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Abstract
Significant efforts have been made to investigate the relationship between generic fractions and bulk properties of 
asphalt, as the most used binder in road pavement engineering. However, due to limited data availability, advanced 
data mining techniques, such as machine learning (ML), have rarely been applied in the field. This study aimed to 
collect extensive data on asphalt generic fractions and bulk properties and to explore their underlying linkage using 
ML methods. A total of 800 datasets for asphalt fractions of the saturate, aromatic, resin, and asphaltene (SARA) 
were collected and analyzed across various asphalt types. The generic fractions and derived indices were used as 
input variables in ML models to predict key asphalt properties, including penetration, softening point, rutting factor, 
and rotational viscosity. The contribution of different generic fractions, derived indices, and additional variables 
(e.g., asphalt type and geographical origin) to these properties was quantified using the SHapley Additive 
exPlanations (SHAP) technique. Among the ML models evaluated, adaptive boosting (AdaBoost) showed the best 
predictive performance, while the support vector machine demonstrated greater robustness. SHAP analysis 
revealed that penetration was primarily influenced by the proportions of asphaltenes and saturates, while 
asphaltene content and the asphaltenes index were the most significant predictors for other properties, such as 
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softening point, rutting factor, and rotational viscosity. Including asphalt type and geographical origin as categorical 
variables in the models further improved prediction accuracy. This study highlights the potential of ML techniques 
in uncovering complex relationships between asphalt fractions and their bulk properties, surpassing conventional 
statistical approaches, though challenges remain.

Keywords: Paving asphalt, generic fractions, fraction-property linkage, machine learning, model interpretation

INTRODUCTION
Petroleum asphalt has been widely used as the paving binder in the construction of road infrastructures all 
over the world, of which the performance is highly dominated by chemical components and structures[1]. 
Due to the complexity of asphalt molecules, the most practical way to characterize the chemical 
composition of asphalts is by separating them into several generic fractions based on polarity. In this term, 
four generic fractions include saturates, aromatics, resins, and asphaltenes, generally known as saturate, 
aromatic, resin, and asphaltene (SARA) fractions[2-6].

Regarding the asphalt binder as the colloid, a widespread colloid model has been proposed to describe the 
distribution of SARA fractions in asphalt, as presented in Figure 1[7-9]. In general, the fractions with relatively 
high molecular weight (as colloidal particles) are dispersed in the liquid phase composed of fractions with 
relatively low molecular weight (as dispersing agent)[10]. In the asphalt colloid system, the colloidal particles 
mainly consist of asphaltenes that are surrounded by a stabilizing solvation layer consisting of resins, also 
known as micelles. In addition, the micelles are distributed in the dispersing agent composed of saturates 
and aromatics.

At present, the linkage between SARA fractions and bulk physical properties of asphalts has been widely 
examined and reported in previous studies[11,12]. For example, Hofko et al. found that the asphaltenes 
proportion played a dominant role in determining the stiffness and elasticity of asphalts[13]. Sakib et al. 
statistically examined the relationships and observed that the high-temperature modulus was highly 
dependent on asphaltenes while the low-temperature creep stiffness was strongly affected by aromatics and 
resins[14]. Besides, Xu et al. found that the dynamic modulus of asphalts increased with asphaltenes or resins 
while decreasing with saturates or aromatics[15]. Saturates had the greatest effect on rheological properties. 
Weigel and Stephan also reported the strong impact of SARA fractions on the stiffness, viscosity and 
temperature susceptibility of asphalts[16]. Additionally, the aging resistance was mostly dependent on 
asphaltenes. Wang et al. focused on the effect of SARA fractions on low-temperature properties and 
reported that the glass transition temperature of asphalt binders was primarily determined by saturates and 
aromatics[17]. Furthermore, Wang et al. established several correlation models between SARA fractions and 
viscoelastic master curves of asphalt binders using the multiple linear regression method[18].

Extensive studies have investigated the relationship between asphalt fractions and their properties. 
However, the following three critical research gaps remain: (1) Current literature demonstrates insufficient 
consideration of asphalt origins, with limited crude oil sources considered in regional investigations, 
thereby limiting the generalizability of findings and failing to comprehensively characterize the variation in 
fractions of various asphalts due to geological differences; (2) Conventional correlation models exhibit 
excessive reliance on Pearson’s linear correlation analysis and multivariate linear regression (MLR) 
methodologies, which fundamentally treat SARA fractions as four independent variables while presuming 
linear relationships. Those approaches ignore the chemically inherent, potentially nonlinear interactions 
within asphalt components. In contrast, advanced data mining techniques, such as machine learning (ML), 
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Figure 1. Colloid model of asphalt considering SARA fractions. SARA: Saturate, aromatic, resin, and asphaltene.

overcome these methodological constraints by capturing complex nonlinear dependencies and variable 
interactions without presuming linearity or independence, thereby achieving superior predictive accuracy 
than linear models and providing deeper explanation of mechanism through feature analysis and SHapley 
Additive exPlanations (SHAP) interpretation; (3) Although prior research has accumulated experimental 
data, the relatively limited dataset has restricted application of advanced data mining techniques.

To address these gaps, this study aims to collect extensive data on asphalt fractions and properties from 
diverse global origins through literature-based data extraction. Advanced ML modeling and interpretation 
techniques are then employed to explore the relationships between generic fractions and bulk properties of 
asphalts across multiple origins.

MATERIALS AND METHODS
Data extraction
In this study, a total of approximately 800 asphalt samples are collected from 130 papers. The data on SARA 
fractions, asphalt geographical origins, asphalt types and asphalt properties are extracted and processed, 
respectively. The raw data and corresponding information of selected literature can be found in the 
Supplementary Materials. It is noted that the raw data summarized in the file needs to be cleaned by 
removing outliers for the subsequent data analysis and modeling. Specifically, outliers are identified using a 
combination of statistical thresholds and domain-specific rules. The interquartile range (IQR) method is 
applied, where data points falling outside 1.5 × IQR below the first quartile or above the third quartile for 
key asphalt properties are flagged as potential outliers. Additionally, domain-specific rules were used to 
exclude data points that deviated significantly from expected physical or chemical behavior. Five types of 
asphalt are considered, including virgin asphalts (unaged and unmodified asphalts, VG), polymer-modified 
asphalts (PMA), aged asphalts (AG), recovered asphalts from RAP (RAP), and rejuvenated asphalts (RJ).

It is well known that asphalt consists of a large number of compounds, and its composition varies with the 
geographical origin of the crude oil. Figure 2 shows the main origins of asphalts in our dataset. Based on the 
origin and distribution density of the materials, the origins of asphalts could be classified into 11 regions, 
including: (1) Western Europe; (2) Eastern Europe; (3) North Africa; (4) Sub-Saharan Africa; (5) Middle 
East; (6) South and Southeast Asia; (7) East and Central Asia; (8) Pacific/Oceania; (9) North America; (10) 
Central America and Caribbean; (11) South America.

Data analysis
ML algorithms
Given the same data quantity and number of input variables, the ML model’s accuracy and performance are 
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Figure 2. Distribution map of asphalt geographical origins.

highly dependent on the choice of algorithm. Consequently, even with a limited amount of data and 
numerous features, selecting an appropriate algorithm can enhance the model’s predictive capability. This 
study therefore evaluates the best ML model by comparing different algorithms, with the MLR as the 
baseline, including extreme gradient boosting (XGBoost), adaptive boosting (AdaBoost), random forest 
(RF), and support vector machine (SVM).

MLR 
MLR is the most basic algorithm used to model the relationship between two or more predictor variables 
and a continuous outcome variable. MLR is usually applied to scenarios where the relationship between 
features is clear and consistent with the assumptions. It has advantages with high computational efficiency 
and is easy to understand, but it cannot deal with problems containing complex nonlinear relationships. 
The model may be unstable when there are multiple covariates and is more sensitive to outliers.

XGBoost 
XGBoost is an advanced implementation of the Gradient Boosting framework, designed to enhance 
performance and computational efficiency. It incorporates several innovations, such as a regularization 
technique to prevent overfitting, parallel tree boosting, and support for sparse data handling. XGBoost also 
uses a more efficient gradient-based optimization approach, making it faster and more scalable than 
traditional GB methods.

AdaBoost 
AdaBoost is an ensemble learning algorithm that combines multiple weak classifiers to form a strong 
classifier. The algorithm works by iteratively adjusting the weights of incorrectly classified samples, focusing 
more on difficult cases in subsequent rounds. Each new classifier is added to minimize the overall error, and 
the final model is a weighted sum of all classifiers. AdaBoost is particularly effective for binary classification 
problems and can improve the performance of simple models, such as decision stumps while maintaining 
interpretability.

RF 
RF is a powerful ensemble learning method widely used in ML for classification and regression tasks. It 
operates by constructing multiple decision trees during training and outputs the mode of the classes 
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(classification) or mean prediction (regression) of the individual trees. The “random” in RF refers to two
key aspects: random selection of data points for training each tree (bootstrap aggregation or bagging) and a
random subset of features considered for each split in the tree. This randomness helps to decorrelate the
trees, reducing overfitting and improving generalization performance. RF is robust to noisy data and works
well with high-dimensional datasets. Additionally, it provides estimates of feature importance, aiding in
interpretability. Overall, RF is a versatile and efficient algorithm suitable for various ML tasks.

SVM
SVM is a powerful supervised learning algorithm renowned for its effectiveness in both classification and
regression tasks. Its key principle revolves around finding the optimal hyperplane that separates data points
of different classes with the maximum margin, thereby maximizing the generalization ability of the model.
SVM achieves this by transforming the input data into a higher-dimensional feature space, where it can
construct an optimal separating hyperplane. SVM is particularly well-suited for situations with high-
dimensional feature spaces and small to medium-sized datasets. Its ability to capture intricate decision
boundaries and its robustness to overfitting make it a popular choice across various domains.

Hyperparameter optimization
In this study, Bayesian optimization was employed as a sophisticated approach for hyperparameter tuning
in model training. This method uses probabilistic models to systematically explore the hyperparameter
space. The process starts by sampling the objective function at a few randomly selected points, which serves
as the initial data set for a surrogate model, commonly a Gaussian process. It acts as a probabilistic model of
the objective function, providing estimates of performance across the hyperparameter space. To decide the
next point to evaluate, an acquisition function is applied to balance the trade-off between exploring new
regions and exploiting known areas of high performance. This point is chosen to maximize the potential
gain in information or performance improvement. The selected hyperparameters are then evaluated, and
the results are used to update the surrogate model. This cycle continues, with each iteration refining the
model’s predictions and directing computational efforts toward the most promising areas.

The 5-fold cross-validation repeated ten times was employed primarily for hyperparameter tuning to ensure
robust selection of model parameters and avoid overfitting. This technique minimizes bias by randomly
selecting samples for training and testing, enhancing the model’s performance. In this study, 80% of the data
was used for training, and the remaining 20% was used for testing. It is important to note that K-Fold cross-
validation was applied only to the training dataset. In specific, the training data was divided into two groups
using the K-Fold approach: one for training and the other for testing. The process was repeated over five
rounds, where in each iteration, a different subset from the training data was used as the testing set while
the model was trained on the remaining four subsets. To further strengthen the model’s performance, this
cross-validation procedure was repeated ten times; once the optimal hyperparameters were identified
through this repeated cross-validation, the final model evaluation was performed on a separate hold-out test
set to assess generalization performance and the model with the lowest error was selected.

Evaluating prediction results is also crucial across all ML applications. This involves comparing the
predicted values with the actual measured values using statistical indices that reveal the differences between
them. In this study, the coefficient of determination (R2), mean squared error (MSE), and mean absolute
error (MAE) were chosen as the error evaluation criteria, to determine the effectiveness and accuracy of all
proposed models. R2, which ranges from 0 to 1, indicates the correlation between predicted and observed
values, with a value closer to 1 representing a better model fit. MSE and MAE measure the dispersion
between predicted and actual values, serving as indicators of error or loss. Lower values of MSE and MAE
suggest a more precise and accurate model.
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In which yi,o and yi,p represent the observed value and predicted value of sample i, and y indicates the average 
value of all observed values; n signifies the sample size.

RESULTS AND DISCUSSION
Generic fractions data exploration
Asphalt can be fractionated into four generic fractions, namely SARA fractions, according to the decreasing 
polarity[19]. Therefore, the proportions of SARA fractions are first explored in terms of five different types of 
asphalt, as shown in Figure 3.

Overall, the proportions of SARA fractions of VG are significantly different from both AG and RAP, but 
only the asphaltenes are significantly different compared to PMA. This can be attributed to polymer 
modifiers mainly present as asphaltenes in the SARA fractions. The proportions of saturates and aromatics 
in RAP are the lowest among the five types of asphalts, followed by AG. This is due to the fact that saturates 
evaporated at high temperatures, and aromatics gradually convert to resins and asphaltenes during aging[20].

In addition, the aging status of the RAP is usually higher than it is from the indoor aging process. Therefore, 
more significant differences in SARA fractions can be found between VG and RAP. The data distribution 
range of SARA fractions of RJ is significantly smaller relative to the distribution ranges for other asphalts. 
This is possible because the asphalt regeneration process is usually based on the principle of component 
blending. As a result, the distribution of its SARA fractions can be actively controlled.

There is no significant difference between the light fractions of RJ and VG, since the rejuvenator can 
provide the light fraction lost due to volatilization and oxidation of the asphalt during aging and rebalance 
the asphalt fractions[21]. It is worth noting that there are significant differences between the asphaltenes and 
resins of RJ and VG, indicating that the heavy fractions of AG cannot be fully rejuvenated to the level of 
VG.

Furthermore, two indices are derived from SARA fractions to characterize the colloidal structure of 
asphalts, including the colloidal instability index (CII) and asphaltenes index (AI)[18]. Among them, CII 
refers to the ratio of (%asphaltenes + %saturates) and (%resins + %aromatics), and AI refers to the ratio of 
(%asphaltenes + %resins) and (%saturates + %aromatics). In general, CII is used to characterize the stability 
of asphaltenes in the asphalt binder. The lower the CII value, the higher the stability of asphaltenes in the 
asphalt binder. AI represents the asphaltenes content and is useful for assessing the colloidal stability[22].

(1)

(2)

(3)
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Figure 3. The box plot of SARA fractions for five asphalt binders: (A) Saturates; (B) Aromatics; (C) Resins; (D) Asphaltenes. *P value < 
0.05; **P value < 0.01; ***P value < 0.001; ****P value < 0.0001. SARA: Saturate, aromatic, resin, and asphaltene.

The distribution of these two SARA-derived indices for five types of asphalts is presented in Figure 4. It can 
be seen that the average CII values of the five asphalts increase in the order of VG, PMA, RJ, RAP, and AG. 
AI shows a similar changing pattern to that of CII. Overall, VG has the highest colloidal stability, and all 
other types of asphalts show varied increases in colloidal instability compared to VG.
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Figure 4. The box plot of SARA-derived indices for five asphalt binders: (A) CII; (B) AI. *Significance level P-value ≤ 0.05; 
***significance level P-value ≤ 0.001; ****significance level P-value ≤ 0.0001. SARA: Saturate, aromatic, resin, and asphaltene; 
CII: colloidal instability index; AI: asphaltenes index.

Furthermore, the significant difference in the distribution of CII and AI values between AG, RAP, and VG 
is much larger than it is between PMA, RJ, and VG. It is shown that the colloidal stability of asphalts is 
affected by aging significantly. In addition, the distribution range of CII and AI values of RAP is much 
greater than that of the other types of asphalts. This may be due to different aging conditions in different 
literature, which further leads to greater variation. Therefore, the changes in SARA-derived indices are also 
supposed to be reflected in the change in asphalt type.

In addition, the significance matrix of SARA fractions for five asphalt binders for different asphalt origins is 
presented in Figure 5. Only the three regions with the largest amount of data are shown. It can be seen that 
the significance levels of fractions among different asphalt types vary depending on their origins, thereby 
confirming the substantial influence of source on fractions. Furthermore, East and Central Asian asphalts 
exhibit significantly greater differences in fractions compared to Middle Eastern asphalts, while North 
American asphalts show relatively less variation in fractions across different asphalt types. Notably, 
asphaltene emerges as the fraction most significantly affected by asphalt type across all asphalt origins, 
demonstrating the highest sensitivity to material classification differences.

Fraction-property linkage modeling
Based on the exploration of generic fractions data above, further attempts are made to understand the 
linkage between asphalt fractions and properties. The SARA fractions and the SARA-derived indices as well 
as asphalt geographical origin and asphalt type are employed as input variables in the ML modeling, which 
included both continuous variables and categorical variables.
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Figure 5. The significance matrix of SARA fractions for five asphalt binders across different asphalt origins. *Significance level P-value ≤
0.05; **significance level P-value ≤ 0.01; ***significance level P-value ≤ 0.001. SARA: Saturate, aromatic, resin, and asphaltene.

Figure 6 shows the pair plot between SARA fractions and SARA-derived indices. Firstly, there is no 
correlation between the four SARA fractions. In addition, CII is found to show a similar pattern to 
asphaltenes, while AI is related to aromatics to some extent (R2 = 0.72). For different types of asphalt, the 
correlation between each pair does not present significant differences.

To analyze the relationship between SARA fractions and bulk properties, several common asphalt 
properties are selected, including penetration, softening point, rutting factor (64 °C), and rotational 
viscosity (135 °C).

The distribution of the collected data for four properties is plotted in Figure 7. The distribution of 
penetration approximates a normal distribution, centered between 60 and 80 (0.1 mm). The distribution of 
softening point exhibits a slightly skewed distribution, peaking around 50 °C. It has a longer right tail 
extending beyond 70 °C, suggesting higher softening point values. The distribution of rutting factor is 
notably right skewed distribution, with most values between 0 and 4 kPa, and fewer instances exceeding 
6 kPa. The distribution of rotational viscosity exhibits similar characteristics. The distributions indicate that 
the rutting factor and the rotational viscosity are characterized by sparsity. In other words, most samples are 
in the low value range and fewer are in the high value range.



Page 10 of Li et al. J. Mater. Inf. 2025, 5, 37 https://dx.doi.org/10.20517/jmi.2025.1418

Figure 6. The pair plot between SARA fractions and SARA-derived indices. SARA: Saturate, aromatic, resin, and asphaltene.

Table 1 summarizes the three performance evaluation metrics of five models with SARA fractions, SARA-
derived indices, the origin and type of asphalt as input variables and four asphalt properties as output 
variables, respectively. In general, the XGBoost and the RF perform well on the training set with a R2 greater 
than 0.9. However, it shows a significant drop in prediction performance on the testing set, indicating 
probable overfitting. For the other three models, the average R2 values of the training set for all the 
performance prediction models are around 0.6, while the R2 value of the testing sets decreased to varying 
degrees.

The average difference between the R2 value of the training set and testing set is the smallest for penetration, 
which is only 0.05. However, it is 0.09 for the softening point and it is 0.13 for the rotational viscosity, 
presenting a gradual decrease in the generalization ability of the model. The previous analysis of the input 
parameter characteristics shows that the rutting factor and rotational viscosity distributions are significantly 
right skewed, with only a small number of high value samples. This data imbalance is the main reason for 
the reduced generalization ability of the model. In addition, data imbalance has been identified as the 
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Table 1. Performance evaluation and comparison of different ML models for asphalt properties prediction

Training set Testing set
Asphalt property ML model

MSE MAE R2 MSE MAE R2

MLR 253.59 12.68 0.56 392.17 15.64 0.51

XGBoost 0.86 0.54 0.99 226.26 11.37 0.72

AdaBoost 177.41 11.44 0.69 304.48 14.36 0.62

RF 37.30 4.84 0.94 238.64 12.15 0.70

Penetration

SVM 207.07 10.59 0.64 312.82 13.68 0.61

MLR 26.85 3.53 0.56 55.2 5.09 0.51

XGBoost 4.65 1.44 0.92 37.14 4.19 0.67

AdaBoost 17.41 3.43 0.72 46.53 4.96 0.58

RF 4.51 1.50 0.93 40.11 4.30 0.64

Softening point

SVM 27.95 3.34 0.55 58.98 5.18 0.47

MLR 1.41 0.81 0.57 1.94 0.98 0.39

XGBoost 0.14 0.26 0.96 2.32 0.85 0.27

AdaBoost 0.59 0.58 0.82 2.74 1.02 0.14

RF 0.21 0.30 0.93 2.24 0.87 0.30

Rutting factor

SVM 0.90 0.57 0.73 2.10 0.85 0.34

MLR 0.07 0.18 0.46 0.06 0.19 0.52

XGBoost 0.03 0.10 0.79 0.06 0.18 0.53

AdaBoost 0.04 0.16 0.69 0.07 0.19 0.48

RF 0.01 0.07 0.90 0.05 0.17 0.61

Rotational viscosity

SVM 0.05 0.12 0.61 0.06 0.18 0.51

ML: Machine learning; MSE: mean squared error; MAE: mean absolute error; R2: the coefficient of determination; MLR: multivariate linear 
regression; XGBoost: extreme gradient boosting; AdaBoost: adaptive boosting; RF: random forest; SVM: support vector machine.

primary cause of overfitting in XGBoost and RF algorithms, which is corroborated by previous research. It 
is recommended that subsequent studies employ mitigation strategies such as over-sampling, under-
sampling, cost-sensitive and boosting algorithms to resolve data imbalance[23,24].

Overall, the AdaBoost model has the best training results and outperforms the other prediction models for 
the testing set. The MLR model and SVM model, on the other hand, perform more conservatively on the 
training set, but the results of the testing set are not much different from the training set, indicating their 
greater generalization ability. Finally, it should be noted that the purpose of our study was not to provide an 
accurate prediction model of asphalt properties but to explore and gain more insights into the implicit 
linkage between generic fractions and bulk properties of asphalt with ML.

Feature importance analysis
The properties of asphalt are not only dependent on or controlled by the proportion of each fraction but 
also by other factors, such as the structural characteristics of fractions. This can be reflected in the types and 
origins of asphalts to some extent. Therefore, the impact of such features, including asphalt types and 
origins, on the prediction accuracy of the model is analyzed and the importance of different factors in 
developing the predictive model based on SARA fractions is explored.

For the penetration prediction model, three additional models are developed: One excluding the asphalt 
origin from the input variables, another excluding the asphalt type, and the third excluding both asphalt 
origin and type. The model performance evaluation results are presented in Table 2.
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Table 2. Performance evaluation of the prediction model for penetration

Training Testing
ML model Input variables

MSE MAE R2 MSE MAE R2

SARA & Origin & Type 253.59 12.68 0.56 392.17 15.64 0.51

SARA & Origin 351.23 15.22 0.39 557.33 19.76 0.30

SARA & Type 290.19 13.71 0.50 413.43 16.16 0.48

MLR

SARA 434.58 16.91 0.24 632.81 21.08 0.21

SARA & Origin & Type 0.86 0.54 0.99 226.26 11.37 0.72

SARA & Origin 1.56 0.90 0.99 326.99 14.23 0.59

SARA & Type 3.09 1.31 0.99 260.18 12.69 0.67

XGBoost

SARA 71.90 6.98 0.87 443.42 17.53 0.44

SARA & Origin & Type 177.41 11.44 0.69 304.48 14.36 0.62

SARA & Origin 264.45 14.00 0.54 464.08 19.04 0.42

SARA & Type 201.81 11.83 0.65 345.92 15.00 0.57

AdaBoost

SARA 359.66 15.48 0.37 497.01 19.28 0.38

SARA & Origin & Type 37.30 4.84 0.94 238.64 12.15 0.70

SARA & Origin 42.12 4.99 0.93 327.91 14.69 0.59

SARA & Type 31.71 4.40 0.94 279.21 13.30 0.65

RF

SARA 90.22 7.20 0.84 391.82 16.32 0.51

SARA & Origin & Type 207.07 10.59 0.64 312.82 13.68 0.61

SARA & Origin 249.35 10.96 0.57 449.39 16.06 0.44

SARA & Type 236.48 11.39 0.59 326.35 13.58 0.59

SVM

SARA 400.71 16.75 0.23 591.61 20.52 0.26

ML: Machine learning; MSE: mean squared error; MAE: mean absolute error; R2: the coefficient of determination; MLR: multivariate linear 
regression; SARA: saturate, aromatic, resin, and asphaltene; XGBoost: extreme gradient boosting; AdaBoost: adaptive boosting; RF: random forest; 
SVM: support vector machine.

Figure 8 shows the R2 for the different models and the change of the R2 for the models with distinct input 
variables compared to the model of Both. Note that the model named Both indicates that the feature of both 
origin and type is considered as additional input variables. The model named Origin indicates that only the 
feature of asphalt origin is considered as additional input variables. The model named Type indicates that 
only the feature of asphalt type is considered as additional input variables. The model named SARA 
indicates that the feature of both origin and type is not considered as additional input variables. Overall, all 
the models with some input variables removed shows lower R2, indicating that the accuracy of the 
predictions decrease. Compared to the model with SARA-related variables only, the R2 of the training set 
increases by 0.1 to 0.36, and the R2 of the testing set increases by 0.14 to 0.33 when the asphalt type is added 
to the input variables. The R2 of the training set increases by 0.09 to 0.34, and the R2 of the testing set 
increases by 0.04 to 0.18 when the asphalt origin is added. Besides, the asphalt type contributes more 
significantly to improving prediction accuracy than the asphalt origin. On the other hand, the AdaBoost 
model has the best accuracy of prediction when the input variables contain both asphalt origin and type or 
only SARA fractions. The SVM model performed better when the input variables lack either the asphalt 
type or origin.

Due to the black-box property of ML models in their engineering application, SHAP technique is further 
used to quantify the contribution of each SARA fraction and SARA-derived indices to the asphalt 
properties. The SHAP technique is a widely adopted method of explaining the predictions of the model and 
understanding the effects of various variables on the model. In a ML model, the contribution of each input 
variable to the model is expressed as a SHAP value. The SHAP values are calculated by evaluating model 
output differences due to the removal of specific input variables[25,26].
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Figure 7. Probability density of the collected data for asphalt properties: (A) Penetration; (B) Softening point; (C) Rutting factor; (D) 
Rotational viscosity.

Figure 8. Performance evaluation and comparison of the prediction models with different input variables.
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Figure 9 shows the mean SHAP value for different input variables in the prediction model of penetration. In 
both RF model and XGBoost model, the degree of influence of each variable on asphalt penetration is 
ranked from largest to smallest, as AI, asphaltenes, saturates, resins, CII, and aromatics, with asphaltenes 
being the most significant influencing factor. AI contributes more to asphalt penetration compared to CII. It 
suggests that the heavy fractions in asphalts are more important factors in determining the penetration of 
asphalts. But saturates show a higher contribution than resins. In other words, the penetration of asphalt is 
mainly determined by the proportion of asphaltenes and saturates.

Figure 10 shows the contribution of different input variables to softening point. Asphaltenes are also the 
largest factor for softening point in both RF model and XGBoost model. It is worth noting that the 
contribution of AI and CII is higher than the other three fractions. Therefore, the proportion of asphaltenes 
in asphalt is the most important factor in determining the softening point of asphalt.

There is a difference in the RF and XGBoost model, in terms of these variables that make a major 
contribution to the rutting factor according to Figure 11. However, the three variables that contributed the 
most in both models are the same: resins, asphaltenes, and CII. It suggests that the proportion of 
asphaltenes and resins has the greatest influence on the rutting factor of asphalts. In fact, resins play an 
important role in promoting the dispersion of asphaltenes and preventing their aggregation and segregation 
in asphalt. Therefore, the rutting factor of asphalt is primarily determined by the stability of asphaltenes.

As shown in Figure 12, the separate contribution of the variables to the rotational viscosity is not the same 
in the different models. Asphaltenes are the largest contributor to rotational viscosity in both models. Thus, 
the absolute percentage of asphaltenes may be an important determinant of rotational viscosity. It is worth 
noting that the four most contributing factors in both models are also aromatics, resins, asphaltenes, and 
CII, which are the same determinants of the rutting factor. Therefore, the rotational viscosity of asphalt is 
also determined by the stability of asphaltenes. In the XGBoost model, the mean SHAP value of the four 
variables is essentially the same. This may indicate that the proportion and stabilization degree of the 
asphaltene in the asphalt are equally important for rotational viscosity.

Overall, the importance of asphaltenes fraction and its related variables is relatively higher than others. In 
other words, the asphaltenes are the most important factors to all asphalt properties considered in this 
study. Existing studies have demonstrated that asphaltenes exist in asphalt as fine particles (1-10 nm) and 
serve as the core component of the asphalt colloidal system, exhibiting strong self-associating 
tendencies[27,28]. With increasing asphaltene concentration, asphaltene molecules initially form nano-sized 
aggregates, which further develop into larger clusters upon continued concentration enhancement. The 
stability of these asphaltene clusters is strongly influenced by temperature and concentration variations. 
Consequently, the asphaltene fraction in asphalt significantly governs its rheological properties, particularly 
in terms of viscoelastic behavior and temperature-dependent performances[29,30]. Higher asphaltene fraction 
promotes stronger intermolecular interactions, leading to increased viscosity and enhanced resistance to 
deformation, which aligns with the SHAP values indicating their dominant influence. Conversely, saturates, 
being non-polar and lighter, contribute to the micellar network’s stability.

CONCLUSION
In this study, approximately 800 datasets of SARA fractions from petroleum asphalts of different global 
origins were collected to investigate the relationship between asphalt fractions and properties using ML 
algorithms. The main findings and conclusions are summarized below:
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Figure 9. The mean SHAP values of different input variables in the prediction model of penetration. SHAP: The SHapley Additive 
exPlanations.

Figure 10. The mean SHAP values of different input variables in the prediction model of softening point. SHAP: The SHapley Additive 
exPlanations.

Figure 11. The mean SHAP values of different input variables in the prediction model of rutting factor. SHAP: The SHapley Additive 
exPlanations.

• The proportions of SARA fractions in VG differ significantly from those in AG and RAP, but only 
asphaltene content shows a significant difference compared to PMA. There are notable differences in 
asphaltenes and resins contents between RJ and VG, whereas light fractions are similar. The differences in 
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Figure 12. The mean SHAP values of different input variables in the prediction model of rotational viscosity. SHAP: The SHapley 
Additive exPlanations.

CII and AI distributions between AG, RAP, and VG are much larger than those between PMA, RJ, and VG. 
RJ has the narrowest distribution range for SARA fractions, while RAP has the widest.

• The XGBoost and RF models perform well on the training set but experienced significant performance 
drops on the testing set due to overfitting. In contrast, the AdaBoost model achieves optimal training results 
and outperforms other models on the testing set. The SVM model shows greater robustness and better 
generalization across both training and testing sets.

• Models that include asphalt origin and type as input variables achieve higher prediction accuracy 
compared to those using only SARA fractions. Asphalt type has a more substantial impact on improving 
accuracy than asphalt origin. The AdaBoost model achieves the highest accuracy when both asphalt origin 
and type are included as input variables, while the SVM model performs better when either variable is 
excluded.

• Asphalt penetration is primarily influenced by the proportions of asphaltenes and saturates. The 
proportion of asphaltenes is the most critical factor affecting the softening point. The rutting factor is 
mainly determined by the stability of asphaltenes. For rotational viscosity, both the proportion of 
asphaltenes and the colloidal stability of asphalt are equally important.
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