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ABSTRACT 

This study focuses on forecasts of the Indirect Tensile Stiffness Modulus (ITSM) of fiber-reinforced Cold 

Mix Asphalt (CMA), using a CHAID (Chi-Squared Automatic Interaction Detector) model of tree-based 

machine learning methods. One of the most important advantages of the CHAID model is its simplicity 

when it comes to little training. This study employed 123 laboratory samples, taken on predetermined 

essential elements, fibre content and type, fibre length, curing time, and air voids. The CHAID model was 

evaluated through several performance indicators, including R² (coefficient of determination) and RMSE 

(Root Mean Square Error). The proposed model had an R² of 0.913, an Average Accuracy Percentage 

(AA%) of 16.16%, and an RMSE of 170.2 MPa. Feature importance showed both curing time and air 

voids as the main factors that affect ITSM. This study demonstrates the practicality of the CHAID model 

as a transparent and interpretable model to forecast stiffness, offering a wise choice in designing heavy-

duty sustainable fiber-enhanced CMA mixtures for pavements. 

Keywords-gene expression programming; machine learning; fiber-reinforced cold mix asphalt; indirect tensile 

stiffness modulus; modeling 

I. INTRODUCTION  

CMA is used in patching applications and in remote 
locations due to its low energy costs and no heat requirements 
to resurface and maintain roadways. The ambient temperature 
manufacturing of CMA decreases the amount of energy 
consumed in the manufacturing process, reduces the amount of 
greenhouse gas emitted, and decreases the need for a burner 
facility to heat the HMA mix [1,2]. These CMA manufacturing 
properties benefit the environment and support policies such as 
the U.S. Environmental Protection Agency's Clean Air Act [3]. 
Economically, CMA also has many advantages, as it benefits 
consumers by its lower fuel requirements, leading to lower fuel 
costs to produce the material, allows CMA to be worked longer 
during the day, and uses materials that are commonly available 
for small works, allowing the use of local products with little or 
no reliance on a hot mix plant [4]. Despite these benefits, CMA 
has some drawbacks compared to HMA, including lower initial 
strength, the amount of time it takes to cure before achieving 
full mechanical performance, increased sensitivity to moisture, 
and increased susceptibility to permanent deformation (rutting) 
[1, 4]. 

A useful method to bypass these disadvantages is the 
addition of discrete fibers into the matrix system, including 
both natural (e.g., jute, coir, hemp, basalt) and synthetic (e.g., 
polyester, glass, polypropylene). Fibers enhance the composite 
matrix of CMA by improving cohesion, distributing stresses, 
bridging micro-cracks, and absorbing binder, thus mitigating 
drain-down and increasing tensile strength [2, 5]. Previous 
studies have shown that optimized fiber type, length, and 
content (typically 0.2–0.5% by aggregate weight) significantly 
improve key engineering properties, such as resistance to 
rutting and moisture damage, flexural strength, and critically, 
the Indirect Tensile Stiffness Modulus (ITSM) [1, 4, 6]. ITSM, 
a fundamental indicator of material stiffness and resistance to 
deformation under traffic loads, is vital for predicting pavement 
performance and designing durable structures [7]. A challenge 
in predicting the ITSM in fiber-reinforced CMA is the complex 
interaction of multiple variables, including fiber characteristics 
(type, length, and dosage, surface texture), mix composition 
(aggregate gradation, binder type and content, filler), curing 
conditions (time, temperature), and environmental factors [8]. 
Empirical or regression-based models are often inadequate in 
capturing the non-linear relationship and complex interaction 
embedded in these multi-factorial systems. 
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Machine Learning (ML) can be used to solve this multi-
objective problem, which has proved to be powerful for 
complex prediction tasks in engineering, particularly tree-based 
ensemble models. These models, including Decision Trees 
(DT), Random Forests (RF), Gradient Boosting Trees (GBT), 
and eXtreme Gradient Boosting (XGBoost), are known for 
their proficiency in detecting non-linear patterns and 
interactions in high-dimensional datasets without making strict 
assumptions on data distribution [8-11]. A key advantage of 
tree-based models is their ability to provide inherent feature 
importance analysis, indicating the relative importance of input 
variables [8]. Tree-based models, such as RF, have shown 
better predictive performance than the traditional statistical 
models in the prediction of rutting depth in HMA [12], 
dynamic modulus [13], and fatigue life [14] within pavement 
materials. However, little is known about the application of 
such models for the prediction of ITSM of fiber-reinforced 
CMA [15, 16]. The existing limited predictive efforts for CMA 
properties have mostly focused on simpler models, 
unreinforced mixtures, or HMA [3, 11], highlighting the wide 
knowledge gap on the effectiveness of advanced ML 
techniques for this specific composite material. 

This study aimed to provide a comprehensive performance 
evaluation of some of the prominent tree-based ensemble 
models to predict the ITSM of fiber-reinforced CMA. Using a 
robust experimental dataset that encompasses various types, 
contents, lengths, and curing times, this study aimed to: (i) 
assess the predictive accuracy of models; (ii) identify the most 
influential input features governing ITSM; and (iii) compare 
the performance of these ML models against traditional 
regression techniques. The results provide a reliable, data-
driven tool for optimizing fiber-reinforced CMA mix designs, 
accelerating performance assessment, and ultimately promoting 
the broader utilization of this sustainable pavement material.  

II. PREDICTION MODELS AND TREES 

In recent years, ML has become an effective tool to solve 
intricate civil engineering problems. Previous research attempts 
on predicting the ITSM of fiber-reinforced CMA exploited 
models such as Artificial Neural Networks (ANN), fuzzy logic, 
and Support Vector Machines (SVM) [17-19], which were 
accurate but not interpretable, thus devoid of direct applications 
[20]. However, the employment of evolutionary algorithms, 
such as Genetic Programming (GP), Genetic Algorithm (GA), 
and more specifically Gene Expression Programming (GEP), 
allowed obtaining explicit mathematical expressions to solve 
such problems [21, 22]. GEP, a merge between GP and GA, 
outputs readable formulas and eliminates redundant solutions 
[23], justifying its effectiveness in predicting several applicable 
engineering problems, including concrete behavior, soil 
properties, and tunnel machine performance [24-28]. This 
study aims to identify the superior approach in predicting the 
ITSM of fiber-reinforced CMA using GEP and tree-based 
methods on Fiber Type (FT1 and FT2), Fiber Content 
percentage (FC%), Fiber Length (FL), Ripping Time (RT), 
Curing Time (CT), and Air Void percentage (AV%) inputs. 

III. DATASET 

The robustness of supervised ML models depends on the 
suitability of the dataset and the model's capabilities. 
Particularly for tree-based algorithms, their recursive 
partitioning can capture non-linear relationships and 
interactions among variables. However, this can also expose 
them to overfitting when the dataset lacks diversity and 
localness. For civil engineering, models such as DT, RF, and 
GBT can accurately predict the complex behaviors of materials 
such as soil, rock, asphalt, etc., on ITSM only if the dataset 
fully represents the materials and has a wide range of variation. 

A dataset of 123 cold bituminous mixtures (CMA) was 
compiled to develop a reliable predictive model using SPSS. 
The mixtures were sourced from previous studies, where fibers 
were used as reinforcement to improve performance under 
varying curing and compaction conditions [1, 2, 4, 29-31]. 
Different fiber types and combinations were used, as each 
reinforcement method influences CMA behavior differently. 
The dataset aimed to explore the effects of different variable 
combinations on the ITSM of fiber-reinforced CMA.  

FT1 and FT2 are categorical descriptors that specify the 
fibre type, with FT1 representing the main fiber used in the mix 
of the modified asphalt and FT2 indicating the second fiber. 
The values of each of the two variables ranged from 0 to 8, 
corresponding to fibre type indices, which are used to pinpoint 
a respective fibre type used in the matrices of experimental 
programs. As an example of the above, indices 0, 1, and 2 can 
represent various types of fibres such as cellulose, nylon, or 
glass, chosen under specific mechanical and chemical 
properties as part of the mixtures. 

The combined effect of fiber types is calculated using a 
composite variable, the FT1/FT2 ratio. For each possible 
unique combination of FT1 and FT2, there is a unique value of 
the combined factors. This captures the interaction between the 
two fibers within the asphalt matrix. For example, if cellulose 
is FT1 and glass fiber is FT2, a different FT1/FT2 index is 
obtained compared to the case of nylon FT1 and cellulose FT2. 
This coding scheme takes into account all possible 
combinations and allows the model to evaluate the effect of 
these factors on ITSM performance. 

The target output is the ITSM, measured in MPa. ITSM is a 
key parameter for CMA's deformation and fatigue resistance. 
Data preprocessing aimed to make the output and the variables 
have the same units, which is MPa. In addition, the variables in 
the training set need to be removed of outliers and 
redundancies that can lead to biased outcomes. Table I shows 
the input variables. All the independent variables were formed 
to support a structured algorithm for training, testing, and 
reanalysis when studying the effect of fibers on asphalt 
stiffness. 
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TABLE I.  VARIABLES USED FOR FIBER-MODIFIED CMA 

Variable type Symbol Description 

Output ITSM Indirect Tensile Stiffness Modulus (MPa) 

Input FT1 

Fiber Type 1 (0 = No fiber, 1 = Cellulose, 2 = 

Glass, 3 = Nylon, 4 = Polyester, 5 = Basalt, 6 = 

Hemp, 7 = Jute, 8 = Coir) 

Input FT2 

Fiber Type 2 (0 = No fiber, 1 = Cellulose, 2 = 

Glass, 3 = Nylon, 4 = Polyester, 5 = Basalt, 6 = 

Hemp, 7 = Jute, 8 = Coir) 

Input FT1/FT2 Fiber blend ratio by mass (FT1:FT2) 

Input FC% Fiber Content (% by weight of total aggregate) 

Input FL Fiber Length (mm) 

Input CT Curing Time (days) 

Input AV% Air Void content (%) 

 

IV. MODEL ARCHITECTURE 

GEP is an advanced regression technique that combines 
genetic algorithms and expression trees to evolve mathematical 
models from data. Solutions are encoded as fixed-length linear 
chromosomes, which are later expressed as non-linear 
Expression Trees (ETs). Each chromosome consists of one or 
more genes, with every gene comprising a head, which 
includes functions, constants, and variables, and a tail, which 
includes only constants and variables [21]. This structure 
ensures the generation of syntactically valid expressions for 
accurate modeling of nonlinear systems. The initial GEP 
population consists of randomly generated chromosomes 
combining these input features using a predefined set of 
mathematical operators. 

A chromosome consists of a single gene expressed as a 
linear string. This string is translated into an ET, which visually 
represents the hierarchical relationship among the input 
variables and operators. The ET is then read left to right, top to 
bottom, and translated into a corresponding mathematical 
formula. For chromosomes with multiple genes, the respective 
ETs are linked using operators such as addition, multiplication, 
or division to construct a composite predictive model. 

The accuracy of each chromosome is evaluated using a 
fitness function based on statistical performance metrics. This 
study employed multiple indicators to rigorously assess model 
quality: Root Mean Square Error (RMSE), Normalized RMSE 
(NRMSE), Mean Absolute Percentage Error (MAPE), Average 
Accuracy Percentage (AA%), Coefficient of Determination 
(R²), and Pearson Correlation Coefficient (R), calculated as 
shown in (1-5). Chromosomes yielding high fitness values are 
selected for further evolution. 
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where �
  are actual and �
  are predicted values, �  is the 
number of points within the dataset, and � is used to normalize 
the RMSE against the mean of the actual values.  

To enhance diversity and search efficiency across 
generations, several genetic operators are applied: 

 Mutation introduces random alterations to gene 
components. 

 Recombination enables the exchange of genetic material 
between chromosomes. Depending on the operation, this 
may be single-point, two-point, or entire gene 
recombination. 

 Transportation involves moving gene segments within a 
chromosome. Insertion Sequence (IS) refers to movement 
within the gene head, Root Insertion Sequence (RIS) moves 
segments from the head to the tail, and Gene Transportation 
(GT) shifts entire genes to different locations. 

 Inversion reverses a portion of the head, modifying the gene 
structure without syntactic errors. 

As generations progress, these mechanisms guide the 
population toward optimal solutions. The finalized models 
show an advanced representation of the asphalt mixture 
parameters and their ITSM. The GEP models were trained on 
80% of the available data, with the other 20% kept for 
validation. The most effective mix design parameters were 
chosen as the input variables to predict the ITSM of fiber-
reinforced CMA.  

V. ANALYSIS AND RESULTS 

This study used tree-based predictive models for predicting 
the ITSM of fiber-reinforced CMA mixtures. Each model 
consisted of some looped expression structures designed to 
reflect patterns in the input data, inspired by GEP models used 
in previous CMA-related research. These models evolved into 
mathematical expressions according to their suitability in 
prediction tasks. 

Figure 1 shows the results of a DT model. Key elements are 
summarized as follows. Root Node (Node 0) represents the 
entire dataset (n = 131), with a mean ITSM of 496.22 MPa and 
high variability (SD = 539.23 MPa), indicating significant 
heterogeneity in the samples. For the primary split, the tree 
bifurcates at fiber content (FC%) of 0.3% (Bonferroni-adjusted 
p<0.001; F=46.251), confirming FC% as the dominant 

predictor. In the terminal nodes, Node 1 (≤0.3% FC) has a 

lower ITSM (176.86 MPa, SD=149.36 MPa) observed in 
42.7% of cases (n=56), indicating inadequate fiber 
reinforcement, and Node 2 (>0.3% FC) had higher ITSM 
(734.67 MPa, SD=599.51 MPa) in 57.3% of cases (n=75), 
demonstrating optimal fiber efficacy.  

This split explains 57.3% of the variance in ITSM values. 
The tree structure confirms that fiber content >0.3% is critical 
for maximizing stiffness modulus. The high standard 
deviations in both nodes suggest secondary influences (e.g., 
fiber type, curing conditions), requiring further investigation. 
This aligns with established principles of fiber reinforcement in 
asphalt composites [32]. 
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Fig. 1.  Predictive model for ITSM. 

Among the models evaluated, the one that incorporated 
eight genetic structures demonstrated superior predictive 
accuracy, in agreement with previous findings suggesting 
improved performance with more complex model architectures 
[33]. This model scored an R² value of 0.913, which is an 
improvement from the simpler model that reached an R² value 
of 0.88. This indicates that the model has a greater degree of 
accuracy in predicting ITSM values. The R2 is superior to 
previous ones, such as 0.80 and 0.90 in [34, 35], respectively. 
As a result, the proposed CHAID model demonstrates 
increased prediction capacity. Consequently, based on the 
structure of the tree and node analysis, the tree structure of the 
CHAID-based tree model was proven to be resilient and easy 
to interpret, and can be used as a competent framework for 
forecasting ITSM. The most influential predictor is FC%. 

This sharp increase in the stiffness modulus for mixtures 
with fiber content greater than 0.3% confirms the positive 
effect of fiber reinforcement, especially at higher dosages. The 
Bonferroni-adjusted p-value (Sig.=0.000) and F-statistic 
(F=46.251) indicate the split is statistically significant, 
validating the predictive strength of FC%. 

The complementary outputs of GEP and CHAID addressed 
different aspects of the prediction problem. GEP yielded 
symbolic regression equations representing non-linear 
interaction effects of fiber characteristics, curing conditions, 
and air voids. In contrast, CHAID showcased the variable 
hierarchy via its interpretable DT structure. Specifically, for 
practical purposes, GEP offered predictive accuracy with 
explicit mathematical forms, but CHAID provided 
interpretability of the prediction problem, showing that fiber 
content was the preeminent determinant of ITSM at a critical 
threshold of 0.3%. The two models complemented each other 
in terms of explanations. While GEP quantified the effects 
(magnitude), CHAID sequenced their logical order (sequence), 
resulting in a robust framework for accurate and interpretable 
prediction of ITSM. 

The model's residual variance is acceptable given the 
simplicity (single-variable) and limited depth of the tree. 
Although further depth or additional variables may enhance 
precision, the current model remains interpretable and 
effective. 

 

 

TABLE II.  PERFORMANCE EVALUATION OF THE TREE 
MODEL 

Indicator Value 

RMSE 170.2 MPa 

NRMSE 34.9% 

MAPE 83.84% 

Average Accuracy Percentage (AA%) 16.16% 

Coefficient of Determination (R²) 0.913 

Pearson Correlation Coefficient (R) 0.961 

 
Quantitative evaluation metrics confirm the strong 

predictive capability of the tree-based model (CHAID) in 
estimating the ITSM of fiber-enhanced CMA. The model 
demonstrated an RMSE of 170.2 MPa and an NRMSE of 
34.9%, indicating a relatively low level of deviation between 
predicted and observed values. Additionally, the MAPE was 
83.84%, indicating a 16.16% or 1.91-fold AA%, which is good 
for practical applications. The coefficient of determination (R²) 
reached 0.913, meaning that predictor variables can provide 
91.30% explanation for the differences or variabilities in the 
output. Finally, the Pearson Correlation coefficient (R) was 
0.961, indicating a strong relationship rank between the 
measured (the source) and the estimated (predicted) ITSM. 

These results indicate that DT algorithms are capable of 
modelling the complicated behaviour of BC systems that use 
various input features, such as fiber types (FT1, FT2), fiber 
content (FC%), curing time (CT), air void content (AV%), and 
fiber length (FL). The proposed CHAID model has great 
interpretability and robustness compared to other methods, 
which makes it preferable to use for performance prediction of 
FMA systems [36, 37]. 

The scatter plot in Figure 2 displays the predicted vs. the 
experimental ITSM values, showing that the data points fall 
around the 1:1 reference line. The data points mainly fall on the 
right side of the 1:1 reference line, meaning the predicted 
ITSM values are smaller than the experimental ones. In the mid 
to high stiffness range (stiffness>80 MPa), most of the data 
point clusters fall close to the 1:1 reference line. The spread of 
the data points on the bottom of the 1:1 reference line is 
significant in the low stiffness range (stiffness<50MPa). 
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Fig. 2.  Agreement between the model and experimental results. 

VI. CONCLUSIONS 

After analyzing the results collected from previous studies 
and the proposed model, the following can be concluded: 

 The CHAID model proved to be an acceptable predictor of 
ITSM, as illustrated by the resulting R² of 0.913 and RMSE 
of 170.2 MPa for fiber-reinforced CMA. 

 Among the input variables, fiber content, curing time, and 
air voids exhibited the highest influence on ITSM, 
emphasizing the critical role of mixture compaction and 
maturation in stiffness development. 

 The model's transparency and rule-based structure offer 
engineers a practical, interpretable alternative to black-box 
algorithms in pavement material design and performance 
prediction. 

 The results confirm the potential of tree-based approaches 
in advancing data-driven methods for optimizing CMA 
reinforced with various fiber types. 

 These results support the integration of ML methods into 
asphalt research for the efficient evaluation of engineering 
performance in relation to mechanical properties and, 
hence, develop more sustainable approaches toward 
pavement engineering. 
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