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Abstract

The dynamic modulus (|E*]) of hot-mix asphalt (HMA) is a crucial mechanistic characteristic essential in defining the strain
response of asphalt concrete (AC) mixtures under varying loading rates and temperatures. This paper aims to conduct a
comprehensive investigation of classical machine learning (ML) and deep learning (DL) algorithms as applied to the
prediction of |E*| and compare their performance with renowned |E*| regression models (Witczak NCHRP 1-37A, Witczak
NCHRP 1-40D, and Hirsch). Eight state-of-the-art ML and DL algorithms are attempted with diverse structures, including
multiple linear regression (MLR), decision trees (DT), support vector regression (SVR), ensemble trees (ET), Gaussian
process regression (GPR), artificial neural networks (ANN), recurrent neural networks (RNN), and convolutional neural
networks (CNN). A comprehensive database was assembled, incorporating 50 AC mixtures, of which 25 were from the
Kingdom of Saudi Arabia and 25 were from the state of Idaho, USA. This database encompasses an extensive dataset of
3,720 |E*| measurements, associated with thirteen input features representing the proposed AC mixtures’ aggregate
gradations, binder characteristics, and volumetric properties. This pioneering study surpasses existing research by
examining various algorithms to predict |[E*| on the same dataset, applying them with different structures and individual
optimization to achieve optimal performance. The developed models are evaluated based on multi-stage assessment criteria,
including the accuracy and complexity performance measures and rationality based on a sensitivity analysis. The multi-
stage comparative analysis results reveal that the bagging ETs, GPR with exponential kernel, and DT record the highest
prediction accuracy; however, only the bagging ETs yield the highest accuracy, lowest training and testing complexity, and
rational trends throughout the sensitivity analysis. The research outcome has the potential to provide pavement engineers
with advanced tools for predicting |E*| and, therefore, optimizing pavement designs and rehabilitations.
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1. Introduction

Hot-mix asphalt (HMA) forms the backbone of transportation infrastructure, providing smooth and durable surfaces
upon which people rely for safe and efficient travel. Ensuring the longevity and performance of HMA under various
conditions necessitates accurate prediction of its mechanical properties. Among these properties, dynamic modulus
(IE*|) stands as a crucial parameter, representing the temperature- and frequency-dependent stiffness of HMA [1]. |E*|
holds fundamental importance within linear viscoelastic materials, particularly in the context of HMA. This critical
parameter is determined under continuous haversine loading conditions in the frequency domain, defined
mathematically as the absolute value of the complex modulus (E*) [2, 3].
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The significance of |[E*| in predicting pavement performance and assessing the response of asphalt structures is
underscored by its integration into the Mechanistic-Empirical Pavement Design Guide (MEPDG) framework and its
associated AASHTOWare Pavement Mechanistic-Empirical Design (PMED) software. |[E*| has been integrated within
this framework as a critical input parameter for mechanistic response estimation and empirical performance prediction.
However, the availability of |E*| values may be limited for projects of lower functional class. To address this, the
MEPDG offers a hierarchical structure of inputs, ranging from level 1 (direct laboratory measurement) to levels 2 and
3 (empirical estimation based on mixture volumetrics and binder properties) [4, 5].

Existing testing methods for |[E*|, such as laboratory-based dynamic modulus tests, are well-established but are also
known for their drawbacks, including their time-consuming nature, high costs, and labor-intensive procedures [6]. These
challenges often restrict practitioners from obtaining reliable |E| measurements during early design stages, particularly
when materials are unavailable or when dealing with lower-class pavement projects. To mitigate these constraints,
researchers have sought alternative methods to estimate |E| accurately, giving rise to a range of empirical and statistical
models [7, 8].

Among these, regression-based predictive models have played a pivotal role in the evolution of |E| estimation [9].
For example, the viscosity-based (n) Witczak model, introduced under the National Cooperative Highway Research
Program (NCHRP) 1-37A, is a foundational predictive tool incorporating asphalt mixture properties to estimate |E|.
Developed using a robust dataset of 2,750 |E*| measurements from 205 HMA mixtures, this model has been instrumental
in pavement design for decades [10]. Building on this, Bari and Witczak extended the model into the NCHRP 1-40D
framework, incorporating advanced parameters such as shear modulus (G*) and phase angle (d) to improve its accuracy
[11]. These models were later selected as global prediction models of [E*| for the MEPDG’s levels 2 and 3 analysis.

In parallel, models such as Hirsch and Alkhateeb have provided additional alternatives for |E| estimation. The Hirsch
model, which utilizes fewer input variables, demonstrated superior performance under specific conditions and became
a popular choice for quick and practical applications [10, 12-14], while the Alkhateeb model combined parallel and
series composite theories to describe asphalt concrete behavior, offering reduced input requirements without sacrificing
prediction quality [15]. These empirical models remain widely adopted due to their simplicity and accessibility;
however, their reliance on predefined relationships limits their ability to capture nonlinearities inherent in asphalt
mixture behavior.

Despite the deployment of these regression-based models, there has been growing recognition of the need to address
their limitations. Traditional approaches often fail to adapt to the variability of asphalt mixtures and their response to
diverse environmental and loading conditions. Consequently, research has increasingly turned to data-driven techniques,
particularly machine learning (ML) and deep learning (DL), which have shown substantial promise in improving |E|
prediction accuracy. These methods excel in uncovering complex, nonlinear patterns within datasets, allowing them to
model intricate interactions between material properties and external factors. For instance, recent advancements in ML
include hybrid optimization techniques such as the artificial hummingbird algorithm, which has been applied to boosted
tree models to achieve enhanced accuracy and efficiency in |E| prediction [16]. Similarly, the application of artificial
neural networks (ANNS) tailored for specific contexts, such as Colombian asphalt mixtures, has demonstrated the
adaptability of DL methods to regional material characteristics and conditions [17].

Moreover, preprocessing and postprocessing strategies for refining input features have been introduced, offering
significant improvements in model performance. For example, preprocessing methods that optimize feature extraction
and noise reduction have proven particularly valuable for dynamic modulus datasets, as highlighted in recent work by
researchers developing |E| data refinement protocols [18]. These advancements underscore the growing potential of ML
and DL in overcoming the constraints of traditional regression models, paving the way for more accurate and scalable
|E| prediction frameworks. Table 1 summarizes the ML- and DL-based models developed in recent studies.

Table 1. Previous |E*| ML predictive models from the literature

Predictive Model References

Zhang et al. [9], Khattab et al. [11], Al-Tawalbeh et al. [15],

Regression models Sakhaeifar et al. [19], Singh et al. [20], and Chen et al. [21]

Decision trees, random forest, M5P tree models Behnood & Daneshvar [22] and Daneshvar & Behnood [23]
Ensemble trees (ET) Barugahare et al. [10] and Awed et al. [24]
Support vector regression (SVR) Liu et al. [25] and Hu & Solanki. [26]

Gaussian process regression (GPR) Uwanuakwa et al. [27]

El-Badawy et al. [14], Ceylan et al. [28-30], Gong et al. [31],

Artificial neural networks (ANN) Ghasemi et al. [32], Rezazadeh Eidgahee et al. [33], Zhang et al.

[34], Barugahareet al. [35], Mohammadi Golafshani et al. [36]
DL.: convolution neural networks (CNN) Moussa & Owais [37]
DL.: deep residual neural networks (RNN) Moussa & Owais [38]

Comparison: SVR, kernel ridge regression (KRR), ANN, GPR,

gradient boosting (GB), and eXtreme gradient boosting (XGBoost) Liuetal. [39]
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While considerable advancements have been made in predicting the |E| of HMA using traditional regression-based
and emerging ML models, several critical gaps remain. First, most existing studies focus on a limited range of either
classical ML or DL models, often neglecting to compare their predictive performance across diverse climatic conditions
systematically. Second, the trade-offs between model accuracy, computational complexity, and practical applicability
are rarely addressed, leaving practitioners without clear guidance on the most suitable methods for different scenarios.
Third, there is a limited exploration of integrating advanced data preprocessing techniques and hybrid optimization
algorithms, such as ensemble-based methods, to enhance the performance of ML/DL models.

To address these gaps, this study aims to provide a comprehensive benchmarking of classical (24 algorithms) and
deep ML models (9 algorithms) for |E| prediction across three distinct datasets and climatic conditions. This study seeks
to bridge the gap between theoretical advancements and practical applications in pavement engineering by evaluating a
broader range of models and incorporating advanced data-driven techniques. These datasets were based on the
knowledge gained from the Witczak NCHRP 1-37A n-based, Witczak NCHRP 1-40D G, é-based, and Hirsch G*-based
models. Unlike previous research, our study evaluates each model not only based on prediction accuracy but also
considers the computational complexity and practical applicability of each algorithm, providing an understanding of the
trade-offs involved. By doing so, the ultimate goal was to provide practitioners in the field of pavement engineering
with enhanced tools for predicting |E*| with higher accuracy. To achieve this aim, the following specific objectives were
defined:

e To compile and aggregate three distinct datasets, comprising 3,720 |E| measurements, from diverse climatic
conditions in Saudi Arabia (hot climate) and Idaho (cold climate). These datasets were derived from established
predictive models, including Witczak 1-37A (n-based), Witczak 1-40D (G, 8-based), and Hirsch (G*-based).

¢ To implement and benchmark a comprehensive range of predictive models, including 24 classical ML algorithms
(e.q., linear regression, support vector regression, ensemble methods) and 9 DL architectures (e.g., convolutional
and recurrent neural networks).

¢ To fine-tune the developed models through a meticulous optimization process involving their hyperparameter
adjustments and structural refinements to improve their prediction performance.

e To systematically compare models based on multiple performance metrics, including prediction accuracy,
computational complexity, and practical applicability, to provide practitioners with actionable insights into the
trade-offs involved.

This study stands as an exceptional comparative analysis of regressors in predicting |E*| using the same dataset and
optimizing the performance of each regressor individually to achieve optimal performance.
2. Methodology Framework

The methodology framework of this research consists of four steps, as demonstrated in Figure 1. In the first step, the
|E*| database comprising 3,720 response features was retrieved from KSA and Idaho state Superpave AC mixtures. The
collected datasets for 13 input features were thoroughly cleansed and pre-processed for the subsequent steps.

Step 1: Data Collection Step 2: Data Preprocessing and Preparation
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Figure 1. Methodology Framework
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In the second step, the |E*| database was recategorized into three distinct databases based on the predictive models:
Witczak NCHRP 1-37A n-based, Witczak NCHRP 1-40D G*, 3-based, and Hirsch G*-based. As data preprocessing
and preparation for the modeling step, the following stages were implemented: a lognormal transformation of the
response variable (JE*[), min-max normalization scaling of the entire datasets (input and response features), and lastly,
dividing each dataset into ten folds, as recommended for large databases, for ML and DL models training and testing to
eliminate bias in reporting the modeling performance.

In the third step, various classical ML and DL regressors were developed to predict the base sections over three
different runs. The parameters of each regressor were fine-tuned based on prediction accuracy. The developed classical
ML regressors included multiple linear regression (MLR), decision trees (DT), SVR, ET, GPR, and ANN. Moreover,
different CNN and RNN DL structures were developed.

Lastly, the performance of the developed algorithms across the different databases was evaluated and compared
using a multi-stage assessment framework encompassing accuracy, complexity, and rationality measurements of
effectiveness. The results obtained were further compared to those of previously developed regression and ANN models.
Accordingly, comprehensive conclusions were derived from the achieved results to address the primary research
questions outlined in the research gap and objectives section.

2.1. Data Description and Preprocessing

To conduct the intended investigation and achieve the main objectives of the study, 3720 |[E*| measurements were
retrieved from 50 Superpave AC mixtures from KSA and ldaho records. These records contain a diverse range of
aggregate gradations and binder performance grades that cover different climatic regions in both KSA and Idaho.
Moreover, the dataset comprises a total of 13 continuous features, detailed in Table 2. These features cover different
binder inputs’ levels (i.e., cases) based on the pavement mechanistic-empirical (ME) design as follows: level 1a of
conventional binder data, level 1b of Superpave performance grade binder, and level 3 of default binder data. For more

details regarding the characteristics of the AC mixtures, please refer to [11, 14].

Table 2. Description of Database Features

Factor Unit NCHRP 1-37A  NCHRP 1-40D Hirsch Min. Max. Avg. Std.

Loading Frequency (f) Hz v 0.02 3.98 1.10 1.40
Binder Viscosity (1) cP v 3.7E+05 2.7E+12 5.9E+11 1.1E+12
Effective Binder Content, by volume (Vbefr) % v v 8.09 15.97 10.45 1.15
Air Voids in the Mix (Va) % v v 0.98 9.61 5.49 2.37
Cumulative Retained Weight on 1.9 cm (p34) % v v 0.00 23.00 3.68 6.76
Cumulative Retained Weight on 0.95 cm (pss) % v v 10.50 58.20 24.47 12.52
Cumulative Retained Weight on Sieve No. 4 (pa) % v v 37.40 66.70 49.39 8.53
Amount Passing a Sieve No. 200 (p200) % v v 3.28 8.20 5.07 1.04
Complex Shear Modulus (G*) psi - v v 0.06 18164.1 2051.63 3630.9
Phase Angle (8) ° - v v 3.44 87.23 50.77 20.91
Voids in Mineral Aggregated (VMA) % - v 11.95 23.53 15.95 2.44
\Egic:]i(cji:rirz\w:i;;ral Aggregated Filled with Asphalt % ) v 4956 92.04 66.83 1147
Contact Volume (Pc) % - N 0.01 0.73 0.22 0.20

Psi 216 E+03 509 E+06 1.15E+06 1.23 E+06
Dynamic Modulus (JE*|) Response

MPa 149 E+01 3.51E+04 7.93E+03  8.49 E+03

The preprocessing of the datasets included the following:

(1) The database was categorized into three datasets based on the well-known |E*| predictive models:

The Witczak NCHRP 1-37A n-based [14]:
logyo E* = —1.249937 4 0.02923(p00) — 0.00176(py90)% — 0.002841p, — 0.058097V, — 0.802208‘/% +

{[3.871977—0.0021p4+0.003958p38—0.000017p328+0.0054—7p34]}

[1+¢(-0603313-0.313351log f-0.393532l0g7)

Witczak NCHRP 1-40D G*, - based [14]:
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logyoE * = 0.02 + 0.758 (|G| ~0-000%) x <6.8232 — 0.03274p500 + 0.00431p2y, + 0.0104p, — 0.00012p2 +

- 2 _ _ _Vberr
0.00678p35 — 0.00016p25 — 0.0796V, 1'1689(va+vbeff)>+ @)

14
1.437+0.03313V,+0.6926( —2L)+0.00891p35—0.00007pZ5—0.0081p5,
VatVhers

1+e(—4.5363—0.817slog|G;J|+3.27salog:5)

Hirsch G*-based Model [14]:

VMA -1
_ _vma «| (VFAXVMA _ 1700 VMA
E=F [4’2000’000 (1 100) +3167] ( 10,000 )] +(A-FR)X [4,2000,000 + 3XVFAX|G*| @)

(2) The lognormal transformation was applied to the response variable to deal with the dataset imbalance and
skewness, thus mitigating the impact of data skewness on ML and DL predictions and enhancing their overall
performance. It has been widely employed for fitting originally continuous and positively skewed data
distributions into a normal distribution to meet the normality assumption [40-42]. Such transformation is easy to
perform, requires minimal expertise, and is computed using the following equation [40]:

|E*| =log,, (IE*]) 4)
where [E*|  is the logarithmically transformed dynamic modulus.

(3) Min-max normalization was used for the three proposed datasets to address data variability since features
encompass a wide variety of ranges. This method is widely recognized for achieving superior performance
compared to other scaling techniques [43, 44]. This technique rescales input/output features from their original
range to a new range of values, thereby converting all features to a fixed range while maintaining the original
interval. Usually, the new scale lies between 0 to 1. The transformation is often achieved using a linear
interpretation formula and calculated as presented in the following equation [45]:

. _ Xjf-min(f)
min- max (X;r) = e min® (5)
where x;¢ is the value of the feature that is considered for normalization at observation i, min- max(x;¢) is the
normalized value of the feature at observation i, and min(f) and max(f) are the minimum and maximum values of
the feature, respectively.

(4) Lastly, prior to fitting the regressors to the |E*| dataset, the whole dataset was split 70% for training and
underwent k-folds (10-folds) cross-validation, and the remaining 30% unseen datasets were kept aside for testing.
This was performed to mitigate biases in testing results and compare unbiased results fairly between the proposed
algorithms. Consequently, the issue of overfitting was avoided, and the generalization capability of the proposed
predictive models was enhanced. The dataset was partitioned into k-subsets for training purposes; each subset
was reserved while training the model over the remaining subsets in a loop that covered all subsets.

2.2. ML and DL Predictive Models

Machine learning modeling has revolutionized pavement engineering, propelling it into a new era of problem-solving
and innovation by harnessing the power of artificial intelligence [46-50]. In the third step, multiple ML regressors were
developed, and their hyperparameters and structures were fine-tuned based on prediction accuracy and complexity. This
study encompassed six classical ML algorithms and two DL algorithms with varying structures and hyperparameters to
compare the previously developed regression and ANN models comprehensively. The chosen methods include MLR,
DT, SVR, bagging and boosting ET, GPR, feed-forward multilayer perceptron ANN, CNN, as well as RNN. For model
development, training and testing were conducted using the Scikit-learn ML library, TensorFlow, Keras, and PyTorch
DL libraries integrated into the Python programming language within the Jupyter Notebook platform. Additionally, each
model’s parameters were fine-tuned to select the optimal configuration for each tested algorithm. The following section
provides the theoretical background for each regressor and details the parameters tested for each algorithm.

2.2.1. Classical ML Models

(1) MLR: is considered as the process of fitting models to data under the assumption that the relationship between
the feature values and the target values is linear. MLR is the oldest and the most widely used approach among
ML-based predictive models [51]. It assesses the strength of the relationship between the target and a series of
changing variables [52]. In the MLR algorithm, the target is assumed to be a dependent variable, and the features
are the variables’ dataset matrix. Different MLR structures were assessed, including the simple linear,
interactions linear, robust linear, and stepwise linear regression [53].
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DTs: are statistical supervised classical ML algorithms that utilize conditional probabilities to look for the
relationship between features [54]. DTs are common due to their intelligibility and implementation ease [55].
DT comprises a hierarchy of nodes in a tree configuration. The most informative feature was utilized to partition
the input data recursively, growing it into new branches. Then, the nodes in each new branch split again based
on pre-specified criteria. The splitting proceeds till meeting stopping criteria or reaching a terminal node where
the data is ideally pure [56]. Once the tree is constructed, it could be used for prediction by following the path
from the root to the leaf node. To fine-tune the DT model, the commonly considered minimum leaf size
parameter was varied to compare DT performance under different levels of regularization representing the
minimum number of samples required in a leaf node. The minimum leaf size was set to 4, 12, and 36,
representing fine, medium, and coarse regression trees.

SVR: is a common supervised ML algorithm that has proved its efficiency in multiple pavement performance
and condition prediction with low generalization errors and results interpretation [57]. Through modeling SVR,
a hyperplane was constructed in a high-dimensional feature space to seek the best approximation of the
relationship between input and target features. The best approximation is found by minimizing the distance
between the hyperplane and the input training datapoints [58]. To do so, a kernel was used to transform the input
features space, which consists of a subset of the training dataset, known as support vectors. In this research, six
kernel functions were developed and investigated, including linear (1%-degree linear polynomial), quadratic (2"-
degree quadratic polynomial), and cubic polynomials (3"-degree cubic polynomial), fine (Radial Basis Function
“RBF” SVR, Kernel scale of 0.71), medium (RBF SVR, Kernel scale of 2.8), and coarse (RBF SVR, Kernel
scale of11) Gaussian kernels.

ET: forms a combination of multiple weaker regressors in an ensemble, providing more accurate predictions
[59]. It proved its efficiency in pavement performance prediction applications [60]. There are two main types of
ETs, namely bagging and boosting. The main difference between them is the way the regressors are ensembled.
In bagging, multiple models are created at the same time and then combined with replacement [25]. In boosting,
data is partitioned into multiple subsets of the original data that was used to develop the model, then the
performance is boosted by combining them through a specific cost function, and models are generated in a
sequential manner [61]. In this research, bagging (random forests) and boosting ET, including gradient boosting
(GBM), extreme (XGBoost), and light (LightGBM), were trained. The main difference is that GBM is an ET
algorithm that builds an additive model by sequentially training a series of weak learners (typically DT) by
utilizing gradient descent optimization to minimize the loss function. The XGBoost is a highly efficient and
scalable algorithm that incorporates L1 and L2 regularization to control overfitting [62, 63].

Meanwhile, the LightGBM is another GBM algorithm that is designed for efficiency and speed. It uses leaf-
wise growth, which can be faster but may lead to overfitting if not controlled [64]. Through modeling, a grid
search was conducted over multiple hyperparameters for the ETs, including (1) The number of estimators from
0 to 500 with an increment of 100; a higher number of trees can enhance the model robustness but may also
affect the training time, (2) The maximum depth (3, 5, 7, 9, 11, 15), greater the depth can capture more complex
patterns but may also lead to overfitting, (3) The learning rate (0.01, 0.05, 0.1, 0.2), indicating the step size of
each iteration, and (4) The number of leaves (31, 63), controlling number of leaf nodes in each decision tree,
larger values allow more complex trees. The best parameters were found to be the number of estimators of 30,
a learning rate of 0.1, the maximum depth of the individual trees of 3, and the maximum number of leaves per
tree of 31.

GPR: GPR is a common supervised learning ML algorithm based on probabilistic nonparametric learning in
which the output target is normally distributed [65]. It has proved its prediction efficiency in multiple successful
pavement engineering applications [66]. It models the relationship between the input features and target using a
GPR as a multivariate Gaussian distribution before the mean function parametrizes it. It is efficient for nonlinear
data using kernel functions. Through the analysis, multiple kernels were adopted, including rational quadratic
(with a length scale of 1), squared exponential (RBF with a length scale of 1), Matern 5/2 (with a length scale
of 1), and exponential (with a length scale of 2).

ANN: a multilayer perceptron (MLP), is a common supervised learning ML algorithm. ANN was sufficiently
used in various pavement engineering applications [67]. It consists of multiple layers of neurons. Each layer is
composed of a set of nodes that are fully connected with the previous layer. The weights of the connections
between the layers are trained and updated using a training algorithm. The activation function is deployed in the
neuron arrangement to vary the input features and their impact on the target using the weight inputs. In this
research study, one input layer was used containing eight nodes for the 1-30A and 1-40D datasets and five for
the Hirsch dataset (based on the number of input features), one and two hidden layers were attempted, and the
number of neurons was varied from 10 to 50 with an increment of 5, the solver (optimizer) was set to Adam,
and three activation functions were attempted including Logistic (Sigmoid), Tanh, Relu to fine-tune the MLP
results and one output layer that produces the final target layer (the HMA |E*|).
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2.2.2. DL Models

(1) CNN: One of the most utilized types of distinctive DL architecture is the CNN [68]. CNNs are designed for
processing grid-structured data, like images, videos, and sequential data. In CNN, each module contains a
sequence of convolutional layers, pooling layers, densifying (fully connected layers), activation layers, dropout,
and batch normalization layers. Generally, the modules (layers) are stacked one on top of the other or with a
deep neural network on top to form a deep model [69]. CNN can be grouped into different architectures, each
with a unique structure and variations in the number and arrangement of layers. In this research, the most widely
used and common CNN structures were tested, and their structures were optimized, including LeNet-5, AlexNet,
VGGNet, GoogLeNet (Inception), Residual Network (ResNet), ResNeXt, Dense networks (DenseNet), and

EfficientNet, as listed in Table 3.

Table 3. CNN Structures

Structure Structure (Layers) Description
Model Initialization, Convolutional Layer (filters=512, kernel size=3, activation= Relu), Max-Pooling Layer (pool size=2),
Deep CNN Convolutional and two Max-Pooling Layers (filters =256, pool size=1), Global Average Pooling Layer, Dense Layers (neurons=
512, 256, 125, activation= ReLU, linear), Output Layer.
LeNet-5 Model Initialization, Convolutional Layer (filters=512, kernel size=3, activation= ReLU), Max-Pooling Layer (pool size=2),
Convolutional and Max-Pooling Layers (filters =256, pool size=1), Flatten Layer, Dense Layers (number of neurons= 120,
[70, 71] A -
activation= ReLU, linear), Output Layer.
AlexNet Input Layer, Convolutional Layer (filters=96, kernel size=3, strides=4, activation= ReLU), Max-Pooling Layer (pool size=2,
[72] strides=2), Additional Convolutional Layers (filters =256, 384), Additional Max-Pooling Layers (pool size=1, strides=2), Flatten
Layer, Dense Layers (neurons= 120, activation function= ReLU, linear), Dropout Layers (rate=0.5), Output Layer.
VGGNet Input Layer, Convolutional Layer (filters=128, kernel size=3, activation= ReLU), Max-Pooling Layer (pool size=2, strides=2),
[73] Flatten Layer, Dense Layers (neurons= 256, 128, activation function= ReLU, linear), Dropout Layers (rate=0.5), Output Layer.
GoogLeNet Input layer, convolutional layer (filters= 32, kernel size= 3, activation= Relu), Two Inception modules (filters=64), max-pooling

(Inception) [74]

and dropout layers, Two more Inception modules (filters=128), Max-pooling and dropout layers, Flatten Layer,
Two fully connected layers (neurons=256, activation= ReLU, Dropout), Output layer.

ResNet Input layer, convolutional layer (filters=128, kernel size= 3, padding), Two residual blocks (filters=128, kernel size= 3), Flatten
[75] Layer, fully connected layer (neurons=128, activation= ReLU, L2 regularization), Dropout Layers (rate=0.5), Output layer.

Input layer, 1D convolutional layer (filters=64, a kernel size= 7, strides=2), ReLU activation, Max-pooling (pool size= 3, strides=

ResNeXt 2). Three residual blocks are stacked: The first block (filters=64, kernel size=3, cardinality= 8), the second block (filters=128,

[76] kernel size=3, cardinality= 8), and the third block (filters=256, kernel size=3, cardinality= 8), global average pooling after each
block, fully connected layer (neurons=256, activation= ReLU), Dropout Layer (rate=0.5), Output layer.

Input layer, convolutional layer (filters=512, kernel size= 3, activation= ReLU), Three dense blocks, and two transition blocks

DenseNet are stacked: Dense Blocks: two convolutional layers (filters=128, kernel size=3, activation= ReLU, and dropout rate=0.2),

[77] Transition Blocks: convolutional layer (filters=256, activation= ReLU, Max-pooling pool size= 2, dropout rate = 0.2), Flatten
layer, fully connected layer (neurons=256, activation= ReLU), Dropout Layers (rate=0.5), Output layer.

Input layer, convolutional layer (filters=32, kernel size= 3, activation= ReLU), convolutional layer (filters=64, kernel size= 3,

EfficientNet activation= ReLU), Max-pooling (pool size= 2), Two consecutive blocks of convolutional layers: two convolutional layers

78] (filters=128, kernel size= 3, and activation= ReLU), three convolutional layers (filters=256, kernel size= 3, and activation =

ReLU), max-pooling (pool size= 2), three convolutional layers (filters=512, a kernel size = 3, activation= ReLU), Global average
pooling layer, fully connected layer (dense, neurons= 512, activation= ReLU ), Dropout Layers (rate=0.5), Output layer.

(2) RNN: RNN is another class of DL designed for processing sequential data. RNNs have an internal memory that
allows them to maintain information about past observations and use it to make predictions or decisions at each
time step [79]. Thus, they are well-suited for tasks where the order and context of data points matter, such as
natural language processing, time series analysis, and more. Like CNN, RNN consists of a sequence of layers
grouped for a specific purpose. These modules (layers) are stacked one on top of the other or with a deep neural
network on top of it to form an RNN model [69]. RNN can be grouped into different architectures, each with a
unique structure and variations in the number and arrangement of layers. In this research, the most widely used
and common RNN structures were tested, and their structures were optimized, including Vanilla RNN [80],
Long Short-Term Memory (LSTM) [81], Gated Recurrent Unit (GRU) [82], and Deep RNN (Table 4).

Table 4. RNN structures

Structure Layers
. Three SimpleRNN layers are stacked (number of units =128, 64, 32), Dropout Layers (rate = 0.2), Two Dense
Vanilla RNN AR SN
layers (number of units =16,1, activation = ReLU).
Three LSTM layers (number of units = 128, 64, 32), Dropout Layers (rate = 0.2), Two Dense layers (number of
LSTM o FON
units =16,1, activation = ReLU).
GRU Three GRU layers (number of units =128, 64, 32), Dropout Layers (rate = 0.2), Two Dense (number of units
=16, 1, activation = ReLU).
Deep RNN Four LSTM layers (number of units =128, 64, 32, 16), Dropout Layers (rate=0.2), Dense Layer (one unit).
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2.3. Assessment Criteria

During the fourth step of the proposed framework, the performance of the aforementioned ML and DL predictive
models was evaluated based on multi-stage assessment criteria, which included different assessments such as models’
accuracy, modeling complexity, and predictions’ rationality. Prior to the assessment, a reverse lognormal transformation
and reverse min-max normalization were implemented to make a fair parallel comparison between the actual and
predicted observations on an arithmetic scale. Then, the initial stage of the ML models assessment focused on computing
multiple widely used accuracy performance measurements of effectiveness (MOE), including the root mean square error
(RMSE), mean absolute error (MAE), and coefficient of determination (R?) to judge the models’ performance as follows
[83]:

1 ~
MSE= ;Z?ﬂ(% — y)? ©)
1 ~
MAE = ~¥7 119 = yel )
RZ=1_ The sum of Squared Residuals (SSR) _ . Se=1(Ve—9p)? (8)
Total Sum of Squares (TSS) - Ye=1(re—)?
Weighted Average = Z W xxf + Wy x (1—x7) ©)

where n is the number of records, ¥, is the predicted response, y, is the measured response, y is the average of measured
response, W; is the importance weight assigned for each evaluation criterion, x;" is the normalized criteria that higher
values are preferable as the R? and the models’ prediction’s rationality, and x; is the normalized criteria that lower
values are preferred as the error rates, time, and other complexity measures. RMSE represents the square root of the
average squared differences between predicted and actual values; a lower RMSE indicates better predictive performance.
MAE represents the average of the absolute differences between predicted and actual values; a lower MAE signifies
better predictive accuracy. R? represents the proportion of the variance in the dependent variable that is explained by the
independent variables; a higher R? value suggests a better fit of the model to the data.

The second stage of the assessment process focused on recording the time required for training the different ML and
DL models as an indication of the modeling complexity. The reported time is in minutes. Based on the reported
prediction accuracy and complexity performance measures, a thorough comparison was conducted between the
developed model and the ones reporting the best performance, as well as previously developed regression and ANN |E*|
predictive models.

In the third stage of the assessment of ML and DL models, after evaluating the accuracy and complexity of the
models, a sensitivity analysis of the prediction results was performed to assess the prediction rationality, the impact of
the considered features on |E*|, and to predict potential overfitting or memorization of regressors. It is anticipated that a
model will demonstrate an outstanding performance in terms of modeling accuracy and outperform other modeling
algorithms. However, the sensitivity analysis may reveal unexpected trends, indicating that model failure is attributed
to potential overfitting during the modeling process. Thus, sensitivity analysis aids in excluding irrational models. Four
features were assessed for each dataset. A rationality score ranging between 0 and 1 was assigned to each model based
on its trends, where 0 demonstrated that the model could not follow the expected trend over all four features, and one
indicated that the features could capture the accurate trend in all the investigated features.

Lastly, a weighted average was computed for each performance measure to find its overall performance based on
the pre-specified multi-objective criteria. An equal weight of 16.67 % was assigned for each criterion since this research
focuses on assessing the accuracy and complexity trade-offs as well as modeling rationality.

3. Results and Discussion
3.1. ML Prediction Accuracy and Complexity Performance Results

This section presents a summary and discussion of the accuracy and complexity performance results obtained for all
regressors developed in this study for the |[E*| predictions. Results were reported for the three datasets of input features
(i.e., Witczak NCHRP 1-37A, Witczak NCHRP 1-40D, and Hirsch) for each regressor separately. Then, the regressors
with optimized structures and hyperparameters were compared to each other. Figure 2 demonstrates the obtained results
for the fine-tuning of the regressors hyperparameters and structures in terms of prediction accuracy (RMSE, MAE, and
R?) and complexity (training and testing times).

3.1.1. Classical ML Models

(1) MLR: Four diverse structures of MLR models were attempted, namely simple linear, interactions linear, robust
linear, and stepwise linear regression, as illustrated in Figure 2-a. Among these, the interactions linear regression model
consistently demonstrated superior predictive accuracy, achieving the highest R2 values of 0.57, 0.77, and 0.79 for the
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1-37A, 1-40D, and Hirsch datasets, respectively. This performance highlights the importance of incorporating
interaction terms to capture relationships between input features, particularly in more complex datasets like 1-40D and
Hirsch, which include binder-specific parameters such as G* and 6.

While the robust linear regression model accounted for potential outliers in the datasets, its predictive performance
was notably lower, with R? values ranging from 0.40 to 0.68 across the datasets. This indicates that the robust method's
emphasis on minimizing the influence of extreme values may overly simplify dynamic modulus relationships,
particularly in datasets with intricate feature interactions. The Hirsch dataset consistently achieved the highest R2 values
across all linear regression models, followed by the 1-40D and 1-37A datasets. This trend reflects the added predictive
power of features like G* and ¢ in the Hirsch dataset, compared to the more volumetric-focused features of 1-37A. The
consistent R2 values around 0.77-0.79 for interactions linear regression on the Hirsch and 1-40D datasets demonstrate
that linear models, even with limited complexity, can effectively predict |E*| when datasets include well-structured,
physically meaningful features.

In terms of computational complexity, all linear regression models demonstrated exceptional efficiency, with
training times between 0.01 and 0.02 minutes and testing times around 0.002 minutes across all datasets. This makes
linear regression a viable option for large-scale or time-sensitive projects requiring rapid dynamic modulus predictions.

(2) DT: Three distinct DT model configurations were aimed by changing the minimum leaf size parameter,
classified explicitly as fine, medium, and coarse DT, as shown in Figure 2-b. Across all datasets, the fine DT model
consistently demonstrated the best predictive performance, achieving the highest R2 values of 0.93, 0.94, and 0.94 for
the 1-37A, 1-40D, and Hirsch datasets, respectively. The fine DT’s superior accuracy can be attributed to its smaller
leaf size (minimum leaf size = 4), which enabled it to capture intricate variations in the input-output relationships. This
level of granularity was particularly effective for datasets like 1-40D and Hirsch, where complex binder parameters
(e.g., G* and 8) require models that are sensitive to subtle feature interactions.

In terms of computational complexity, the fine DT demonstrated remarkable efficiency, with training times ranging
from 0.01 to 0.02 minutes and testing times of approximately 0.001 minutes across all datasets. This computational
advantage makes fine DT models highly practical for real-world applications where rapid predictions are essential.
While slightly less accurate with R2 values ranging from 0.88 to 0.92, the medium and coarse DT configurations still
performed competitively and maintained comparable computational efficiency, suggesting their potential suitability for
simpler prediction tasks or scenarios with less variability in input features. The high and consistent R2 values across all
datasets indicate that DT models effectively captured key input-output relationships. However, the slightly reduced R2
for coarse DT models suggests a loss of predictive precision due to their larger minimum leaf size, which limits the
model’s ability to adapt to variations in the dataset.

(3) SVR: Inthe investigation of the SVR models, six distinct configurations were experimented with by varying the
kernel parameter (hyperplane), as demonstrated in Figure 2-c. These included linear polynomial, quadratic polynomial,
cubic polynomial, fine gaussian, medium gaussian, and coarse gaussian SVR. Among these variations, the coarse
Gaussian SVR consistently demonstrated superior performance across all datasets, achieving the highest R2 values of
0.72, 0.86, and 0.85 for the Witczak NCHRP 1-37A, 1-40D, and Hirsch datasets, respectively. Its kernel scale
hyperparameter value of 11 allowed the model to effectively capture nonlinear relationships in the input-output mapping,
particularly in feature-rich datasets like 1-40D and Hirsch. The medium Gaussian SVR showed competitive accuracy,
with slightly lower R2 values of 0.66 to 0.82 across the datasets, but demonstrated better generalizability than polynomial
kernels, which consistently underperformed with R2 values below 0.61. Polynomial kernels, particularly cubic, suffered
from overfitting tendencies in datasets with high feature variability, as evidenced by their reduced accuracy and
increased error metrics.

In terms of computational complexity, coarse Gaussian SVR maintained a balance between performance and
efficiency, with training times ranging from 0.23 to 0.44 minutes and testing times between 0.003 and 0.007 minutes.
These values are notably efficient, given the nonlinear nature of the kernel function. Fine Gaussian SVR, while
marginally faster, exhibited reduced accuracy, indicating that kernel scale optimization plays a crucial role in balancing
prediction performance and computational cost. The consistent R? values for coarse Gaussian SVR across datasets
highlight its adaptability to diverse input features, making it an ideal choice for predicting dynamic modulus in both
binder- and volumetric-focused datasets. However, the slightly higher training times compared to linear models suggests
its application might be better suited for scenarios where accuracy is prioritized over computational simplicity.

(4) ET: Four ET structures were evaluated, each differentiated by data training and assembly approach variations.
These encompassed bagging (random forest), GBM, XGBoost, and LightGBM, as represented in Figure 2-d. Among
these, the bagging trees model emerged as the top performer across all datasets, achieving the highest R2 values of 0.94,
0.95, and 0.94 for the Witczak NCHRP 1-37A, 1-40D, and Hirsch datasets, respectively. The model’s optimal
configuration, with a minimum leaf size of 8 and a learner count of 30 decision trees, allowed it to balance predictive
accuracy and computational efficiency effectively.
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The boosted tree models, including GBM, XGBoost, and LightGBM, demonstrated slightly lower R2 values, ranging
between 0.87 and 0.90 across the datasets. This marginal drop in accuracy highlights the additional complexity
introduced by boosting techniques, which may not have been necessary for datasets where bagging could effectively
capture the underlying data relationships. However, these models maintained high performance and demonstrated
robustness, particularly in the Hirsch dataset, where ensemble methods had better model intricate binder and aggregate
interactions.

In terms of computational complexity, the bagging trees were notably efficient, with training times between 0.33
and 0.44 minutes and a minimal testing duration of 0.01 minutes. While boosted models such as XGBoost and
LightGBM required marginally longer training times, their rapid testing times (~0.01 minutes) and scalability make
them attractive for real-time prediction scenarios. These models excel in scenarios with large-scale datasets due to their
parallelized training capabilities, even though bagging maintained a slight edge in simplicity and interpretability. The
consistent performance of bagging trees across datasets and their computational efficiency reinforces their practicality
for practitioners seeking robust |E*| predictions with minimal resource requirements

(5) GPR: Four distinguished GPR models were evaluated, each tailored by modifying the kernel parameter. These
variants included Exponential, Squared Exponential, Matern 5/2, and Rational Quadratic GPR. Among these, the
Exponential GPR model demonstrated the most consistent and superior performance across all datasets, achieving an
impressive R2 score of 0.95 across the Witczak NCHRP 1-37A, 1-40D, and Hirsch datasets, as shown in Figure 2-e.
This high accuracy underscores the ability of the Exponential kernel to effectively capture the nonlinear relationships
present in the |E*| datasets, particularly when dealing with the intricate binder and aggregate interactions emphasized in
the 1-40D and Hirsch datasets.

The other kernel configurations, including Squared Exponential, Matern 5/2, and Rational Quadratic, also achieved
competitive R2 values, consistently ranging between 0.94 and 0.95. However, the slightly better performance of the
Exponential kernel can be attributed to its flexibility in handling variations in feature distributions and its capacity to
generalize well across diverse datasets.

In terms of computational complexity, the Exponential GPR model proved to be the most efficient within the GPR
framework. Training times ranged from 138 to 227 minutes, and testing times varied between 0.14 and 0.25 minutes.
While these durations are significantly higher than those of other models (e.g., DTs or SVR), they are justified by the
high predictive accuracy achieved. This trade-off highlights GPR’s suitability for applications where precision is
prioritized over computational simplicity. The consistency in R2 values across all GPR kernels and datasets emphasizes
the robustness of this modeling approach. However, the relatively long training times observed for all GPR
configurations suggest that the practical deployment of these models may require optimization strategies, such as
reducing dataset dimensionality or employing parallelized computing techniques. Overall, the Exponential GPR model
emerged as the optimal choice for |E*| predictions when accuracy is critical, particularly for datasets that exhibit
nonlinear behaviors.

(6) ANN: A total of 54 Artificial Neural Network (ANN) configurations were evaluated by varying the number of
hidden layers, neurons per layer, and activation functions (Sigmoid, Tanh, and Relu), as depicted in Figure 2(f). Among
these configurations, the ANN with two hidden layers (45 neurons per layer) and a Relu activation function consistently
emerged as the most effective across all three datasets. This configuration achieved R2 values of 0.76, 0.87, and 0.86 for
the Witczak NCHRP 1-37A, 1-40D, and Hirsch datasets, respectively. These results highlight the significance of
selecting an optimal network depth and activation function for achieving robust predictions of |E*|.

The superior performance of the Relu activation function can be attributed to its ability to mitigate the vanishing
gradient problem, particularly in deeper networks. This advantage was further complemented by the use of two hidden
layers, which balanced model complexity with the capacity to capture nonlinear relationships in the data. In contrast,
models using Sigmoid or Tanh activations demonstrated relatively lower R? values, particularly for datasets with high
variability (e.g., Hirsch), indicating that these activation functions struggled to capture the intricate feature interactions
present in such datasets. While this optimal ANN configuration demonstrated strong predictive accuracy, it required
longer computational times compared to classical ML models. Training times for the best ANN configuration ranged
from 0.5 to 1.5 minutes, with testing durations consistently around 0.001 minutes across all datasets.

The performance trends across different configurations emphasize the critical role of model architecture tuning in
ANN development. While one-layer configurations exhibited faster training times, their reduced R? values suggest a
lack of capacity to model the nonlinear dynamics of |E*|. Conversely, models with more than 50 neurons per layer
showed diminishing returns in predictive accuracy, likely due to overfitting, as evidenced by slightly increased RMSE
and MAE values. These findings underscore the importance of balancing network complexity with generalization
performance. Overall, the ANN configuration with two hidden layers and Relu activation served as an optimal choice
for |E*| prediction, particularly for datasets that require capturing complex binder and aggregate interactions.
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3.1.2. DL Models

(1) CNN: Nine distinct CNN architectures were evaluated to predict |E*| values, with structural variations explored
across Deep CNN, LeNet-5, AlexNet, VGGNet, GoogLeNet (Inception), ResNet, ResNeXt, DenseNet, and
EfficientNet, as showcased in Figure 2-g. The Deep CNN architecture consistently demonstrated superior performance
across all three datasets. It achieved robust R? values of 0.84, 0.90, and 0.90 for the Witczak NCHRP 1-37A, 1-40D,
and Hirsch datasets, respectively, highlighting its capacity to model complex nonlinear relationships inherent in |E*|
prediction tasks.

The high Rz values of the Deep CNN reflect its ability to extract detailed feature representations through deeper layer
hierarchies, which are particularly advantageous for datasets like 1-40D and Hirsch that incorporate intricate binder and
aggregate properties. In comparison, LeNet-5 and AlexNet exhibited lower R2 values (0.73 to 0.80), indicating their
relatively shallow architectures are less effective for modeling the complexity of |[E*| datasets.

Training times for the Deep CNN ranged from 28 to 75 minutes, with testing durations spanning 0.03 to 0.35 minutes.
While these training times are significantly longer compared to classical ML models, the superior accuracy achieved
underscores the suitability of CNN architectures for high-stakes predictive modeling where precision is critical.
EfficientNet, although achieving R2 values comparable to DenseNet (0.86 to 0.88), exhibited marginally higher training
times, suggesting that deeper and more complex CNN configurations may not always yield substantial accuracy
improvements.

Performance trends also highlight that lightweight architectures such as GoogLeNet and ResNet can achieve
competitive results (R? = 0.85 to 0.88) with reduced computational overhead, making them viable alternatives for
practitioners seeking a balance between accuracy and efficiency. However, the consistent top performance of the Deep
CNN across all datasets demonstrates its adaptability and effectiveness, particularly for scenarios involving detailed
feature interactions like those present in the Hirsch dataset. These findings emphasize that while simpler architectures
(e.g., AlexNet) may suffice for preliminary |E*| estimations, deeper architectures like Deep CNN are necessary for
capturing intricate data patterns, especially in feature-rich datasets. Furthermore, the results indicate that advanced
optimization strategies, such as reducing layer redundancy or exploring hybrid CNN frameworks, could further enhance
computational efficiency without sacrificing accuracy.

(2) RNN: Four Recurrent Neural Network (RNN) architectures, Vanilla RNN, Long Short-Term Memory (LSTM),
Gated Recurrent Unit (GRU), and Deep RNN, were evaluated to predict |E*| values, with variations in their layer
structures and configurations, as shown in Figure 2-h. Among these, the GRU RNN consistently emerged as the most
effective model across all datasets, achieving R2 values of 0.78, 0.88, and 0.88 for the Witczak NCHRP 1-37A, 1-40D,
and Hirsch datasets, respectively. The high accuracy of GRU RNN highlights its ability to capture temporal and
sequential relationships in the data, particularly in feature-rich datasets like 1-40D and Hirsch.

The GRU architecture’s superior performance can be attributed to its efficient gating mechanism, which reduces
computational complexity compared to LSTM while maintaining the capacity to model long-term dependencies. In
contrast, the Vanilla RNN achieved lower R2 values (0.73-0.85), likely due to its inability to manage gradient vanishing
issues, which are critical in modeling complex |E*| relationships. Similarly, while the Deep RNN achieved comparable
R2 values (up to 0.88), its increased complexity resulted in longer training times without significant performance gains
over GRU.

In terms of computational efficiency, GRU demonstrated a balance between accuracy and training/testing times.
Training times for GRU ranged from 170 to 370 minutes, while testing durations were between 0.2 and 1.2 minutes.
Although these times are longer than those for CNNs and classical ML models, the GRU’s consistently high accuracy
across all datasets justifies its application in scenarios where precision is paramount. LSTM, while slightly more
complex than GRU, achieved similar R? values (0.75-0.88) but required marginally longer training times, indicating
that GRU may be the more practical choice for |E*| predictions in most use cases. Overall, the GRU RNN stands out as
the optimal RNN configuration for |E*| prediction, combining high accuracy with manageable computational
requirements

3.2. Actual Measurements versus Best-Performing Models’ Predictions

Based on the prediction results visualized in Figure 2, a conclusion was reached regarding the optimal parameters
used with each classical ML and DL algorithm and a ranking of all the ML techniques for the suitability of |E*|
prediction. An additional investigation was conducted by plotting the actual |E*| measurements versus the predicted
values generated by the proposed ML models. The comparisons of predicted results to the measured values (targets) of
these finely tuned best-performing models are presented in Figure 3. The illustrated results demonstrate alignment with
the conclusions reached in the preceding sections.
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Figure 2. Performance Results of the Proposed Multiple-structured ML and DL Models
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Figure 3. Predicted versus Actual |E*| Values for Best-Performing Models

3.3. Sensitivity Analysis

This section discusses the findings obtained throughout the sensitivity analysis. The idea behind sensitivity analysis is to examine and assess the influence of varying individual features
on the trend of |[E*|. This is carried out to check if the trends obtained from the ML models align well with the anticipated trends based on expert experience and well-established |E*| regression
models such as the one considered in this study. This, in turn, ensures that no overfitting occurs, thereby confirming the rationality of the developed ML models, allowing them to be applied
to any other sets of |E*| data. In the sensitivity analysis, four features from each dataset were randomly selected, and to assess the rationality of |E*| prediction, the value of one of these features
was varied while reserving the values of the other features constant (i.e., conducting a controlled experiment). This test aids in detecting overfitting, even if a high accuracy performance was
achieved, as there is still a risk of overfitting.
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3.3.1. Witczak NCHRP 1-37A Model

For the initial dataset derived from Witczak NCHRP 1-37A parameters, the frequency, 1, Veerr, and V, percentage
features were investigated. Figure 4 depicts the sensitivity outcomes for the 1-37A dataset. The analysis of the top-
performing models reveals intricate relationships between the dynamic modulus |E*| and the assessed features.
Nevertheless, the outcomes affirm the hypothesized trends for all attributes. These trends denote that |[E*| escalates with
an increase in loading frequency (the rate at which loads are applied), as exhibited in Figure 4-a, which indicates a stiffer
asphalt mixture under more rapid loading conditions. Regarding the 1 feature (the resistance to flow of the asphalt binder
used in the HMA mixture), depicted in Figure 4-b, a rise in viscosity, which hinders the flow of the asphalt binder, leads
to an enhanced |E*|, mirroring the expectation that a higher viscosity equates to greater mixture stiffness. Additionally,
as illustrated in Figure 4-c, an augmentation in Vet (the amount of asphalt binder present in the mixture) correlates with
diminished |E*| values across all models, barring some discrepancies noted for the GRU RNN model, suggesting a
potential overfitting issue. Lastly, the V, feature (the spaces within the AC mixture that are filled with air), shown Figure
4-d, demonstrates that an increased air void content weakens the predicted |E*| values for the majority of models,
aligning with the premise that more air voids result in a less dense and thus less rigid AC mixture.
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Figure 4. 1-37A dataset sensitivity analysis
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In terms of rationality, the ET and DT models consistently reflected high rationality across all four tested features.
Their outputs corresponded well with the expected physical trends, such as the increase in |[E*| with loading frequency
and viscosity and the decrease with more effective binder content and air voids. The MLP and Coarse Gaussian SVR
models also displayed a strong alignment with the expected trends, although with slightly less consistency than the ET
and DT models. On the other hand, the GRU RNN model exhibited less rational behavior, as indicated by the unexpected
variations in its sensitivity to the Vperrand Va features. This inconsistency hints at the model’s overfitting to the training
data, causing it to learn noise and anomalies rather than the underlying physical relationships. The Deep CNN, while
not as erratic as the GRU RNN, showed occasional deviations from expected trends, which may indicate a need for
further calibration of the model to improve its interpretability and alignment with physical principles.

3.3.2. Witczak NCHRP 1-40D Model

For the second dataset, derived from Witczak NCHRP 1-40D, the sensitivity of model predictions to variations in
Vbeff, AV percentage, 5, and G* features were explored. The corresponding sensitivity analysis is encapsulated in
Figure 5. The analysis revealed that the |E*| decreases as the Vyetr increases, as depicted in Figure 5-a. This trend, evident
across most models, suggests that a higher binder content typically leads to a softer asphalt mixture. Similarly, the results
for the V, feature, presented in Figure 5-b, reinforced the expected inverse relationship between air voids and |E*|,
whereby an increase in air voids leads to a reduction in mixture stiffness. In examining the phase angle (a measure of
the viscoelastic behavior of asphalt binder), 5, the models generally indicated a decrease in [E*| with an increase in 6, as
illustrated in Figure 5-c. This outcome is consistent with the understanding that a higher phase angle reflects a more
viscous and less stiff asphalt binder, translating to a softer mixture. Finally, when evaluating the G* feature (which is a
measure of the asphalt binder resistance to deformation under shear stress), the models, for the most part, correctly
predicted an increase in |E*| with higher G* values, as shown in Figure 5-d. This finding aligns with the notion that a
stiffer binder, indicated by a higher G*, contributes to a stiffer asphalt concrete mixture.
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Figure 5. 1-40D dataset sensitivity analysis
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In terms of model rationality, the ET and DT consistently demonstrated a high degree of rationality, with model
outputs aligning well with expected physical behaviors across all four factors. Also, The Interactions between MLR and
the exponential GPR model showcased a consistent and expected response in the sensitivity analysis, adhering to the
anticipated physical relationships across all tested features of the 1-40D dataset. The MLP and Coarse Gaussian SVR
models, while showing strong alignment for the most part, had occasional minor discrepancies. In contrast, the GRU
RNN and Deep CNN models exhibited patterns that suggest a divergence from the expected physical relationships,
which was particularly noticeable in their responses t0 Vet and Va.

3.3.3. Hirsch Model

In the Hirsch dataset analysis, the sensitivity of the models to changes in the §, G*, VMA, and Pc was evaluated.
Figure 6 details these relationships and indicates that an increase in 6 generally leads to softer asphalt mixtures with
lower |E*| values, a finding consistent with the viscoelastic properties of asphalt binders (Figure 6-a). However, the
Deep CNN, GRU RNN, and Exponential GPR models showed atypical responses to 6 changes, suggesting potential
overfitting. The trend for G* was as anticipated, with higher values correlating with increased |E*|, indicating stiffer
asphalt mixtures (Figure 6-b). The VMA analysis, shown in Figure 6-c, confirmed that a higher VMA tends to weaken
the mixture’s cohesion, causes compromised interlocking, reduced cohesion, and increased susceptibility to
deformation, leading to lower |E*| values. Conversely, a rise in P¢ (which is the amount of surface area within the asphalt
mixture where the aggregates come into contact with each other) results in a greater amount of interlocking and
interaction between the individual aggregate particles, enhancing the mix’s structural capacity, as shown in Figure 6-d,
which was uniformly captured across the models.
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Figure 6. Hirsch dataset sensitivity analysis
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Comparing models’ predictions’ rationality, the ET and Fine DT models again exhibited strong rationality,
consistently reflecting the physical expectations for all factors. The MLP and Coarse Gaussian SVR models largely
followed the expected trends, displaying a high degree of understanding of the underlying physical phenomena. In
contrast, the Deep CNN, GRU RNN, and Exponential GPR models occasionally diverged from these trends, particularly
in their response to 6 and G*, indicating that these models might be sensitive to the training data’s precision or prone to
overfitting. This divergence highlights the need for caution when interpreting their outputs, as it may affect the models’
applicability to real-world scenarios without additional refinement.

3.4. Comparison of the Best-Performing Models for Each Regressor Type

This section evaluates and compares the performance of best-performing models for each regressor type using
various model performance measures. A total of eight different classical and DL regressors were optimized and
evaluated: interactions MLR, fine DT with a minimum leaf size of 4, SVR with a coarse gaussian kernel and a kernel
scale of 11, bagged ET (random forests) with a minimum leaf size of 8 and number of DT learners of 30, GPR with
exponential kernel, feed-forward ANN with two hidden layers (45 neurons each and Relu activation function), as well
as deep CNN structure, and gated RNN structure. Figure 7 summarizes the results obtained for comparing the fine-tuned
models at the three datasets (i.e., Witczak NCHRP 1-37A, Witczak NCHRP 1-40D, and Hirsch-based datasets). Table
5 also summarizes the comparative results obtained and the final assessment scores computed for the fine-tuned
regressors using the multi-criteria weighted average assessment.
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Figure 7. Comparative analysis of ML and DL models
Table 5. Comparative Results Summary Table
Interactions Fine Co_arse Bagged Exponential MLP Deep GRU
MLR DT  Gaussian SVR ET GPR CNN RNN
RMSE 0.17 0.07 0.14 0.06 0.06 0.14 0.09 0.12
MAE 0.13 0.04 0.11 0.03 0.02 011 0.07 0.08
% R? 0.57 0.93 0.72 0.94 0.95 0.76 0.84 0.78
g Training Time (Min) 0.01 0.01 0.44 0.43 145.11 1.57 28.59 370.90
% Testing Time (Min) 0.001 0.001 0.07 0.01 0.17 0.00 0.04 1.74
- Rationality 1.00 1.00 0.75 1.00 0.50 0.75 0.50 0.50
Weighted Average 0.878 0.97 0.863 0.974 0.814 0.876 0.847 0.513
RMSE 0.13 0.07 0.10 0.06 0.06 0.10 0.08 0.09
MAE 0.09 0.04 0.07 0.03 0.02 0.08 0.05 0.05
% R? 0.77 0.94 0.86 0.95 0.95 0.87 0.90 0.89
g Training Time (Min) 0.02 0.02 0.23 0.33 138.06 0.55 60.00 375.57
So’lr Testing Time (Min) 0.001 0.001 0.03 0.01 0.25 0.00 0.09 1.20
- Rationality 1.00 1.00 0.75 1.00 0.75 0.75 0.50 0.50
Weighted Average 0.925 0.972 0.902 0.975 0.841 0.906 0.839 0.541
RMSE 0.12 0.07 0.10 0.06 0.06 0.10 0.08 0.09
MAE 0.08 0.04 0.08 0.03 0.03 0.06 0.06 0.06
% R? 0.79 0.93 0.85 0.94 0.95 0.86 0.89 0.88
g Training Time (Min) 0.001 0.02 0.41 0.44 226.87 0.48 74.09 176.19
E Testing Time (Min) 0.001 0.001 0.05 0.01 0.14 0.00 0.34 0.22
- Rationality 1.00 1.00 0.75 1.00 0.50 0.75 0.50 0.50
Weighted Average 0.931 0.969 0.879 0.97 0.658 0.908 0.654 0.634

It was observed that the predicted performance results were consistent over the three datasets. Starting with the
1-37A dataset, the bagged ET (random forests) and DT demonstrated exceptional predictive accuracy with R2 values
of 0.94 and 0.93, respectively. The exponential GPR also performed notably with an R? of 0.95, albeit at the cost of
a significantly higher testing time, which ranged from 138 to 226 minutes. The ET model was not only accurate but
also efficient, with minimal training and testing times of 0.43 minutes and 0.01 minutes, respectively, along with
the full weight of the rationality score, yielding a weighted average score of 0.974. In contrast, the GRU RNN
lagged in performance with a weighted average of 0.513, indicating a suboptimal balance of accuracy and
complexity for this dataset.
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Moving to the 1-40D dataset, results revealed a continuation of the high performance from ET and DT, with R?
values at 0.95 and 0.94, respectively. The GPR maintained its accuracy with an R2 of 0.95. However, the computational
demand for GPR remained high, with a prolonged testing time of 0.25 minutes. The ET, once again, emerged as a model
of high accuracy, low complexity, and superior rationality, reflected by its top tier weighted average score of 0.975.
Meanwhile, the GRU RNN’s efficiency slightly improved compared to the 1-37A dataset, but it still held the lowest
weighted average score at 0.542.

Similarly, in the Hirsch dataset, ET and GPR continued to excel in accuracy with R? values of 0.94 and 0.95,
respectively. The ET confirmed its dominance in efficiency, with training and testing times well below the benchmark
and the strongest rationality performance, contributing to a high weighted average score of 0.97. Despite its accuracy,
the GPR was markedly less efficient, with the highest training time among all models, culminating in a lower weighted
average score of 0.659. The GRU RNN’s performance saw an uptick, yet it remained the least efficient model with a
weighted average score of 0.634.

When we synthesize the findings across all datasets, the ET consistently ranks as the top performer, showcasing an
unparalleled blend of high accuracy, operational efficiency, and prediction rationality. The Fine DT also stands out as a
robust model with impressive accuracy and a good complexity profile. The MLP and Deep CNN are recognized for their
robustness across datasets, indicating their suitability for complex problems where their architectural depth can be
leveraged. On the other hand, while the Exponential GPR scores highly in accuracy, its computational demand detracts
from its appeal, particularly in time-sensitive environments. Despite its potential for capturing complex patterns in data,
the GRU RNN has not shown the same level of efficiency or accuracy as its counterparts.

3.5. Comparison with Previous Developed Models from Literature

In prior research by El-Badawy et al. [14], the best-performing model was identified as an artificial neural network
(ANN) with two hidden layers, each consisting of 36 neurons, using a sigmoid activation function. This model achieved
an accuracy of 91% for the Witczak NCHRP 1-37A and 1-40D datasets, and 90% for the Hirsch dataset. In comparison,
the models developed in this study, particularly the GPR, ETs, and DT, demonstrated superior predictive capabilities,
achieving R? values approximately 4% higher than those reported in the earlier study. This improvement can be
attributed to the integration of advanced optimization techniques and a systematic evaluation of hyperparameters, which
significantly enhanced the accuracy and robustness of the predictions. Furthermore, including a broader dataset
encompassing diverse climatic conditions and material properties in this study provided a more comprehensive
evaluation of model performance, ensuring greater generalizability of the predictive models. Unlike the earlier work,
which relied solely on ANN architectures, this study explored a wider spectrum of machine learning and deep learning
models, highlighting the trade-offs between computational complexity and accuracy to offer tailored solutions for
practical applications in pavement design.

3.6. Threats to Validity

The threats to internal and external validities are dependent upon the study design. This section delves into the
validities of the approach employed in this research, shedding light on the potential benefits and constraints associated
with the |[E*| prediction framework.

3.6.1. Internal Threats

e The inclusion of a diverse dataset comprising over 3720 |E*| records from AC mixtures collected across different
climatic regions (ldaho state and KSA) and featuring various aggregate gradations and binder performance grades
enhances the robustness and representativeness of the study.

e The careful selection of features aligns with the most widely used NCHRP and Hirsch regression models, ensuring
a comprehensive and fair investigation. This approach enhances the study’s relevance using features that resonate
with established industry standards.

e The study employs the k-fold cross-validation technique for training and testing to address potential biases in dataset
separation. This robust approach contributes to internal validity by ensuring that the model’s performance is
evaluated across multiple subsets of the dataset, reducing the risk of overfitting.

e Despite using widely accepted performance metrics, the choice of MAE, RMSE, R?, and training time may not
capture all aspects of model performance.
3.6.2. External Threats

o The study’s external validity is fortified by the potential applicability of the developed |E*| prediction framework.
Different departments of transportation and highway agencies can adopt this framework, offering a practical and
generalizable solution for |E*| prediction.
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e The generalizability of the framework assumes that different transportation and highway agencies will adopt and
implement it. However, practical challenges, institutional differences, or resistance to change may hinder
widespread adoption.

¢ While the dataset is diverse and captures varying climatic conditions (hot and cold climates) and material properties,
it is limited to Superpave mixes from specific geographical locations (ldaho state and KSA). This geographic
restriction might impact the model’s universality, particularly in regions with distinct asphalt binder properties or
construction practices. However, including datasets from significantly different climatic regions enhances the
framework’s representativeness and potential applicability to other locations with similar climates.

e The study acknowledges the external threat of generalizability. While the framework may apply to different
departments, each region’s specific conditions and characteristics might not be fully captured, limiting the external
validity of the results.

4. Summary and Conclusions

This research study utilized |E*| database collected from Idaho State and the Kingdom of Saudi Arabia related to AC
mixtures and asphalt binders to investigate the performance of state-of-the-art classic ML and DL algorithms (including
MLR, DT, SVM, ET, GPR, and ANN, as well as CNN and RNN) for the development of more accurate and rational
predictive |[E*| models. A total of 13 features affecting the |E*| were aggregated, considered as the independent features,
and regrouped for the |[E*| prediction based on three renewed regression models, including Witczak NCHRP 1-37A -
based, Witczak NCHRP 1-40D G*, 6- based, and Hirsch G*-based predictive models. These features include f, 1, Vesr,
Va4, P34, p3s, P2, p200, G*, 8, VMA, VFA, and P..

The developed and fine-tuned models were evaluated based on multi-stage assessment criteria. Firstly, the developed
ML and DL regressors were compared in terms of various modeling accuracy and complexity performance measures of
effectiveness. Secondly, a sensitivity analysis of the predicted results was conducted to test the rationality of the
prediction, hence testing the impact of the considered features on |E*| prediction, and to predict possible regressors
overfitting or memorization. In this stage, the developed best-performing models with the highest accuracy, lowest
complexity, and results rationality were identified based on a weighted average score representing the overall multi-
criteria rank. The main findings of this study can be summarized as follows:

e The fine-tuned ML and DL models’ structures included the interactions linear regression, fine DT with a minimum
leaf size of 4, SVR with a coarse Gaussian kernel and scale value of 11, the bagged ET, the GPR with exponential
kernel, the ANN with two hidden layers, 45 neurons each, and ReLU activation function, deep CNN and GRU
RNN.

e The best-performing models over the fine-tuned hyperparameters in terms of modeling accuracy were the GPR
with exponential kernel followed by the bagged ET, fine DT with a minimum leaf size of 4, which reported
statistical measures of R? of 0.95, 0.94, 0.94, and 0.91, respectively.

e The best-performing model in terms of modeling complexity was the bagged ET, with a training time ranging
between 0.33 and 0.44 minutes and a testing time of 0.01 minutes.

e The predicted versus actual |E*| plots aligned with the preceding results and illustrated that the GPR and Bagged
ET were the best outperforming models.

e Comparing the developed regressors in this study with the regression and ANN modeling from previous literature
studies showed that the developed models outperformed previous ones in terms of prediction performance with
4% higher R2.

e The sensitivity analysis of the |[E*| prediction across the three datasets showed that the deep CNN, GRU RNN, and
the GPR had some variations from typical |E*| trends, indicating a possibility of overfitting occurrence.

e The sensitivity analysis also showed that the ET and DT consistently demonstrated a high degree of rationality
over all the tested datasets.

The results presented demonstrate that the classic ML and DL algorithms developed in this study produce predictions
with higher accuracy, lower complexity, and greater rationality compared to existing models in the literature. This
demonstrates the applicability of the proposed best-performing models for improved |E*| prediction. Pavement designers
and practitioners can adopt the developed feature engineering-ML and DL-based approach to estimate more accurate
and rational |E*| predictions.

Future studies should integrate datasets encompassing a broader range of AC mixtures, asphalt binders, and
aggregates to enhance the generalization capability of ML and DL models. This will improve the accuracy of |E*|
predictions and enhance their application in modern pavement analysis. Including data from different design
methodologies (e.g., Marshall or Hveem), non-Superpave mixtures, and innovative materials such as RAP, WMA, and
polymer-modified binders will address the study's current limitations and extend the framework’s applicability to diverse
materials and practices.
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To improve model robustness, advanced feature selection techniques, such as recursive feature elimination (RFE),
principal component analysis (PCA), or mutual information, should be explored to identify the most significant
predictors. This would enhance both accuracy and computational efficiency. Additionally, mitigating overfitting in deep
learning models is critical. Regularization techniques like dropout, weight decay, early stopping, and simplifying model
architectures could improve generalization. Incorporating hybrid approaches that combine mechanistic models with
data-driven methods could further align model outputs with physical principles, reducing sensitivity to noise and
anomalies.

Furthermore, while bagging methods demonstrated an effective balance of accuracy and efficiency, scenarios
involving high variability or complex, non-linear relationships may justify more advanced models like boosting
techniques or hybrid ensembles. Exploring such models alongside scalable architectures will ensure adaptability to
larger and more complex datasets.

Lastly, collaboration with transportation agencies and industry practitioners is essential to gather region-specific data
and address external threats to validity. This will enhance the framework's acceptance and usability across diverse
regional and institutional contexts.
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