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Abstract

With increasing traffic loads and increasingly complex climate conditions, accurate pre-
diction of the International Roughness Index (IRI) of asphalt pavements is crucial for
developing effective maintenance plans. However, traditional regression models have
limitations in capturing the coupled effects of traffic, structure, and environmental factors.
To overcome this limitation, this study constructed a dataset containing 10,836 samples
based on the Long-Term Pavement Performance (LTPP) database, integrating traffic load,
pavement structure parameters, and climate variables. The variance inflation factor (VIF)
and correlation analysis were used to validate the effectiveness of feature selection. We
trained nine machine learning models and optimized the hyperparameters using a Bayesian
optimization method with five-fold cross-validation to ensure good generalization ability.
Results show that the TabPFN model, based on prior information, achieved the best overall
performance with a coefficient of determination R2 = 0.9474 and a low prediction error
(RMSE = 0.138) on the test set. Paired t-tests based on cross-validation further confirmed
that TabPFN’s predictive performance is statistically superior to the baseline model. SHAP
and generalized additive model (GAM) analyses indicate that traffic load is the main
driver of IRI growth, while structural layer thickness, within a certain range, can mitigate
pavement roughness. Climatic factors have indirect long-term effects through cumulative
environmental exposure. Although the main drivers differ slightly among different pave-
ment structures, traffic load consistently plays a dominant role. To enhance the model’s
practical applicability, we also developed a user-friendly graphical interface (GUI) for fast
and accurate IRI prediction.

Keywords: International Roughness Index; asphalt concrete; machine learning; LTPP data;
interpretable prediction

1. Introduction
Against the backdrop of increasingly severe global climate change and continuously

growing traffic demand, transportation infrastructure is facing increasingly complex oper-
ating environments characterized by the combined effects of environmental conditions and
mechanical loads. Therefore, the long-term performance evolution of pavement systems
has become a core research topic in the fields of infrastructure and pavement structure
engineering [1,2]. The combination of long-term climate fluctuations and continuously
increasing traffic loads leads to significant nonlinear degradation patterns and cumulative
damage effects in pavement structures, thus imposing more stringent requirements on
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maintenance and asset management strategies [3,4]. However, existing pavement perfor-
mance assessment methods still mainly rely on single factors or weakly coupled indicators,
such as service life, climate conditions, or traffic intensity. These methods have inherent
limitations in characterizing the real degradation mechanisms resulting from the interaction
of multiple factors [5,6]. This limitation is particularly pronounced under harsh operating
conditions involving extreme temperatures, frequent freeze–thaw cycles, and heavy traffic
loads. In such situations, environmental factors and load effects can have a synergistic
effect, significantly accelerating structural damage and surface roughness deterioration.
Therefore, the applicability of traditional methods under complex operating conditions is
greatly limited [7–9].

Accurate prediction of pavement performance indicators, particularly the Interna-
tional Roughness Index (IRI), is a critical prerequisite for improving the scientific basis of
pavement design and maintenance decision-making [10,11]. Traditional pavement perfor-
mance prediction approaches are largely derived from small-sample empirical statistical
analyses, typically employing linear or nonlinear regression models to describe the ef-
fects of traffic loading, structural parameters, and environmental factors on in-service
performance [12,13]. However, as traffic conditions, climatic environments, and pavement
structural configurations become increasingly complex, the associated influencing factors
exhibit high dimensionality, strong nonlinearity, and long-term service dependence. Under
such multi-variable coupled conditions, conventional models struggle to accurately repre-
sent pavement performance evolution, thereby limiting their applicability and predictive
accuracy in complex structural systems [14,15]. In recent years, machine learning (ML)
techniques have been widely introduced into the field of pavement and infrastructure
engineering for performance prediction and assessment [16,17]. Existing studies have
demonstrated that ML methods offer significant advantages in handling multi-source,
nonlinear, and high-dimensional data, making them effective tools for predicting key
performance indicators of pavement materials and structures [18,19]. These include the
mechanical properties of asphalt mixtures [20–22], rutting depth [23,24], durability [25,26],
and surface roughness or unevenness [27–29]. Compared with traditional empirical and
mechanistic models [30,31], ML approaches can uncover complex relationships among
variables directly from experimental or monitoring data, with fewer prior assumptions,
thereby improving both predictive accuracy and modeling efficiency [32].

Nevertheless, the predictive performance of machine learning (ML) models is highly
sensitive to factors such as sample size, hyperparameter configuration, and the underlying
model architecture [33,34]. This issue is particularly pronounced in road and pavement ma-
terials engineering, where experimental datasets are often limited, especially for emerging
pavement materials and innovative structural configurations. The restricted sample size
and narrow feature coverage substantially constrain the prediction accuracy and generaliza-
tion capability of ML models [35,36]. To better exploit the advantages of machine learning
in modeling complex nonlinear systems, some researchers have extended ML-based predic-
tion frameworks by integrating optimization algorithms for intelligent design of pavement
materials and structural parameters [37,38]. In such approaches, material compositions,
mechanical properties, and engineering constraints are embedded into ML surrogate mod-
els, which are then coupled with heuristic or intelligent optimization techniques, including
particle swarm optimization (PSO) [39,40], genetic algorithms (GA) [41,42], and Bayesian
optimization (BO) [43,44]. These combined methods enable multi-objective optimization of
asphalt mixture proportions, pavement structural parameters, and design schemes, aiming
to achieve improved performance, resource efficiency, and cost control simultaneously [45].
Within this “prediction–optimization” coupled framework, the development of ML surro-
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gate models with high predictive accuracy and strong generalization capability constitutes
the essential foundation for efficient and reliable optimization-based design [46].

On the other hand, the complexity of service environments and structural characteris-
tics leads to significant nonlinearity and discreteness in the International Roughness Index
(IRI) under different service stages and operating conditions, thus placing higher demands
on the predictive capabilities of machine learning models [47,48]. Individual machine
learning models often have inherent limitations in IRI prediction. Simple models are prone
to underfitting and struggle to capture the potential interactions between traffic loads,
structural parameters, material properties, and environmental factors; while more complex
models may overfit and exhibit reduced generalization ability under unseen pavement
conditions [49]. Furthermore, many existing studies focus primarily on comparing and se-
lecting individual algorithms, largely neglecting the collaborative modeling of multi-source
feature coupling and high-order nonlinear relationships [50]. To address these challenges,
pre-trained tabular models have emerged in recent years as a novel paradigm for structured
data analysis. Unlike traditional boosting or shallow neural networks, pre-trained models
can learn transferable feature interaction priors from large-scale synthetic or real-world
tabular datasets, thus better adapting to downstream tasks under limited supervision [51].

Representative frameworks include Transformer-based architectures such as Tab-
Transformer and FT-Transformer, which introduce self-attention mechanisms to model
contextual feature embeddings; and probabilistic meta-learning methods such as TabPFN,
which approximate Bayesian posterior inference through large-scale prior data simula-
tion [47]. These models are theoretically based on representation learning, attention-based
feature interaction modeling, and Bayesian decision theory. Their training paradigm typi-
cally follows large-scale pre-training followed by task-specific inference without extensive
hyperparameter tuning [48]. These characteristics give them an advantage in capturing
complex nonlinear couplings and reducing the burden of manual optimization. However,
pre-trained tabular models may still face limitations on highly heterogeneous engineering
datasets, including sensitivity to distribution shifts and difficulty in extrapolating pre-
dictions beyond the learned prior space [49]. Despite these limitations, their ability to
combine ensemble learning principles with probabilistic inference makes them particularly
promising for small-sample, multi-factor road performance prediction. When combined
with interpretability analysis such as SHAP and GAM, these models can not only improve
prediction accuracy but also promote mechanism-oriented insights, thereby strengthening
the theoretical basis and practical motivation for applying pre-trained table models in IRI
prediction [50].

Numerous studies have applied machine learning techniques to predict pavement
roughness using Long-Term Road Performance (LTPP) databases, including algorithms
such as random forests, gradient boosting, support vector regression, and deep neural
networks. However, due to differences in feature selection, data preprocessing, and model
architecture, the reported prediction accuracy varies significantly. To better place this
study within the existing literature, Table 1 summarizes representative LTPP-based IRI
prediction studies, including their datasets, modeling methods, and reported performance
metrics (e.g., R2, RMSE). In most previous studies using traditional machine learning
models to predict IRI, R2 values typically ranged from 0.79 to 0.93. Despite these ad-
vances, many existing studies still focus on specific pavement structures or limited climatic
conditions, making it difficult to generalize the results to diverse traffic, structural, and
environmental scenarios.
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Table 1. Research on pavement performance prediction.

Reference Data
Source Sample Model Performance

Index R2

[51] LTPP 2111 GPR IRI 0.89
[52] LTPP 1725 ANN IRI 0.75

[53] LTPP 3238 LSTM-
Attention IRI 0.79

[54] LTPP 4782
CNN-GRU

hybrid
model

IRI 0.89

[55] LTPP 395 PSO-SVR IRI 0.91
[56] LTPP 1414 ANN IRI 0.92

Furthermore, a large portion of existing methods remains in the black-box prediction
stage, lacking a deep understanding of the mechanisms underlying IRI evolution under
multi-factor coupling conditions. To overcome these limitations, this study develops
an interpretable pavement roughness index (IRI) prediction framework based on long-
term pavement performance test (LTPP) data. This framework simultaneously considers
multiple climate zones, pavement structure configurations, and traffic conditions. A pre-
trained tabular model (TabPFN) is introduced to learn from prior information of feature
interactions, improving prediction accuracy and stability in heterogeneous scenarios. The
model achieves an R2 of 0.9474 and an RMSE of 0.138 on the test set, demonstrating
competitive performance compared to previously reported methods.

In addition to prediction accuracy, this study further integrates SHAP-based feature
attribution and generalized additive model (GAM) analysis to identify key driving factors
and quantify the nonlinear threshold effects controlling pavement roughness evolution.
The combination of the pre-trained tabular model and interpretable analysis not only
improves predictive capability but also deepens the understanding of the mechanisms
underlying pavement performance under traffic–structure–climate coupling interactions,
thereby enhancing the practical application value of the proposed framework in pavement
management and maintenance decisions. The remainder of this paper is organized as
follows: Section 1 introduces the research background and objectives; Section 2 describes the
construction and feature system of the LTPP dataset; Section 3 introduces the development
of machine learning models, hyperparameter optimization, and performance evaluation
methods; Section 4 compares the predictive performance of different models under multi-
factor pavement conditions and reveals the key influencing factors and mechanisms of IRI
evolution through interpretability analysis; Section 5 discusses the limitations of this study
and future research directions; finally, Section 6 summarizes the main conclusions. The
entire research process is shown in Figure 1.
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Figure 1. Workflow of this paper.

2. Database Construction and Feature Development
2.1. Data Collection and Preprocessing

This study is based on the Long-Term Pavement Performance (LTPP) database main-
tained by the Federal Highway Administration (FHWA) of the U.S. Department of Trans-
portation. The LTPP project was originally part of the Strategic Highway Research Program
(SHRP) and has been continuously updated since 1987 [57]. The database provides long-
term field performance data collected from test sections in multiple climate zones in North
America, including pavement structure characteristics, traffic load information, climate
conditions, and damage indices. These comprehensive datasets have been widely used
in pavement performance modeling and infrastructure management research. The data
used in this study came from the official LTPP InfoPave platform, which provides stan-
dardized access to the LTPP database. After data extraction, cleaning, and integration,
10,836 segment-year observations were obtained for subsequent analysis. For the detailed
key list and other information, please see Appendix A.

To ensure data quality and reproducibility, data preprocessing followed a consistent
and transparent workflow. The initial dataset extracted from the LTPP database contained
224,801 segment-year observations. Preprocessing comprised four main steps:

(1) Records with missing values in the target variable, the International Roughness
Index (IRI), were removed, as they could not be used for supervised model training.

(2) For the remaining observations, continuous predictor variables with a small number
of missing values were imputed using the global mean of each variable, while categorical
variables contained no missing values and required no imputation.

(3) These preprocessing steps resulted in a final modeling dataset of 10,836 complete observations.
(4) To avoid potential data leakage in time-dependent prediction tasks, the dataset

was split into training and test sets according to observation year: records prior to 2000
were used for training, and observations from 2000 onwards were used for testing. All
imputation values were computed solely from the training set to ensure consistency
and reproducibility.
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As shown in Table 2, flexible pavements constitute the majority of the dataset
(8412 samples), followed by rigid pavements (1724 samples) and composite pavements
(700 samples). Since flexible pavement segments dominate the dataset, the trained model
may primarily reflect the performance patterns of flexible pavement structures. Therefore,
caution should be exercised when generalizing the results to rigid pavement systems with
different structural properties.

Table 2. Number of samples of different road surfaces.

Pavement Type Sample Size

Flexible pavement 8412
Rigid pavement 1724

Composite pavement 700

After handling missing values, the dataset used for modeling contained 10,836 valid
segment-year observations, which constituted the final modeling samples. Categorical vari-
ables describing pavement layer types (AC, EF, GB, GS, SS, TB, and TS) are encoded using
one-hot coding to preserve their nominal features and avoid introducing artificial ordinal
relationships. Continuous predictor variables are standardized using Z-score normalization
to eliminate scale differences between features. Normalization parameters are estimated
only using the training set and then applied to the test set to prevent information leakage.
The target variable (IRI) retains its original scale to maintain its engineering interpretability.

2.2. Pavement Layer Materials and Feature Representation

As shown in Table 3 and Figure 2, the material categories or functional types of the
pavement layers included Asphalt Concrete (AC), Elastic Foam (EF), Granular Base (GB),
Granular Subbase (GS), Subgrade Soil (SS), Treated Base (TB), and Treated Subgrade (TS).
These categories correspond to standardized material or layer-type identifiers recorded in
the LTPP database to describe the structural composition of pavement sections.

Table 3. Source of Samples and Description of Function and Features for Each Layer.

Layer Type Primary Function Pavement Layer

Asphalt Concrete (AC)
Provides structural strength and durability;

supports traffic loads and ensures ride
comfort.

Surface Layer

Elastic Foam (EF) Absorbs stress and energy; reduces vibration
and noise; enhances fatigue performance. Base Layer

Granular Base (GB) Provides bearing capacity; distributes loads
and ensures drainage. Base Layer

Treated Base (TB) Strengthens structure via stabilization;
reduces permanent deformation and rutting. Base Layer

Granular Subbase (GS) Serves as transitional support; improves
stability, drainage, and frost resistance. Subbase Layer

Treated Subbase (TS)
Enhances sublayer load bearing; mitigates
soil deformation and improves long-term

performance.
Subbase Layer

Subgrade Soil (SS) Forms natural foundation; determines
bearing capacity and deformation control Subgrade
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Figure 2. Schematic Diagram of Pavement Layers.

Among them, Elastic Foam (EF) refers to compressible foam-type materials used as
stress-absorbing or cushioning layers within the pavement structure. In some pavement
systems, such layers are introduced to enhance energy dissipation, reduce vibration trans-
mission, and mitigate fatigue damage caused by repeated traffic loading. Due to their
distinct mechanical behavior—characterized by higher compressibility and damping ca-
pacity compared with conventional granular or stabilized layers—EF layers may influence
load transfer mechanisms and long-term pavement roughness development differently.
Therefore, in this study, EF was retained as an independent material category to allow
the machine learning models to capture potential differences in structural performance
associated with this layer type.

2.3. Data Features
Descriptive Statistics

A multidimensional feature framework was developed by integrating pavement struc-
tural attributes, climatic conditions, and traffic loading characteristics to comprehensively
characterize pavement performance. Elevation (ELE) characterizes the geographical and
environmental context of each road segment. Structural variables, including average layer
thickness (ALT) and service life (CY), reflect the physical properties and service history
of the pavement structure. Climate variables, encompassing precipitation, temperature,
freeze–thaw cycles, and humidity—TAP, TSY, MAT, FIY, FTY, MAW, MAH, and mAH—
reflect the impact of environmental factors on pavement performance. Traffic load variables,
including AADTT, ATV, ESAL, and GESAL, quantify the strength and cumulative impact
of vehicle loads on the pavement structural layers.

Following data preprocessing, descriptive statistical analyses were performed for
all features. Metrics, including the mean, median, minimum, maximum, and frequency
distribution, were calculated to characterize the dataset. The results are summarized in
Table 4, providing a detailed overview of the pavement materials, structural properties,
and environmental and loading conditions captured in the study.
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Table 4. Descriptive statistical analysis of the variables.

Types of Variables Variables Min. Max. Avg. Median.

Input

Pavement Structure ELE −34.00 5991.00 419.66 274.00
ALT 1.81 76.60 7.73 5.83
CY 1989.00 2012.00 1991.91 2000.00

Climate TAP 23.60 2619.70 852.95 865.90
TSY 0.00 10,286.00 671.16 501.00
MAT −4.10 26.60 12.15 11.40
FIY 0.00 3369.00 384.24 207.00
FTY 0.00 236.00 78.03 80.00

MAW 0.70 7.80 3.76 3.80
MAH 35.00 99.00 85.87 89.00
mAH 13.00 76.00 46.17 49.00

Traffic AADTT 0.00 15,170.00 1191.11 803.00
ATV 0.00 5,537,050.00 413,002.96 268,640.00
ESAL 0.00 4,295,722.00 460,667.14 269,629.00

GESAL 0.00 3,495,555.00 397,360.91 242,292.00

Output IRI 0.32 5.87 1.49 1.33

2.4. Data Correlation and Collinearity

Figure 3 illustrates the correlation and multicollinearity among the sample dataset
features. Panel (a) presents a detailed comparison of pairwise feature correlations using
Spearman rank analysis [58], while panel (b) depicts the multicollinearity among variables,
with correlation coefficients and variance inflation factors (VIF) computed according to
Equations (1) and (2).

Figure 3. Feature Correlation and Multicollinearity Analysis of the Sample Dataset.

The traffic loading variables AADTT, ATV, ESAL, and GESAL exhibited high statistical
correlations. Multicollinearity analysis indicated that several variables (e.g., ATV, AADTT,
and GESAL) had VIF values exceeding 15, suggesting significant multicollinearity. This
is attributable to the fact that these variables reflect different aspects of traffic dynamics,
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including traffic flow trends and cumulative equivalent axle loads. Their correlation and
multicollinearity arise primarily from their derivation based on truck traffic volume and
cumulative effects, reflecting consistent physical mechanisms and computational logic
within the same traffic system at different scales and weights, rather than redundancy
or data anomalies. Consequently, these variables were retained in the modeling pro-
cess to provide a comprehensive characterization of traffic loading effects on pavement
structural performance.

Analysis of climatic variables revealed a significant negative correlation between
annual mean temperature (MAT) and both annual snowfall (TSY) and freeze index (FIY).
This reflects the longer duration and intensity of winter in colder regions, where snow
accumulation and freezing processes are more pronounced. The observed negative correla-
tion captures the intrinsic coupling of climatic factors across temperature levels and cold
severity, rather than indicating any data irregularities.

VIFj =
1

1 − R2
j

(1)

Here, VIFj denotes the variance inflation factor of the j-th independent variable, and R2
j is

the coefficient of determination obtained by regressing this variable against all other inde-
pendent variables. Higher VIF values indicate stronger correlations with other predictors
and a greater risk of multicollinearity. Spearman correlation coefficients were computed as

ρ(x, y) =
1
n ∑n

i=1
(

R(xi)− R(x)
)(

R(yi)− R(y)
)√

1
n ∑n

i=1
(

R(xi)− R(x)
)
· 1

n ∑n
i=1

(
R(yi)− R(y)

) (2)

where R(xi) and R(yi) represent the ranks of xi and yi, and R(x) and R(y) are the
mean ranks.

3. Methodology
3.1. K-Fold Cross-Validation

K-Fold cross-validation (CV) is a standard technique to evaluate model performance
and stability. The dataset is split into K equally sized folds; in each iteration, K–1 folds are
used for training and the remaining fold for validation. Repeating this process K times and
averaging the results reduces bias from a single split and provides a more reliable estimate
of model performance. When multiple observations belong to the same entity, the standard
K-Fold may cause data leakage. Grouped K-Fold addresses this by keeping all observations
from the same group together (e.g., a pavement section), ensuring no data from the same
section appears in both training and validation sets [59].

In this study, the final modeling dataset contained 10,836 complete observations, with
no missing values for either the target or predictor variables. The dataset was partitioned
chronologically: records prior to 2000 constituted the training set, and observations from
2000 onwards were used for the test set. It is important to note that all data preprocessing
steps were performed as described in Section 2.1. In the training set, five-fold cross-
validation was performed using SHRP_ID as the grouping key, ensuring all measurements
for each pavement segment were kept within the same fold. The mean root mean square
error (RMSE) of each fold was used to guide Bayesian hyperparameter optimization.
Subgroup analyses were performed separately. First, the complete dataset was stratified
by pavement structure type, and then independent pavement segment-level training-test
set partitions were performed within each subgroup to create homogeneous subsets for
sensitivity analysis.
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3.2. Hyperparameter Optimization Methods

In machine learning models, hyperparameter optimization is a critical procedure
aimed at identifying the optimal combination of parameters to maximize model perfor-
mance [60]. Hyperparameters must be defined prior to model training and have a signifi-
cant impact on predictive accuracy and generalization. Common optimization approaches
include grid search and Bayesian optimization. Grid search exhaustively evaluates all
possible parameter combinations to identify the best configuration and is suitable when
the number of hyperparameters is limited and computational resources are sufficient. In
contrast, Bayesian optimization constructs a probabilistic surrogate model to effectively
balance exploration and exploitation, making it particularly advantageous when model
evaluations are computationally expensive, such as in predictive modeling of pavement
structures and pavement materials.

3.3. Machine Learning Model

The pavement dataset compiled in this study encompasses a wide range of struc-
tural, traffic, and environmental conditions. To mitigate potential overfitting and com-
prehensively evaluate predictive performance, nine regression models were employed:
TabPFN, TabM, GBDT, MLP, RF, XGBoost, SVR, LightGBM, and KNN. These models
were selected to represent diverse learning paradigms, ranging from ensemble and tree-
based methods to deep learning and instance-based approaches, thereby ensuring ro-
bust modeling of complex, high-dimensional interactions among pavement materials and
environmental factors.

Gradient Boosting Decision Trees (GBDT) [61] iteratively construct regression trees
using residuals from prior iterations as optimization targets, achieving high-precision
fitting of complex nonlinear relationships. TabPFN [62], a pre-trained probabilistic feed-
forward network, learns universal inference rules from large-scale synthetic tabular data,
enabling near-Bayesian optimal predictions under limited sample conditions. TabM [63]
employs a modular deep network tailored for tabular data, enhancing representation of
high-dimensional heterogeneous features through feature embeddings and learnable in-
teraction modules. Multi-Layer Perceptions (MLP) [64] approximate arbitrary continuous
functions via multi-layer nonlinear mappings, offering strong global modeling capacity but
sensitivity to dataset size and regularization. Random Forests (RF) [65] integrate multiple
decision trees trained on randomly sampled subspaces of samples and features, effectively
reducing variance and improving robustness. XGBoost [66] extends the gradient boosting
framework with second-order derivative information and regularization terms, enabling
efficient and controllable tree learning. Support Vector Regression (SVR) [67] constructs an
optimal regression hyperplane in a high-dimensional feature space using kernel functions,
grounded in structural risk minimization. LightGBM [68] leverages histogram-based gradi-
ent boosting and leaf-wise growth strategies to enhance computational efficiency without
sacrificing accuracy. Finally, K-Nearest Neighbors (KNN) [69], a non-parametric instance-
based method, predicts outcomes based on distance-weighted averages of neighboring
samples, capturing local structural patterns but demonstrating sensitivity to feature scaling
and noise.

3.4. Model Evaluation Metrics

This study used root mean square error (RMSE), mean absolute error (MAE), mean
absolute percentage error (MAPE), and R2 to evaluate model performance. In this study,
the target variable (IRI) was not transformed or standardized during model training and
evaluation. Only the predictor variables were normalized using Z-score standardization,
while the IRI values of the predicted and observed values were retained at their original
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physical scale (IRI range: 0.32–5.87). Therefore, all performance metrics were calculated
directly based on the original IRI scale, ensuring consistency and interpretability of the
reported results. The difference between RMSE and MAE stems from the distribution
of prediction errors; a small number of relatively large deviations increase the squared
error term, resulting in a higher RMSE than MAE [70]. The corresponding computational
formulas for these metrics are provided in Table 5.

Table 5. Formulas for the 4 Model Evaluation Indicators.

Index Formula

R2 R2 = 1 − ∑N
k=1 (yk−ŷk)

2

∑N
k=1 (yk−y)2

(3)

RMSE RMSE =

√
1
N

N
∑

k=1
(yk − ŷk)2 (4)

MAE MAE = 1
N

N
∑

k=1
|yk − ŷk| (5)

MAPE MAPE =
1
N

N
∑

k=1

|yk − ŷk|
yk

× 100% (6)

3.5. Key Factor Interpretability and Critical Threshold Analysis
3.5.1. SHAP Feature Interpretation

SHAP (Shapley Additive Explanations) [71] applies Shapley values from cooperative
game theory to quantify the contribution of individual features to single-sample predic-
tions. By computing the marginal contribution of each feature across all possible feature
combinations and taking a weighted average, SHAP reveals the decision logic of complex
nonlinear models. This approach provides an intuitive visualization of how each feature
influences the target variable, facilitating the evaluation of model reliability in predicting
pavement performance metrics such as IRI.

3.5.2. Critical Thresholds via Generalized Additive Models (GAMs)

To analyze the influence of environmental factors on IRI and inform optimized main-
tenance timing, the concept of “critical thresholds” was introduced [72]. These thresholds
correspond to points where variations in feature values induce significant changes in IRI.
Using input feature values, generalized additive models (GAMs) were constructed to per-
form nonlinear fitting, allowing the identification of key feature thresholds and revealing
the underlying response mechanisms of pavement roughness. This approach addresses
the limitations of traditional linear models in capturing nonlinear variations. The GAM
formulation is expressed as

f (x) = ϕ0 +
|N|

∑
i=1

ϕi = ϕ0 +
|N|

∑
i=1

[gi(xi) + εi] (7)

Here, f (x) represents the model-predicted IRI for sample x; ϕ0 denotes the baseline
prediction, i.e., the average prediction across all samples; |N| represents the total number of
input features; ϕi denotes the SHAP value of the i-th feature, which quantifies that feature’s
contribution to the model’s prediction for a given sample; xi is the observation value of
the i-th feature; gi(xi) is the smoothing function of the GAM fitting, used to capture the
nonlinear relationship between the feature value and its SHAP contribution; and εi is the
residual term, representing the fitting error in the GAM process.
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3.5.3. Statistical Significance Testing Based on Paired t-Test

To statistically assess whether the performance differences between TabPFN and the
baseline models are significant, a paired t-test was conducted based on the results obtained
from the cross-validation folds. The paired t-test evaluates whether the mean difference
between two paired observations is significantly different from zero. In this study, each
pair corresponds to the prediction performance (e.g., R2 or RMSE) obtained by two models
on the same cross-validation fold. By comparing the differences across folds, the test
determines whether the observed performance gap reflects a systematic improvement
rather than random fluctuations. Let di denote the difference in performance between
TabPFN and a baseline model on the i-th fold, and let n be the number of folds. The test
statistic is calculated as

t =
d

Sd/√
n

(8)

where d represents the mean of the paired differences, Sd is the standard deviation of the
differences, and n is the number of paired observations. Under the null hypothesis that
the mean difference equals zero, the statistic follows t distribution with n − 1 degrees of
freedom. A small p-value indicates that the performance difference between the two models
is statistically significant.

3.6. Analysis of Structural Subgroups

To evaluate the impact of pavement structural variations on model predictive perfor-
mance, a structural subgroup analysis was further conducted. Given that asphalt concrete
(AC) constituted the predominant surface material in the dataset, subgroups were defined
primarily based on the types of base and subbase layers. For each structural subgroup, the
pretrained tabular neural network model TabPFN was independently trained to ensure that
model parameters were fully adapted to the specific data characteristics of each subgroup,
rather than directly adopting the parameter configuration of the full-sample model. This
strategy facilitates a more objective and reliable assessment of predictive performance under
different structural conditions. Model performance was comprehensively compared using
the coefficient of determination (R2), mean absolute error (MAE), and root mean square
error (RMSE), enabling an analysis of whether variations in structural layers significantly
affect prediction accuracy and stability.

4. Results Analysis and Discussion
4.1. Optimal Hyperparameters of ML Model

To evaluate the stability and predictive performance of the model under different
pavement structure configurations, we conducted a robustness analysis. Hyperparameter
optimization plays a crucial role in IRI prediction because proper tuning of the model
architecture and learning parameters can improve prediction accuracy while balancing
model complexity and generalization ability (Table 6).

Hyperparameter Optimization Setup: The hyperparameters of all machine learning
models (except TabPFN and TabM) were optimized using Bayesian optimization (BO) to
ensure reproducibility. A Gaussian process (GP) regressor with a Matérn kernel (ν = 2.5)
served as the surrogate model, and the Expected Improvement (EI) acquisition function
with an exploration parameter ξ = 0.01 guided the search. The GP model was initialized
with 10 randomly sampled points, and the optimization budget was set to 50 iterations per
model. The objective function to minimize was defined as the average root mean square
error (RMSE) from a five-fold grouped cross-validation on the training set, with SHRP_ID
as the grouping key. Critically, this grouped CV procedure was strictly followed within
each BO iteration to evaluate candidate hyperparameter sets, ensuring that hyperparameter
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tuning and model evaluation remained statistically independent and avoiding potential
data leakage. The optimization process terminated when the predefined number of iter-
ations was reached. The convergence behavior of the Bayesian optimization process is
illustrated in Appendix B.

Table 6. Hyperparameter optimization results of 9 ML models.

ML Model Hyperparameter Search Range Optimal Value

XGBoost n_estimators 50–1000 405
learning_rate 0.02–0.2 (log) 0.0384
max_depth 4–10 9
subsample 0.6–1.0 0.7663

colsample_bytree 0.6–1.0 0.6022

RF n_estimators 50–1000 810
max_depth 8–25 10

min_samples_split 5–20 8
min_samples_leaf 2–8 2

SVR C 0.1–1000 (log) 0.7201
epsilon 0.01–1.0 (log) 0.0666
kernel [‘rbf’, ‘poly’] rbf

gamma [‘scale’, ‘auto’] scale

LightGBM n_estimators 50–1000 522
learning_rate 0.02–0.2 (log) 0.0529
max_depth 4–10 8
num_leaves 25–100 83

min_child_samples 5–20 17

KNN n_neighbors 5–30 25
weights [‘uniform’, ‘distance’] uniform

p 1–3 2

GBDT n_estimators 50–1000 665
learning_rate 0.02–0.2 (log) 0.0270
max_depth 4–10 9

min_samples_split 1–20 5
min_samples_leaf 2–8 6

MLP activation [‘relu’, ‘tanh’] tanh
learning_rate_init 5 × 10−4–5 × 10−2 (log) 0.0467

hidden_layer_sizes [(100, 50), (200, 100, 50),
(256, 128, 64)] (200, 100, 50)

alpha (L2 regularization) 1 × 10−5–1 × 10−2 (log) 0.0038
max_epochs 200–1000 927

TabPFN device Default/Fixed auto
n_estimators Default/Fixed 8
random_state Default/Fixed 42

TabM learning_rate Default/Fixed 0.0033
epochs Default/Fixed 51

batch_size Default/Fixed 512

For the TabPFN model, as a prior-data fitted network, minimal hyperparameter tuning
is required. We employed the TabPFNRegressor from the tabpfn library (version 6.2.0)
with default settings, except for enabling ignore_pretraining_limits = True to accommodate
the size of our dataset. The device was set to ‘auto’, and all other parameters, such as
n_estimators = 8 and softmax_temperature = 0.9, followed the library defaults, ensuring
reproducible and efficient training.
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For the TabM model, we used the implementation provided by the official pytorch-
tabular library (version 1.1.0). The default configuration for regression tasks was applied
via the library’s TabModel class, including a learning rate of 0.0033, 51 training epochs, a
batch size of 512, and the default optimizer, scheduler, and loss function. No additional
hyperparameter search was performed for TabM to maintain consistency with its standard
benchmarking setup.

4.2. Comparison of Prediction Performance of Different Machine Learning Models

In traditional machine learning approaches, K-Nearest Neighbors (KNN) and Support
Vector Regression (SVR) exhibit relatively limited predictive performance on the test set.
Specifically, KNN achieves an R2 value of 0.5841 with an RMSE of 0.3880, while SVR per-
forms even worse with an R2 of 0.2929 and an RMSE of 0.5058. Although KNN can capture
local similarity patterns within the dataset, its prediction reliability is highly sensitive to
the latent distribution of samples and the scale of input variables. In contrast, SVR strongly
depends on the selection of kernel functions and hyperparameter configurations. When
applied to complex engineering datasets with heterogeneous features, SVR often struggles
to adequately represent nonlinear relationships, resulting in significant prediction bias,
particularly in regions with higher IRI values. These limitations restrict the generalization
capability of both models across different pavement structures and surface conditions.

For ensemble learning algorithms, Gradient Boosting Decision Tree (GBDT), XGBoost,
LightGBM, and Random Forest (RF) demonstrate considerably stronger predictive per-
formance. On the test set, the ranking based on R2 values are LightGBM (0.9334) > RF
(0.9250) > GBDT (0.9136) > XGBoost (0.8963), while the RMSE values remain relatively
low, ranging from 0.1552 to 0.1937. These tree-based ensemble models effectively capture
complex nonlinear interactions among traffic loading, pavement structural parameters, and
environmental conditions through iterative residual optimization and ensemble aggrega-
tion. By integrating multiple decision trees, these algorithms reduce variance and improve
robustness, enabling stable predictive performance across diverse pavement structures and
operational environments. In deep learning and tabular modeling approaches, the Multi-
layer Perceptron (MLP) demonstrates relatively weak predictive capability, achieving a test
set R2 of 0.2106 and an RMSE of 0.2345. Although neural networks theoretically possess
strong nonlinear representation capacity, their effectiveness often depends on large-scale
datasets. Under limited-sample engineering datasets, the model may fail to fully exploit
complex feature interactions, leading to reduced prediction accuracy.

The TabM model, designed specifically for tabular data learning, achieves moderate
predictive performance with a test set R2 of 0.8370 and an RMSE of 0.2429. While this
model improves the representation of high-dimensional tabular relationships compared
with conventional neural networks, prediction bias remains noticeable under extreme value
conditions, suggesting that the model still faces challenges in capturing rare or highly
nonlinear degradation patterns.

In contrast, the TabPFN model, which is extensively pre-trained on large-scale syn-
thetic tabular datasets, consistently achieves the best predictive performance among all
models. All comparative experiments were rerun under the final preprocessing pipeline
described in Section 2.1, and the resulting model rankings remained stable despite minor
variations in the numerical metrics. On the test set, TabPFN obtains an R2 value of 0.9474
and an RMSE of 0.1380, significantly outperforming both conventional machine learn-
ing and neural network-based models. This model leverages a prior-informed learning
mechanism that embeds feature interaction patterns learned during pre-training, enabling
efficient inference even under relatively limited real-world engineering datasets. As a
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result, TabPFN demonstrates strong predictive accuracy and robust generalization across
different pavement structures, traffic loading conditions, and environmental scenarios.

As shown in Table 7 and overall, based on the test set R2 values, the predictive perfor-
mance ranking of the models can be summarized as follows: TabPFN > LightGBM > RF
> GBDT > XGBoost > TabM > KNN > SVR > MLP. The superior performance of TabPFN
can be attributed to its combination of large-scale prior learning and an embedded feature
interaction mechanism, which enables the model to effectively capture the complex nonlin-
ear relationships among pavement structures, traffic loading factors, and environmental
conditions. This capability allows TabPFN to simultaneously achieve high prediction accu-
racy, strong stability, and reliable generalization, making it the most effective method for
predicting pavement IRI in this study.

Table 7. Evaluation Metrics Results of Nine Machine Learning Models.

ML
Model

Model Performance Evaluation Parameters

Train Set Test Set

R2 RMSE MAE MAPE R2 RMSE MAE MAPE

TabPFN 0.9414 0.1336 0.0247 1.4462 0.9474 0.1380 0.0247 1.3649
TabM 0.8168 0.2370 0.1442 11.0573 0.8370 0.2429 0.1485 11.4749
GBDT 0.9523 0.1210 0.0255 1.6560 0.9136 0.1768 0.0348 2.1917

XGBoost 0.9533 0.1196 0.0277 1.9082 0.8963 0.1937 0.0411 2.7267
RF 0.9347 0.1415 0.0668 5.4092 0.9250 0.1684 0.0723 5.8640

LightGBM 0.9496 0.1244 0.0291 1.9523 0.9334 0.1552 0.0345 2.2967
MLP 0.2309 0.2857 0.3410 27.4663 0.2106 0.2345 0.3661 28.6109
KNN 0.6090 0.3463 0.2264 17.3231 0.5841 0.3880 0.2436 18.5068
SVR 0.3319 0.4527 0.2540 17.1353 0.2929 0.5058 0.2719 17.7228

4.2.1. Statistical Significance Test Results

To verify whether the performance advantage of TabPFN in model comparison is
statistically significant, we performed paired t-tests on the model’s predictive performance
based on the k-fold cross-validation results. The Table 7 only shows the comparison results
between TabPFN and other models. As shown in Table 8, the performance difference
between TabPFN and most of the compared models is statistically significant (p < 0.05),
further confirming its superiority.

Table 8. Statistical significance of TabPFN performance against other models.

Model t-Statistic p-Value

XGBoost 5.21 4.62 × 10−4

RF 4.97 6.13 × 10−4

SVR 8.86 3.44 × 10−5

LightGBM 4.82 8.01 × 10−4

KNN 8.03 7.08 × 10−5

GBDT 4.93 6.57 × 10−4

MLP 12.47 1.13 × 10−6

TabM 11.78 2.94 × 10−6

To further test whether the performance difference between TabPFN and competing
models is statistically significant, we performed paired t-tests based on the k-fold cross-
validation results. Specifically, we applied paired t-tests to compare the prediction errors
of TabPFN and each baseline model on the same validation fold. This method allows for
a rigorous statistical evaluation of the observed performance improvement to determine
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whether it is caused by random fluctuations or represents a sustained advantage of the
proposed model.

The results are summarized in Table 8. For all baseline models, the paired t-tests
showed statistically significant differences (p < 0.001), indicating that TabPFN’s predictive
performance is significantly better than other comparative algorithms. Of particular note is
that the t-statistic of TabPFN is significantly higher than that of the neural network model
(MLP, t = 12.47) and TabM (t = 11.78), indicating a significant performance improvement.
Compared with commonly used ensemble learning models (e.g., XGBoost, Random Forest,
LightGBM, and GBDT), TabPFN also exhibits a similar statistically significant performance
improvement. In conclusion, statistical tests confirm that the superiority of TabPFN is not
only reflected in numerical differences but is also supported by statistically significant
evidence in cross-validation, thus enhancing the robustness of model comparisons.

Figure 4 illustrates the boxplot distributions of the ratio between predicted and ex-
perimental IRI values (IRIpre/IRIexp) across all models for both the training and test sets.
Compared with the other models, TabPFN exhibited a more concentrated distribution cen-
tered closely around 1, with the smallest interquartile range, indicating superior stability
and consistency of its predictions. Considering both the risk of prediction bias and overall
generalization performance, TabPFN outperformed all other models in terms of predictive
accuracy and reliability. These results confirm TabPFN as the optimal machine learning
approach for forecasting IRI in pavement structures, effectively capturing the complex
interactions among structural configurations, traffic loading, and environmental factors
while maintaining robust performance across diverse datasets.

Figure 4. Error comparison between the TabPFN model and other models.

Figure 5 compares the performance of nine machine learning models in predicting
the International Roughness Index (IRI) across training and test datasets. Overall, the
distribution of prediction points relative to the ideal reference line (y = x) exhibited notable
differences among the models. Some models generated predictions that were highly
concentrated and predominantly located within a ±10% error band, reflecting strong local
accuracy and stability. In contrast, other models showed more pronounced dispersion,
indicating reduced precision and variability in capturing complex pavement responses.
These results highlight the differential adaptability of the models when forecasting IRI
across diverse pavement structures and pavement compositions, emphasizing the necessity
of selecting models capable of robustly representing the nonlinear interactions among
structural layers, traffic loading, and environmental factors.
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Figure 5. Comparison of predicted and measured IRI values across ML models.

4.2.2. Performance Comparison of Different Road Surface Structures

In Section 4.2, the dataset primarily consists of flexible pavements with asphalt con-
crete (AC) surface layers, with the remainder being rigid pavements and other structural
types. Specifically, out of a total of 10,836 observations, there are 5960 records for AC pave-
ments, 2167 records for GB+TB+EF pavements, 1625 records for GS+TS pavements, and
1084 records for SS pavements. Figure 6 shows the distribution of IRI for these pavement
types. These pavement types differ significantly in structural composition and degradation
mechanisms. The dominance of flexible pavement samples may introduce structural bias
when constructing a unified prediction model applicable to multiple pavement types, thus
limiting the model’s ability to represent other structural systems.
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Figure 6. IRI data characteristics.

To investigate the impact of pavement structural configurations on model behaviour,
we performed a subgroup analysis by segmenting the dataset based on the presence or
absence of specific layer types defined in Section 2.2, creating homogeneous subgroups
with similar structural characteristics. Four key subgroups were defined: AC (Asphalt
Concrete), where the surface layer is exclusively asphalt concrete and serves as the most
prevalent control group; GS+TS, comprising sections that contain either a granular subbase
(GS), a treated subbase (TS), or both beneath the surface, representing pavements with an
engineered subbase for improved support and drainage; GB+TB+EF, including sections
that contain any combination of granular base (GB), treated base (TB), or engineered fill
(EF) layers within the base course, representing pavements with a reinforced or stabilized
base for enhanced load distribution; and SS (Surface Seal), consisting of sections with a
surface seal as the wearing course, representing thinner surface treatments. The predictive
performance for each subgroup was evaluated using the same rigorous five-fold grouped
cross-validation procedure described in Section 3.1, applied independently to each sub-
group, with all observations belonging to the same pavement section (SHRP_ID) kept
within the same fold to ensure fair and leakage-free comparisons across structurally distinct
pavement types. To ensure a fair and robust evaluation of predictive performance within
each structural subgroup, we independently applied the same grouped cross-validation
procedure as used for the full dataset (detailed in Section 3.1). Specifically, for each sub-
group dataset (AC, GS+TS, etc.), we performed a five-fold grouped cross-validation using
the SHRP_ID as the grouping key. This ensures that all observations from the same pave-
ment section are kept within the same fold, preventing data leakage. The performance
metrics (R2, RMSE) reported in Table 9 for each subgroup and model (TabPFN, RF, LR) are
the averages across the five CV folds. To quantify the uncertainty of these performance
estimates, we employed the bootstrap method. For each model-subgroup combination, we
performed 1000 bootstrap resampling iterations on the respective subgroup’s dataset, each
time recomputing the average performance over a newly drawn five-fold grouped CV split.
The 2.5th and 97.5th percentiles of the resulting bootstrap distribution form the reported
95% confidence intervals.
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Table 9. Predictive performance of different structural subgroups.

Dataset Model

Bootstrap CI (95%)

Train Set Test Set

R2 (95% CI) RMSE (95% CI) R2 (95% CI) RMSE (95% CI)

AC

TabPFN 0.9273
(0.9058–0.9512)

0.0751
(0.0599–0.0896)

0.9243
(0.9036–0.9443)

0.0763
(0.0511–0.0984)

RF 0.9273
(0.9058–0.9312)

0.0772
(0.0611–0.0914)

0.7578
(0.5778–0.8821)

0.1357
(0.0925–0.1731)

LR 0.1916
(0.1707–0.2112)

0.2439
(0.2290–0.2596)

0.1997
(0.1605–0.2305)

0.2467
(0.2188–0.2745)

GS+TS

TabPFN 0.9477
(0.9429–0.9508)

0.1616
(0.1575–0.1656)

0.9494
(0.9483–0.9513)

0.1651
(0.1571–0.1726)

RF 0.9277
(0.9265–0.9301)

0.1912
(0.1868–0.1955)

0.9287
(0.9252–0.9303)

0.1954
(0.1865–0.2033)

LR 0.5061
(0.4890–0.5255)

0.5078
(0.4942–0.5218)

0.5058
(0.4718–0.5390)

0.5191
(0.4873–0.5468)

GB+TB+EF

TabPFN 0.9478
(0.9440–0.9516)

0.1781
(0.1722–0.1838)

0.9486
(0.9406–0.9557)

0.1793
(0.1668–0.1918)

RF 0.9479
(0.9445–0.9513)

0.1783
(0.1739–0.1829)

0.9485
(0.9482–0.9687)

0.1795
(0.1709–0.1886)

LR 0.3661
(0.3462–0.3870)

0.6204
(0.6067–0.6340)

0.3702
(0.3336–0.4048)

0.6278
(0.6014–0.6550)

SS

TabPFN 0.9417
(0.9403–0.9501)

0.1548
(0.1521–0.1573)

0.9495
(0.9424–0.9502)

0.1556
(0.1504–0.1610)

RF 0.9217
(0.9212–0.9301)

0.1831
(0.1800–0.1860)

0.9246
(0.9214–0.9303)

0.1841
(0.1780–0.1901)

LR 0.3707
(0.3631–0.3786)

0.5490
(0.5392–0.5580)

0.3705
(0.3542–0.3861)

0.5520
(0.5237–0.5721)

To further evaluate the predictive reliability of different pavement structure subgroups,
we compared baseline models and quantified the predictive uncertainty for four repre-
sentative pavement structures (AC, GS+TS, GB+TB+EF, and SS). Linear regression (LR)
and random forest (RF) were used as baseline models. For each model and subgroup,
we performed five-fold grouped cross-validation (CV) using SHRP_ID as the grouping
key to ensure that observations from the same pavement segment remained in the same
fold. We calculated the performance metrics for the training data within each fold and the
corresponding validation folds, and reported the average of the five CV folds. To further
quantify the uncertainty of these performance estimates, we applied 1000 bootstrap resam-
pling iterations to the fold-level results to estimate the 95% confidence interval (CI). We
used percentile bootstrap, with the 2.5th and 97.5th percentiles of the bootstrap distribution
as the lower and upper bounds of the confidence intervals. In Table 9, the “Train Set”
and “Test Set” columns correspond to the average training performance within each cross-
validation fold and the average validation performance across all folds, respectively, rather
than the results of a single fixed training/test set partition. The results are summarized in
Table 9 and Figure 7.
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Figure 7. Error distribution of each model.

In all subgroups, TabPFN generally outperformed the baseline models, with narrower
bootstrap confidence intervals suggesting relatively stable predictions. For example, in the
AC subgroup (5960 records), TabPFN achieved a test set R2 of 0.924 (95% CI: 0.9036–0.9443),
notably higher than Random Forest (R2 = 0.758) and Linear Regression (R2 = 0.200). Similar
trends were observed in the GS+TS (1625 records), GB+TB+EF (2167 records), and SS
(1084 records) subgroups, indicating that TabPFN can effectively capture nonlinear rela-
tionships between structural, traffic, and environmental factors, while partially mitigating
overfitting issues associated with smaller sample sizes or potential data leakage. Overall,
these results suggest that the model provides reasonably robust and reliable predictions
across the examined pavement structures, though performance may vary depending on
subgroup size and data characteristics.

4.3. Discussion on the Interpretability of Machine Learning Models

Based on the principles of cooperative game theory, SHapley Additive exPlanations
(SHAP) can quantify the contribution of each input feature to the model’s prediction
outcomes. In this framework, the sign of a SHAP value indicates whether the corresponding
feature increases (positive) or decreases (negative) the predicted outcome relative to the
baseline (mean prediction), while its magnitude reflects the strength of its influence. In
this study, SHAP was applied to the performance-optimal TabPFN model to conduct an
interpretability analysis, aiming to elucidate the mechanistic effects of input variables on
IRI predictions [73].

4.3.1. SHAP Global Analysis

Figure 8 presents the SHAP summary plot, in which each row corresponds to a feature,
ordered from top to bottom according to its importance. Each point represents the SHAP
value for a specific sample. The color gradient, ranging from low to high, reflects the
actual value of the corresponding feature, allowing visual interpretation of how feature
magnitude relates to its impact on predictions. The results indicate that the Average Layer
Thickness (ALT) of the pavement structure exerted the greatest influence on IRI, as it
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governs the structural stiffness and load-dispersion capacity of the pavement system. An
excessively thin layer tends to induce stress concentration, whereas an overly thick layer
may be more susceptible to interlayer shear and temperature gradients, thereby accelerating
surface roughness development. The top five key features influencing IRI were ALT, ESAL,
TAP, GESAL, and CY. Among these, ESAL and GESAL represent traffic loading factors,
TAP corresponds to climatic conditions, while ALT and CY are associated with pavement
structural characteristics.

Figure 8. Local feature contributions to model predictions visualized using SHAP values.

Average contribution of each feature to the model’s output quantified using the mean
absolute SHAP values (mean |SHAP|) (Figure 9). The horizontal axis represents feature
importance, and the vertical axis lists the features in descending order of contribution.
Traffic loading variables accounted for 39.5% of the total influence, primarily through axle
load magnitude and repeated loading cycles that accelerate pavement roughness. Climatic
variables contributed 24.5%, affecting the performance of pavement materials and the rate
of structural deterioration through temperature variation, precipitation, humidity, and
freeze–thaw cycles. Pavement structural factors accounted for 35.9% of the total influence,
among which ALT played a dominant role by controlling load dispersion and structural
stiffness within the pavement system.

Figure 9. Ranking of global feature importance in the road roughness (IRI) prediction model.
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4.3.2. Generalized Additive Model (GAM) Analysis

In Section 4.3.1, we first used SHAP analysis to quantify the contribution of each
variable to the IRI. To further characterize the nonlinear relationship and identify potential
transition intervals, we fitted a generalized additive model (GAM) to characterize the rela-
tionship between SHAP values and the corresponding input feature values (Figure 10a–l).
This GAM employs a penalized spline smoother with automatically selected smoothing
parameters. Potential thresholds were identified by the inflection points of the fitted curves,
defined as the points where the first derivative changes sign or the SHAP contribution
crosses zero. To reduce sampling variability, we applied bootstrap resampling to estimate
confidence intervals; therefore, the resulting thresholds represent approximate transition
points rather than strict deterministic limits. Related threshold reports are available in
Appendix C.

Figure 10. Identification of critical points for key factors in each category.

To improve engineering interpretability, the critical transition intervals identified from
the SHAP–GAM analysis are summarized in Table 10, which reports the corresponding
variables, threshold ranges, and their practical implications for pavement deterioration. As
shown in Figure 10.
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Table 10. SHAP-GAM Thresholds and Engineering Implications for Pavement Structures.

Variable Threshold Observed Effect on IRI Engineering Implication

ALT >7.30 cm IRI increases with higher
SHAP contribution

Pavement performance becomes more
sensitive to structural thickness under

repeated traffic loading

ELE <149.81 m or
>506.62 m

Higher SHAP
contributions at extreme

elevations

Extreme elevation conditions may
intensify climate-related pavement

deterioration

mAH 26.42–37.77% Increased SHAP
contribution

Moderate humidity ranges may promote
material deterioration processes

MAW <2.82 m/s Increased SHAP
contribution to IRI

Low wind speed environments may
facilitate moisture retention and

accelerate pavement degradation

MAH 58.29–94.88% Increased IRI risk
High humidity weakens pavement
materials and accelerates roughness

development

MAT <16.8 ◦C Higher SHAP contribution Lower temperature environments
intensify pavement deterioration

TAP Around 1111.42 mm Second transition point in
SHAP response

High precipitation may accelerate
moisture-related pavement damage

FTY >42 cycles/year Significant increase in IRI Repeated freeze–thaw cycles accelerate
pavement structural damage

GESAL <243,331.64 Increased SHAP
contribution

Rapid traffic growth accelerates
cumulative load effects and pavement

deterioration

ATV <752,043
Higher SHAP contribution
observed with increasing

values

Higher truck traffic intensity accelerates
cumulative traffic loading effects on

pavement roughness

AADTT 997–2680; 3699–7616 Elevated SHAP
contribution

Moderate to high truck traffic levels
accelerate pavement fatigue

accumulation and intensify pavement
deterioration.

ESAL >6.31 × 105 Rapid increase in SHAP
contribution

Cumulative heavy traffic loading
accelerates pavement roughness growth

For structural factors, IRI shows a clear sensitivity to pavement structure in subfigure
(a), where the average layer thickness (ALT) exceeds approximately 7.30 cm, suggesting
that structural responses to repeated traffic loading become more pronounced beyond this
point. Subfigure (b) shows that altitude (ELE) also exhibits nonlinear behavior, with higher
SHAP contributions observed below 149.81 m and above 506.62 m, indicating that extreme
elevation conditions may intensify climate-related deterioration mechanisms.

For environmental and climatic factors, several transition intervals associated with
accelerated roughness growth are identified. Subfigure (d) indicates that IRI risk increases
when the annual mean wind speed (MAW) falls below 2.82 m/s. Subfigures (c) and (e)
show that higher SHAP contributions are observed when the annual mean minimum
humidity (mAH) ranges between 26.42% and 37.77% and the annual mean maximum
humidity (MAH) ranges between 58.29% and 94.88%, suggesting moisture-related weak-
ening of pavement materials. Subfigure (f) further demonstrates that lower annual mean
temperature (MAT < 16.86 ◦C), while subfigure (g) highlights precipitation transition
ranges around 288.15 mm and 1111.42 mm, both indicating climatic conditions under
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which pavement structures become more vulnerable to degradation. In addition, subfig-
ure (h) shows that IRI deterioration accelerates when the number of freeze–thaw cycles
(FTY) exceeds approximately 42 per year, highlighting the damaging effects of repeated
freeze–thaw processes.

For traffic-related variables, the SHAP–GAM analysis reveals clear loading thresholds
associated with accelerated roughness growth. Subfigure (l) shows that IRI increases sig-
nificantly when the cumulative equivalent single axle load (ESAL) exceeds approximately
6.31 × 105, indicating that pavement deterioration becomes more pronounced beyond this
traffic loading level. Subfigures (k) and (j) further indicate that elevated SHAP contribu-
tions are observed when AADTT ranges between 997–2680 and 3699–7616, and when ATV
reaches higher levels, suggesting that sustained heavy truck traffic accelerates pavement fa-
tigue accumulation. Similarly, subfigure (i) shows the effect of GESAL on IRI growth. These
quantitative thresholds provide potential reference indicators for pavement monitoring
and maintenance decision-making.

4.3.3. Interpretability Analysis of Different Pavement Structures

Section 4.2.1 utilizes a unified modeling and interpretation framework to analyze the
overall impact pattern of the entire dataset on IRI. However, different types of pavements
have different structural compositions and degradation mechanisms. Therefore, this study
applies the TabPFN model to each subgroup and uses the SHAP summary plot in Figure 11
to reveal the directional influence of key features.

Figure 11. SHAP global analysis by pavement structure: (AC; GS+TS; GB+TB+EF; SS).
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To investigate how feature contributions vary across different pavement structural
configurations, we performed subgroup-level interpretability analysis using SHAP values.
For each subgroup, the mean absolute SHAP value (mean |SHAP|) was computed for
each feature to quantify its overall influence on model predictions. Table 11 lists the four
most influential variables in each subgroup based on mean |SHAP|. The results indicate
that although several core variables affect IRI predictions across all groups, their relative
importance varies with pavement structural characteristics. In some configurations, traffic-
related variables play a more significant role, whereas in others, structural parameters
and environmental factors are more influential. These differences suggest heterogeneous
mechanisms of pavement performance degradation under different structural conditions.

Table 11. Key Contribution Features |SHAP| Values in Structural Subgroups.

Dataset Feature Mean|SHAP|Values

AC

ESAL 0.2244
AADTT 0.1091
GESAL 0.0322

FTY 0.0278

GS+TS

ALT 0.2397
mAH 0.1885
ESAL 0.0956

GESAL 0.0691

GB+TB+EF

ESAL 0.2745
GESAL 0.1204

FTY 0.0711
FIY 0.0674

SS

ALT 0.1832
ESAL 0.1254

AADTT 0.0616
ELE 0.0551

For asphalt concrete (AC) pavements (a), traffic load dominates changes in the In-
ternational Roughness Index (IRI), with equivalent single-axle load (ESAL) and average
daily truck traffic trend (AADTT) having significant positive effects, while average layer
thickness (ALT) and service time (CY) reflect cumulative structural degradation; the in-
fluence of climate is relatively limited. For GS+TS pavements (b), structural factors still
dominate; excessively high average layer thickness (ALT) may promote reflective cracking,
while cold, humid, and high-altitude environments further accelerate pavement rough-
ness growth. For GB+TB+EF pavements (c), the traffic–environment coupling effect is
significant: average layer thickness (ALT) is a key structural factor, while higher annual
equivalent single-axle load (GESAL) and average daily truck traffic trend (AADTT), as
well as frequent freeze–thaw cycles (FTY), exacerbate IRI degradation, whereas warm,
dry environments mitigate deterioration. For SS sections (d), insufficient average layer
thickness (ALT) limits the structural bearing capacity, while high annual equivalent uniaxial
load (GESAL) and frequent freeze–thaw cycles (FTY) accelerate subgrade deterioration and
pavement roughness evolution. Overall, pavement maintenance strategies should focus on
traffic load management, structural thickness optimization, drainage improvement, and
climate-adaptive antifreeze measures.

4.4. Graphical IRI Prediction Platform Using TabPFN

To facilitate practical application, we developed a lightweight graphical user interface
(GUI) using Python 3.12, with the pre-trained TabPFN model serving as the core prediction

https://doi.org/10.3390/buildings16071358

https://doi.org/10.3390/buildings16071358


Buildings 2026, 16, 1358 26 of 34

module. The interface was implemented using a standard Python GUI framework and is
designed as a simple decision-support tool for researchers and pavement engineers who
wish to rapidly estimate IRI values under different structural and environmental conditions
without directly running the machine learning model.

This interface allows users to input key parameters related to traffic load, pavement
structure characteristics, and climate conditions to quickly obtain IRI predictions. As
shown in Figure 12, the GUI consists of a parameter input module and a result display
module. Prior to prediction, basic input validation procedures are performed to ensure
that the user-provided values fall within reasonable engineering ranges and that missing
or inconsistent inputs are avoided. These checks help improve the reliability and stability
of the prediction process.

 

Figure 12. Application of TabPFN model in road performance prediction.

Once the required parameters are specified, users can execute the prediction by clicking
the “Run Prediction” button. The predicted IRI value will then be automatically displayed
in the output panel. The predictions generated through the GUI are directly produced by
the trained TabPFN model used in the experimental analysis, ensuring consistency between
the reported modeling results and the practical application tool.

5. Limitations and Future Research
This study introduced the prior-knowledge-driven tabular prediction model TabPFN,

combined with SHAP and generalized additive models (GAMs), to establish an IRI analysis
and modeling framework that balances predictive accuracy and interpretability. The
framework was designed to explore the performance evolution of pavement structures
under the coupled effects of traffic, structural, and climatic factors. However, due to
constraints related to data conditions, model assumptions, and analytical scale, the current
approach still exhibits limitations in applicability and interpretive depth. These limitations
mainly involve data sources, modeling strategies, interpretability analysis, and adaptability
across different pavement structures, and thus require further refinement in future work.
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Limitations and Future Perspectives

From the data perspective, this study primarily relied on the North American LTPP
database, whose regional coverage is limited, potentially restricting model generalization
under other climatic, traffic, and pavement structure conditions. In addition, the lack of
long-term continuous time-series observations constrained the representation of dynamic
performance evolution, while high correlations among traffic variables may introduce
training redundancy and reduce the robustness of feature attribution. Future studies
could incorporate incremental learning with annual observation sequences, multi-source
data fusion, and transfer learning to simulate long-term pavement evolution and improve
regional adaptability.

From the modeling perspective, although TabPFN achieved high predictive accuracy,
it remained sensitive to data distributions and outliers, and the absence of time-series
features limited its ability to capture long-term performance trends. Future work could
integrate temporal modeling techniques or dynamic updating frameworks to enhance
predictions of long-term deterioration, thereby improving the reliability of mid- and long-
term maintenance decisions.

SHAP values were computed using a model-agnostic Kernel SHAP interpreter, with
the TabPFN model serving as the surrogate prediction function. This approach ensures con-
sistent, model-independent interpretation of feature contributions. A background reference
set randomly sampled from the training data was used to estimate Shapley values, enabling
both global and local attribution analysis. However, strong multicollinearity (VIF > 15)
exists among traffic-related variables, which may lead to attribution redistribution among
relevant predictors, potentially affecting the stability of the SHAP interpretation. Since
multicollinearity can still introduce uncertainty into feature attribution, future research
could further improve interpretability by introducing multivariate interaction models,
causal inference frameworks, and threshold identification methods, as well as extend-
ing the analysis to other pavement performance indicators such as rutting depth and
flexural strength.

From the structural perspective, sample sizes for certain stratified pavement structure
types were limited, and special structures were underrepresented, while the study mainly
focused on flexible asphalt pavements and did not include rigid pavements. Future research
could expand to additional pavement structure types, such as rigid and composite systems,
to improve the applicability and engineering relevance of the findings.

6. Conclusions
This study utilizes the LTPP dataset to construct an interpretable machine learning

framework for predicting road surface roughness (IRI) under traffic–structure–climate
coupled conditions. Regarding model accuracy, this framework integrates a pre-trained
tabular model, ensemble evaluation, and interpretable analysis to capture the nonlinear
evolution of road surface performance. The optimized pre-trained tabular model (TabPFN)
achieved the best overall predictive performance (test R2 = 0.9474; RMSE = 0.1380). To
clearly summarize the empirical results and their engineering implications, the key evidence
and quantitative results of this study are presented in a structured format in Table 12.

Regarding influencing factors, SHAP analysis further quantifies the relative contri-
butions of the main factor groups. The results show that traffic factors contribute 39.5%
to IRI evolution, structural factors 35.9%, and climate factors 24.5%. Furthermore, the
SHAP-GAM coupled analysis identified several nonlinear transition thresholds, including
ESAL > 6.31 × 105, MAT < 16.86 ◦C, and ALT > 7.30 cm, beyond which the rate of pavement
roughness increase accelerates. These results highlight the combined impact of traffic load,
structural configuration, and climatic conditions on pavement degradation.
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Table 12. Summary of Key Evidences and Quantitative Results in This Study.

Evidence Category Key Result Quantitative Evidence Engineering Implication

Model Performance TabPFN achieved best
prediction accuracy

Test R2 = 0.9474;
RMSE = 0.1380

Reliable IRI prediction
under complex conditions

Model stability
Ensemble and

cross-validation improved
generalization

Stable performance across
5-fold CV

Reduced overfitting and
improved transferability

Factor Contribution
Traffic, structure, and

climate jointly drive IRI
evolution

Traffic: 39.5%; Structure:
35.9%; Climate: 24.5%

Multi-factor coupling must
be considered in

maintenance

GAM nonlinear threshold Critical turning points
identified

ESAL > 6.31 × 106;
MAT < 16.86 ◦C;
ALT > 7.30 cm

Supports threshold-based
preventive maintenance

Pavement-Type Sensitivity Influencing factors vary by
pavement structure

AC: ALT, ESAL/AADTT;
GB+TB+EF: ALT,

GESAL/AADTT; GS+TS:
ALT, FTY; SS: ALT, GESAL

Enables structure-specific
lifecycle management

At different pavement structure levels, while the average layer thickness (ALT) af-
fects the International Roughness Index (IRI) for all pavement types, the importance of
traffic variables (such as ESAL/AADTT and GESAL) and climatic indicators (such as FTY,
MAT, and MAH) varies depending on the pavement structure category (asphalt concrete,
GB+TB+EF, GS+TS, and SS). The SHAP analysis confirmed these structural differences and
demonstrated that predictive models for specific pavement types can improve interpretabil-
ity and support targeted maintenance and lifecycle management strategies.
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Abbreviations
The following abbreviations are used in this manuscript:

ALT AVG_LAYER_THICKNESS
IRI International Roughness Index
ATV ANNUAL_TRUCK_VOLUME_TREND
GESAL ANNUAL_GESAL_TREND
TAP TOTAL_ANN_PRECIP
MAT MEAN_ANN_TEMP_AVG
FTY FREEZE_THAW_YR
MAH MAX_ANN_HUM_AVG
CY CONSTRUCTION_ YEAR
AADTT AADTT_ALL_TRUCKS_TREND
ESAL ANNUAL_ESAL_TREND
TSY TOTAL_SNOWFALL_YR
FIY FREEZE_INDEX_YR
MAW MEAN_ANN_WIND_AVG
mAH MIN_MON_HUM_AVG
LTPP Long-Term Pavement Performance Database
R2 Coefficient of Determination
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
RMSE Root Mean Square Error
BO Bayesian Optimization
SHAP SHapley Additive exPlanations
GAM Generalized Additive Model
GPR Gaussian Process Regression
ANN Artificial Neural Network
LSTM Long Short-Term Memory network
CNN Convolutional Neural Network
GRU Gated Recurrent Unit
PSO Particle Swarm Optimization
SVR Support Vector Regression

Appendix A

Table A1. LTPP Data Keyword Merging.

Source Table Key Fields Used for Join Derived Variables

TRF_TREND STATE_CODE, STATE_CODE_EXP, SHRP_ID,
CONSTRUCTION_NO, YEAR AADTT, ATV, ESAL, GESAL

CLM_VWS_PRECIP_ANNUAL STATE_CODE, STATE_CODE_EXP, SHRP_ID,
YEAR TAP, FTY, TSY, FIY

CLM_VWS_TEMP_ANNUAL STATE_CODE, STATE_CODE_EXP, SHRP_ID,
YEAR MAT

CLM_VWS_WIND_ANNUAL STATE_CODE, STATE_CODE_EXP, SHRP_ID,
YEAR MAW

CLM_VWS_HUMIDITY_ANNUAL STATE_CODE, STATE_CODE_EXP, SHRP_ID,
YEAR MAH, mAH

IRI STATE_CODE, STATE_CODE_EXP, SHRP_ID,
YEAR IRI

CLM_OWS_LOCATION STATE_CODE, STATE_CODE_EXP, SHRP_ID ALT, ELE

TST_L05B STATE_CODE, STATE_CODE_EXP, SHRP_ID LAYER_CNT, AVG_LAYER_THICKNESS
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Appendix B
The optimal hyperparameters identified in Section 4.1 were used to train the nine

selected machine learning models. Figure A1 presents the learning curves of each model,
which illustrate their fitting behavior. It can be observed that, as the number of itera-
tions increased, the loss metric (RMSE) consistently decreased, indicating strong model
reliability without evidence of overfitting. Notably, convergence curves are not shown
for Support Vector Regression (SVR) and K-Nearest Neighbors (KNN) due to differences
in their training mechanisms: SVR solves a convex optimization problem, while KNN
predicts based on distance metrics. Similarly, Random Forest (RF), as an ensemble model,
aggregates independently trained decision trees and does not involve iterative training, so
no convergence curve is available. TabPFN and TabM, as pretrained or single-pass tabular
models, also do not generate RMSE sequences suitable for plotting.

Figure A1. Bayesian hyperparameter optimization process.

Appendix C

Table A2. GAM threshold uncertainty range.

Feature Root_Index Threshold CI_Lower CI_Upper Bootstrap_N CI_Level

AADTT 1 204.8883 195.9284 224.6359 1000 95
AADTT 2 997.4238 975.4175 1017.9421 1000 95
AADTT 3 2679.9996 2326.5961 7664.1427 1000 95
AADTT 4 3698.8270 2699.7695 4093.3364 797 95
AADTT 5 7615.9906 5511.1347 7810.9969 797 95

ATV 1 752,043.2239 720,251.4289 1,647,631.1538 1000 95
ATV 2 993,504.3082 855,922.5474 1,485,723.5174 882 95
ATV 3 1,644,648.1935 1,059,912.8113 1,672,045.2853 882 95
ESAL 1 631,043.9718 607,211.3041 652,347.0988 1000 95
ESAL 2 1,257,653.6293 1,187,152.0557 1,249,907.8346 334 95
ESAL 3 1,273,548.0831 1,268,513.9118 1,358,175.1102 334 95
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Table A2. Cont.

Feature Root_Index Threshold CI_Lower CI_Upper Bootstrap_N CI_Level

GESAL 1 243,331.6419 227,324.5664 262,316.1842 1000 95
ELE 1 149.8131 142.0602 159.6350 1000 95
ELE 2 255.7434 238.5566 299.9143 1000 95
ELE 3 336.8588 319.3378 375.6019 981 95
ELE 4 506.6202 449.5647 561.7288 981 95
TAP 1 288.1520 279.3273 301.5358 1000 95
TAP 2 684.7846 631.0919 999.6476 999 95
TAP 3 730.3740 725.6052 1119.7333 999 95
TAP 4 964.4261 914.9548 1005.2250 434 95
TAP 5 1111.4170 1093.5076 1119.8389 434 95
MAT 1 16.8558 16.7521 17.0527 1000 95
MAT 2 23.2547 22.6807 23.1803 988 95
FTY 1 42.0207 39.9520 42.4907 1000 95

MAW 1 2.8155 2.7987 2.8485 1000 95
ALT 1 7.2961 7.1690 7.4257 1000 95

MAH 1 57.0082 41.0763 94.9602 1000 95
MAH 2 58.2863 56.1962 94.7142 833 95
MAH 3 94.8817 58.2606 95.0576 792 95
mAH 1 19.2503 19.1112 19.4262 1000 95
mAH 2 26.4241 24.8695 51.2960 1000 95
mAH 3 37.7706 34.8460 38.5218 895 95
mAH 4 51.2016 50.9470 51.4338 884 95
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