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Abstract: This research explores the use of data-driven modelling approaches to predict the stability and flow
behaviour of bituminous concrete mixtures incorporating polyethylene terephthalate (PET) waste as a modifier. A total
of 35 unique mix combinations were produced via the dry-mixing technique, varying both PET and bitumen contents,
and tested in accordance with MoRTH and ASTM D1559 protocols. Three predictive frameworks, Multiple Linear
Regression (MLR), Artificial Neural Networks (ANN), and Random Forest (RF), were developed using a 66:34 train-
test data split. Model performance was assessed through the coefficient of determination (R?), mean absolute error
(MAE), and root mean square error (RMSE). For stability estimation, RF achieved an R? of 0.9886 on the training set
and 0.7902 on the test set, while ANN delivered 0.9916 and 0.9459, respectively. MLR provided a reliable yet lower
R? of 0.8683 for the training data. Similar performance patterns were noted for flow value predictions. Although RF
demonstrated superior accuracy during training, ANN showed better generalization on test data. MLR remained
consistent and interpretable across both datasets. The findings demonstrate the effectiveness of machine learning in
streamlining laboratory processes and enhancing the design of PET-modified asphalt mixes, contributing to
environmentally sustainable pavement engineering.
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1. Introduction

Bituminous concrete is commonly used for the wearing course of flexible pavements. The stability value
of bituminous concrete mixes increases with the incorporation of low-density polythene in a partial replacement
of coarse aggregates. It was found that the modified mixes had less creep stiffness and more indirect tensile
strength than the conventional mix (Xing et al., 2023). Under real-world field conditions, the durability and mois-
ture susceptibility of amended bituminous mixtures improved with the addition of a plastic polymer (Nasir et al.,
2022). The behaviour of waste plastic in bituminous concrete mixtures containing Portland cement as filler and
polyethylene terephthalate waste plastic as a modifier improves the mechanical properties using dry techniques
(Muhammad et al., 2021). The rutting resistance of the modified waste plastic mixes was higher than that of
the conventional mix (Radwan et al., 2022; Sangeeta et al., 2011). Mechanical properties of bituminous concrete
mixes improve initially up to a certain extent, and the optimum quantity of PET was found to be 10% by weight
of optimum bitumen content, which fulfills the requirement of mechanical properties for modified mixes using
waste plastic as per IRC: SP:98-2013 specifications mix (Saini et al., 2025; Saini et al., 2019). Stability and
the indirect tensile strength of bituminous concrete mixes increase by up to 29% compared to a conventional mix
at 6% plastic content. The tensile strength ratio was likewise higher than that of conventional mixes with the
addition of waste plastic (Yildiz and Atakanal, 2020). Bituminous concrete mixes can benefit from the use of
polyethylene terephthalate as a modifier (Amoni et al., 2022). Optimum bitumen content for the semi-dense bi-
tuminous concrete mix using conventional aggregates was observed as 5.42%, whereas it was 5.24% for waste
plastic-coated aggregate, resulting in a saving in bitumen content. The optimum quantity of waste plastic was
observed to be 10% of the optimum bitumen content. The significant increase in the stability value indicates
an improvement in the properties of the mix due to the plastic coating over the aggregate mix (Mistry & Roy.,
2021; Jablonska et al., 2011; Amardeep Boora, Kavita Rani et al., 2023).

A model created with specific entities can be properly explained and shared with others to help them con-
duct their study on the right track. Because the accuracy, quality, and quantity of data provided determine
amodel's effectiveness, gathering the appropriate data in the right quantities is critical to modelling. Data
modelling can be done in a variety of ways. These approaches are compared based on their accuracy in
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forecasting results, training duration, and error rate. Bituminous mix is traditionally designed based on previ-
ous experiences. Several trials on the mix proportion can yield a regular bituminous mix with all the required
properties. However, because there are so many variables to adjust in a desired bituminous mix, empirical
methods do not appear sufficient for mix design. Data mining techniques can be extremely useful in resolving
the issue. Computational approaches and artificial intelligence applications have benefited all sectors of sci-
ence and research in recent years. Data modelling, as in other domains, can be used to create bituminous mixes.
It entails establishing a link between dependent and independent variables. The most significant properties of
bituminous mix are stability and flow. Predicting the stability and flow value of bituminous mix can help
manage the material's quality. Stability and flow are closely related to the actual values, and the ANFIS's
predictive ability is suitable for obtaining these values by avoiding the expensive, time-consuming, and repet-
itive laboratory test mix (Mistry & Roy, 2020; Merve et al., 2017). Fuzzy logic and artificial neural networks:
the Marshall Stability model for asphalt concrete gives significant values. mix (Ozgan., 2009; Ozgan., 2010;
Ozgan., 2011). The established NN model can be utilised to forecast viscosity values for different types of
CRM binders accurately. Sensitivity analysis of input factors revealed that changes in viscosity are as im-
portant as changes in asphalt binder grade, test temperature, and rubber content (Chaira & Veranita, 2020).
A strong correlation (r = 0.961) is observed between the Marshall Stability Value and Indirect Tensile Strength
for PET-modified mixes. Hence, the application of plastic waste (PET) in flexible pavements is an environ-
mentally friendly solution for the disposal of non-biodegradable plastic waste, along with improvements in the
mechanical properties of bituminous mixes (Thodesen et al., 2009). The use of waste plastic in flexible pavement
can reduce the need for bitumen, promoting sustainable construction (Kumar et al., 2022).

The sensitivity analysis and essential indices of input variables in ANN models showed that the rheological
characteristics of asphalt binders can be used to efficiently forecast resilient modulus values at various testing
temperatures (Xiao & Amirkhanian, 2008). Fuzzy logic and statistical methods can be used to predict the sta-
bility of asphalt concrete under various freezing and thawing conditions (Ozgan, 2010). An Artificial Neural
Network (ANN) and a Least Squares Support Vector Machine (LS-SVM) predict Marshall Characteristics,
including stability, flow value, and air gaps. Compared with the LS-SVM model, the NN-based model is shown
to be more compact, reliable, and predictable (Khuntia et al., 2014; Jayachandran et al., 2024; Kurzekar et al.,
2024; Wagh et al., 2025). Despite the substantial body of research on the use of polyethylene terephthalate
(PET) in bituminous concrete and the growing integration of machine learning techniques into material-pre-
diction models, a clear synthesis of these domains for optimizing stability and flow properties is lacking. A ma-
jority of the literature has either tested PET-modified mixes empirically or applied data-driven models in iso-
lation, without a sound comparative analysis. Moreover, few studies have examined the predictive accuracy of
multiple regression, artificial neural network, and random forest models using a similar dataset in PET-modi-
fied mixes. This poses an essential research gap: evaluating which modelling method provides the most cred-
ible predictions of the mechanical behaviour of PET-modified bituminous concrete and which are the most
general. The current paper fills this gap by systematically comparing these models and defining tested corre-
lations between mix design variables and performance measures, with the purpose of reducing the number of
experiments conducted while increasing predictive consistency to the maximum. The primary goal of this
study is to reduce laboratory activities to support sustainable development, thereby reducing time and costs.
To meet this demand, a predictive model of the required results is needed.

When elaborating the literature review, care was taken to incorporate the fundamental works on the subject,
as well as recent work on PET modification in bituminous mixes and data modelling processes. Some sources
can be listed more than once, but this repetition was indispensable to emphasize their versatile nature: mechan-
ical performance improvement, mix optimization, and environmental influence. For example, papers such as
Saini et al. (2025) not only present empirical evidence of PET-modified mixes but also comment on material
savings, which is why it is worth repeating. Moreover, the work by Ozgan (2009) cuts across various modelling
methods, such as fuzzy logic and artificial neural networks, in various environmental circumstances. To make
it clearer, the unique functions of these researches have been expounded where necessary throughout the paper.
This method will yield an interdisciplinary perspective on the research.

2. Objectives of the Study

The main aim of this research is to develop precise and valid predictive analytical models for assessing
the stability and flow profile of PET-modified bituminous concrete blends. It is done by using three popular
data modelling algorithms: Multiple Linear Regression (MLR), Artificial Neural Networks (ANN), and Ran-
dom Forest (RF). The study aims to:

i.  Reduce the laboratory work and costs associated with traditional mix design methods. Ensure strong
associations between the mix design variables and the mechanical properties.
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ii.  Compare the predictive accuracy of MLR, ANN, and RF models on the same dataset. Test the developed
models on training and test data to ensure they are reliable and generalize well.

iii.  Encourage sustainable pavement construction by incorporating plastic waste into bituminous mixtures
using data.
3. Methodology

Marshall Specimens were cast with 1200 g of material (coarse aggregates, fine aggregates, and filler) in
the desired gradation as per MORTH Specifications, as shown in Figure 1 (MoRT&H, 2013). The bitumen
concentration ranged from 5.0 percent to 5.8 percent (with a 0.2 percent increment). Aggregates and bitumen
were heated separately to 150°C and 170 °C, respectively. The materials were then mixed to create a homoge-
neous mixture, and the filler was added once the bitumen was properly coated over the aggregates. Hydrated
lime was added at the end of the mixing process to regulate the voids in the mixture. At 160°C, the mixture
was stirred until homogeneous. The mixture was poured into a Marshall Mould with a diameter of 10.16 cm
and a height of 7.5 cm. With 75 hammer blows, the mould was compressed in the Marshall Compaction ped-
estal. The sample was inverted and compressed with the same number of blows on the opposite side. The collar
and base plate were removed after compaction. After allowing the sample to cool to ambient temperature,
it was extruded using a sample extractor (ASTM D-1559, 2004). The specimens for modified mixes were
prepared using the dry process as per the flow chart given in Figure 2 (IRC-SP:98, 2013).
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Fig. 1. Gradation of bituminous concrete (Grade — II) mix
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Three commonly used techniques for data modelling, namely multiple linear regression, artificial neural
network, and random forest, are used in the present research work. Bitumen percentage, PET content, bulk
density (Gm), theoretical density (Gy), and volume of bitumen (Vb) were used as input variables, whereas sta-
bility and flow were output variables. Specifically, these terms represent critical independent variables that
influence the volumetric and mechanical properties of bituminous mixes, thereby significantly affecting the
performance of PET-modified bituminous concrete mixes.

G (Specific Gravity of Aggregate Mix):

The specific gravity of the aggregate mix (Gn) directly influences the density, compaction characteristics, and
overall volumetric behaviour of the bituminous concrete. Variations in aggregate specific gravity affect the
void content, hence impacting the stability and durability of the mix.

Gt (Specific Gravity of Bitumen):

The specific gravity of bitumen (Gt) plays a key role in calculating the appropriate binder percentage required
to achieve the expected mechanical properties and durability. It influences the efficiency of asphalt coating of
the aggregates, the adhesion, and, as a result, the stability and the flow properties of the mixture.

Vi (Volume of Bitumen):

The amount of bitumen (Vy) is the amount of binder being added to the mix, and it directly affects the binder
cohesiveness, flex and deformation resistance of the mix. Optimizing Vb ensures the mix is neither too stiff
nor too flexible, and that it has sufficient strength and durability. These parameters were chosen based on
previously tested literature and industry standards, as they are directly associated with the overall performance
of bituminous concrete mixes (stability and flow characteristics). Data analysis was performed for 23 mixes
(2/3 of the 35 mixes in total), selected at random from the 35 mixes of interest. The remaining 12 mixes served
as validation data for the multiple linear regression technique. During the model development stage, the 35 mix
designs were thoroughly checked for inconsistencies or aberrant behaviour. There were no points dropped;
however, some mixes (like BC5.0-P4 and BC5.2-P12) showed comparatively large prediction errors in more
than one model (especially in flow), which could suggest that they possess outlier properties. However, no
formal statistical outlier detection methods (e.g., Cook's distance, leverage plots were applied, primarily due
to the limited dataset size. Rather than excluding these data points, they were retained intentionally to preserve
the dataset's variability and ensure the models learned from a realistic range of conditions. The impact of these
influential data points was captured in the error analysis tables and visualized in percentage error plots. In fu-
ture work, we plan to incorporate formal outlier diagnostics and influence analysis, especially when larger
datasets become available, to better understand their effect on model stability and generalization.

4. Result Analysis

4.1. Multiple Linear Regression Modelling

The simplest and most effective data-handling and numerical-prediction technique is multiple linear regres-
sion. MLR analysis generates numerous linear models based on simple equations built between input and
output parameters. In all disciplines of science and technology, the method has been widely acknowledged as
a foundation for more complicated learning programmes. Equations 1 & 2 were developed to predict the sta-
bility and flow value of bituminous concrete mixes.

Stabilitygcy = +19.0438 X Bitumen + 0.0020 X PET + 127.2193 X G, — 95.0365 X G, — 12.0272 xV, (1)

Flow(gcy = —1.8069 X Bitumen + 0.0200 X PET + 4.2272 X Gy, + 3.1262 X G, + 0.9211 X V,, )

Table 1. Summary of statistical parameters of training for stability and flow using a multiple linear regression model

Propert Mix Coefficient Mean Squared Error Root Mean Square Error
perty of Correlation (MSE) (RMSE)
Stability Bituminous Concrete 0.8683 0.6590 0.8120

Flow Bituminous Concrete 0.9439 0.0150 0.1210
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Table 1 shows a strong relationship between the independent input variables and the corresponding output
variables (stability and flow), as indicated by the correlation coefficients

4.1.1. Graphical Representation of MLR Performance

To further support the MLR model's statistical performance, graphical illustrations have been incorporated.
Scatter plots comparing observed and predicted values for both stability and flow provide visual confirmation
of the model's goodness of fit. Also, residual plots show the distribution of prediction errors, and this data will
help identify any systematic bias or patterns. These graphical representations are used in addition to the nu-
merical measures (e.g., R2, RMSE) and can enhance the readability of the model's predictive ability. Figure
3(a) reveals the experimentally measured values of stability of each mix of PET-modified bituminous concrete
against the values proposed by the Multiple Linear Regression (MLR) model. This plot evaluates the MLR
model's ability to predict the case's stability using the choice of input parameters (e.g., specific gravity of
aggregate, specific gravity of bitumen, and volume of bitumen).
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Figure 3(b) illustrates a similar comparison between observed and MLR-predicted flow values. To verify
the effectiveness of the regression model in predicting flow characteristics of PET-modified mixes.
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Figure 3¢ shows the residual plot, which illustrates the difference between observed and predicted stability
values (residuals) as a function of the predicted stability values from the Multiple Linear Regression (MLR)
model. The primary goal of this plot is to visually examine whether the assumptions of linear regression,
particularly homoscedasticity (constant variance) and linearity, are satisfied.

Figure 3(d) shows the Residual Plot for Flow Values (MLR). This residual plot shows the difference be-
tween observed and predicted flow values (residuals) plotted against the predicted flow values obtained from
the Multiple Linear Regression (MLR) model.

This discussion investigates the behaviour of bituminous concrete mixes through observation, testing, and
estimation using Equations 1 and 2 for stability and flow, and through a multiple linear regression (MLR)
model. It will determine the mixes with the best predictions and those with the largest deviations, which can
be used to optimize the mix design further. The data set is a mixture of different label combinations, denoted
as BC5.0-P0, BC5.0-P4, BC5.0-P8, and likely so on. The expected and observed stability and flow values were
used to train. Stability error is not the same across all mixes, and some are more devious than others. There are
significant deviations in the mixes that include BC5.0-PO and BC5.0-P4, and the errors exceed acceptable
margins. Stability errors are lower than those of mixes like BC5.0-P12 and BC5.0-P6 and show greater
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consistency in being better predicted by the model. Flow errors are also typically smaller than stability errors,
indicating that flow characteristics are better predicted. The deviations observed in the mixes, such as BC5.0-P0
and BC5.0-P4, are significant, and most of the other mixes exhibit relatively low flow errors. Lower-stability
error mixes tend to have higher flow errors, suggesting a relationship between the two measures. The discus-
sion shows that the multiple linear regression model has a fair share of accuracy when it comes to forecasting
most mixes, yet there are mixes that show a greater error in deviation. Specialized optimization work should
be implemented for mixes like BC5.0-P0 and BC5.0-P4, which consistently show greater errors in stability
and flow predictions. This model may also be optimized in the future through the addition of more parameters
or the incorporation of different predictive modelling methods.

Table 2. Observed and predicted stability and flow using multiple linear regression (validation)

Stability Flow
Mix % Error % Error
Observed Predicted Observed Predicted
BCs-Pg 17.21 18.46 -7.27 3.23 3.35 -3.59
BCs,-Pia 16.98 17.53 -3.21 3.39 3.35 1.25
BCs,-Py 16.98 16.83 0.86 3.29 3.28 0.26
BCs,-Pg 18.78 18.20 3.09 3.54 3.54 -0.11
BCs.2-Pi2 18.77 18.25 2.79 3.96 3.57 9.97
BCs4-Po 16.99 15.79 7.07 3.65 3.57 2.20
BCs4-Ps 18.78 18.29 2.61 3.70 3.53 4.61
BCs¢-Ps 16.98 17.10 -0.70 3.73 3.69 0.94
BCs4-Ps 17.87 18.18 -1.72 4.04 4.03 0.18
BCs6-Pi2 18.76 19.15 -2.11 4.10 4.09 0.27
BCss-Pio 18.78 18.31 2.49 3.96 3.93 0.75
BCss-Pis 17.46 18.61 -6.60 4.05 4.18 -3.16
BC5.0-P14 | 3.2 1.2 8
BC5.2-P4 |+ 0.86 0.26 p
BC5.2-P8 F 31 -0.11
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Fig. 4. Percentage error between observed and predicted values for stability and flow (validation)
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Observed and predicted stability and flow values for bituminous concrete mixes used for validation are
given in Table 2. The darker shades, as reported in Figure 4, reflect greater deviations between observed and
predicted values. BCso-Ps and BCs»-P1, exhibit significant inaccuracies in predicting stability and flow. Small
Values of error: Light colours imply that the observed and predicted values are closely related. Mixes, includ-
ing BCs,-P4 and BCs»-Ps, have low error rates and report positive prediction accuracy. Comparative Perfor-
mance: As with the training data, there is a clear correlation: cases with higher stability errors are associated
with higher flow errors.

4.1.2. Interpretation of MLR Performance on Limited Dataset

Although the Multiple Linear Regression (MLR) model yielded correlation coefficients of 0.8683 with
stability and 0.9439 with flow, both of which are not considered significant, they remain acceptable given
the small training sample (n = 23). The main goal in applying MLR was not to increase accuracy but to produce
a baseline, interpretable model that could be compared to more complex methods like ANN and RF. MLR
provides information about linear dependencies between input and output parameters, which may be especially
effective in the practical work of civil engineers to make predictions transparent and explainable. The model
has shown stable performance on both the training and validation sets, although with low R-values, indicating
that it would be stable and unlikely to overfit compared to other methods. With larger datasets, the performance
is expected to improve, and this direction is planned for future studies.

4.2. Artificial Neural Network Modelling

Research on the human brain inspired a model based on artificial neural networks to anticipate outcomes
from prior experience, without predetermined knowledge of underlying physical correlations. Training
an ANN model on fed input parameters is required to establish the functional relationship between the input
and output parameters. Each input parameter is assigned a weight, and weighted vectors are used to build
a network that is as close as possible to the output value. ANNs can learn and anticipate outcomes even when
input data is inadequate or contains errors, making them an effective machine learning method across all do-
mains of research. ANNs are essentially rudimentary representations of biological brain networks. ANNs are
a technology that can be used to solve problems for which no known solution algorithm exists. Artificial neural
networks are data-driven, multi-layered, and trainable systems. An optimal number of nodes in the hidden
layer is used to construct an artificial neural network model using a back-propagation neural network-based
modelling algorithm. The ANN model was created using Weka 3.9.3. The user-defined parameters, as defined
in Table 3, utilised to create the ANN models, were kept the same for the stability and flow values. The statis-
tical parameters shown in Table 4 indicate the goodness of fit between the observed and predicted values of
stability and flow. Tables 5 and 6 give the % error between observed and predicted stability and flow values
for the training and validation datasets. The pictorial representations of the selected neural networks in Figures
4 and 5 show a layered structure with interconnected nodes representing neurons and weighted connections
representing the flow of information.

Table 3. User-defined parameter in an artificial neural network for stability and flow

Learning Rate (L) Momentum (M) Training Time (N) Hidden Layer (H)
0.2 0.1 2000 10

Table 4. Artificial neural network statistical parameters for stability and flow

Propert Data Sets Coefficient Mean Absolute Root Mean Square
perty of Correlation Error (MAE) Error (RMSE)
. Training 0.9916 0.1573 0.1922
Stability -
Testing 0.9459 0.3129 0.3685
Training 0.9968 0.0211 0.0278
Flow

Testing 0.7992 0.1373 0.1779
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Table 5. Observed and predicted stability and flow using an artificial neural network (training)

Stability Flow
Mix % Error % Error
Observed Predicted Observed Predicted
BCs,0-Po 15.82 15.58 1.52 3.10 3.10 0.00
BCs,0-P4 16.11 16.04 0.43 3.34 3.32 0.60
BCs,0-Ps 17.86 17.68 1.01 342 3.44 -0.58
BCs.o-Pio 18.76 18.79 -0.16 3.62 3.63 -0.28
BCs.o-Pi2 17.87 17.88 -0.06 3.29 3.25 1.22
BCs,-Po 16.11 16.27 -0.99 345 3.46 -0.29
BCs-Ps 17.87 17.93 -0.34 3.62 3.59 0.83
BCs2-Pio 19.68 19.31 1.88 347 3.46 0.29
BCs2-Piy 17.88 17.82 0.34 3.87 3.89 -0.52
BCs4-Py 17.88 17.82 0.34 3.93 3.93 0.00
BCs.4-Ps 19.67 19.54 0.66 4.16 4.13 0.72
BCs.4-Pio 20.55 20.37 0.88 3.99 3.95 1.00
BCs.4-Pi2 19.67 19.89 -1.12 3.82 3.81 0.26
BCs.4-Piy 19.32 19.45 -0.67 3.92 3.93 -0.26
BCs6-Po 16.11 16.15 -0.25 4.00 4.00 0.00
BCs.6-Ps 18.77 18.34 2.29 4.17 4.14 0.72
BCs6-Pio 19.64 19.72 -0.41 4.08 4.12 -0.98
BCs6-Pig 17.87 17.93 -0.34 4.02 4.00 0.50
BCss-Po 15.22 15.45 -1.51 4.03 4.04 -0.25
BCs5-Py 16.11 16.35 -1.49 4.06 4.06 0.00
BCss-Ps 16.99 16.69 1.77 4.17 4.12 1.20
BCss-Ps 17.88 17.73 0.84 4.22 4.14 1.90
BCss-Pi2 17.89 18.07 -1.01 4.09 4.10 -0.24

Table 6. Observed and predicted stability and flow using an artificial neural network (validation)

Stability Flow
Mix % Error % Error
Observed Predicted Observed Predicted
BCs.0-Ps 17.21 16.52 4.01 3.23 3.34 -3.41
BCs0-Pi4 16.98 16.61 2.18 3.39 3.63 -7.08
BCs,-Py 16.98 17.24 -1.53 3.29 3.55 -7.90
BCs2-Ps 18.78 19.05 -1.44 3.54 3.60 -1.69
BCs2-Pia 18.77 18.81 -0.21 3.96 3.54 10.61
BCs.4-Po 16.99 16.77 1.29 3.65 3.51 3.84
BCs.4-Ps 18.78 18.67 0.59 3.70 3.79 -2.43
BCs6-Py 16.98 16.43 3.24 3.73 3.84 -2.95
BCs6-Ps 17.87 17.54 1.85 4.04 4.09 -1.24
BCs6-Pi2 18.76 18.97 -1.12 4.10 4.08 0.49
BCss-Pio 18.78 18.19 3.14 3.96 3.82 3.54

BCs5-Pig 17.46 17.57 -0.63 4.05 4.04 0.25
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4.2.1. Model Design Justification and Future Improvements

The Artificial Neural Network (ANN) model was designed with a single hidden layer of 10 neurons and
trained via back-propagation in Weka 3.9.3. The hyperparameters (learning rate 0.2, momentum 0.1, and 2000
training cycles) were selected through tuning to balance training accuracy and convergence while avoiding
excessive computation time. Although the model performed very strongly in terms of correlation coefficient
(R? = 0.9916 on the training data (stability) and R? = 0.9968 on the training data (flow), we also recognize
the decline in validation performance (stability R? = 0.7992 and flow R* = 0.9968), which might be a result of
over fitting due to the limited number of samples (23 training samples). The main reason ANN was introduced
was the possibility of investigating non-linear dependencies and the opportunity to compare its performance
with other models that are more interpretable, such as MLR or ensemble algorithms, such as RF. Nevertheless,
cross-validation, early stopping, and dropout regularization can be used to increase the model's generalizabil-
ity, and these methods are suggested for future studies. Moreover, sensitivity and feature importance analyses
were not presented in this study; thus, the study could be enhanced in terms of interpretability. Future devel-
opments will include significance assessment of input variables (e.g., the algorithm of Garson or permutation
importance) to identify the most important parameters that predict stability and flow results. This would in-
crease the rigor of science and assist in the practical determination of the design optimization of the mix design.
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4.2.2 Hyperparameter Selection Approach

The hyperparameters for both the ANN and Random Forest (RF) models were selected through a manual, trial-
and-error tuning approach rather than a fully systematic grid or randomized search. For the ANN, user-defined
values such as a learning rate of 0.2, a momentum of 0.1, and 2000 training epochs were adjusted iteratively
in the Weka 3.9.3 environment to balance model convergence and performance without overfitting. The hidden
layer size was optimized to 10 neurons based on preliminary experiments showing minimal RMSE and high R

4.3. Random Forest Modelling

Random forest (RF) is a classification and regression method that uses a set of tree predictors, each of
which is constructed using a random vector sampled separately from the input vector. In regression, the tree
predictor uses numerical values instead of the random forest classifier's class labels. In the current work, ran-
dom forest regression was utilised to create a tree by employing specified variables at each node. A random
forest model with user-defined parameters, as mentioned in Table 7, was utilised to build the model. The sta-
tistical parameters shown in Table 8 indicate the goodness of fit between the observed and predicted stability
and flow values using random forest modelling.

Table 7. User-defined parameter for stability and flow

Property Num features (K) Num iteration (I)
Stability 4 90
Flow 3 70

Table 8. Random forest modeling statistical parameters for stability and flow

Propert Data Sets Coefficient Mean Absolute Root Mean Square
perty of Correlation Error (MAE) Error (RMSE)
. Training 0.9886 0.2683 0.3156
Stability .
Testing 0.7902 0.3648 0.4993
Training 0.9902 0.0366 0.0473
Flow .
Testing 0.8344 0.1242 0.1657
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Fig. 7. Performance metrics for stability and flow
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Figure 7 visualizes the performance metrics (Coefficient of Correlation, MAE, and RMSE) for Stability
and Flow across Training and Testing datasets. High correlation during training (0.9886) but significantly
reduced during testing (0.7902). Consistently high correlation, although it drops from training (0.9902) to
testing (0.8344). Stability: Lower error in training (0.2683) compared to testing (0.3648). Flow: Very low error
in training (0.0366), increasing to (0.1242) during testing. Low during training (0.3156), but higher during
testing (0.4993). Flow: Low during training (0.0473) with an increase during testing (0.1657). Observed and
predicted stability and flow values for bituminous concrete mixes using random forests are shown in Table 9,
and the percentage error between observed and predicted values for stability and flow during training is shown

in Figure 8.

Table 9. Observed and predicted stability and flow using random forest (training)

Stability
Mix % Error % Error
Observed Predicted Observed Predicted
BCs,0-Po 15.82 16.05 -1.45 3.10 3.22 -3.87
BCs,0-P4 16.11 16.68 -3.54 3.34 3.89 -16.47
BCs.0-Ps 17.86 18.12 -1.46 342 3.46 -1.17
BCs.o-Pio 18.76 18.57 1.01 3.62 3.53 2.49
BCs.o-Pi2 17.87 18.17 -1.68 3.29 3.30 -0.30
BCs,-Po 16.11 16.37 -1.61 345 343 0.58
BCs»-Pg 17.87 17.87 0.00 3.62 3.55 1.93
BCs2-Pio 19.68 19.29 1.98 347 3.51 -1.15
BCs2-Piy 17.88 18.45 -3.19 3.87 3.90 -0.78
BCs4-Py 17.88 17.60 1.57 3.93 3.94 -0.25
BCs.4-Ps 19.67 19.39 1.42 4.16 4.09 1.68
BCs.4-Pio 20.55 20.17 1.85 3.99 3.95 1.00
BCs.4-Pi2 19.67 19.49 0.92 3.82 3.89 -1.83
BCs.4-Piy 19.32 19.29 0.16 3.92 3.93 -0.26
BCs6-Po 16.11 16.30 -1.18 4.00 4.04 -1.00
BCs.6-Ps 18.77 18.96 -1.01 4.17 4.15 0.48
BCs6-Pio 19.64 19.65 -0.05 4.08 4.08 0.00
BCs6-P1g 17.87 18.17 -1.68 4.02 4.01 0.25
BCss-Po 15.22 15.77 -3.61 4.03 4.04 -0.25
BCs5-Py 16.11 16.67 -3.48 4.06 4.1 -0.99
BCss-Ps 16.99 17.21 -1.29 4.17 4.15 0.48
BCss-Ps 17.88 18.00 -0.67 422 4.20 0.47
BCss-Pio 17.89 18.03 -0.78 4.09 4.10 -0.24
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Fig. 8. Percentage error between observed and predicted values for stability and flow (training)

Several mixes show minimal error rates for both stability and flow, indicating good predictive accuracy
of the model. For example, mixes like BCs ¢-Py and BCs -Pg have low errors in both stability and flow predic-
tions. Some mixes, particularly BCso-P4, show high errors, especially in flow prediction (-16.47%). Such high
errors suggest that the model may struggle to accurately predict certain mixes, likely due to complexity or in-
sufficient training data. The model appears to be performing well across most mixes, but a few outliers show
higher errors. Errors are generally more pronounced in flow prediction than stability prediction. Observed and
predicted stability and flow value of bituminous concrete mixes using random forest (validation) are shown in
Figure 9 and Table 10.

Table 10. Observed and predicted stability and flow using random forest (validation)

Stability Flow
Mix % Error % Error
Observed Predicted Observed Predicted
BCs.0-Ps 17.21 17.36 -0.87 3.23 341 -5.57
BCs0-Pi4 16.98 18.25 -7.48 3.39 3.53 -4.13
BCs,-Py 16.98 17.00 -0.12 3.29 3.54 -7.60
BCs,-Ps 18.78 18.86 -0.43 3.54 349 1.41
BCs»-Pi2 18.77 18.93 -0.85 3.96 3.55 10.35
BCs4-Po 16.99 16.75 1.41 3.65 3.53 3.29
BCs4-Ps 18.78 18.23 2.93 3.70 3.70 0.00
BCs6-P4 16.98 16.90 0.47 3.73 3.89 -4.29
BCs¢-Pe 17.87 17.68 1.06 4.04 4.06 -0.50
BCs6-Pi2 18.76 18.31 2.40 4.10 4.15 -1.22
BCss-Pio 18.78 18.13 3.46 3.96 4.05 -2.27

BCs5-Pi4 17.46 18.00 -3.09 4.05 4.08 -0.74
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Fig. 9. Percentage error between observed and predicted values for stability and flow (validation)

The error rates in most mixes are low, indicating good predictive accuracy, as shown in Figure 9. It is im-
portant to note that mixes BC5.0-P6 and BC5.2-P4 produce very few errors in flow and stability prediction.
Certain mixes, especially BC5.2-P12 and BC5.2-P6, exhibit elevated errors in Flow prediction. The large num-
ber of errors would indicate problems with accurately forecasting some of the mixes, probably due to the
complexity of the characteristics or to the model acting as a constraint. In general, this model works well with
most mixes but struggles in some specific cases, especially in Flow prediction. In the case of the RF model,
it was also set by hand, where the number of iterations (trees) and the number of features (K) were 90 and 70,
respectively in the case of stability and flow respectively, with 4 and 3 as the number of features (K) depending
on prior knowledge of the domain and initial trial results. Although this strategy was satisfactory, we also
recognize that stricter hyperparameter optimization algorithms, such as grid search, random search, or Bayes-
ian optimization, in conjunction with cross-validation, would likely lead to better model stability and extrapo-
lation. These are the strategies referred to in the future of work.

4.3.1. Model Overfitting and Mitigation Strategies

The Random Forest (RF) model was also highly effective on the training dataset (R2 = 0.9886 was used
to assess model stability, and R2 = 0.9902 flow), but the accuracy significantly decreased during validation
(R?=0.7902 and 0.8344, respectively). This training performance-testing performance gap is one possible sign
of overfitting that can be explained by the rather small range of data and default parameter choices. To reduce
these problems, in future research, cross-validation will be used, and extensive hyperparameter optimization,
including varying the number of trees (estimators), tree depth, and minimum sample split thresholds, will be
employed. Moreover, ensemble averaging and feature selection techniques can be considered to enhance gen-
eralization with minimal impact on model interpretability.

4.3.2. Comparative Evaluation of Predictive Models

To enable a direct comparison of model performance, Table 11 summarizes the major statistical indicators
for Multiple Linear Regression (MLR), Artificial Neural Network (ANN), and Random Forest (RF). The table
shows the comparisons of the coefficient of correlation (R*), mean absolute error (MAE), and the root mean
square error (RMSE) when using the training and testing datasets. The findings indicate that although RF and
ANN are more accurate during training, RF, in turn, exhibits overfitting, leading to a significant decrease in
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validation accuracy. MLR, albeit with lower training accuracy, shows relatively lower variability in perfor-
mance on both datasets, which indicates a higher rate of generalization in the smaller dataset. The comparison
highlights the importance of model selection, which depends on dataset size and prediction stability.

Table 11. Comparative Evaluation of Predictive Models

Model Dataset R?(Correlation Coefficient) MAE RMSE
Training 0.8683 (Stab), 0.9439 (Flow) 0.6550*  0.8120 (Stab), 0.1210 (Flow)
MLR -
Testing ~0.80 (est.) _ _
ANN Training 0.9916 (Stab), 0.9968 (Flow) 0.1573 0.1922 (Stab), 0.0278 (Flow)
Testing 0.9459 (Stab), 0.7992 (Flow) 0.3129 0.3685 (Stab), 0.1779 (Flow)
RF Training 0.9886 (Stab), 0.9902 (Flow) 0.2683 0.3156 (Stab), 0.0473 (Flow)
Testing 0.7902 (Stab), 0.8344 (Flow) 0.3648 0.4993 (Stab), 0.1657 (Flow)

4.3.3. Error Trends and Mix-Specific Performance Across Models

The comparison of prediction errors across MLR, ANN, and RF models reveals insightful trends. Artificial
Neural Network (ANN) consistently yielded the lowest prediction errors during training, demonstrating strong
learning capability for both stability and flow. However, during validation, the ANN showed higher deviations
in certain mixes—particularly in flow predictions for BC5.2-P12 and BC5.0-P14 — suggesting sensitivity to
small variations in mix composition.

Random Forest (RF) achieved the highest accuracy in training but demonstrated overfitting during testing,
with errors increasing significantly for mixes such as BCs >-P12 and BCs o-P14, especially for flow. The Multiple
Linear Regression (MLR) model, although less accurate in raw error metrics, showed more consistent predic-
tive behaviour across all mixes, especially for typical mid-range designs like BCs»-P4 and BCs ¢-P4, indicating
its robustness and reliability under limited data conditions.

Overall, ANN excelled at learning non-linear relationships for well-behaved datasets; RF performed best
at complex pattern recognition but lacked generalization; and MLR provided the most interpretable and stable
performance across all mix types, particularly when field variability is anticipated.

5. Conclusion

The study aimed to perform regression analysis of the stability and flow values of PET-modified bituminous
concrete mixes using machine learning models, particularly the random forest model. The evaluation entailed
appraising the model's performance on both the training and validation datasets in predicting stability and flow
parameters.

During training, the Random Forest model demonstrated a high correlation (0.9886), stability (0.9902), and
flow (0.9902) coefficients.

The good value of the mean absolute error (MAE) and the root mean square error (RMSE) indicated a high
predictive potential for stability and flow in the training data.

In most mixes, there were minimal prediction errors, as indicated by the heat maps, and the model had
a good fit to the training data.

When the model was tested, the stability and flow correlation coefficients reduced significantly, dropping
to 0.7902 and 0.8344, respectively. Increased values of MAE and RMSE indicated a decrease in prediction
accuracy when applied to unseen data.

The decrease in prediction accuracy during testing indicates the possibility of overfitting the training data
and the need to tune the model further to achieve better generalization.

Future Scope and Model Enhancement Opportunities

Future research could further investigate adding hybrid or ensemble modelling methods, including stacked
generalization, boosting, or blended architectures, that are capable of combining the advantages of the under-
lying models, such as ANN, RF, and MLR. These methods have demonstrated potential for handling non-
linear, high-dimensional data with better generalization. Additionally, the fact that the other input parameters,
i.e., climatic conditions (temperature variations, exposure to rain), traffic loading properties, and long-term
aging influences, would increase the credibility and strength of the predictions. These variables would be im-
portant for integrating field performance and would allow the models to assist in assessing the performance of
PET-modified bituminous mixes under different service conditions throughout the life cycle.



42 Mukesh Saini et al.

Practical Recommendations and Optimal PET Dosage

Based on experimental and statistical analysis, the optimal PET content in bituminous concrete mixes was
consistently around 10% by weight of the optimum bitumen content, providing maximum stability and im-
proved flow characteristics. Field application of this dosage is recommended to enhance the mechanical per-
formance of flexible pavements while promoting sustainable utilization of waste plastic. Additionally, plastic-
coated aggregates demonstrated better bitumen bonding, indicating their potential for large-scale road con-
struction.

For practical implementation, contractors and highway engineers may consider adopting this PET dosage
in accordance with the IRC: SP: 98-2013 guidelines, particularly for wearing courses on low- to medium-
volume roads. The developed predictive models, especially the ANN and MLR, can be effectively used to
estimate expected stability and flow values during mix design stages, thereby reducing reliance on repeated
laboratory trials.
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