly tuned. In addition,
the small difference between training and test
errors indicates high stability and reliable
predictive capacity across the dataset.



Mohammadi and Sharifzadeh / Iranian Journal of Chemical Engineering, Vol. 22, No. 4, 56-82, (2025)

1
L

E=a)
L

wn
L

.
L

(%]
L

Train Test
/”
7 b ,I”
’I
6 4
-
.

£ 3 e
&) e
= e
4 -,
- Wl
2 o ¥
g -
2] o 4
= o, @

Predicted £, (GPa)

2
L

—_
'

2

—_

12 3 4 s 6 T
Experimental £, (GPa)

o2 3 4 s
Experimental £ (GPa)

Figure 3. Scatter plot of predicted versus experimental tensile modulus values using the Support
Vector Regression (SVR) model

Among all the models tested, the Gradient
Boosting Regressor (GBR) achieved the
highest predictive accuracy on the test set, with
an R? of 0.9868 and an RMSE of 0.1381 GPa,
indicating excellent agreement between
predicted and true values. On the training set,
the model yielded near-perfect metrics (R* =
0.9992, RMSE = 0.0439 GPa), demonstrating
its strong capacity to learn the data structure.
Importantly, the relatively small gap between
training and test results suggests that

Train

overfitting was effectively minimized, aided

by

careful hyperparameter

tuning

and
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regularization. The corresponding scatter plots
display a dense clustering of predictions along
the ideal y = x line for both subsets, illustrating
GBR’s consistency and generalization.
Overall, these results highlight GBR’s ability
to capture complex feature interactions and
non-linear patterns, making it a particularly
effective approach for predicting material
properties from structured datasets.
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Figure 4. Scatter plot of predicted versus experimental tensile modulus values using the Gradient
Boosting Regressor (GBR) model
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The Random Forest (RF) achieved near-
perfect training performance (R? train = 1.00)
while yielding a lower, though still high, test
performance (R? test = 0.9527), indicating a
degree of overfitting. Such a train—test
generalization gap is consistent with the high-
variance behavior of tree ensembles,
particularly when trees are allowed to grow
relatively deep and leaf nodes can contain very
few samples, which increases model flexibility
and can capture
heterogeneous

study-specific noise in
literature-derived ~ datasets.
Moreover, the partial redundancy among

Train

tabular descriptors

and

the

redundancy

introduced by

spline-based augmentation

Predicted £, ((GPa)
(=] (%) =N i [=2% -~
Y
hY
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along the wt% axis can further facilitate the
memorization of training patterns by flexible
ensembles. Importantly, RF hyperparameters
were selected using the 5-fold cross-validated
grid search; however, a residual generalization
gap persisted, which is expected for variance-
dominated  learners  on
experimental datasets. Therefore, RF results
are reported as high-performing but interpreted

multi-source

with appropriate caution alongside more stable
learners such as SVR.
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Figure 5. Scatter plot of predicted versus experimental tensile modulus values using the Random Forest
(RF) model

XGBoost Gradient Boosting)
demonstrated one of the most accurate and
consistent performances among all models
evaluated. On the training set, it achieved an
excellent R? of 0.9992 with a very low RMSE
of 0.0433 GPa, indicating that it learned the
underlying data patterns nearly perfectly.
Importantly, its performance on the test set
remained highly competitive, with an R* of
0.9832 and RMSE of 0.1556 GPa. The narrow
performance gap between training and test
results suggests that XGBoost was able to
generalize effectively without overfitting. The
corresponding scatter plots show a tight

(Extreme
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clustering of predictions along the ideal
diagonal for both training and test sets, further
reinforcing the model’s robustness. This
behavior underscores XGBoost’s capability to
capture complex, nonlinear interactions with a
relatively modest number of input features and
minimal preprocessing. Moreover, the model
exhibited strong stability across different runs
and hyperparameter configurations, making it
a particularly reliable choice for predictive
tasks in materials Overall,
XGBoost stands out for its combination of
high  predictive excellent
generalization, and computational efficiency,

informatics.

accuracy,
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highlighting its potential as a robust tool for
materials design and property prediction.
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Figure 6. Scatter plot of predicted versus experimental tensile modulus values using the XGBoost
model.

Despite its conceptual simplicity, the K-
Nearest Neighbors (KNN) algorithm delivered
unexpectedly competitive results in this study.
Using an optimal configuration of three
neighbors, the model achieved a test R of
0.9795 and an RMSE of 0.1719 GPa, placing
its performance close to that of more
sophisticated algorithms such as SVR and
XGBoost. On the training set, KNN reported a
near-perfect R> of 0.9996; while this
exceptionally high value reflects the model’s
ability to replicate known data, it should be
interpreted with caution due to KNN’s
inherent sensitivity to the training samples.
The scatter plots for both training and test sets
revealed a dense clustering of points around

the ideal y = x line, particularly in the mid-
range of the target variable. However, slightly
greater dispersion was observed at the
extremes, which is a typical limitation of
instance-based approaches like KNN. Overall,
the model’s strong performance can be
attributed more to the quality of the input
features and preprocessing pipeline than to the
intrinsic learning capabilities of KNN itself.
These findings illustrate that, for regression
tasks involving well-structured and relatively
noise-free  datasets, even simple
parametric, memory-based methods such as
KNN can achieve robust and reliable
predictive accuracy.

non-
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Figure 7. Scatter plot of predicted versus experimental tensile modulus values using the k-Nearest
Neighbors (KNN) model

Among all artificial neural network (ANN)
configurations evaluated in this study, the best-
performing architecture consisted of two
hidden layers with 16 units each, ReLU
activation functions, batch normalization, a
dropout rate of 0.1, and the Adam optimizer
with a learning rate of 0.001. Using a batch
size of 16, this model achieved an R? of 0.9668
on the training set and 0.9703 on the test set,
with corresponding MAE values of 0.1364
GPa and 0.1132 GPa and RMSE values of
0.2872 GPa and 0.2067 GPa respectively.

Although the overall trend of predictions
follows the ideal diagonal line, the training
scatter plot exhibits noticeable dispersion,
particularly in the mid to high modulus range,
reflecting the sensitivity of ANNSs to localized
variations in the non-uniformly interpolated
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training data. In contrast, the test scatter plot,
which contains only real experimental
samples, appears more compact, indicating
that the model generalizes reasonably well
despite the variability observed in training.
Additional ANN architectures were evaluated,
and their detailed performance metrics are
summarized in the Supplementary Information
(Table S6). Several of these configurations
demonstrated comparable accuracy; however,
their prediction errors were less uniform across
the modulus range, particularly in regions with
limited  experimental These
comparisons confirm that the selected two-
layer, 16-unit architecture offers the most
reliable balance between accuracy, robustness,
and model complexity.

coverage.
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Figure 8. Scatter plot of predicted versus experimental tensile modulus values using the Artificial
Neural Network (ANN) model.

3.5 Cross-validation and Generalization

To further assess the generalization
capabilities of the developed models, a 5-fold
cross-validation  (CV)  procedure
performed exclusively on the augmented
training dataset, ensuring that the test set
remained intact for unbiased evaluation. Three
models, SVR, XGBoost, and the best-
performing ANN architecture, were selected
for this evaluation based on their earlier
results.

Specifically, a single (non-repeated) 5-fold
KFold scheme (n_splits = 5), with shuffling
enabled and a fixed random seed
(random_state = 42), was adopted to ensure
reproducibility. In each fold, the model was
trained on four folds and evaluated on the held-
out fold, and the reported CV metrics represent
the mean performance across the five folds.
The fold-level stratification was not applied in

was

the CV procedure; however, the initial 80:20
train—test split was stratified by discretizing
the target variable (E.) into six quantile-based
bins to preserve a comparable modulus
distribution across the training and test subsets.
For models trained in log space, predictions
were back-transformed prior to computing the
reported CV metrics.

The SVR model demonstrated exceptional
consistency and stability across folds,
achieving a mean R? of 0.9904, MAE of
0.0895, and RMSE of 0.1538, indicating
robust generalization and minimal variance.
XGBoost further reinforced its strong
performance with a mean R? of 0.9988, MAE
0f0.0300, and RMSE 0f 0.0529, confirming its
capability to capture non-linear patterns with
outstanding accuracy and stability.

In contrast, the ANN model showed noticeably
lower performance, with a mean R? of 0.7486,
MAE of 0.4136, and RMSE of 0.7815, during
cross-validation. This drop compared to that of
its single train—test split performance (R* =
0.970) indicates higher sensitivity to data
partitioning. Plausible explanations include
variability the fold-wise  sample
composition for a heterogeneous literature-
derived dataset, the stochastic nature of neural-
network training (e.g., sensitivity to
initialization and convergence to different

in

local minima across folds), and an architecture
that performs strongly on a single split but is
less robust under fold-to-fold distribution
shifts.

Overall, the cross-validation analysis indicates
that SVR and XGBoost provide consistently
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strong and stable generalization under fold-
based evaluation, whereas ANN may require
additional regularization, architecture
refinement, or larger datasets to achieve
comparable robustness. Detailed fold-by-fold
CV results for these models are provided in the
Supplementary Information (Table S7).

To further complement the fold-based CV
analysis and directly assess the potential
overfitting behavior as a function of data
availability, learning-curve diagnostics were
additionally generated for representative
models. Specifically, the Random Forest (as a
high-capacity model prone to variance) and
SVR (as a stable top-performing baseline)
were evaluated by plotting the training RMSE
and 5-fold CV RMSE against progressively
increasing training set sizes, using both the
non-augmented experimental training subset
and the augmented training subset. These
curves, reported in the Supplementary
Information (Figs. S3-S4), show that the
cross-validated error decreases and gradually
approaches a plateau as more data become
available, indicating that the models improve
primarily through increased data coverage
rather than memorization. Moreover, SVR
exhibits a consistently small train-CV gap,
whereas the Random Forest retains a modest
gap that is consistent with mild variance-
driven overfitting under heterogeneous
literature-derived  data.  Importantly, all
preprocessing steps (including feature scaling)
were performed in a leakage-safe manner
within each CV split using pipeline-based
fitting, ensuring that the reported learning
curves reflect unbiased generalization trends.

3.6 Discussion on Interphase Modulus
Feature

In polymer nanocomposites reinforced with
MWCNTs, the interphase region plays a
critical role in facilitating stress transfer
between the

polymer matrix and the
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nanofillers. Consequently, the inclusion of the
interphase modulus (E;) as an input feature was
expected to substantially enhance the
predictive capability of the models. To
rigorously assess its importance, both drop-
column analysis and additional architecture
exploration were performed. In the drop-
column analysis, three core models, SVR,
XGBoost, and the best-performing ANN, were
retrained after removing E; from the feature
set. In all cases, the model performance
deteriorated noticeably. For SVR, the test R?
dropped from 0.9826 to 0.9079, and RMSE
increased from 0.1584 to 0.3644 GPa.
Similarly, XGBoost saw a reduction in test R?
from 09837 to 0.9804, and the ANN
performance declined even more severely,
with the test R? decreasing from 0.9703 to
0.8061. This consistent drop confirms that E;
carries essential information directly related to
the mechanical behavior of the composites.
Additionally, a new exhaustive grid search was
conducted to find the best ANN architectures
in the absence of E;. Despite this effort, none
of the resulting models could match the
performance levels achieved when E; was
included. The top-performing ANN without E;
attained a test R? of 0.9165, still significantly
below the best ANN result with E; present (R*
=0.9714).

These findings underscore that while advanced
machine learning architectures can partially
compensate for missing information, they
cannot fully recover the predictive power that
a physically meaningful feature like E;
provides. The presence of E; directly captures
the effects of the interaction zone between the
filler and the matrix, which is otherwise
difficult for data-driven algorithms to infer
from secondary descriptors alone. In summary,
this analysis demonstrates the critical
importance of including physically-informed
features such as the interphase modulus when
predicting the mechanical properties of
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polymer nanocomposites. Not only does E;
improve the overall model accuracy, but it also
enables simpler and more stable architectures

Table 4.

to generalize effectively, thereby reducing the
risk of overfitting or high-variance behavior in
the modeling process.

Performance of SVR, XGBoost, and ANN after removing the interphase modulus (E;) feature. Removing
Ei leads to a pronounced degradation for SVR (test R? drops to 0.9079) and ANN (test R* drops to
0.8061), confirming the strong predictive contribution of E;, while XGBoost remains comparatively

robust (test R? = 0.9804).

R? MAE RMSE

Model Train Test Train Test Train Test

XGBoost  0.9990 0.9804 0.0312 0.1027 0.0505 0.1682

SVR 0.9790 0.9079 0.1273 0.2030 0.2281 0.3644

ANN 0.8296 0.8061 0.3293 0.3058 0.6505 0.5286
In addition, model interpretability was tend to contribute positively overall, although
investigated using a SHAP summary the presence of both positive and negative
(beeswarm) plot computed for the trained SHAP values suggests non-linear effects and
XGBoost model (Figure 9). In this interactions with other descriptors. Because
representation, features are ordered by their the XGBoost model was trained on a log-
mean absolute SHAP values (global transformed target, SHAP values quantify

importance), while the sign of SHAP values
indicates whether a feature increases or
decreases the model output relative to the
baseline. As shown in Figure 9, Ei, exhibits the
broadest SHAP distribution, indicating the
strongest overall contribution to the model
predictions, followed by wt% and E;, whereas
L, Func, and D display comparatively smaller
contributions clustered near
Directionality can be inferred from the color—
position pattern: the higher values of En (red
points) predominantly correspond to positive
SHAP values, indicating that stiffer matrices
tend to increase the predicted tensile modulus.

ZC10.

A similar trend is observed for E;, where higher
interphase modulus values generally shift
predictions upward. For wt%, higher loadings

contributions in the model output space;

nevertheless, the relative ranking and
directional trends remain informative for the
physical interpretation.

Together, the drop-column and SHAP
analyses reinforce the critical role of the
interphase modulus in predicting the tensile
behavior of polymer nanocomposites.
Excluding this feature not only reduces model
accuracy but also undermines the physical
interpretation of the system. Therefore,
modeling approaches the
incorporate E;j, derived from physically
motivated analytical formulations, tend to
exhibit higher reliability and stronger

generalization performance.

explicitly
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Figure 9. SHAP summary plot for the XGBoost model. Features are ranked by the mean absolute

SHAP value (global importance). Points represent samples and are colored by the feature value
(blue: low, red: high). The x-axis shows signed SHAP values (impact on the model output): positive
values increase the prediction relative to the baseline, while negative values decrease it.

3.7 Best Model Architecture

Among all machine learning models evaluated
in this study, the Artificial Neural Network
(ANN) demonstrated strong capability in
modeling the non-linear relationships between
input features and the target tensile modulus.
Although tree-based ensemble methods such
as XGBoost and Gradient Boosting achieved
slightly superior overall accuracy, the ANN
remained competitive and offered valuable
flexibility in the architectural customization.
Following an extensive grid search across
hyperparameters, the best-performing ANN
architecture consisted of two hidden layers,
each containing 16 neurons, employing ReLU
activation functions. To promote training
stability and prevent overfitting, Batch
Normalization and a Dropout rate of 0.1 were
applied after each hidden layer. The network
was optimized using the Adam optimizer with
a learning rate of 0.001 and trained with a
batch size of 16. This configuration yielded a
training R? of 0.9668 and a test R? of 0.9703,
with a test MAE of 0.1132 GPa and RMSE of
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0.2068 GPa, indicating a robust fit and strong
generalization performance. The narrow gap
between training and test metrics confirms that
the model successfully avoided overfitting
while maintaining high predictive accuracy.

The use of ReLU activations ensured efficient
gradient propagation without introducing
unnecessary  complexity, while Batch
Normalization accelerated convergence, and
provided regularization.  The
relatively shallow network depth also
contributed to reduced computational costs
and faster training, making this architecture

Dropout

practical for use in material design workflows.
Overall, this ANN architecture achieved an
effective  balance between complexity,
stability, and predictive  performance,
establishing it as a reliable model for
predicting tensile modulus in polymer

nanocomposites.

3.8 Error Analysis and Limitations
Despite the generally high accuracy achieved
across all models, the residual analysis and
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scatter plots revealed specific regions where
the prediction performance declined. Simpler
algorithms such as KNN performed
remarkably well overall (Test R? = 0.9795),
with the dense clustering of predictions along
the ideal line. However, minor deviations were
observed for several samples at higher
modulus values, consistent with KNN'’s
sensitivity to the local data density and its
reliance on neighboring
prediction. Advanced models also exhibited
characteristic  behaviors: ANN, despite
achieving strong performance on the test set
(R* = 0.97), showed noticeable variability
under 5-fold cross-validation (mean R? =

instances for

0.74), indicating sensitivity to data partitioning
and architectural configuration. In contrast,
SVR maintained stable performance across
folds, reflecting its robustness and lower
sensitivity to dataset heterogeneity.

To further diagnose whether the observed
deviations at higher modulus values reflect the
systematic model bias,
predicted plots were examined for the two
strongest ensemble models (GBR and
XGBoost). The residual patterns remain
broadly centered around zero with no clear
monotonic trend, suggesting the absence of a
pronounced global bias. However, a modest
increase in residual dispersion is observed at
larger predicted E. values, indicating mild
heteroscedasticity. This behavior is consistent

residual-versus-

with the lower data density and higher
heterogeneity of high-modulus samples within
a literature-compiled dataset. Residual
diagnostics were generated using only
experimental (non-augmented) samples for
both the training subset and the independent
test set, and the corresponding plots are
provided in the Supplementary Information
(Figure S2).

A major source of prediction error stems from
the intrinsic variability of the experimental
data collected from multiple literature sources,

where differences in material systems,
processing routes, dispersion quality, polymer
grade, specimen preparation, and

measurement protocols introduce unavoidable
inter-study heterogeneity. This variability acts
as an additional noise source and may limit
strict transferability to a single laboratory or a
fixed manufacturing route, even when overall
predictive trends are captured accurately.
Therefore, the reported test performance
should be interpreted primarily as
generalization across the pooled literature
domain rather than a guaranteed accuracy for
any specific processing condition without
additional calibration. Although stratified
train—test splitting and feature standardization
were applied to reduce distribution imbalance
and scaling effects, perfect consistency cannot
be expected in such a heterogeneous
compilation. Furthermore, correlations among
certain descriptors (e.g., nanotube diameter
and length) may introduce partial redundancy,
which can contribute to mild overfitting in
some models, such as Random Forest, where
near-perfect training accuracy does not fully
translate to the test set.

Another limitation is that the framework relies
on engineered tabular descriptors, which,
although physically meaningful, cannot fully
capture microstructural factors such as
dispersion state, agglomeration, interfacial
adhesion quality, and processing-induced
morphology factors that strongly influence
mechanical behavior but difficult to quantify
consistently from published reports. Future

work  could strengthen the  model
transferability by incorporating  richer
metadata  (e.g., processing conditions,

characterization indicators of dispersion, and
test protocol details) when available, or by
developing domain-specific models that are
tailored to particular polymer families or
processing routes. An additional limitation
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relates to the interpolation-based data
augmentation strategy. The cubic-spline
augmentation increases data density along the
wt% axis, but the generated samples are not
independent experimental observations and, if
misused, could lead to optimistic performance
estimates. In this work, this risk was reduced
by applying interpolation only to the training
set after the train/test split, while the test set
contained only experimentally reported data.
Moreover, the effect of augmentation on
generalization was explicitly examined by re-
training the best-performing models without
augmentation using the same  split,
preprocessing, and hyperparameters; the
comparison (with vs. without augmentation) is
reported in the Supplementary Information
(Table S2). Overall, the ablation results
support that the adopted augmentation strategy
does not artificially inflate performance and
can improve predictive generalization for the
selected models.

3.9 Summary of Findings

The comparative analysis of six machine
learning models revealed distinct performance
patterns in predicting the tensile modulus of
MWCNT-reinforced polymer
nanocomposites. Ensemble-based models,
particularly XGBoost and Gradient Boosting
Regressor, consistently achieved the highest
predictive  accuracy, combining strong
generalization with robustness to data
variability. SVR also performed
competitively, benefiting from its kernel-based
capacity to model non-linear relationships.
Among these, ANN demonstrated acceptable
accuracy on the test set but exhibited greater
sensitivity during cross-validation, reflecting
its dependence on training configuration and
data distribution. Importantly, the inclusion of
the interphase modulus (E;) significantly
enhanced the model performance across all
algorithms. The drop-column analysis
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confirmed that excluding E; led to performance
degradation, especially for ANN and SVR,
while XGBoost showed a smaller drop,
highlighting its resilience. The SHAP analysis
further validated E; as one of the top influential
features, showing that higher E; values
strongly contributed to increased tensile
modulus predictions, consistent with the
physical  understanding of interphase
reinforcement.The scatter plot analysis
supported these findings by illustrating tight
clustering around the ideal prediction line for
high-performing models, particularly tree-
based ensembles. Overall, this phase of the
study established a robust and reproducible
modeling framework, demonstrated the critical
role of feature engineering, particularly the
interphase modulus, and identified XGBoost
and SVR as powerful and reliable tools for
predictive modeling in  nanocomposite
material design.

4. Conclusions

In this study, a comprehensive framework was
developed for predicting the tensile modulus
of thermoplastic polymer nanocomposites
reinforced with multi-walled carbon nanotubes
(MWCNTs) using machine learning (ML)
algorithms and artificial neural networks
(ANNs). The dataset combined the features
such as the polymer matrix modulus, MWCNT
weight fraction, dimensions, functionalization
status, and interphase modulus (E;), which was
derived obtained using an extended Ji model.
Among the six models evaluated, the
ensemble-based  algorithms,  particularly
XGBoost and Gradient Boosting Regressor
(GBR), achieved the highest predictive
accuracy, with the test R* values exceeding
0.98. SVR and ANN models also delivered
competitive results, especially when tuned
carefully. The inclusion of E; as an input
feature was found to significantly improve the
prediction performance across all models, as
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demonstrated by both the drop-column
analysis and SHAP interpretability
assessments. Cross-validation experiments
confirmed the generalization capabilities of the
top-performing models, although ANN
exhibited greater sensitivity to training data
partitioning and configuration choices. The
error analysis further highlighted model-
specific limitations, especially in regions with
higher
underrepresented
Overall, this work demonstrates the
effectiveness of combining domain-specific
feature engineering with modern ML methods
to improve the predictive accuracy and extract

tensile modulus values or

feature combinations.

interpretable insights into the structure-
property relationships of polymer
nanocomposites. Future research should aim to
expand the dataset with higher-quality
experimental records, incorporate additional
features capturing microstructural details (e.g.,
dispersion uniformity, interfacial bonding),
and explore uncertainty-aware modeling
approaches to further enhance reliability and
applicability in material design optimization.

Data and Code Availability

The dataset has been compiled from peer-
reviewed literature sources, and key modeling
details are provided in the manuscript and
Supplementary Information. The Python
scripts used for preprocessing, Ei computation,
augmentation, and model training/evaluation
are available from the corresponding author
upon the reasonable request for academic and
reproducibility purposes.
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