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Abstract—Mechanical properties such as tensile strength, ductility, and tensile modulus are essential criteria in poly-
mer matrix composites (PMC) design and are determined through the stress-strain curve obtained from the tensile
test. Material designers can examine the stress-strain curve trends based on the combination and composition, but it is
difficult to predict using numerical analysis software due to the complex correlation based on chemical properties. To
address these limitations in PMC design, this study uses feature engineering methods such as principal component
analysis (PCA) and recursive feature elimination with cross validation (RFECV) to find the minimal and optimal set of
features necessary for predicting the tensile behavior of PMC. The Long Short-Term Memory (LSTM) and feedfor-
ward neural network (FNN) models are trained using the optimal feature set and 1,270 PMC’s tensile test data to pre-
dict the tensile stress-strain curve. The predictive model developed in this study provides stress-strain curves of tensile
tests, including tensile failure of PMC, which can be challenging due to the high nonlinearity of PMC. Material design-
ers can reduce the time and labor costs of PMC design through this tensile behavior prediction model that has an
accuracy of R*=92% and requires fewer features. In addition, the model can be used as a high-throughput screening

model for PMC inverse design systems.
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INTRODUCTION

As the demand for sustainable energy in the international com-
munity increases, there is a growing need to reduce the carbon emis-
sions of internal combustion engine vehicles and improve the fuel
efficiency of electric vehicles. One way to achieve this is by reduc-
ing the weight of vehicles, as the weight of a vehicle is closely related
to its fuel efficiency and carbon emissions. Current automotive mate-
rials range from heavy steel to lightweight aluminum alloys, plas-
tics, and ceramics. Among these materials, plastic has the advantages
of being lightweight, easy to mold, and low cost; it is used in about
10% of each vehicle. However, compared to metal, plastics have lower
strength and stiffness. To overcome the limitations of plastics, there is
a need to develop new PMCs that combine the advantages of plastics
with improved mechanical properties and heat resistance [1,2]. The
mechanical properties of these materials are greatly influenced by the
work condition and are closely related to safety and performance,
making them essential considerations when designing PMC. In
general, two variables can affect the mechanical behavior of PMC:

(D Combination variables, such as the type and composition of

polymers and reinforcements.

(@ Manufacturing process variables, such as the injection speed

or cooling temperature.

Designing PMC with exceptional mechanical properties is diffi-
cult only by optimizing the manufacturing process variables [3]. It
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is essential to consider the combination and composition of the poly-
mers and reinforcements. Designing PMC by considering multiple
variables simultaneously is time-consuming and costly for material
designers.

While first-principles modeling has been used to predict the
mechanical properties of PMC [4-8], it is a highly theoretical ap-
proach that heavily relies on accurate knowledge of the material
structure and interaction between atoms. This level of detail is often
not feasible for practical applications due to its computational inten-
sity and complexity. Moreover, the molecular structure of the poly-
mer, which is the constituent material of PMC, is inherently disor-
dered, resulting in high nonlinearity and uncertainty in its mechani-
cal properties. Additionally, when reinforcement is added to form
a composite material, it becomes challenging to characterize the
molecular structure, making it extremely difficult to obtain accu-
rate predictive results [3,6]. In recent years, there have been signifi-
cant advances in first-principles modeling for predicting the mech-
anical properties of PMC. For instance [7,8], used density functional
theory (DFT) to model the mechanical properties of PMCs, while
[4,5] applied molecular dynamics simulations (MD). However, these
methods still demand significant computational resources and often
oversimplify due to the complexity of the materials, leading to inac-
curacies in prediction [9].

Research on data-driven models using machine learning, which
is well-suited for nonlinear modeling, is actively being conducted
to address the limitations of first-principles models. Also, the hybrid
modeling approach, which integrates first-principles models with
machine learning, has garnered considerable attention in the realm
of chemical process systems due to its potential to enhance inter-
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pretability and extrapolation [10]. Among these, physics-informed
machine learning has demonstrated remarkable results in various
fields related to dynamic modeling, such as material manufactur-
ing processes, physics, and robotics [11-13]. Through these prece-
dents of applying hybrid modeling, there is potential to improve
the accuracy and interpretability of the predictive model we aim to
develop. But there are considerable challenges [10]. One of the pri-
mary issues is the computational cost. Hybrid models, especially
those combining first-principles models with machine learning, can
be computationally expensive and time-consuming. Additionally,
first-principles models require detailed atomic or molecular infor-
mation, which cannot be readily accessible for all materials and chal-
lenging to obtain with high accuracy. These limitations could po-
tentially impact the model's applicability and versatility. Given these
challenges, this study focuses on developing a purely data-driven
model, recognizing its potential to offer an effective and efficient
way to predict the mechanical behavior of PMCs.

Previous studies with data-driven models have faced challenges
in predicting the mechanical properties of PMC based on their
chemical composition and other characteristics [14-25]. In this study;
we addressed four specific issues. First, previous studies on predict-
ing the mechanical properties of PMC have focused on predicting
properties such as tensile strength, modulus, and elongation [14-
16]. Still, this approach has the drawback of not considering mea-
surement standards and method variations. Therefore, it is crucial
to predict the entire stress-strain curve of the PMC.

The second challenge is that there is a lack of experimental data
on the mechanical properties of PMC based on their combination
and composition [3]. This is a common issue in data-based mod-
eling. Furthermore, the high nonlinearity of PMC leads to high
uncertainty in the data, and even PMC with the same combina-
tion and composition of constituent materials can exhibit different
tensile behavior. To overcome this, it is essential to improve the reli-
ability of the data. This study addressed this problem by obtaining
1,270 highly reliable stress-strain curve data by conducting repeated
experiments five to ten times for each PMC, as discussed in more
detail in section 2.

The third challenge is selecting the optimal set of features for
predicting the properties of PMC. Selecting the appropriate num-
ber of features is one of the most important issues in machine learn-
ing [17-19]. If the number of input features is too low, the models
explanatory power decreases, leading to lower accuracy in predic-
tions. However, using too many features can also cause the model
to perform poorly, as it needs to interpret all of them correctly.
Previous studies developed the models using the feature set, which
is suitable for mechanical property prediction [20-23]. There has
been no prior research on the optimal feature set for predicting
tensile stress-strain curves. Therefore, we sought to find the opti-
mal feature set that can sufficiently explain the tensile behavior of
the PMC. This is explained in more detail in section 3.

Finally, because of the PMC’s high uncertainty, it is challenging
to predict the failure point of the stress-strain curve. Previous stud-
ies did not consider the failure point’s variance [24,25]. The user is
required to specify the output range manually, or the model only
outputs without the failure point, which leads to a lack of reliabil-
ity in the model and its predictions. We proposed a tensile stress-
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strain curve prediction model that includes the tensile failure point
using the post-padding method, which is commonly used in natu-
ral language processing and time series processing.

DATA COLLECTION, PREPROCESSING AND SPLIT
FOR MODEL TRAINING AND VALIDATION

In this study, we collected PMCs’ tensile stress-strain curve data
for model training. The PMCs used for the tensile tests are chosen
as they are commonly used as lightweight materials. Polypropylene
(PP), Polycarbonate (PC), Polyamide6 (PA6), and Polyamide6,6
(PA66) are used as the polymer matrix, and ALO;, AL,OsSi, Boron
Nitride (BN), and Si;N, are used as the reinforcements. The PMC
specimens are composed of a 90-40 wt% polymer matrix based on
the type and combination of PMC. The PMC specimens have a
thickness of 4 cm and a width of 10.13 cm and are manufactured
by ASTM regulations. To eliminate variables other than the type and
combination of PMC, Tensile tests are conducted at a fixed speed
of 50 mm/min at room temperature (25 °C). The tensile tests are
performed using a Universal Testing Machine (UTM), which is de-
picted in Fig. 1(a).

As mentioned, the uncertainty and the nonlinear characteristic
of the tensile test data of PMC can be seen in Fig. 1(b) and Fig. 1(c).
Fig. 1(b) shows the tensile stress-strain curve of PMC made of 40
wt% PP, 60 wt% ALSIOs, and Fig. 1(c) shows the curve of PMC made
of 40 wt% PA66, 60 wt% BN. The tensile test data of PMC with the
same combination and composition show a large variance (uncer-
tainty) of 7% to 15%. To consider this uncertainty when designing
PMC, we used the average value of the stress-strain curves through
repeated tensile tests as train data. Therefore, repeated tensile tests
were conducted 5-10 times for one type of PMC. As a result, 1,270
tensile test data of 85 types of PMC were obtained.

1. Data Preprocessing for Improved Model Training

The obtained data is time-series data expressing the stress as a
function of the strain from the tensile test, and it has 128,000 based
on the index. Data reduction is performed to prevent excessive time
consumption for model training and hyperparameter tuning due
to the large data size. Even though the index of the tensile test data
is reduced from the default 0.01-second interval to a 0.1-second
interval, the accuracy of the data is not compromised. Therefore,
the average of the 0.01-second data is replaced with the 0.1-sec-
ond interval data, and the data is reduced. As a result, the size of
the entire data is decreased to 10% of the original data, improving
the efficiency of model training,

2. Data Split Using k-fold Cross-validation

Since the most important factor in the quantitative structure-
property relationship (QSPR) problem, which predicts the proper-
ties of chemical substances from their structures, is the extrapola-
tion capability, the data are partitioned using the k-fold cross-
validation method as shown in Fig. 2. Specifically, materials com-
posed of the same polymer matrix and reinforcement are divided
into validation sets. The remaining data are used for model train-
ing. Finally, for a total of 85 PMC, training and verification are
performed by excluding specific combinations one by one, and the
average of the performance obtained in the 85 verification processes
is used as the final performance.
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Fig. 1. Tensile test and stress-strain curve data of PMC.
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Fig. 2. Dividing the verification data through the k-fold method.

IDENTIFICATION OF OPTIMAL FEATURE SET
THROUGH FEATURE ENGINEERING

For prediction through a machine learning-based model, it is cru-

25 30

Fmal performance

Z Validation per fromancei

cial to identify a feature set that can adequately reflect the charac-
teristics of polymers and reinforcing materials, which are the con-
stituent materials of PMC. Features are collected, as shown in Fig.
3, and the feature’s dimension is reduced using the PCA method
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Fig. 3. Feature engineering.

[26]. And the RFE, a feature selection method, is employed to secure
a feature set essential for modeling by eliminating unnecessary parts
among the collected and preprocessed features.

1. Feature Collection for PMC Modeling

We propose a model for predicting the tensile behavior of PMC
by utilizing four types of features, including chemical, mechanical,
thermodynamic properties and chemical descriptors (Mordred
descriptors). The features are collected from PubChem and Poly-
Info, and a total of 21 properties were used for modeling [27,28].
The properties selected as features include composition, molecu-
lar weight (matrix & reinforcement), bandgap (matrix), ionization
energy (matrix), electron affinity (matrix), density (matrix & rein-
forcement), atomization energy (matrix), cohesive energy density
(matrix), fractional free volume (matrix), dielectric constant (matrix),
refractive index (matrix), specific heat (matrix), glass transition
temperature (matrix), Young’s modulus (matrix & reinforcement),
Poissoris ratio (matrix & reinforcement), and tensile strength (matrix
& reinforcement).

Mordred is an open-source library developed as a molecular
descriptor calculator to solve the QSPR problem [29]. It provides a
vast amount of feature sets, up to 1825, for a single material, includ-
ing molecular weight, types of constituent atoms, presence of func-
tional groups, and molecular structure represented in an adjacency
matrix. In this study; it is used to reflect the molecular characteris-
tics of the polymer and reinforcement for predicting the proper-
ties of PMC. To comprehensively interpret the mechanical behavior
of PMC, a large amount of information provided by Mordred is
utilized as a feature to reflect the molecular characteristics of the
polymer and reinforcement, and 1825 Mordred descriptors for each
polymer and reinforcement are obtained for training the models
using the python package RDKit [30].

2. Feature Extraction for Dimension Reduction

Mordred, which provides ample information about the mate-
rial with 1825 descriptors for each polymer and reinforcement, is
utilized as the main feature for predicting the mechanical proper-
ties of PMC. However, high-dimension features can often increase
the complexity of many algorithms, negatively impacting perfor-
mance. This problem, referred to as the curse of dimensionality,
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arises as data dimension increases and causes unexpected behav-
ior in commonly used Euclidean distances. To address this issue, it
is necessary to transform the vast number of features into more
compressed information. One solution is to use dimension reduc-
tion methods, such as PCA, to reduce the number of features used
in the model. PCA, a widely used dimension reduction method, is
utilized to compress the Mordred descriptors and reduce the dimen-
sion of the data.

PCA is a multivariate nonparametric method that reduces cor-
related multivariate data to low-dimensional data with as little loss
of information as possible. Principal components are obtained by
compositing by giving weights to each variable. Weights are applied
using the original variables information as much as possible to
maximize individual variance. If the original variable has a plurality
of principal components, each principal component is determined
so that there is no correlation with each other; that is, the covari-
ance between different principal components is zero. To utilize PCA,
the number of dimensions to be compressed is determined through
cumulative explained variance and individual explained variances

Scree plot
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Fig. 4. Result of dimension reduction using PCA.
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of each principal component. The result of dividing the Mordred
descriptors of the PMC using PCA is shown in Fig. 4. The bar chart
represents individual variance explained by different principal com-
ponents, and the plot describes the total variance explained by dif-
ferent principal components. As a result of the analysis, the existing
data is best explained when there are seven principal components.
So the 1825 Mordred descriptors of polymer and reinforcement
are reduced to 7 features, and a total of 14 Mordred descriptors
(polymer & reinforcement) are added to the feature set.

3. Optimal Feature Set Selection

When a model requires too many features as input, it can be
burdensome and potentially detrimental to performance due to
the risk of overfitting. To simplify the model and improve general-
ization, it is crucial to extract and use only the most predictive fea-
tures. One common approach is recursive feature elimination (RFE),
which removes the least important features one by one until a speci-
fied number of features remains. However, RFE can be computa-
tionally expensive, especially when dealing with a large number of
features, and requires a predetermined number of features to select.
An alternative is recursive feature elimination with cross validation
(RFECV), a feature selection method that combines the power of
RFE and the robustness of cross-validation. RFECV begins by train-
ing a model on the initial feature set and assigning a score to each
feature based on its importance. The least important feature is then
removed and the process is repeated. At each step, the models perfor-
mance is assessed using k-fold cross-validation, providing a more
reliable estimate of its generalization ability. The RFECV method
automatically identifies the optimal number of features, which cor-
responds to the highest cross-validated performance.

In this study, we employed the RFECV method with a random
forest model, an ensemble algorithm based on decision trees, to
select the optimal feature set from our original 35 features. These
features consisted of 14 Mordred descriptors and 21 previously col-
lected material property data. The model’s performance was evalu-
ated using mean absolute error (MAE) as the metric. As illustrated
in Fig. 5, a similar MAE value is achieved when the number of
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Fig. 5. Optimal feature set result found through RFECV.

features is eight or more, with the feature set comprising 17 fea-
tures showing the least error.

In this study, we chose an optimal feature set of 17 features, even
though reducing the number of features below 17 might have still
provided a reasonable MAE. Our decision was based on several
considerations. First, while decreasing the number of features below
17 could potentially maintain a comparable MAE, it would also
result in a marginal increase in error. Given that a stress-strain curve
can be seen as a kind of raw data for verifying various mechanical
properties, even a slight increase in error can cause a change in the
measured mechanical property values, which can have significant
implications for practical applications. Second, we also considered
the interpretability and robustness of our model. The chosen set of
17 features enabled a more comprehensive representation of the
inherent complexity within our dataset. As evidenced by previous
studies [3,31,32], each of these 17 features provides unique and valu-
able information that represents the mechanical properties, chemi-
cal properties, and structural information of the constituents of the
polymer composite resin. This information enhances the interpret-
ability of the fundamental patterns of the stress-strain curve. In con-

Table 1. The 17 selected features in the optimal set identified using RFECV method

Index Feature name
1 Composition of the polymer matrix composite
2 Density of the polymer
3 Density of the reinforcement
4 Tensile Strength of the polymer
5 Tensile Strength of the reinforcement
6 Molecular weight of the polymer
7 Molecular weight of the reinforcement
8 Glass transition temperature of the polymer
9 Poissons ratio of the reinforcement
10
Eight Mordred descriptors, which are computational descriptors calculated from the molecular structure
" of the material capturing various properties such as size, shape, and electronic structure

Korean J. Chem. Eng.(Vol. 40, No. 9)
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clusion, we elected to use the optimal feature set of 17 features be-
cause it provided the best balance between prediction accuracy
and interpretability.

The selected optimal feature set, as detailed in Table 1, com-
prised 17 key features that played significant roles in predicting the
target variable. Each of these features contributed unique and valu-
able information, justifying their inclusion in the final model. Uti-
lizing this condensed yet potent feature set, we proceeded with the
modeling process. This approach substantially simplified the model,
reducing potential issues of overfitting and computational com-
plexity, while maintaining robust predictive power. Our strategy
underscores the importance of prudent feature selection in model
optimization, striking a balance between simplicity and predictive
accuracy.

DESIGN OF PREDICTION MODELS

1. Post-padding for Prediction of Tensile Failure

The obtained stress-strain curve data of PMC is time-series data
measuring stress according to strain, and the length of the data is
different depending on the material's ductility. When we train the
machine learning models, we need to set the length of the models
output, but the length of the tensile test data is different depend-
ing on the PMCss elongation. Therefore, a padding process is re-
quired to match the data length. The average length of the stress-
strain curve data of the PMC is 12 cm, and the maximum length
is 17.5 cm. Therefore, post-padding is performed to add data to the
back of the data to unify all data to a standard length of 17.5 cm.

Zero padding is performed to match the data length with a

PA6 40 + BN 60

o 2 4 6 8 11 1 1@ 1
Strain
PP 89 + Si3N4 10

0 2 4 6 8 10 12 14
Strain

Fig. 6. Post-padding of PMC’s tensile stress-strain curve.
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value of 0 but, in this study; it is most important to predict the fail-
ure point, which is the point at which the stress-strain curve ends.
So, to force the model to learn about the failure point, we process
the post-padding with a physically impossible value of —10, as seen
in Fig. 6. The same length stress-strain curve, including the failure
point, is processed as training data.
2. Evaluation of the Optimal Feature Set Using an FNN Model
FNN is a type of artificial neural network in which data is trans-
mitted in a forward direction [33]. Fig. 7 is an FNN structure with
four hidden layers. The input layer, hidden layer, and output layer
exist, and respective weights connect the neurons of each layer.
Input data (X=[X,, X, ..., X,]) is given as an input signal; the
FNN goes through the following calculation process. Obtained
through Eq. (1) is received as an input of an active function, the
output value of neurons in each layer is derived, and the calcula-
tion formula is shown in Eq. (2). In the case of regression analysis,
the activation function of the output layer uses an identity func-
tion that returns the input value as the output value. Hence, the
value output from the output layers identity function is the final
output value of the forward neural network. The calculation for-
mula is as shown in Eq. (3). The cost function between Y, which
is the output value of Eq. (3), and the actual data (Y=[Y,, Y,, ...,
Y,,]) mainly uses mean squared error (MSE), as shown in Eq. (4)
can indicate The training method of forward neural networks is to
find weights and biases so that the loss function value is mini-
mized.
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Table 2. Hyperparameters of the developed models after tuning
Hyperparameter FNN-1 FNN-2 FNN-3 LSTM
Layer number 6 4 4 3
Units of layers 64-256-128-64-32-16 256-128-64-32 128-128-64-16 32-128-32
Optimizer Adam Adam Adam Adam
Activation function ReLU ReLU ReLU ReLU
Learning rate 0.089 0.032 0.074 0.0061

Loss function Mean Squared Error  Mean Squared Error

Mean Squared Logarithmic Error

Mean Squared Logarithmic Error
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We trained three FNN models, which were optimized using Bayes-
ian optimization for their hyperparameters [34]. The structures of
the three optimized models can be observed in Table 2. The first
model was trained with the entire feature set of 35 features, and
the second model was trained with the optimal feature set of 17
features to confirm the impact of the optimal feature set. Addi-
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properties properties of curve data
of polymer filler

Fig. 8. LSTM model structure.

tionally, the third model was developed to predict the entire stress-
strain curve, including the failure point, which was encoded using
post-padding. The results are described in Section 5.
3. LSTM Model to Predict the Stress-strain Curve with Ten-
sile Failure

Unlike FNN, recurrent neural networks have a hidden layer
consisting of repetitive cells that are affected by both past state and
current input. LSTM consists of an input gate, output gate, forget
gate, and a memory cell in a proposed method to alleviate the van-
ishing gradient problem of the recurrent neural network [35]. Input

Break point
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gate (i) is a process of storing current data and can be expressed
as Eq. (5). Output gate (Q,) serves to determine the output value
and can be expressed as Eq. (7). Forget gate (£) is a step of deter-
mining whether to remember the past information (h, ;). It can be
expressed as Eq. (9). Memory cell (C)) is a process of updating the
current state to the past state (C,_,), as shown in Eq. (10).

i,;=0o(W;h,_+Wx,+b)) (5)
C,=tanh(W h,_;+ W x,+b)) 6)
O,=o(Wyh,_;+Wyx,+by) )
Y,=0,xtanh(C,) ®)
f=o(Wh, 1+ Wx,+b) )
C=(fxC,_)+({xC) (10)

An LSTM model with such a learning algorithm is used for effi-
cient prediction by storing information coming from the input gate
into a short-term state or long-term state. The LSTM model needs
an initial input value. We developed the model to predict the entire
stress-strain curve, including the failure point, using the initial data
of the stress-strain curve as an additional input. The developed
model structure is shown in Fig. 8 and is optimized using Bayes-
ian optimization for its hyperparameters. The structure of the opti-
mized LSTM model can be observed in Table 2 and the modeling
results are described in Section 5.
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Fig. 9. Prediction result of FNN model using optimal feature set.

September, 2023

RESULTS AND DISCUSSION

1. FNN Model-based Verification of the Performance of the
Optimal Feature Set

A comparison test was conducted using FNN models to prove
the optimal feature set’s performance. The R, the coefficient of de-
termination, was used as a performance evaluation index, and R®
is a value that indicates how well the independent variable explains
the dependent variable. The closer to 1, the higher the explanatory
power, and the dloser to 0, the lower the models explanatory power.
When training the FNN model with 35 feature sets without fea-
ture selection, R* is 84% on average. The result of understanding
with 17 optimal feature sets obtained through RFECV can be seen
in Fig. 9. A performance improvement of about 5% is confirmed.

Unlike other descriptors that do not provide enough features for
PMC, the Mordred descriptors verified in this study can be used
to develop models for predicting the mechanical behavior and
physical properties of a wide range of PMCs.
2. Performance of the FNN and LSTM Models for Predicting
the Entire Stress-strain Curve Including the Tensile Failure

The behavior before the failure point is well predicted when
training data does not include the failure point with the FNN
model. Still, only limited information is provided to the material
designer because the point where the breaking occurs is yet to be
predicted. Therefore, when the entire stress-strain curve prediction
model is developed using the post-padding method to predict the
failure point, the basic FNN model learns the failure point encoded
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as an outlier, indicating that the model’s performance is deficient
and R” is 53%; this can be seen in Fig. 10.

On the other hand, the LSTM model accurately interprets the
failure point as a failure point of the stress-strain curve, confirming
the results shown in Fig. 11 and achieving an average R® of 92% of
the entire stress-strain curve. Additionally, we assessed the accuracy
of failure point prediction. As the predictions typically indicate a
more gradual fracture occurrence than the actual values, we defined
the failure point as the instance when the predicted stress-strain
curve first reached a negative value, and this was compared with
the actual point of failure. The results, as presented in Fig. 12, indi-
cate an R* value of 83%, and a small error of approximately 4.79
based on the MAE, affirming the reliability of failure point prediction.
3. Performance Evaluation of the LSTM Model Using Limited
Initial Input Data

The LSTM model requires initial input values of the tensile
stress-strain curve data. Therefore, we verified how the models per-
formance changes depending on the data size used as the initial
input. The initial curve data used as input was created by generat-
ing the model with 1% to 20% of the data with a 1% interval. The
verification was carried out using the validation data. As a result,

092 1 w_v*\/»\

0.90 1

0.88 4

Test R-squared

0.86 1

0.84 4

1 2 3 45 6 7 8 91011121314 1516 17 18 19 20
Initial stress-strain curve input ratio

Fig. 13. Test R® of LSTM according to the initial stress-strain curve
input ratio.
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as seen in Fig. 13, it was confirmed that there is no significant
change up to 20% of the data corresponding to the elastic section,
and it was confirmed that 92% accuracy could be obtained with
only the initial input value of 6%, including the failure point.

CONCLUSIONS

The stress-strain curve of a PMC, an essential indicator for di-
rectly observing mechanical properties required for material design,
is difficult to model with only general nonlinear regression because
of its strong nonlinearity even with general nonlinear regression
methods. Simulations and other programs can only interpret results
within the elastic range. In this study, we compared the perfor-
mance of the FNN model with the LSTM model, which is special-
ized for time-series data processing, using 1270 tensile test data from
85 types of PMC made with matrix materials PA6, PA66, PC, and
PP and reinforcements BN, AlL,O;, ALO;Si, Si;N, at a composi-
tion ratio of 90% to 40%. Mordred descriptors, which reflect char-
acteristics such as molecular-level phase information, chemical
properties of polymers and reinforcements such as molecular weight
and ionization energy, mechanical properties such as tensile mod-
ulus and strength, and thermodynamic properties such as melting
point and glass transition temperature, are used as input features
to propose a model that predicts the failure point and the entire
stress-strain curve, which have not been previously studied.

The training data is constructed by incorporating a failure point
into the existing tensile test data using end-encoding, a natural lan-
guage processing method. It is found that predictions are possible
with this data. Although the error tended to increase for the pre-
dicted failure point at high tensile elongation, it is very accurate for
elongation of 200% or less, which is common among most mate-
rials. The overall prediction accuracy is 83%.

The LSTM model has the disadvantage of requiring an initial
input value. However, as a result of the model test, it is found that
it is possible to predict a stable stress-strain curve using only about
6% of the initial data. It can be applied when strain under higher
stresses needs to be calculated. Additionally; unlike the prediction
models for mechanical properties of PMC developed in previous
studies, which relied on the developer’s domain knowledge to select
a large number of features, this study used feature engineering meth-
ods to choose the minimal and optimal set of 17 features that best
explain the tensile behavior of PMC. By examining these elements,
the efficiency and performance of the model are improved.
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