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This paper applied and benchmarked machine learning regression algorithms for predicting
the tensile strength of carbon fiber-reinforced plastics. A comprehensive statistical anal-
ysis revealed significant linear correlations between the input parameters (ratio of matrix
and filler concentration, composite density) and the target variable (tensile strength). The
dataset consisted of 150 experimental data points. However, nonlinear models significantly
outperformed linear models in terms of prediction accuracy. The highest accuracy on an
independent test dataset was demonstrated by the neural network model (R? = 0.996351),
as well as the Gaussian process regression models (R? = 0.996246) and the ensemble method
(R? = 0.996096). Classical linear regression yielded a significantly lower result (R2 = 0.89498),
confirming that the overall dependence is a significant, nonlinear, multidimensional function.
The key result is the detection of nonlinear behavior in the «polymer—fiber» system: the
tensile strength reaches a maximum in the optimal reinforcement phase (10—20 wt.%) and
then decreases sharply due to fiber agglomeration and porosity. The success of nonlinear
ML models is based on their ability to effectively model these complex, hidden dependencies,

paving the way for accelerated materials design.
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Introduction

Carbon fiber reinforced polymers (CFRPs) are com-
posite materials. They combine the lightness of a poly-
mer matrix with the high strength of carbon fibers
(Ozkan et al., 2020). These materials belong to the class
of multicomponent structural materials. More specifi-
cally, they are two- component systems: the polymer
acts as the binding phase, while the fibers serve as the
reinforcing phase. Such materials are heterogeneous
structures. They consist of two different phases with
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distinct physical and mechanical properties, structures,
and functions. Their final performance results from
the complex interaction between the phases, not just
the sum of their individual properties (polymer matrix
and carbon fibers) (Hoang et al., 2026). The polymer
matrix plays a crucial role, ensuring uniform load dis-
tribution between the fibers, fixing them in position,
and providing protection from environmental influ-
ences. The matrix choice defines overall performance,
including mechanical properties, thermal resistance,
aging resistance, chemical resistance, and processabil-
ity (Wang et al., 2025). Carbon fibers have a high
modulus of elasticity, high strength, and low density.
The polymer matrix has much lower mechanical char-
acteristics, but provides elastic deformation and en-
ergy absorption. The main factor that determines the
mechanical properties of these composites is fiber ori-
entation within the matrix (Sayam et al., 2022). The
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combination of high specific strength, stiffness, and
low mass drives the wide use of CFRPs in aerospace,
automotive, civil engineering, sports equipment, and
medical technologies (Fig. 1). These materials also
have increased fatigue strength, corrosion resistance,
and allow the formation of products with complex
geometries (Xu et al., 2025).

Design of CFRPs
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Fig. 1. Design concepts and applications of CFRPs

However, their use is accompanied by several tech-
nological challenges, including the complexity of mod-
eling the material’s behavior, its anisotropies of prop-
erties, and the high requirements for manufacturing
technology and quality control.

Literature review

Predicting the performance properties of multi-
component materials is a pressing and challenging
problem in modern materials science (Monticeli
et al., 2024). Composite materials have a unique
combination of high strength and low weight. However,
their performance depends on a complex interaction
of many factors. The properties of the final product
are shaped by the characteristics of the individual
components, such as fiber type and polymer matrix.
They are also influenced by architectural factors, such
as layer orientation and volume fraction. The quality
of adhesion at the phase interface and production
process parameters (such as temperature and pressure)
also play important roles. This multifactorial nature,
enhanced by the material’s anisotropic and nonlin-
ear behavior, makes accurate property prediction
extremely challenging (Liang et al., 2025).

Traditional approaches to CFRP design and opti-
mization face significant limitations. The experimental
method of fabricating and physically testing specimens
is considered the gold standard for this approach (Bud-
nik et al., 2015; Berladir et al., 2016). However, it is
costly. It is also time-consuming and destructive. The

numerous possible combinations of input parameters
make full-scale experimental optimization economi-
cally unfeasible and logistically impractical.

Numerical modeling with the finite element method
(FEM) is an alternative approach, but it has limita-
tions. FEM enables the virtual analysis of structural
behavior and composite modeling at the micro- and
mesoscales; however, it is computationally intensive,
often requiring days or weeks (Povstyanoy et al., 2024).
Modeling complex, nonlinear failures (such as delami-
nation and crack propagation), or defects (like pores
and voids), remains challenging and still requires costly
experimental verification (Povstyanoy et al., 2021).

These limitations of traditional methods make ma-
chine learning (ML) tools essential. Unlike analytical
models, ML algorithms such as neural networks, ran-
dom forests, and gradient boosting can handle high-
dimensional data efficiently. They reveal complex, hid-
den, nonlinear relationships between inputs and out-
puts (Antosz et al., 2024). When trained on limited
experimental or simulation data, these models can
predict outcomes in seconds (Hrehova et al., 2025).

A literature search was conducted in the Scopus
database using the keywords «machine learning» and
«carbon fiber reinforced polymery. This search yielded
256 relevant publications for preliminary review. Af-
ter applying inclusion and exclusion criteria, only 10
publications were selected as most relevant to CFRPs
systems for detailed analysis (Table 1). Inclusions:
(1) peer-reviewed articles, (2) ML for predicting me-
chanical properties, (3) CFRP composites, (4) English
language, (5) 2020—2026; exclusions: review articles,
non-materials, purely analytical models without ML,
countries — Russia, Belarus, Iran.

Analysis of recent studies demonstrated significant
progress and high efficiency in applying ML methods to
predict the mechanical properties of CFRPs. Scientific
research examined the relationship between the nature
of data, sample size, and model accuracy (Kurita et al.,
2022). There is also a clear transition from traditional
statistical approaches to nonlinear and ensemble algo-
rithms. Most analyzed works report high forecasting
accuracy, with the coefficient of determination (R?)
consistently above 0.90. This indicates the reliability
of the developed models. Even on relatively small ex-
perimental data sets (N = 62), simpler yet regularized
models, such as Ridge Regression, can provide high
accuracy (R? = 0.966) (Alsheghri et al., 2025).

Similarly, ensemble methods applied to a sample
of N =162 also yield a result of R? = 0.9699 (Zhang
et al., 2020). The trend suggests the highest accuracy
rates are achieved when larger datasets are used with
more complex, nonlinear models. In particular, the
highest accuracy in the review (R? = 0.9957) was
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Table 1

Literature review of applying ML for the prediction of properties of CFRPs

Predicted Dataset Dataset size ML R? Source
property nature
Flexural strength 62 0.966
Flexural modulus i 62 i i 0.871
X Experimental Ridge Regression, Alsheghri et al., 2025
Mode-II energy data Random Forest, SVR
42 0.903
release rate
Young’s modulus, . .
Ultimate tensile Experimental 320 k-Means High Kurita et al., 2022
data Accuracy
strength
Nonlinear . Literature data 226 XGBoost 0.960 Hou et al., 2023
frequency ratio
Mechanical Support vector machine, B
properties FEM 429 Random Forest, ANN 0.94-0.99 Zhao et al., 2024
Decision tree, SVR,
Tensile strength Literature data 300 Gaus§1an process 0.92-0.99 Mahajan et al., 2022
regression, ensemble
method
Ultimate tensile Literature data 74 ANN 0.9957 Sharan & Mitra, 2022
strength
Tensile strength, FEM 1296 XGBoost, decision tree 0.98 Hu et al., 2024
bending strength
Axial compressive Literature and
x Pressiv experimental 379 XGBoost 0.985 Ma et al., 2022
capacity
data
Axial compression RFR. XCBoost
energy absqrptlon Literature data 160 Light GBM, BPNN 0.9014 Zhuang et al., 2025
characteristics
i Ensemble learnin, 0.9699
Flexural strength Experimental 162 & Zhang et al., 2020
data Linear regression 0.9517

achieved using artificial neural networks (ANN) on
a sample of 740 data points collected from literature
sources (Hu et al., 2024). Using the largest dataset
reviewed (N = 1296), which was based on finite
element models and combined with XGBoost and
decision trees, also provided exceptional accuracy
(R? =0.98) (Hu et al., 2024).

Among the applied ML methods, ensemble and gra-
dient boosting approaches clearly dominate. XGBoost
has repeatedly demonstrated its effectiveness in var-
ious studies (Hou et al., 2023; Mahajan et al., 2022;
Ma et al., 2022; Zhuang et al., 2025), consistently pro-
viding R? values above 0.90. Additionally, ANN, Back
Propagation Neural Network (BPNN) (Zhao et al.,
2024; Sharan & Mitra, 2022; Zhuang et al., 2025) and
Random Forest (Alsheghri et al., 2025; Zhao et al.,
2024) are among the most popular and reliable tools
for solving this class of problems. This emphasizes
their ability to effectively model complex nonlinear
dependencies in the properties of composite materials.

Volume 17 @ Number 2 e June 2026

Thus, the literature analysis confirms that machine
learning has become a powerful tool for predicting the
mechanical properties of CFRPs, providing high accuracy
even with limited data, and opening opportunities for
the effective automation of engineering calculations, de-
sign optimization, and cost reduction for physical exper-
iments. Despite ML successes with conventional CFRPs,
PTFE-based systems with chaotic fiber arrangements
remain underexplored due to their nonlinear strength-
concentration relationship, which fundamentally differs
from the linear behavior of standard composites.

This work aims to apply and benchmark existing
ML algorithms for predicting the tensile strength of
CFRPs with a thermoplastic matrix and a chaotic
fiber arrangement. The novelty of the study consists
in the identification of non-linear patterns that reveal
a critical filler concentration threshold (10-20 wt.%),
beyond which the strengthening effect is superseded
by property degradation due to fiber agglomeration
and increased porosity.
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Materials & Methods

Proposed Approach

The research methodology that contributed to
achieving the research objective consisted of three main
stages. The first stage was devoted to collecting data on
the properties of the composite material based on ex-
perimental results. These properties included the pro-
portion of polymer matrix (a1 ) and fillers (az), the over-
all density of the composite (a3), and the resulting ten-
sile strength (b). These parameters were recorded un-
der controlled laboratory conditions to minimize mea-
surement errors. The second stage was devoted to data
analysis. At this stage, statistical pre- processing and
exploratory data analysis were performed to identify
potential outliers and correlations between variables.
Regression metrics were then applied to assess the reli-
ability and accuracy of the data obtained, which served
as the basis for further modelling. The third stage in-
volved applying machine learning methods to the pro-
cessed dataset. Several algorithms were trained and op-
timized to predict the target variable (tensile strength)
based on the input parameters of the material. The
effectiveness of the model was verified using separate
test datasets, which allowed for the assessment of its
generalization ability and prediction reliability.

Experimental Part

To plan the experiments, six types of samples were
manufactured with varying concentrations of carbon
fiber in the polytetrafluoroethylene (PTFE) polymer
matrix (ISO 13000-1:2021): 0, 10, 15, 20, 25, and
30 wt.%. These samples of CFRPs were produced us-
ing the powder metallurgy method, which involved
mixing the polymer matrix and filler, followed by
cold pressing and subsequent sintering (Berladir et
al., 2020). The testing procedure for samples was car-
ried out in accordance with the technical conditions
TC U 22.2-33729459-001:2014 “Blanks for fluoroplas-
tic compositions (FC)” (Ukraine). The density of the
materials was determined by hydrostatic weighing: the
masses of equal volumes of the sample and a liquid of
known density (distilled water) were compared through
double weighing, both in air and in water. The tensile
strength was calculated by the standard procedure
(Berladir et al., 2020).

Data Collection and Analysis

To ensure systematic analysis of material properties,
a comprehensive data collection and statistical
processing procedure was implemented. The dataset

comprises 150 observations distributed evenly:
25 measurements for each of six fiber concentrations
(0, 10, 15, 20, 25, 30 wt.%). At the initial stage of
data preparation, a thorough data integrity check was
performed to identify and remove any missing values
or duplicate records.

Following data validation, descriptive statistical
analysis was conducted on all variables to characterize
material properties. During this analysis, the mean
value and standard deviation were calculated as the
arithmetic means of all observations. At the same time,
the standard deviation was determined by calculating
the square root of the mean square deviation from the
mean value. The coefficient of variation CV was com-
puted by dividing the standard deviation by the mean
and multiplying by 100% to normalize this indicator
for variables a1, ao, az, and b, which have different
scales, using equation (1).

g

OV = 2 % 100% (1)

In equation (1), o is the standard deviation, and T
represents the mean value. In addition, to increase the
reliability of the location and distribution indicators,
the median and interquartile range (IQR) were used.
The skewness and kurtosis of each variable’s distribu-
tion were also calculated to characterise the symmetry
and tail behaviour of the distributions.

To investigate the relationships between variables,
correlation analysis was performed using the Pear-
son correlation coefficient for all pairs of variables, as
outlined in equation (2).

Z -7)

r= = ! = (2)
> (@i=2) | >

i=1 =1

n

The correlation coefficient measures the strength
and direction of the linear association between two
variables, with values ranging from —1 to +1. By
computing pairwise correlations for all variables, a cor-
relation matrix was constructed that revealed the rela-
tionships among predictors and between each predictor
and the target variable.

Finally, regression-based metrics were employed to
quantify the capacity of the input variables to explain
the variation in the target variable. The mean squared
error (M SE) was calculated by averaging the squared
differences between predicted and observed values us-
ing equation (3).
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MSE = %Z (yi —5:)° 3)

i=1

The root mean squared error (RMSE) was com-
puted as the square root of the M SE, providing an
error metric in the original units of the target variable.
The RMSE was described in equation (4).

RMSE =

LS - (4)
3 2
mis

In equations (2), (3), and (4), y; represents observed
values, ; denotes predicted values, and 7 denotes the
mean value of observations. These metrics were calcu-
lated using ordinary least squares regression. This was
done to create an analytical basis for estimating the
linear predicted relationships present in the data. Data
estimation is a crucial step as it provides a baseline for
understanding the relationships between variables. It
must be performed before proceeding to more complex
machine learning methods, as it lays the foundation
for more advanced analyses.

To conduct all stages of statistical analysis and data
processing, the Python programming language was em-
ployed. Its primary purpose in this study is to import,
clean, and perform operations on data. The NumPy
library in Python provides a wide range of mathe-
matical and statistical functions, including the cal-
culation of basic descriptive statistics and optimized
array operations. This, in turn, facilitated the fast
and efficient processing of large volumes of data. The
ydata_ profiling library (formerly known as pandas-
profiling) was utilized to automate the generation of
comprehensive profiling reports that summarized key
descriptive statistics, detected anomalies and outliers
within the dataset, and produced visual representa-
tions of distributions and correlation patterns. There-
fore, the combined use of these libraries enabled the
creation of a structured data analysis. As a result,
this ensured the quality and integrity of the data for
preparing a dataset for subsequent modeling stages.

Machine Learning Methods

After a comprehensive analysis of material proper-
ties using statistical and correlation methods, machine
learning methods were applied in the next stage
of the study. These methods were chosen because
the nature of the data and the study’s objectives
justified this approach. In composite materials science,
the relationships between the properties of the
components and the final mechanical characteristics
are often complex and multidimensional. Therefore,
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the physical and mathematical mechanisms are often
poorly understood or cannot be described analytically,
although experimental data can reveal correlations
between these variables. In cases where empirical
patterns exist in the data, but the fundamental
governing equations are unknown, machine learning
provides a systematic framework for discovering and
modelling these relationships from the data.

The machine learning approach was structured in
several stages. Initially, the collected dataset of 150
observations was partitioned into training and testing
subsets using an 80/20 split. This partitioning strat-
egy ensured that models were trained on a substan-
tial portion of the data while maintaining a held-out
test set to provide an unbiased assessment of model
generalization and performance on previously unseen
data. Standard 5-fold cross-validation was used for
comparative model selection, and critical testing was
performed on a stratified test set containing 5 samples
for each concentration group. Before model training,
the dataset underwent preprocessing procedures, in-
cluding normalization and standardization, to ensure
consistent feature scaling across all variables.

All machine learning computations were performed
in MATLAB using the Regression Learner App. This
is a comprehensive toolkit for interactive learning, val-
idation, and comparison of multiple regression models.
Therefore, using this application facilitated the system-
atic study of various algorithms and automatic tuning
of hyperparameters. A comprehensive set of supervised
regression algorithms was evaluated to determine the
most effective approach for modelling the relationship
between material parameters and tensile strength. The
algorithms examined included Tree-based Regression,
linear regression, stepwise linear regression, Support
Vector Machines (SVM), efficient linear regression,
Gaussian Process Regression, Neural Networks, and
Kernel-based methods. Therefore, this study used dif-
ferent methods that incorporate various modelling
paradigms. Those methods included linear approaches
for capturing simple associations, tree- based methods
for identifying hierarchical patterns and interactions
between features, ensemble methods for combining
multiple learning algorithms, as well as kernel meth-
ods for nonlinear transformations and neural networks
for learning complex nonlinear relationships.

A significant role in machine learning was played by
the cross-validation strategy, which was used to opti-
mize hyperparameters and reduce overfitting. Therefore,
each algorithm was systematically trained and evaluated,
which allows us to determine its ability to capture the
main patterns in the properties of materials.
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Results

Data Analysis

The results of the statistical analysis of the dataset
showed a solid foundation for further modeling and
research in machine learning. Therefore, the suitability
of the dataset for predictive modelling was confirmed
for all variables, and the completeness and integrity of
the data were thoroughly checked. The analysis results
show that there were no missing or duplicate records,
and the number of different measurements provided
sufficient variability within each parameter.

For the main matrix component x1, the mean value
was 82.87 with a standard deviation of 10.24 and a CV
of 12.36%. This indicates relatively dense clustering
around the mean value. An additional filler compo-
nent x5 showed an average value of 17.13 and a similar
standard deviation. In contrast to x1, the much higher
coeflicient of variation of 59.81% reflected greater dis-
persion, as x5 is a reverse component in the composite.
The density parameter x3 demonstrated exceptional
stability in all samples, where its average value was
2009.39 and its CV was only 5.19%. An output pa-
rameter, which is tensile strength, yielded an average
value of 20.17, a standard deviation of 2.74, and a CV
of 13.57%. Thus, the input variables z1, x2, and x3,
as well as the output parameter y, exhibit moderate
mechanical variability and are therefore suitable for
predictive modelling. The distributional properties of
each variable were analyzed using quantiles and mea-
sures of shape. The values for these parameters are
given in Table 2.

Table 2
Statistical characteristics of the analyzed data

Variable 71 T2 T3 Y
Mean 82.87 | 17.13 | 2009.39 | 20.17
Std Dev 10.24 | 10.24 104.38 2.74
CV (%) 12.36 | 59.81 5.19 13.57
Min 69.69 0.1 1878 17.24
Q1 (25%) 74.94 9.96 1955.75 | 18.05
Median 80.04 | 19.96 1982 18.74
Q3 (75%) 90.05 | 25.06 2018 22.21
Max 99.9 30.31 2233 25.27
IQR 15.11 15.1 62.25 4.16
Skewness 0.442 | -0.442 1.161 0.763
Kurtosis -0.999 | -0.999 0.121 -0.988
Pearson r with y | 0.658 | —0.658 0.671 1
R? Explained 0.433 | 0.433 | 0.451 1

Descriptive and inferential measures, including the
coefficient of variation and interquartile ranges, en-
sured that assessment of central tendency and spread
was both relative and absolute. This provides a multi-
faceted profile of the sample set. The absence of mono-
tonicity in several distributions suggested the presence
of heterogeneous groupings within the data, which is re-
lated to underlying compositional or structural classes.

The results of the Pearson correlation analysis re-
vealed pronounced linear associations among the pa-
rameters. This is confirmed by a strong positive cor-
relation between x; and y (r = 0.658). A similar
correlation was between z3 and y (r = 0.671). The
negative correlation for x5 with y (r = —0.658) demon-
strates that as the proportion of x5 increases, y de-
creases. Additionally, the density variable z3 exhibited
a strong positive correlation with z; (r = 0.940) and
a strong negative correlation with zo (r = —0.940),
which indicates that density is primarily determined
by the balance of the two components of the composite
material. These relationships for different parameter
combinations were illustrated by the heat map shown
in Figure 2.

x1 0.75
- 0.50
x2
x3 - -0.25

- -0.50

-0.75

-1.00

] b} =
x k3

—
b3

Fig. 2. The parameter correlation heat map

The heat map visually confirmed the symmetry and
magnitude of the pairwise correlations. At the same
time, the scatter plots between each predictor variable
and the target variable y, shown in Fig. 3, showed
clear linear trends and well-defined clusters.

Therefore, various machine learning algorithms were
employed to assess the comparative effectiveness of
different models in predicting the properties of com-
posite materials. This approach included linear and
nonlinear models.
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Machine Learning Models

Nine supervised regression algorithms were trained
and validated on 120 observations from the 150-sample
dataset, with the remaining 30 observations reserved
for independent model testing. Validation results for
all algorithms are summarized in Table 3.
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Table 3
Validation results for ML algorithms

Model Type RMSE MSE R?
Ensemble 0.273921 | 0.075032 | 0.990201
Tree 0.281615 | 0.079307 | 0.989643
Galﬁzi;r;};gicess 0.290004 | 0.084102 | 0.989016
Neural Network 0.30146 | 0.090878 | 0.988132
SVM 0.302332 | 0.091405 | 0.988063
St‘}‘{’g;;;gfar 0.962095 | 0.925626 | 0.879116
Kernel 1.008785 | 1.017647 | 0.867098
Linear Regression 1.45274 2.110455 | 0.724381
Efficient Linear 3.021153 | 9.127366 | —0.192007

As shown in Table 3, the decision tree model de-
picted in Fig. 4a yielded the best results. These results
are related to the hierarchical division of the material
property space.

The neural network model, shown in Fig. 4b,
achieved comparable validation effectiveness through
deep nonlinear feature extraction using layered archi-
tectures.

Therefore, this enables the network to learn intri-
cate mappings between compositional properties across
multiple nonlinear transformation stages. The ensem-
ble method shown in Fig. 4c demonstrated comparable
validation efficiency by aggregating multiple decision
trees. This result is linked with reducing the variance
of individual trees while preserving nonlinear expres-
siveness. The results of the test of all ML algorithms
are presented in Table 4.

Table 4
Test results for ML algorithms

Model Type RMSE MSE R?
Neural Network | 0.149281 | 0.022285 | 0.996351
Gat;::i;l;sl;i)c;cess 0.151424 | 0.022929 | 0.996246

Ensemble 0.154406 | 0.023841 | 0.996096
Tree 0.159066 | 0.025302 | 0.995857

SVM 0.161353 | 0.026035 | 0.995737
Kernel 0.366099 | 0.134029 | 0.978055
Linear Regression 0.800879 0.641408 0.89498
St‘;g’zvgif;;g;ear 0.843861 | 0.712101 | 0.883405

Efficient Linear 2.551402 6.509653 | —0.065849
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Fig. 4. Response plot for (a) decision tree model, (b) neural
network model, (c) ensemble method

Discussion

Analysis of the results obtained during the develop-
ment of machine learning models revealed significant
features in the effectiveness of different algorithms.
The validation (Table 3) and testing (Table 4) results
clearly indicate that nonlinear models outperform
linear ones.

The neural network model achieved the highest ac-
curacy through deep nonlinear transformation of com-
positional characteristics across multiple layers, which
agrees well with the data (Zhao et al., 2024; Sharan
& Mitra, 2022). Gaussian regression, in turn, achieved
nearly equivalent performance through kernel-based
probabilistic learning. This finding aligns with the
results of the studies (Mahajan et al., 2022). The en-
semble method demonstrated comparable effectiveness
by aggregating multiple decision tree predictions. This
finding aligns with the results of the studies (Hu et al.,
2024; Zhuang et al., 2025). Linear regression methods
showed notably poor results across both validation and
test phases, falling significantly behind the nonlinear
approaches. This poor performance is primarily due to
the fact that linear models are unable to represent the
complex relationships between material composition
and tensile strength that exist in this dataset, as ob-
served in the earlier correlation and clustering analysis.

Uunlike many traditional composite systems (Alsham-
mari et al., 2021), the behavior of carbon fiber re-
inforced PTFE exhibits pronounced nonlinearity in
the relationship between filler concentration and ten-
sile strength. The introduction of carbon fiber into
the PTFE matrix is a technological solution primar-
ily aimed at increasing wear resistance and stiffness,
which are critical limitations of pure PTFE. Tensile
strength is often a compromise characteristic that
rarely achieves linear growth. This is a typical non-
linear behavior, described by a curve that progresses
through stages of matrix property deterioration, a re-
inforcement phase, and an aggregation phase. At the
defect stage (low fiber concentration, < 5%), the ten-
sile strength may remain at the level of pure PTFE or
even decrease. This is due to the low adhesion between
the non-polar PTFE and the fiber surface, resulting
in the formation of weak interfaces and microporos-
ity within the material. These defects serve as stress
concentrators, nullifying the positive effect of rein-
forcement. Within the optimal reinforcement range
(10-20 wt.%), the best balance is achieved between
mechanical strengthening (effective load absorption
by the fibers) and minimizing structural defects. Here,
the maximum strength is recorded, but its value is
the result of a complex interaction: strengthening due
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to fiber counteracts weakening due to defects. This
concentration is also optimal for maximizing wear resis-
tance and stiffness. A further increase in fiber content
(high concentration, > 20%) leads to a sharp drop in
strength. This is caused by fiber agglomeration, a lack
of polymer matrix for their full binding, and a critical
increase in internal porosity.

It should be noted that the density of the composite
is demodulated from the nonlinear tensile strength.
Since carbon fiber is lighter than the polymer, the den-
sity of the composite decreases monotonically with
increasing fiber concentration, even as the tensile
strength peaks and then declines. The filler concen-
tration is the primary factor that determines both
mechanical properties (including tensile strength) and
density (concentration of PTFE is inverse to the con-
centration of filler).

Despite the high predictive accuracy of the best mod-
els (neural network, Gaussian process regression, and
ensemble), the application of the developed approach
has significant limitations that should be considered
further to enhance the reliability and engineering sig-
nificance of the results.

The most significant limitation is the size of the
initial dataset, which had only 150 observations. For
complex nonlinear algorithms like neural networks,
this amount may be too small to ensure complete cov-
erage of the entire material property space. The high
R? values (above 0.995) on the test set show success-
ful training and generalization within the presented
clusters. However, confirming the model’s robustness
outside these conditions will need further verification.

It should also be noted that the dataset spanned
six discrete concentrations. Although the input
concentrations were discrete, the density parameter
(z3) varied within each group, providing the necessary
variability to the model. The high R? values (> 0.99)
indicated accurate interpolation within the presented
clusters, but generalization capability beyond these
concentrations requires further verification with an
expanded data range.

The models used only three input parameters. Other
important factors, such as technological production
parameters, were not considered. These could affect
the final strength and density of the composite. There
were moderate to strong linear correlations found
between the predictors and the target variable. Yet,
linear regression performed relatively poorly on the
test set (R? = 0.89498), confirming that simple
analytical approximations are inadequate compared
to ML approaches. This suggests that the dependence
of tensile strength limit on the inputs is a complex,
nonlinear, multivariate function, not just a sum of
simpler linear parts.
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Thus, ML is not just a prediction tool. It is essential
for understanding and controlling complex, nonlinear re-
lationships in multicomponent polymer composites. This
approach paves the way for accelerated material design.

Conclusions

In this work, a high-accuracy machine learning
model was successfully developed and validated for
predicting the tensile strength of carbon-fiber compos-
ites based on a thermoplastic matrix with a chaotic
fiber arrangement.

The study confirmed that nonlinear models signif-
icantly outperform linear approaches in predicting the
properties of this class of composite materials. The
neural network model achieved the highest accuracy on
an independent test set, demonstrating a coefficient of
determination of R? = 0.996351. Equivalently high per-
formance was demonstrated by the Gaussian process
regression models (R? = 0.996246) and the ensemble
method (R? = 0.996096). In contrast, classical linear
models yielded noticeably lower results; for example,
linear regression achieved an R? value of only 0.89498
on the test set, confirming that the overall dependence
is a significant nonlinear multivariate function.

The key finding is the identification of a nonlinearity
problem in the polytetrafluoroethylene—carbon fiber
system. Unlike many traditional composites, the tensile
strength does not increase linearly with filler concen-
tration, but rather undergoes stages of matrix degra-
dation, an optimal reinforcement phase (10-20 wt.%)
where maximum strength is achieved, and a steep de-
cline phase due to fiber agglomeration and increased
porosity at high concentrations (> 20%). The success
of nonlinear ML models is based on their ability to ef-
fectively model these complex, nonlinear relationships
between input parameters (component concentration
and density) and final mechanical properties.

Among the limitations of this approach is the small
size of the initial data set, which may not be sufficient
to ensure full representation of the entire material
property space, especially for complex nonlinear al-
gorithms. For further improvement, it is necessary
to systematically expand the data set by integrating
additional production parameters to improve general-
ization ability and using literature data.
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