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Abstract: Modern technologies require the development of new materials with exceptional properties. Machine
Learning (ML) and Deep Learning (DL) techniques have become important tools for discovering new materials and
predicting the properties of specific materials, such as glasses. In this paper, we used ML and DL techniques to predict
the Young's modulus E of Calcium-Alumino-Silicate (CAS) glasses based on their chemical composition. We evaluated
four different algorithms, including Polynomial Regression (PR), Random Forest (RF), K-Nearest Neighbors (KNN),
and Multi-Layer Perceptron Regressor (MLPRegressor). We found that the PR algorithm provides excellent predictions
without Cross-Validation (CV), while the MLPRegressor yields the best performance when CV is implemented.

Key words: Calcium-Alumino-Silicate glasses, Young’s modulus, Machine Learning (ML), Deep Learning (DL),
Cross-Validation (CV).

1. INTRODUCTION
Improving the mechanical properties of glasses, accurate results albeit with significantly reduced
particularly their stiffness (e.g., Young’s modulus E), is computational time [13]. While MD simulations may
highly important. Glasses with high stiffness exhibit require weeks or even months on supercomputers to
enhanced resistance to shocks and loads, rendering them simulate the mechanical properties of numerous glasses
safer for use in various applications such as laptop with varied chemical compositions, ML and DL
screens, mobile phones, and protective eyewear[1] techniques can accomplish the same task within seconds
Moreover, they find wide applications in industries or minutes.[13].
requiring high optical precision, including scientific Notably, both molecular dynamics simulations and
instruments [2],construction, and electronic equipment artificial intelligence simulations have their own
[3]. Additionally, these materials play crucial roles in the advantages and disadvantages, and they can be
immobilization of nuclear waste and aerospace considered complementary methods. In this study, we
technologies. [4],[5].[6] apply ML and DL techniques to predict the Young's
Enhancing the stiffness of glasses is one of the most modulus of the Calcium-Alumino-Silicate (CAS) glass
formidable tasks in the realm of physics. [3] Overcoming system, with and without cross-validation, and compare
this challenge necessitates the discovery of new glass the performance of the applied models. The CAS system
compositions with better-suited mechanical properties stands as one of the most extensively studied silicate
[71. [8]. glass-forming systems, both experimentally and through
However, this endeavour is exceedingly difficult simulation, owing to its unique optical and mechanical
due to the lack of an ordered crystalline structure and properties, which render it industrially relevant.[14],
fixed stoichiometry in  amorphous  materials, [15], [16].
compounded by their out-of-thermodynamic-equilibrium This paper is structured into three sections.
nature [9], which has a significant impact on the The first section focuses on the methodology of the
properties of glasses. learning algorithms applied to our dataset for predicting
In addition to traditional experimental and the Young's modulus.
simulation techniques, deep learning (DL) and machine The second section presents the results obtained and
learning (ML) have emerged as a popular method for their interpretations for each model.
predicting the mechanical properties of glasses[10], [11], Lastly, the concluding section summarizes the
[12]. Particularly when compared to Molecular findings.

Dynamics (MD) simulations, ML and DL methods offer
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2. METHODOLOGY

2.1 Data Set:

The data set used for prediction includes Young's
modulus values for a set of 231 different chemical
compositions  of (Ca0)y(Al;03),(Si0;);_x—y glassy
systems, with 0 <x <1, 0 <y < 1 incremented by 0.05
for both parameters, as depicted in the ternary diagram
shown in figure 1. To explain the input variables (or
features) of our data set, one should first explain the
chemical composition of the CAS glasses, which are
composed of Alumino-Silicates with Calcium cations to
form a ternary system CaO/Al,05/Si0,. Therefore, our
data set contains the concentrations (% mol) for the three
chemical compositions, with an increment of 5%. The
only output variable (or target) is Young's modulus E in
GPa. The 231 values of E were obtained from high-
throughput molecular dynamics simulations (DM) study
of CAS glasses by Yang and al[17]. The polymeric
structure of these glasses is based on the presence of an
aluminate and silicate tetrahedral network that shares
corners.
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Figure 1 Ternary diagram of the chemical composition
of CAS glasses obtained from high-throughput
molecular dynamics simulations by Yang and al [17]:
Visualization of the percentage concentration of silica,
alumina, and calcium oxide elements.

2.2 Learning Algorithms:

We implemented four supervised learning
algorithms on our data set: K-Nearest Neighbors (KNN),
Random Forest (RF), Polynomial Regression (PR), and
Multi-Layer Perceptron (MLP).

The data was divided into a training set (75%) and a test
set (25%) with a random splitting. The performance of
the models was evaluated based on this initial split.
Following the initial evaluation, we employed K-fold
Cross-Validation to assess the effect of cross-validation
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on each algorithm's performance. this technique further
divide the training set into sub-training and validation
sets[18], [19]. In this process, the training data was
divided into four equal-sized blocks, and during each
iteration, one block was used as the validation set, while
the other three blocks were used for training[18], [19],
[20]. The performance of the model was then evaluated
on the current validation set and the overall performance
was determined by combining the results from each
iteration.

This approach allowed us to observe how the
inclusion of cross-validation impacted the behavior and
performance of each algorithm.

It's important to note that the initial study involved
algorithms evaluated without cross-validation, with
performance assessment solely based on the initial
training and test split.

2.3 Data Evaluation:

In this work, we evaluate the performance of four
different learning algorithms: (KNN), (RF), (PR), and
(MLP). Our goal is to understand each model's behavior
and performance and to find the best hyperparameters
for each algorithm, this involves finding the number of
nearest neighbors, the number of trees, the polynomial
degree, and the number of neurons for KNN, RF, PR,
and MLP respectively. To evaluate the performance of
the different models, we use two metrics: the Root Mean
Squared Error (RMSE) (Eq.1), and the coefficient of
determination R? which is the squared correlation
coefficient (Eq.2). The model that offers the best
performance is the one with the lowest test RMSE and
an RZ close to 1 [21].

1 —~
RMSE = [-3L,(Y; — %) (1)
Correlation coefficient :
n ._7 A._:
R = — Zin(izR)(Fizh) @)

S (vi-F)2 S (7-F,)

Coefficient of determination = R?

Y,, Y, nY, Y, , are the measured (real) value of
observation i, the predicted value of observation i by the
model, the number of observations, the mean of the
measured (real) value of observation i, and the mean of
the predicted value of observation i by the model,
respectively.

3. RESULTS

3.1 K-Nearest Neighbors:

The KNN model uses the number of nearest
neighbors (k) as an important hyperparameter [22].
Fig.2(a) shows the RMSE values for the test and training
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sets as a function of k, with and without CV. For low
values of k, we observe that the RMSE of test set are
higher than that of training set, which indicate that the
model is overfitting to the training data and not
generalizing well to unseen data [23]. By increasing the
value of k, the RMSE of the training set increases and
the RMSE of the test set decreases until reaching a value
of k equal to 4. Beyond 4, we observed that the RMSE of
both the training and test sets increased, indicating that
the model is unable to fit the training data well enough to
offer good performance on the test data, which is known
as underfitting. In this model, the complexity varies
depending on several factors, including the number of
neighbors (k) considered for predicting a point, the
dimensionality of the space in which the data resides,
and the total number of points in the dataset. Regarding
the number of neighbors (k), the complexity of the KNN
model generally increases with k. This is because in
order to predict the class of a point, the model needs to
find the k nearest points in the data set, which can be
computationally expensive if k is large. However, a
value of k that is too small can also lead to insufficient
model performance [22], [23], [24], [25]. Indeed, we
found that k equal to 4 provides a minimum for the test
RMSE, which is 3.36 (GPa). Therefore, k equal to 4 is
the optimal value for this model. We now focus on
evaluating the accuracy of the KNN model using the
determination coefficient R2 for the test set, with and
without CV. Figure 2(b) shows that for k=4, the highest
R2 scores without cross-validation and with cross-
validation are respectively 0.96 and 0.94.
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(a) RMSE of the KNN model as a function of the
number of nearest neighbors as obtained for the training
and test set;

(b) The influence of the number of nearest
neighbors on the performance of the KNN model:
Comparison of the determination coefficients obtained
with and without CV.

3.2 Random Forest:

In this model, we focused on the effect of the
number of trees in a random forest on performance. The
results illustrated in Figure 3(a) demonstrate that the
RMSE for the test and training sets shows a small
variation with the number of trees, with and without CV.
No overfitting or underfitting is observed, which is due
to the simplicity of this model. We find 100 trees as the
optimal hyperparameter that provides a minimum RMSE
[20], [26] of 2.904 GPa for the test data. When
evaluating the accuracy of the (RF) model using the R2
determination coefficient for the test set, Figure 3(b)
shows that the highest scores are obtained when the
number of trees used is equal to 100. Using CV, the
score obtained is 0.933, while in the absence of CV, the
score obtained is 0.970. These results show that the use
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of CV has an impact on the model accuracy, but the
number of trees used remains an important factor in
achieving the best performance.
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Figure 3
(a) RMSE of the RF model as a function of
the number of trees as obtained for the training and test
set;
(b) Influence of the number of trees on
the performance of the RF model: Comparison of the
determination coefficients obtained with and without
CV.

3.3 Polynomial Regression:

We used the PR to train our data, selecting
polynomial degrees ranging from 1 to 10. Figure.4(a)
depicts the RMSE for both training and test data as a
function of polynomial degrees. The RMSE values for
training data are clearly lower than those for test data as
shown in Figure 4(a). For low polynomial degrees, the
high RMSE values for both sets indicate that the model
is too simple to accurately represent the relationship
between Young's modulus and the chemical composition
of CAS glasses, leading to underfitting. As the
polynomial degree increases, the RMSE values decrease
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until reaching a minimum value of 2.41 GPa for the test
data at degree 5. Beyond this point, the test RMSE
begins to increase again, which means the model has
overfit. Therefore, the optimal polynomial degree is 5,
which offers the best performance both with and without
CV Figure 4(b).
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(a) RMSE of the PR model as a function of the
polynomial degree for training and test sets;

(b) Influence of the polynomial degree on the
performance of the PR model: Comparison of
determination coefficients obtained with and without
CV.

34 Multilayer Perceptron:

This DL model based on neurons [27], [28], [29],
[30] consists of a single hidden layer with a number of
neurons ranging from 50 to 500, incremented by 50, and
a single output neuron. The activation function chosen
for the hidden layer is the "relu” function that returns
"f(x) = max (0, )" , the maximum between 0 and x [31].
Figure 5(a) shows the performance of the MLP model in
terms of RMSE for the training and test sets as a
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function of the number of neurons, with and without CV.
It is clear that the MLP model does not show notable
overfitting. When the number of neurons is 50, the
RMSE for the test data is at a minimum, which means
that 50 neurons is the optimal hyperparameter for this
model. When evaluating the performance of the MLP
model using the R2 determination coefficient for the test
set, Figure 5(b) shows that the highest scores are
obtained with 50 and 150 neurons respectively without
and with CV. The use of CV increased the model's
accuracy score from 0.975 to 0.987. These results
indicate that the number of neurons used and the use of
CV have a significant impact on the accuracy of the
MLP model.
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Figure 5
(a) RMSE of the MLP model as a function of
the number of neurons for training and test sets;
(b) The influence of the number of neurons on the
performance of the MLP model: Comparison of
determination coefficients obtained with and without
Cv.
4. DISCUSSION
In this section, we will discuss the results obtained
by different DL and ML algorithms with and without
CV. Tablel. presents the R? determination coefficient
values obtained for each algorithm on the test set, which
measures the algorithm's ability to predict unknown data
and thus the accuracy of the model. We found that the
KNN-algorithm offers an accuracy of 96% without CV
and 94% with CV. The RF-algorithm of Trees model
gives an accuracy of 97% without CV and 93% with CV.
The MLP and PR algorithms have a similar accuracy,
although the PR-algorithm has slightly higher accuracy
at 98.12% without CV. Finally, we observe that the
MLP-algorithm provides the highest accuracy with a CV
of 98.77%.

It is important to note that ML algorithms are
generally easier to understand and interpret than deep
neural networks, but the latter tend to give more accurate
results in many cases, such as image recognition[28]. It
is therefore important to choose the right type of
algorithm depending on the precision requirements. The
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KNN, RF, and PR machine learning models have better
performance without CV than with it. This may be due
to the small size of the used data set (231 samples) [32],
[33] which can reduce accuracy when CV is used. It is
also possible that the CV for training data is more
representative of the test data set, which can result in
better performance. However, for some algorithms such
as RF, the overfitting is not observed, which means it
can work without CV [32].

It is important to note that CV is a technique used to
evaluate the performance of models using sub-training
data that has not been used for training, but it is not
always necessary or beneficial for all models and data
sets. For DL models such as MLP, the performance is
usually better with CV due to the complexity of these
models[34].

Figures.6(a)-(b) show the predicted young’s
modulus (E) values by PR without cross-validation (with
a degree of 5) and by MLP with cross-validation (with
150 neurons) in comparison with the simulated young’s
modulus values by high-throughput molecular dynamics
simulations in (GPa), respectively. Therefore, these
models are the most effective and can ameliorate the
prediction of the relationship between the chemical
composition and young’s modulus of the CAS glass
system.

Table 1. Comparison of performance of different

learning algorithms: Coefficient of determination
obtained without and with CV for the entire test data for

each model
Algorithmes R2 (test)
d’apprentissage Sans CV Avec CV
KNN 0.960 0.946
RF 0.970 0.930
PR 0.981 0.980
MLP 0.975 0.984

Polynomial regression V5 DM simulation

R3(test)= 98,12 % (a)
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Figure 6 (a) Comparison between the predicted Young’s
modulus values by PR (degree = 5) without cross-
validation and those calculated by molecular dynamics
simulations
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Figure 6 (b) Comparison between the predicted young’s
modulus values by MLP with cross-validation (number
of neurons = 150) and those calculated by molecular
dynamics simulations.
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5. CONCLUSION

Overall, this paper examines how artificial
intelligence approaches can be used to discover and
predict new mechanical properties of glasses (Young’s
modulus) without relying on computer simulation
techniques based on numerical calculations. The learning
algorithms are flexible and easy to use.

Upon application to our dataset, the MLP algorithm
with cross-validation exhibits the highest performance.
Conversely, the PR algorithm achieves optimal results
without cross-validation, specifically with a polynomial
degree of 5. This disparity in performance highlights an
interesting observation regarding the impact of cross-
validation on machine learning algorithms compared to
deep learning algorithms. The simplicity of the machine
learning algorithms appears to render them less sensitive
to the effects of cross-validation, whereas deep learning
algorithms may benefit more significantly from such
validation techniques. This distinction underscores the
nuanced relationship between model complexity,
algorithmic simplicity, and the efficacy of cross-
validation methodologies in optimizing predictive
performance.

However, further applications of ML and DL
algorithms are required to examine different types of
silicate glasses (binary and ternary) in order to reach a
general conclusion on the use of these methods in
predicting the properties of glassy materials.
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