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Abstract

The use of supplementary cementitious materials such as fly ash can reduce environmental
impacts and improve the sustainability of concrete construction. However, the nonlinear
interactions among mixture design parameters make accurate prediction of concrete com-
pressive strength challenging. In this study, TabPFN, a pre-trained foundation model for
tabular data, was applied to predict the compressive strength of fly ash concrete and com-
pared with tuned Random Forest, support vector regression, an artificial neural network,
LightGBM, CatBoost, Ridge regression, and Abrams empirical regression. A dataset con-
taining 1062 samples and eight mixture-level variables was used for model development
and evaluation. Predictive performance was assessed using the coefficient of determina-
tion, mean absolute error, and root mean square error over 100 repeated random splits.
The results showed that TabPFN achieved the best overall performance, with an average
coefficient of determination of 0.9329, a mean absolute error of 3.2758 MPa, and a root
mean square error of 4.6678 MPa. Compared with the strongest tuned gradient-boosting
baseline, CatBoost, TabPFN reduced the mean absolute error and root mean square error
by 0.8768 MPa and 0.8560 MPa, respectively. Furthermore, repeated-split conformal predic-
tion demonstrated reliable uncertainty quantification, with an average prediction interval
coverage probability of 0.9615 and a mean prediction interval width of 23.4554 MPa. SHAP
analysis identified the water-to-cement ratio, mortar strength, and water-to-binder ratio
as important variables, while additional multicollinearity and feature ablation analyses
indicated that correlated ratio variables should be interpreted cautiously. The results in-
dicate that TabPFN provides an accurate, robust, and uncertainty-aware framework for
preliminary prediction of 28-day fly ash concrete compressive strength.

Keywords: fly ash concrete; compressive strength; TabPFN; machine learning; uncertainty
quantification; interpretable artificial intelligence

1. Introduction
Concrete is one of the most widely used construction materials in civil engineering,

and its compressive strength is a critical parameter, governing structural safety, durability,
and overall engineering performance [1]. However, the extensive use of cement in concrete
production has raised significant environmental concerns because cement manufacturing
contributes approximately 7–8% of global anthropogenic CO2 emissions [2,3]. To promote
sustainable construction and reduce the environmental burden associated with cement
production, supplementary cementitious materials such as fly ash (FA) have been widely
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incorporated into concrete mixtures [4,5]. The utilization of FA not only reduces cement
consumption and greenhouse gas emissions but also improves resource utilization efficiency
and supports the development of environmentally friendly construction materials.

Despite its environmental advantages, the incorporation of FA increases the com-
plexity of concrete mixture design because compressive strength is influenced by highly
nonlinear interactions among cementitious materials, aggregates, water content, and chem-
ical admixtures [6,7]. Accurate prediction of concrete compressive strength is essential
for ensuring structural reliability, optimizing material utilization, reducing construction
costs, and improving engineering efficiency [8]. Consequently, the development of reliable
prediction approaches for FA concrete compressive strength has become an important
research topic in sustainable civil engineering.

Traditional prediction methods mainly rely on empirical equations and statistical
regression models [9,10]. Although these approaches provide useful engineering guid-
ance, they often exhibit limited capability in capturing the complex nonlinear relationships
among mixture parameters, particularly in FA concrete systems [6,7]. With the rapid devel-
opment of artificial intelligence (AI), machine learning (ML) techniques have increasingly
been applied to concrete strength prediction. Numerous studies have demonstrated that
ML models, including artificial neural networks (ANNs), Random Forest (RF), support
vector regression (SVR), and gradient-boosting approaches, can achieve significantly im-
proved prediction accuracy compared with conventional empirical models [11–13]. Recent
studies have further confirmed the effectiveness of ML-based approaches for predicting the
compressive strength of FA concrete under various material compositions and engineering
conditions [14–17]. In particular, LightGBM and CatBoost have become strong baselines
for structured tabular prediction because they combine nonlinear boosted decision trees
with efficient optimization and regularization strategies [18,19].

Although existing ML models have achieved promising results, their predictive perfor-
mance often depends on extensive hyperparameter tuning and model-specific optimization.
Furthermore, the optimal model reported in the literature frequently varies across datasets,
indicating that prediction performance is sensitive to data characteristics and experimental
settings. These limitations are particularly relevant for engineering datasets, which are com-
monly characterized by limited sample sizes and complex feature interactions. Therefore,
developing prediction frameworks that can achieve high accuracy and strong robustness
with minimal tuning requirements remains an important challenge.

Recently, the Tabular Prior-Data Fitted Network (TabPFN) has emerged as a promising
foundation model specifically designed for tabular data prediction. Unlike conventional
ML algorithms that require dataset-specific training and extensive hyperparameter opti-
mization, TabPFN performs prediction using a transformer-based framework pre-trained
on a large number of synthetic tabular tasks. Through prior-data fitting and in-context
learning, TabPFN can effectively leverage learned prior knowledge to perform predictions
on previously unseen datasets with minimal model configuration. Previous studies have
demonstrated that TabPFN achieves competitive performance on small- and medium-sized
tabular datasets while substantially reducing the effort associated with model selection
and hyperparameter tuning. These characteristics make TabPFN particularly attractive
for engineering applications, where data availability is often limited. Nevertheless, its
applicability to concrete compressive strength prediction, especially for FA concrete, has
not yet been systematically investigated.

Motivated by the above considerations, this study investigates the potential of TabPFN
for predicting the compressive strength of FA concrete. To provide a comprehensive
evaluation, the predictive performance of TabPFN is systematically compared with tuned
conventional ML models, gradient-boosting baselines, and simple empirical baselines.
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In addition, conformal prediction is incorporated to quantify predictive uncertainty, while
SHAP analysis is employed to improve model interpretability. The main contributions of
this study are summarized as follows:

1. TabPFN is introduced and evaluated for FA concrete compressive strength prediction
and its performance is systematically compared with tuned RF, SVR, ANN, LightGBM,
CatBoost, Ridge, and Abrams baselines.

2. A conformal prediction framework is integrated to assess the reliability and uncertainty
characteristics of model predictions.

3. A SHAP-based interpretability analysis is conducted to identify the most influential
mixture parameters and reveal their effects on compressive strength prediction.

4. The predictive accuracy, robustness, uncertainty quantification capability, and inter-
pretability of TabPFN are comprehensively assessed using repeated experiments and
multiple statistical analyses.

The findings of this study are expected to provide new insights into the application of
foundation models for civil engineering material prediction and contribute to the development
of reliable and sustainable data-driven approaches for concrete performance assessment.

The remainder of this paper is organized as follows: Section 2 presents the dataset
description and statistical characteristics. Section 3 introduces the comparative models
used in this study, including the RF, SVR, ANN, LightGBM, CatBoost, Ridge regression,
and Abrams regression empirical baselines. Section 4 describes the TabPFN methodology.
Section 5 presents the experimental design, including data preprocessing, hyperparame-
ter optimization, evaluation metrics, conformal prediction for uncertainty quantification,
and SHAP-based model interpretation. Section 6 discusses the prediction results, statistical
analysis, residual analysis, uncertainty quantification performance, and interpretability
analysis. Finally, Section 7 summarizes the main conclusions of this study. Additional
robustness and sensitivity analyses are provided in the Supplementary Materials.

2. Data Description
In this study, the FA concrete dataset reported by Wang et al. [20] is adopted to

develop and evaluate the compressive strength prediction models. The dataset contains
1062 valid samples, each associated with an experimentally measured 28-day compressive
strength value. The relatively large sample size provides sufficient data coverage for model
development and performance evaluation, thereby enhancing the reliability of the statistical
analyses and model comparisons.

For each sample, eight input variables describing the concrete mixture composition and
material properties are collected: water content, cement content, admixture content, cement
mortar strength (CMS), binder content, water-to-cement ratio (W/C), water-to-binder ratio
(W/B), and aggregate-to-binder ratio (A/B). Binder content refers to the total cementitious
materials in the mixture, consisting of cement and fly ash. The target variable is the 28-day
compressive strength of the concrete. All variables are complete and consistently defined
across the dataset, ensuring data integrity and minimizing uncertainties associated with
missing or inconsistent measurements.

The variables used in this study and their corresponding units are summarized in
Table 1, while the descriptive statistics of the input and output variables are presented in
Table 2.

The compressive strength values in the dataset range from 14.6 MPa to 115.0 MPa,
with most samples concentrated between approximately 30 MPa and 60 MPa. This indicates
that the dataset covers both the normal-strength and the relatively high-strength concrete
commonly encountered in engineering practice. In addition, the dataset contains a wide
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range of mixture-proportion conditions, which is beneficial for evaluating model robustness
and predictive performance across different mixture designs.

Table 1. Input and output variables used in this study.

Notation Description Unit

Water Water content kg/m3

Cement Cement content kg/m3

Admixture Admixture content kg/m3

CMS Cement mortar strength MPa
Binder Cement and fly ash content kg/m3

W/C Water-to-cement ratio –
W/B Water-to-binder ratio –
A/B Aggregate-to-binder ratio –
Compressive Strength 28-day compressive strength MPa

Figure 1 illustrates the distribution of the 28-day compressive strength values. Most
samples are concentrated in the medium-strength range, whereas relatively fewer samples
are located in the high-strength region. The overall distribution exhibits moderate disper-
sion without obvious extreme clustering, which is favorable for machine learning model
training and performance evaluation.
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Figure 1. Distribution of 28-day compressive strength values.

To further characterize the statistical properties of the dataset, descriptive statistical
analysis is performed for all input variables and the target variable. The correspond-
ing descriptive statistics, including the minimum, maximum, mean, standard deviation,
and median values, are summarized in Table 2. The results reveal substantial variability
among the mixture parameters, indicating the presence of complex nonlinear relationships
between mixture composition and compressive strength. Such characteristics provide
a suitable basis for evaluating advanced machine learning models designed to capture
nonlinear feature interactions.

To investigate the relationships among the variables, Pearson correlation analysis is
conducted, and the corresponding heatmap is presented in Figure 2. The results show that
ratio-based variables, particularly the W/C and W/B, exhibit relatively strong negative
correlations with compressive strength, which is consistent with established concrete
material theories. In contrast, cement mortar strength demonstrates a positive correlation
with compressive strength, indicating its contribution to matrix strength development.
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Table 2. Descriptive statistics of input and output variables.

Variable Min Max Mean Std Median

Water (kg/m3) 92.81 450.00 171.20 34.02 168.00
Cement (kg/m3) 60.00 700.00 335.44 113.79 322.00
Admixture (kg/m3) 0.00 106.00 4.61 9.39 2.08
CMS (MPa) 28.40 62.50 49.35 5.58 49.30
Binder (kg/m3) 213.88 1000.00 457.57 109.55 444.00
W/C 0.20 2.25 0.58 0.24 0.53
W/B 0.20 0.63 0.39 0.09 0.38
A/B 0.93 8.02 4.11 1.14 3.99
Compressive Strength (MPa) 14.60 115.00 47.11 18.38 42.08

Wate
r

Cem
en

t

Ad
mixt

ure CMS
Bind

er W/C W/B A/B

Com
pre

ssi
ve

 St
ren

gth

Water

Cement

Admixture

CMS

Binder

W/C

W/B

A/B

Compressive Strength

1.00 0.18 0.02 0.10 0.42 0.24 0.34 0.30 0.26

0.18 1.00 0.08 0.18 0.58 0.80 0.42 0.55 0.65

0.02 0.08 1.00 0.13 0.04 0.08 0.06 0.09 0.14

0.10 0.18 0.13 1.00 0.10 0.21 0.19 0.12 0.42

0.42 0.58 0.04 0.10 1.00 0.28 0.69 0.91 0.53

0.24 0.80 0.08 0.21 0.28 1.00 0.45 0.30 0.65

0.34 0.42 0.06 0.19 0.69 0.45 1.00 0.72 0.73

0.30 0.55 0.09 0.12 0.91 0.30 0.72 1.00 0.54

0.26 0.65 0.14 0.42 0.53 0.65 0.73 0.54 1.00

Pearson Correlation Matrix of Input and Output Variables

1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00

Pe
ar

so
n 

co
rre

la
tio

n 
co

ef
fic

ie
nt

Figure 2. Pearson correlation heatmap of input variables and compressive strength.

The selection of input variables is guided by classical concrete strength theories, includ-
ing Feret’s formula [21] and the Specification for Mix Proportion Design of Ordinary Concrete
(JGJ 55-2011) [22], as well as the underlying mechanisms governing concrete strength for-
mation. From a physical perspective, compressive strength is strongly influenced by the
compactness of the cementitious matrix and the load-bearing contribution of the aggregate
skeleton. The W/C and W/B are key parameters controlling hydration degree, pore struc-
ture development, and matrix density, and they are generally negatively correlated with
compressive strength.

Before model development, the numeric variables are checked for missing values and
invalid records. Model-specific preprocessing is then performed within each training split
to avoid information leakage. Tree-based models and TabPFN are fitted using the original
numeric features, whereas SVR and the ANN use training set-only Z-score standardization;
SVR further applies target scaling through a transformed-target regression pipeline.

3. Benchmark Models
To comprehensively evaluate the predictive performance of TabPFN for concrete

compressive strength prediction, five machine learning models, namely, RF, SVR, an ANN,
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LightGBM, and CatBoost, are selected as benchmark models for comparative analysis.
RF, SVR, and ANNs are widely used conventional models in civil engineering material
prediction, whereas LightGBM and CatBoost are strong gradient-boosting decision tree
baselines for tabular regression. In addition, simple Ridge and Abrams regressions are
included as empirical reference baselines in the experimental comparison.

3.1. RF

RF is an ensemble learning algorithm proposed by Breiman [23] which combines
multiple decision trees to improve prediction accuracy and reduce overfitting. RF constructs
numerous regression trees using bootstrap sampling and random feature selection, and the
final prediction result is obtained by averaging the outputs of all decision trees.

For a given input sample, the prediction output of RF can be expressed as

ŷ =
1
N

N

∑
i=1

Ti(x) (1)

where ŷ denotes the predicted compressive strength, N represents the number of regression
trees, and Ti(x) denotes the prediction result generated by the i-th regression tree.

During the tree construction process, the optimal node splitting criterion is determined
by minimizing the mean squared error (MSE), which can be expressed as

MSE =
1
N

N

∑
i=1

(yi − ŷi)
2 (2)

where yi and ŷi represent the experimental and predicted values, respectively.
The ensemble averaging mechanism enables RF to effectively reduce prediction vari-

ance and improve model robustness. In addition, RF can capture complex nonlinear
relationships and feature interactions among concrete mixture variables without requir-
ing explicit assumptions regarding data distribution. Owing to these characteristics, RF
has been widely used for compressive strength prediction in civil engineering materials.
Previous studies have demonstrated that RF can effectively model the nonlinear relation-
ships among mixture parameters and achieve reliable prediction accuracy for concrete
compressive strength prediction [8,13,15].

3.2. SVR

SVR is a regression-based extension of a Support Vector Machine (SVM) developed
by Vapnik [24]. SVR aims to establish an optimal regression hyperplane while minimizing
structural risk and maintaining prediction errors within a predefined tolerance range.

For nonlinear regression problems, the original input variables are mapped into a
higher-dimensional feature space through a kernel function. The regression function of
SVR can be expressed as

f (x) = wTϕ(x) + b (3)

where ϕ(x) represents the nonlinear mapping function, w denotes the weight vector, and b
is the bias term.

To improve nonlinear fitting capability, the radial basis function (RBF) kernel is
adopted in this study. The RBF kernel function is expressed as

K(xi, xj) = exp
(
−γ∥xi − xj∥2

)
(4)

where γ is the kernel parameter controlling the influence range of training samples.

https://doi.org/10.3390/buildings16142781

https://doi.org/10.3390/buildings16142781


Buildings 2026, 16, 2781 7 of 25

The optimization objective of SVR can be formulated as

min
1
2
∥w∥2 + C

n

∑
i=1

(ξi + ξ∗i ) (5)

where C denotes the penalty coefficient, and ξi and ξ∗i are slack variables representing
prediction deviations outside the tolerance interval.

In addition, the ε-insensitive loss function adopted in SVR can be expressed as

Lε(y, f (x)) = max(0, |y − f (x)| − ε) (6)

where ε defines the insensitive error tolerance region.
SVR has demonstrated strong nonlinear regression capability and good generalization

performance for engineering prediction problems, particularly under limited sample condi-
tions. Numerous studies have successfully applied SVR to predict concrete compressive
strength and other mechanical properties of cementitious materials [12,14,16]. These studies
indicate that SVR can effectively capture nonlinear relationships among mixture variables
and provide stable prediction performance for engineering datasets.

3.3. ANN

An ANN is a data-driven machine learning approach inspired by biological neural
systems [25]. An ANN consists of interconnected neurons organized into multiple layers,
including the input layer, hidden layers, and output layer.

In this study, a feedforward neural network architecture is adopted for compressive
strength prediction. During the forward propagation process, the hidden neurons re-
ceive weighted input signals and subsequently perform nonlinear transformations using
activation functions. The propagation process of neurons can be expressed as

a(l)j = f

(
∑

i
w(l)

ij a(l−1)
i + b(l)j

)
(7)

where a(l−1)
i and a(l)j denote the neuron outputs of the previous and current layers, respec-

tively, w(l)
ij represents the connection weight, b(l)j is the bias term, and f (·) denotes the

activation function.
During the training process, the network parameters are iteratively optimized using

backpropagation and gradient-based optimization algorithms to minimize prediction errors.
The loss function used in ANN training can be expressed as

L =
1
n

n

∑
i=1

(yi − ŷi)
2 (8)

where yi and ŷi denote the experimentally measured and predicted compressive strength
values, respectively.

Because of its multilayer nonlinear structure, an ANN can effectively learn complex
nonlinear relationships and hidden feature interactions within concrete mixture datasets.
Consequently, ANNs have been widely applied in compressive strength prediction and
other civil engineering material prediction tasks. Previous studies have shown that ANNs
can effectively model the complex interactions among concrete mixture parameters and
provide accurate prediction results for concrete compressive strength [7,10,11]. In addition,
ANNs have demonstrated strong adaptability and nonlinear approximation capability for
complex engineering material datasets.
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3.4. LightGBM

LightGBM is a gradient-boosting decision tree algorithm designed for efficient and
accurate learning on structured tabular data [18]. Similar to other boosting methods,
LightGBM constructs an additive ensemble of regression trees where each new tree is fitted
to reduce the residual errors of the previous ensemble. The prediction function can be
expressed as

ŷ =
M

∑
m=1

fm(x), (9)

where fm(x) denotes the m-th regression tree and M is the total number of boosting iterations.
LightGBM improves computational efficiency through histogram-based tree construc-

tion and leaf-wise tree growth with depth constraints. These characteristics allow it to
capture nonlinear feature interactions while maintaining relatively low computational cost.
Because concrete mixture datasets are typically structured, nonlinear, and moderate in size,
LightGBM is a suitable strong baseline for evaluating whether the performance of TabPFN
exceeds that of modern boosted-tree methods.

3.5. CatBoost

CatBoost is another gradient-boosting decision tree method that introduces or-
dered boosting and symmetric tree structures to reduce prediction shift and improve
generalization [19]. Although CatBoost was originally developed with strong support for
categorical features, it is also effective for numerical tabular regression tasks because of its
robust regularization and boosting strategy.

In this study, CatBoost is used as an additional strong tabular baseline. Its objective is
to minimize the regression loss over an ensemble of boosted trees:

L =
n

∑
i=1

(yi − ŷi)
2 + Ω(F), (10)

where Ω(F) denotes the regularization term associated with the ensemble. Including
CatBoost and LightGBM helps ensure that the comparison does not rely only on conven-
tional default baselines, but also considers competitive modern gradient-boosting models
commonly used for tabular prediction.

3.6. Empirical Regression Baselines

To provide engineering reference baselines in addition to machine learning models,
Ridge regression and an Abrams’ law-inspired regression are also included in the compari-
son. Abrams’ law is a classical empirical relationship in concrete technology which states
that compressive strength is strongly governed by the water-to-cement ratio [9]. In this
study, the Abrams’ law-inspired baseline is fitted as a log-linear regression using W/C:

log( fc) = a + b log(W/C), (11)

where fc denotes the 28-day compressive strength, and a and b are regression coefficients
estimated from the training data. This baseline is not intended to compete with modern
nonlinear models; instead, it provides a simple physically motivated reference for eval-
uating how much predictive improvement is obtained by using multivariable machine
learning methods.

4. TabPFN Methodology
TabPFN is a transformer-based tabular foundation model specifically developed for

small- and medium-sized tabular datasets [26]. Unlike conventional machine learning

https://doi.org/10.3390/buildings16142781

https://doi.org/10.3390/buildings16142781


Buildings 2026, 16, 2781 9 of 25

models that require iterative optimization for each downstream dataset, TabPFN adopts
an in-context learning paradigm in which the model is pre-trained on a large number of
synthetic tabular datasets and subsequently performs prediction through a single forward
inference process. The overall framework of TabPFN mainly consists of synthetic data
generation, transformer-based pre-training, and downstream inference stages.

The core idea of TabPFN is to learn generalized prediction strategies from diverse syn-
thetic tabular tasks. During the pre-training stage, millions of synthetic datasets containing
different nonlinear relationships, feature distributions, noise conditions, and structural
dependencies are generated using structural causal models (SCMs) [26]. These synthetic
datasets are designed to mimic the heterogeneous characteristics commonly observed in
real-world tabular data, enabling the model to learn generalized feature interaction patterns
and prediction mechanisms.

Unlike traditional deep learning models trained on individual samples, TabPFN is
trained across entire datasets. During inference, both training samples and testing samples
are simultaneously provided to the pre-trained model, allowing prediction to be completed
in a single forward pass through in-context learning. The prediction objective of TabPFN
can be expressed as

p(ŷtest | Xtrain, ytrain, Xtest) (12)

where Xtrain and ytrain denote the training features and labels, respectively, and Xtest

represents the testing features. The model directly estimates the posterior predictive
distribution of the target variable conditioned on the observed training samples.

The neural architecture of TabPFN is based on a transformer encoder specifically
adapted for tabular data. Different from standard transformers designed for sequential data,
TabPFN treats each table cell as an individual representation and employs two-dimensional
attention mechanisms to simultaneously model feature-wise and sample-wise dependen-
cies. The inter-feature attention learns relationships among variables within the same
sample, while the inter-sample attention captures dependencies among different sam-
ples. This mechanism enables TabPFN to effectively model the complex nonlinear feature
interactions commonly observed in concrete mixture datasets.

The attention mechanism adopted in TabPFN can be generally expressed as

Attention(Q, K, V) = softmax
(

QKT
√

dk

)
V (13)

where Q, K, and V denote the query, key, and value matrices, respectively, and dk represents
the feature dimension.

Compared with conventional machine learning methods, TabPFN possesses several
advantages for engineering tabular prediction tasks: First, the model can effectively capture
highly nonlinear relationships and feature interactions without extensive feature engi-
neering. Second, the pre-trained inference mechanism significantly reduces training time
and hyperparameter tuning requirements. Third, TabPFN demonstrates strong predictive
performance for small- and medium-sized datasets, which are common in civil engineering
applications. According to the original study, TabPFN achieves state-of-the-art prediction
performance on datasets with up to 10,000 samples and 500 features [26].

Figure 3 illustrates the overall workflow of the proposed TabPFN framework for
concrete compressive strength prediction. The framework mainly consists of two stages,
namely, the offline pre-training stage and the online inference stage.

During the offline pre-training stage, TabPFN is trained on a large number of synthetic tab-
ular datasets containing diverse feature distributions, nonlinear relationships, missing values,
and noise patterns. Through transformer-based attention mechanisms and in-context learning,
the model learns generalized tabular prediction knowledge from large-scale synthetic tasks.

https://doi.org/10.3390/buildings16142781
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During the online inference stage, the concrete dataset is directly provided to the
pre-trained TabPFN model without extensive hyperparameter optimization. The model
jointly learns feature interactions and sample relationships from the contextual training
samples and subsequently predicts the compressive strength of test samples.

Figure 3. Overall workflow of the proposed TabPFN framework for concrete compressive strength
prediction, including the offline pre-training stage and online inference stage.

In the present study, the concrete compressive strength dataset contains complex
nonlinear relationships among mixture parameters, including the water-to-cement ratio,
water-to-binder ratio, admixture dosage, and cementitious material content. Moreover,
the dataset size falls within the typical application range where TabPFN has demonstrated
strong predictive capability and computational efficiency. Therefore, TabPFN is considered
suitable for predicting concrete compressive strength in the present work.

To evaluate the predictive capability of TabPFN, its prediction performance is com-
pared with tuned machine learning benchmark models and empirical regression baselines
using identical repeated data splits.

5. Experimental Design
5.1. Data Preprocessing and Experimental Setup

The original dataset is first preprocessed to improve data quality and numerical sta-
bility. Since the dataset does not contain missing values after removing non-numeric
header rows, no missing-value imputation procedure is required. To avoid data leakage, all
preprocessing parameters and hyperparameters are estimated only from the correspond-
ing training subset in each repeated split. For SVR and the ANN, input variables are
standardized using Z-score normalization fitted on the training data:

x′ =
x − µ

σ
(14)

where x and x′ denote the original and standardized feature values, respectively, and µ and
σ represent the mean value and standard deviation of each feature.

For point prediction evaluation, the dataset is randomly divided into training and
testing subsets using an 80%/20% split ratio. To reduce the influence of random data

https://doi.org/10.3390/buildings16142781
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partitioning and obtain reliable performance estimates, the random splitting procedure is
repeated 100 times using random seeds 0–99. In each run, model fitting and hyperparameter
optimization are performed on the training subset only, whereas model evaluation is con-
ducted on the corresponding testing subset. The final prediction performance is reported in
terms of the mean and standard deviation of the evaluation metrics across all repeated runs.

For uncertainty quantification using conformal prediction, the dataset is divided into
a training subset (636 samples), a calibration subset (213 samples), and a testing subset
(213 samples), corresponding to approximately 60%, 20%, and 20% of the entire dataset,
respectively. The training subset is used to fit the prediction model, the calibration subset is
employed to estimate residual quantiles for prediction interval construction, and the testing
subset is used for final interval evaluation. This split conformal procedure is repeated over
100 random seeds using strictly non-overlapping training, calibration, and test subsets.
A confidence level of 95% is adopted throughout the conformal prediction analysis.

The TabPFN model is implemented using the official ‘tabpfn’ Python package
(version 8.0.1) and ‘TabPFNRegressor’. The model is run on a CPU using the official pre-trained
TabPFN v3 regressor checkpoint with default inference settings, including n_estimators = 8,
‘model_path=auto’, ‘fit_mode=fit_preprocessors’, and ‘inference_precision=auto’. No built-in
uncertainty output from TabPFN is used; all uncertainty intervals are produced externally
through split conformal prediction. RF, SVR, the ANN, and Ridge and Abrams regres-
sions are implemented using Scikit-learn, LightGBM using the official LightGBM package,
and CatBoost using the official CatBoost package. To ensure fair comparison, tunable
machine learning benchmark models are optimized by randomized hyperparameter search
with 3-fold cross-validation inside the training subset, following common optimization prac-
tice in engineering ML studies [27], whereas Ridge and Abrams regressions are included as
empirical reference baselines. The conformal dataset partition and hyperparameter search
spaces adopted in this study are summarized in Tables 3 and 4, respectively.

All experiments are conducted in the Python environment using the TabPFN, Scikit-learn,
LightGBM, CatBoost, SHAP, NumPy, Pandas, and Matplotlib libraries.

Table 3. Dataset partitioning used for conformal prediction.

Subset Samples Proportion (%)

Training 636 59.9
Calibration 213 20.1
Testing 213 20.1

Total 1062 100.0

Table 4. Hyperparameter search spaces of the investigated models.

Model Hyperparameter Settings or Search Space

TabPFN Official pre-trained TabPFN v3 regressor checkpoint; CPU; n_estimators = 8;
default inference configuration

CatBoost iterations ∈ {200, 300, 500}; learning rate ∈ {0.03, 0.05, 0.1}; depth ∈ {4, 6, 8};
l2_leaf_reg ∈ {1, 3, 5, 10}; bagging_temperature ∈ {0, 0.5}; random_strength ∈ {0, 0.5}

LightGBM
n_estimators ∈ {100, 200, 400, 700}; learning rate ∈ {0.01, 0.03, 0.05, 0.1};
num_leaves ∈ {15, 31, 63}; max_depth ∈ {−1, 3, 5, 8};
min_child_samples ∈ {5, 10, 20, 40}

RF
n_estimators ∈ {200, 400, 600}; max_depth ∈ {None, 8, 12, 20}; min_samples_split
∈ {2, 5, 10}; min_samples_leaf ∈ {1, 2, 4}; max_features ∈ {0.5, 0.75, 1.0,

√
p}

ANN
hidden layers ∈ {(64), (128), (64, 32), (100, 50), (128, 64)}; α ∈ {10−5, 10−4, 10−3, 10−2};
learning rate ∈ {3× 10−4, 10−3, 3× 10−3, 10−2}; batch size ∈ {32, 64, 128, auto}; early
stopping enabled
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Table 4. Cont.

Model Hyperparameter Settings or Search Space

SVR RBF kernel; C ∈ {0.3, 1, 3, 10, 30, 100, 300}; ϵ ∈ {0.01, 0.03, 0.05, 0.1, 0.2, 0.5};
γ ∈ {scale, 0.01, 0.03, 0.1, 0.3, 1.0}

Ridge RidgeCV with α ∈ {10−4, 10−3, . . . , 103, 104} selected by cross-validation within
the training subset

Abrams Log-linear empirical regression using W/C; no tunable hyperparameters

5.2. Evaluation Metrics

To comprehensively evaluate prediction performance, three widely used statistical
indicators, namely, the coefficient of determination (R2), mean absolute error (MAE),
and root mean square error (RMSE), are adopted in this study.

The coefficient of determination (R2) measures the goodness of fit between predicted
and experimental values and can be expressed as

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − ȳ)2 (15)

where yi, ŷi, and ȳ denote the experimental value, predicted value, and mean experimental
value, respectively.

The MAE evaluates the average absolute prediction error and can be expressed as

MAE =
1
n

n

∑
i=1

|yi − ŷi| (16)

where a smaller MAE value indicates higher prediction accuracy.
The RMSE measures the square root of the average squared prediction error and is

more sensitive to large deviations. The RMSE can be expressed as

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)2 (17)

In general, larger R2 values and smaller MAE and RMSE values indicate better predic-
tive performance and stronger generalization capability of the developed models.

5.3. Conformal Prediction for Uncertainty Quantification

To further evaluate prediction reliability and uncertainty characteristics, conformal
prediction (CP) is incorporated into the present study. Unlike conventional point prediction
methods that only provide deterministic outputs, CP generates statistically valid predic-
tion intervals without requiring strong assumptions regarding the underlying probability
distribution of the data.

In this study, prediction intervals are constructed based on calibration residuals ob-
tained from the calibration dataset. For a given confidence level (1 − α), the prediction
interval can be expressed as

[ŷ − qα, ŷ + qα] (18)

where ŷ denotes the predicted compressive strength and qα represents the empirical quantile
of calibration residuals corresponding to the selected confidence level.

To quantitatively evaluate interval reliability and interval compactness, the prediction
interval coverage probability (PICP) and mean prediction interval width (MPIW) are
adopted in this study.
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PICP measures the proportion of experimental values that fall within the generated
prediction intervals and can be expressed as

PICP =
1
N

N

∑
i=1

ci (19)

where N denotes the total number of testing samples, and ci is a binary indicator defined as

ci =

1, yi ∈ [Li, Ui]

0, otherwise
(20)

where yi denotes the experimentally measured compressive strength value, and Li and Ui

represent the lower and upper bounds of the prediction interval, respectively.
MPIW evaluates the average width of prediction intervals and can be expressed as

MPIW =
1
N

N

∑
i=1

(Ui − Li) (21)

A reliable uncertainty quantification framework should achieve PICP values close
to the nominal confidence level while maintaining relatively narrow MPIW values. PICP
values below the nominal level indicate undercoverage, whereas values far above the
nominal level may indicate overly conservative intervals. Smaller MPIW values imply
more informative and compact prediction intervals when coverage is close to the target
level. Therefore, the combination of PICP and MPIW enables comprehensive evaluation of
both the statistical validity and practical usefulness of the generated uncertainty intervals.

5.4. SHAP-Based Model Interpretation

To investigate the influence of mixture variables on compressive strength prediction
and improve model interpretability, SHAP (SHapley Additive exPlanations) analysis is
conducted in this study.

SHAP is a game theory-based interpretation method that quantifies the contribution
of each input variable to the prediction result. The prediction output can be expressed as

f (x) = ϕ0 +
M

∑
i=1

ϕi (22)

where ϕ0 denotes the base prediction value and ϕi represents the contribution of the
i-th feature.

In this study, SHAP summary plots and feature importance rankings are used to
analyze the influence of concrete mixture parameters on compressive strength prediction.
Through SHAP analysis, the contributions of key variables such as the water-to-cement
ratio, water-to-binder ratio, and cementitious material content can be quantitatively in-
terpreted, thereby improving the transparency and engineering interpretability of the
developed prediction framework.

6. Results and Discussion
6.1. Point Prediction Performance Analysis

The point prediction performance of TabPFN, the machine learning benchmark mod-
els, and the empirical baselines was comprehensively evaluated based on 100 repeated
random splitting experiments. The average values and standard deviations of the R2, MAE,
and RMSE metrics are summarized in Table 5.
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Table 5. Comparison of point prediction performance among different models. Values are reported
as mean (standard deviation). Bold values indicate the best predictive performance.

Model R2 MAE RMSE

TabPFN 0.9329 (0.0116) 3.2758 (0.2097) 4.6678 (0.3667)
CatBoost 0.9061 (0.0142) 4.1526 (0.2919) 5.5238 (0.4003)
LightGBM 0.9011 (0.0153) 4.2173 (0.3167) 5.6704 (0.4205)
RF 0.8818 (0.0179) 4.6997 (0.3000) 6.1984 (0.4283)
ANN 0.8509 (0.0263) 5.3065 (0.4404) 6.9537 (0.5629)
SVR 0.8334 (0.0252) 5.4890 (0.4143) 7.3607 (0.5346)
Ridge 0.7635 (0.0212) 7.0004 (0.2956) 8.7855 (0.3531)
Abrams 0.4866 (0.0306) 10.1365 (0.5425) 12.9654 (0.6758)

As shown in Table 5, TabPFN achieved the best prediction performance among all
investigated models in terms of R2, MAE, and RMSE. The mean R2 value of TabPFN
reached 0.9329, which was higher than those of the tuned CatBoost (0.9061), LightGBM
(0.9011), RF (0.8818), ANN (0.8509), SVR (0.8334), Ridge regression (0.7635), and Abrams
regression (0.4866). Meanwhile, the MAE and RMSE values of TabPFN were 3.2758 MPa
and 4.6678 MPa, respectively, both of which were lower than those of the machine learning
benchmark models and empirical baselines.

Among the non-TabPFN baselines, CatBoost and LightGBM achieved the strongest
performance, confirming that gradient-boosting decision tree models are highly competi-
tive for the present tabular dataset. However, TabPFN still improved R2 by 0.0267 relative
to CatBoost and reduced MAE and RMSE by 0.8768 MPa and 0.8560 MPa, respectively.
Compared with the simple Ridge and Abrams regressions, all nonlinear machine learn-
ing models performed substantially better, indicating that nonlinear interactions among
mixture variables are important for accurate strength prediction.

From the perspective of prediction stability, TabPFN also demonstrated small perfor-
mance fluctuations during repeated random experiments. The standard deviation of R2 for
TabPFN was 0.0116, which was comparable to or lower than those of the tuned machine
learning benchmark models. These results suggest that TabPFN retains strong prediction
accuracy and stability even when compared with optimized modern tabular baselines and
simple empirical baselines instead of only default conventional models.

Figure 4 presents the boxplots of prediction performance for different models. The R2

distribution of TabPFN is concentrated within a higher range, whereas its MAE and RMSE
distributions are concentrated within lower ranges. In addition, the relatively compact box
and whisker distributions indicate that TabPFN maintained stable prediction performance
across repeated experiments.

Figure 5 further illustrates the average prediction performance and corresponding
uncertainty ranges of different models using error bar plots. TabPFN achieved the highest
mean R2 and the lowest MAE and RMSE values, as shown by relatively short error bars,
indicating lower uncertainty and stronger robustness.

Compared with the strongest non-TabPFN baseline, CatBoost, the MAE and RMSE
values of TabPFN were reduced by approximately 0.8768 MPa and 0.8560 MPa, respectively.
Since RMSE is more sensitive to large prediction deviations, the lower RMSE value of
TabPFN indicates its stronger capability in controlling large prediction errors. The perfor-
mance gap is smaller than that observed against untuned conventional baselines, but the
repeated-split results still support the practical advantage of TabPFN for this dataset.

The superior performance of TabPFN can be attributed to its pre-trained tabular
learning mechanism. Through large-scale synthetic dataset pre-training, TabPFN learns
generalized inductive biases for tabular prediction tasks and can effectively capture nonlin-
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ear feature interactions under limited sample conditions. Concrete compressive strength
is jointly influenced by multiple coupled variables, including the water-to-cement ratio,
water-to-binder ratio, cementitious material system, admixture dosage, and matrix strength.
Under limited dataset conditions, conventional machine learning models are more sen-
sitive to data partitioning and hyperparameter selection, whereas the pre-trained prior
knowledge of TabPFN helps reduce modeling variance and improve generalization capa-
bility. Therefore, the point prediction results demonstrate that TabPFN possesses superior
prediction accuracy and stability for concrete compressive strength prediction.
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Figure 4. Boxplots of prediction performance for different models.
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Figure 5. Error bar plots of prediction performance for different models.

6.2. Statistical Significance Analysis

To further verify the significance of prediction performance differences among mod-
els, Wilcoxon signed-rank tests were conducted between TabPFN and each comparison
model, including both machine learning benchmarks and empirical baselines, based on
the paired repeated-split results. The Wilcoxon test was adopted as the primary statistical
test because it does not require a normality assumption for paired performance differences.
The statistical significance analysis results are summarized in Table 6.

As shown in Table 6, all Wilcoxon p-values and Holm-adjusted p-values were substan-
tially smaller than 0.001 for all evaluation metrics and comparison models. These results
indicate that the prediction performance improvements achieved by TabPFN are statistically
significant rather than caused by random fluctuations or occasional data partitions.

The significance analysis further strengthens the reliability of the comparative results.
Although average evaluation metrics can reflect overall model performance, they may still
be influenced by individual data splits or outlier samples. In contrast, paired nonparametric
testing based on repeated experiments can determine whether performance differences con-
sistently exist from a probabilistic perspective. In the present study, TabPFN achieved sta-
tistically significant improvements over conventional ML models, strong gradient-boosting
baselines, Ridge regression, and the Abrams empirical baseline for all evaluation metrics,
providing statistical support for the effectiveness of the proposed prediction framework.
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Table 6. Statistical significance analysis of TabPFN and comparison models. Difference represents the
performance difference calculated as TabPFN minus the corresponding comparison model. Holm-
adjusted p-values were calculated across all 21 paired comparisons.

Metric Compared Model Mean Difference Wilcoxon p Holm-Adjusted p

R2

CatBoost +0.0267 4.67 × 10−18 8.18 × 10−17

LightGBM +0.0318 4.02 × 10−18 8.18 × 10−17

RF +0.0511 3.90 × 10−18 8.18 × 10−17

ANN +0.0820 3.90 × 10−18 8.18 × 10−17

SVR +0.0995 3.90 × 10−18 8.18 × 10−17

Ridge +0.1694 3.90 × 10−18 8.18 × 10−17

Abrams +0.4463 3.90 × 10−18 8.18 × 10−17

MAE

CatBoost −0.8768 3.90 × 10−18 8.18 × 10−17

LightGBM −0.9415 3.90 × 10−18 8.18 × 10−17

RF −1.4239 3.90 × 10−18 8.18 × 10−17

ANN −2.0306 3.90 × 10−18 8.18 × 10−17

SVR −2.2132 3.90 × 10−18 8.18 × 10−17

Ridge −3.7246 3.90 × 10−18 8.18 × 10−17

Abrams −6.8607 3.90 × 10−18 8.18 × 10−17

RMSE

CatBoost −0.8560 4.67 × 10−18 8.18 × 10−17

LightGBM −1.0026 4.02 × 10−18 8.18 × 10−17

RF −1.5306 3.90 × 10−18 8.18 × 10−17

ANN −2.2859 3.90 × 10−18 8.18 × 10−17

SVR −2.6929 3.90 × 10−18 8.18 × 10−17

Ridge −4.1177 3.90 × 10−18 8.18 × 10−17

Abrams −8.2976 3.90 × 10−18 8.18 × 10−17

6.3. Scatter Plot and Residual Analysis

To further evaluate the prediction consistency and error distribution characteristics
of different models, scatter plots of experimentally measured and predicted compressive
strength values are presented in Figure 6, while the corresponding residual distributions
are shown in Figure 7.

As shown in Figure 6, the prediction results of TabPFN are distributed more closely
around the reference line (y = x) than those of the comparison models, indicating supe-
rior prediction consistency. CatBoost and LightGBM also have relatively compact scatter
patterns and thus were clearly stronger than the conventional RF, ANN, and SVR base-
lines, which is consistent with the repeated-split results in Table 5. Ridge and Abrams
regressions display larger deviations because of their limited ability to represent nonlinear
mixture interactions.

The scatter plots also indicate that prediction errors become more visible in the high-
strength range where fewer samples are available. Therefore, an additional supplementary
analysis was conducted for selected high-strength samples across their test set appearances in the
100 repeated splits. The corresponding Supplementary Figure S1 and Supplementary Table S1
help verify that the representative split shown in Figure 6 is consistent with the repeated-
split behavior.

As shown in Figure 7, the residuals of TabPFN are primarily concentrated around
zero without obvious systematic bias, indicating strong generalization capability and
stable prediction behavior across different compressive strength ranges. CatBoost and
LightGBM also have relatively compact residual distributions, whereas RF, ANN, SVR,
Ridge regression, and Abrams regression show larger residual dispersion.

The residual plots further show that the largest deviations tend to occur for high-
strength samples. This trend was expected because high-strength mixtures were less
frequent in the dataset and often involve more complex mixture-proportion effects.
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Figure 6. Scatter plots of experimental and predicted compressive strength values for different models
in one representative repeated split.

To further investigate prediction errors, residual distributions of different models are
illustrated in Figure 7.
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Figure 7. Residual distributions of different prediction models.

The relatively concentrated residual distribution of TabPFN indicates that the model
can effectively reduce both underestimation and overestimation errors. Furthermore, no
obvious heteroscedasticity trend was observed for TabPFN, suggesting that its prediction
uncertainty remained relatively stable across different strength levels. These results further
confirm the superior prediction robustness and generalization capability of TabPFN for
concrete compressive strength prediction.

6.4. Uncertainty Quantification Using Conformal Prediction

To further evaluate prediction reliability and uncertainty characteristics, conformal
prediction (CP) was incorporated into the present study to generate statistically valid
prediction intervals for concrete compressive strength prediction. Figure 8 compares the
repeated-split conformal prediction performance of different models in terms of PICP and
MPIW, while the corresponding numerical uncertainty evaluation metrics are summarized
in Table 7.
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Figure 8. Comparison of repeated-split conformal prediction performance among different models.

Table 7. Comparison of conformal prediction performance among different models over 100 repeated
60/20/20 train/calibration/test splits. Values are reported as mean (standard deviation). PICP values
closer to the nominal confidence level (95%) and lower MPIW values indicate better uncertainty
quantification performance; bold indicates the narrowest MPIW among models with coverage close
to the nominal level.

Model PICP MPIW

TabPFN 0.9615 (0.0171) 23.4554 (2.5996)
CatBoost 0.9601 (0.0174) 26.1682 (2.2428)
LightGBM 0.9585 (0.0183) 26.9239 (2.5686)
RF 0.9578 (0.0199) 28.4303 (2.5627)
ANN 0.9592 (0.0171) 31.7489 (2.1837)
SVR 0.9585 (0.0183) 33.0322 (2.4015)
Ridge 0.9577 (0.0210) 36.9571 (2.2665)
Abrams 0.9619 (0.0178) 58.8899 (3.8793)

As shown in Figure 8, most experimental compressive strength values were success-
fully covered by the generated prediction intervals for all investigated models, indicating
satisfactory interval reliability. Nevertheless, noticeable differences were observed in
interval width and uncertainty quantification efficiency among the models.

According to Table 7, all models achieved average PICP values close to the nominal
confidence level of 95%, demonstrating that the generated prediction intervals provided
reliable marginal coverage of the experimental observations. Among them, TabPFN at-
tained an average PICP value of 0.9615, indicating that the prediction intervals successfully
covered approximately 96.15% of the testing samples on average and provided slightly
conservative but reliable uncertainty estimates.

Although the comparison models also achieved PICP values close to the nominal level,
their MPIW values were larger than that of TabPFN. CatBoost, the strongest non-TabPFN
conformal baseline in this analysis, obtained an average MPIW of 26.1682 MPa, whereas
TabPFN achieved a narrower MPIW of 23.4554 MPa. The intervals generated by SVR, the
ANN, Ridge regression, and Abrams regression were substantially wider, indicating that
they maintained coverage reliability primarily by producing less informative intervals.

Overall, TabPFN achieved the narrowest prediction intervals while maintaining a
PICP value close to the nominal confidence level. These results indicate that TabPFN
provided the most efficient uncertainty quantification among the investigated models
by achieving a favorable balance between interval reliability and interval compactness.
It should be noted that split conformal prediction provides marginal coverage under
exchangeability; individual random splits and specific strength ranges may still show
coverage fluctuations due to a finite calibration set size. Therefore, the repeated-split results
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are reported to characterize empirical stability rather than to imply identical coverage for
every single split.

6.5. SHAP-Based Interpretability Analysis

To further investigate the influence of mixture parameters on concrete compressive
strength prediction and enhance model interpretability, SHAP analysis was conducted
for the developed TabPFN framework. Since TabPFN is a transformer-based foundation
model rather than a tree ensemble, TreeSHAP is not applicable. Therefore, a model-agnostic
KernelSHAP-style explainer was used with a fixed background subset sampled from the
training data to control computational cost. Figure 9 presents the global feature importance
ranking based on the mean absolute SHAP values.
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Figure 9. SHAP feature importance ranking.

As shown in Figure 9, W/C was identified as the most influential variable affect-
ing concrete compressive strength prediction, followed by cement mortar strength and
W/B. Binder content also exhibited a relatively high contribution, whereas water content,
admixture content, and A/B had comparatively lower importance. These findings are
consistent with established concrete material theories, in which water-related parame-
ters strongly influence hydration reactions, pore structure development, and, ultimately,
compressive strength.

Figure 10 illustrates the SHAP summary plot, which simultaneously reflects the
importance, direction, and distribution of feature contributions.

The SHAP summary plot reveals that W/C exhibited the widest SHAP value distribu-
tion, indicating the strongest influence on model predictions. Lower W/C values generally
contributed positively to compressive strength prediction, whereas higher W/C values
tended to produce negative contributions. Similar trends could be observed for W/B.
In contrast, higher mortar strength values were predominantly associated with positive
SHAP values, suggesting a beneficial effect on compressive strength development. The rel-
atively narrow SHAP distributions observed for admixture content and A/B indicate that
their influence on model predictions was comparatively limited.

To further investigate the effects of the most important variables, SHAP dependence
plots were generated for W/B, W/C, and mortar strength, as shown in Figures 11–13.
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Figure 10. SHAP summary plot.

Figure 11. SHAP dependence plot of W/B.

Figure 11 demonstrates a clear negative relationship between W/B and SHAP values.
As W/B increased, the SHAP contribution gradually decreased from positive to negative
values, indicating that larger water-to-binder ratios adversely affect compressive strength
prediction. This observation is consistent with the well-established understanding that
excessive water content increases porosity and reduces matrix densification. The color
distribution in the dependence plot is used to visualize the selected interacting variable and
should be interpreted as model-attributed association rather than direct causal interaction.
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Figure 12. SHAP dependence plot of W/C.

A similar trend can be observed in Figure 12. The SHAP value decreased almost
monotonically with increasing W/C, indicating that W/C is a dominant governing factor
in compressive strength prediction. Lower W/C values produced positive contributions
to the predicted strength, whereas higher W/C values generated increasingly negative
contributions. This trend closely agrees with Abrams’ law and confirms that the TabPFN
model successfully captured physically meaningful relationships within the dataset.

Figure 13 shows a strong positive correlation between mortar strength and SHAP
values. As mortar strength increased, the corresponding SHAP contribution rose substan-
tially, indicating that higher mortar strength enhances the predicted compressive strength
of concrete. This result highlights the important role of matrix mechanical properties in
determining overall concrete performance.

Finally, a representative SHAP waterfall plot is presented in Figure 14 to visualize the
contribution of individual variables to a specific prediction sample.

The waterfall plot provides a detailed explanation of how individual features influ-
enced the final prediction. In the waterfall plot, E[ f (X)] represents the baseline prediction,
corresponding to the average model output across all samples. The final prediction was
obtained by adding the SHAP contributions of individual features to this baseline value.

For the representative sample shown in Figure 14, the baseline prediction was
45.43 MPa. The feature contributions collectively reduced the prediction to 37.21 MPa,
which is very close to the experimentally measured value of 37.34 MPa. This result indi-
cates that the developed TabPFN model can accurately capture the combined effects of
multiple mixture variables for individual concrete samples.

Among all variables, CMS exhibited the largest negative contribution (−4.97 MPa),
followed by Binder (−2.50 MPa) and W/B (−1.16 MPa). In contrast, W/C (+0.84 MPa)
and Admixture (+0.76 MPa) contributed positively to the prediction and partially offset
the negative effects of other variables. The remaining variables, including A/B, Cement,
and Water, made relatively smaller contributions. These results demonstrate that the pre-
diction was determined by the combined interactions among multiple mixture parameters
rather than by a single dominant factor.
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Figure 13. SHAP dependence plot of cement mortar strength.
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Figure 14. Representative SHAP waterfall plot.

The contribution patterns shown in the waterfall plot are consistent with the global
SHAP analysis results presented in Figures 9 and 10. Variables identified as highly in-
fluential in the global analysis, particularly W/C, CMS, W/B, and Binder, also exhibited
substantial contributions at the individual-sample level. This consistency further confirms
the reliability of the SHAP interpretation framework.

Overall, the SHAP analysis demonstrates that the developed TabPFN framework not
only achieves high prediction accuracy but also provides physically meaningful insights
into the influence mechanisms of mixture variables. The global feature importance re-
sults identified W/C, CMS, W/B, and Binder as the most influential factors governing
compressive strength prediction. However, W/C and W/B are physically related ratio
variables. Their Pearson correlation in the present dataset was moderate (r = 0.452), and
the variance inflation analysis indicates that W/B and binder content had high redundancy
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with other mixture variables. Therefore, the SHAP values of correlated ratio variables
should be interpreted as model-attributed contributions rather than independent causal
effects. Additional feature ablation experiments showed that removing W/C or W/B did
not materially reduce the performance of the strongest tree-based baselines; for example,
LightGBM achieved R2 = 0.9047 without W/C and R2 = 0.9023 without W/B, compared
with R2 = 0.9017 using the full feature set. These results suggest that W/C and W/B
provide partly redundant but physically interpretable information.

6.6. Sensitivity Analyses and Limitations

Several additional analyses were conducted to assess the robustness and limitations
of the proposed framework. First, the influence of the extreme W/C value was examined
using an IQR-based outlier sensitivity test. Removing 42 samples with extreme W/C values
reduced the maximum W/C from 2.25 to 1.0563, and LightGBM remained the strongest
evaluated baseline in this supplementary outlier check. This indicates that the reported
model comparison was not driven solely by a small number of extreme-ratio samples.

Second, the split conformal prediction procedure was evaluated under alternative
train/calibration/test ratios. For the 50/25/25 split, LightGBM achieved an average PICP
of 0.9620 and an MPIW of 27.5470 MPa; for the 70/15/15 split, it achieved an average PICP
of 0.9644 and an MPIW of 27.1289 MPa. These results, together with the 60/20/20 repeated
CP results in Table 7, indicate that the average coverage remained close to the nominal 95%
level across different split ratios. The 60/20/20 ratio was retained because it provided a
balanced allocation between model fitting, calibration quantile estimation, and final testing.

Third, the present study focused on 28-day compressive strength prediction using
eight mixture-level variables. Important factors such as fly ash chemical composition,
curing regime, aggregate mineralogy and gradation, specimen geometry, long-term age
effects, permeability, shrinkage, carbonation, chloride resistance, and service life indicators
were not included in the dataset. Therefore, the proposed model should be regarded
as a data-driven screening and decision support tool for preliminary mixture-property
prediction rather than a substitute for laboratory validation or code-compliant structural
assessment. Recent experimental-numerical studies on durability-related components,
such as composite EPDM gaskets for underground structures [28], illustrated that multi-
physics testing and numerical modeling remain essential for service life evaluation. Such
approaches are complementary to the present data-driven strength prediction framework
and should be integrated in future work when extending the method toward durability-
oriented and life cycle-informed concrete design.

7. Conclusions
In this study, TabPFN was applied to predict the 28-day compressive strength of fly

ash concrete, and its performance was systematically evaluated against tuned conventional
machine learning models, gradient-boosting baselines, and simple empirical baselines.
Based on the experimental results, the following conclusions can be drawn:

1. TabPFN achieved the best overall predictive performance among all investigated
models. Across 100 repeated 80/20 train/test splits, it obtained an average R2 of
0.9329, an MAE of 3.2758 MPa, and an RMSE of 4.6678 MPa, demonstrating strong
accuracy for fly ash concrete compressive strength prediction.

2. Compared with tuned CatBoost and LightGBM, TabPFN still achieved lower predic-
tion errors. Relative to CatBoost, TabPFN improved R2 by 0.0267 and reduced MAE
and RMSE by 0.8768 MPa and 0.8560 MPa, respectively. These results indicate that
TabPFN remained competitive even against strong modern tabular baselines.
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3. Statistical significance analysis based on Wilcoxon signed-rank tests confirmed that the
performance improvements achieved by TabPFN were statistically significant. Scatter
plots and residual analyses further demonstrated that TabPFN produced concentrated
predictions and limited systematic prediction bias.

4. The integration of repeated-split conformal prediction enabled reliable uncertainty quan-
tification. TabPFN achieved an average PICP of 0.9615 and an MPIW of 23.4554 MPa,
indicating a favorable balance between interval reliability and interval compactness.

5. SHAP analysis revealed that W/C, CMS, W/B, and Binder were important factors gov-
erning compressive strength prediction. Because W/C and W/B are correlated ratio
variables, their SHAP values should be interpreted as model-attributed contributions
rather than independent causal effects.

Overall, the results demonstrate that TabPFN provides an accurate, robust, inter-
pretable, and uncertainty-aware framework for preliminary prediction of fly ash concrete
compressive strength. The proposed approach shows potential for data-driven material de-
sign and performance screening in sustainable civil engineering applications. Future work
should validate TabPFN using larger and more diverse concrete databases, incorporate fly
ash chemistry, curing conditions, aggregate characteristics, and age effects, and extend the
framework to durability-related and service life-oriented properties.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/buildings16142781/s1, Figure S1: Prediction error distributions for
selected high-strength test samples; Tables S1–S6: Supplementary summary statistics, conditional
coverage, split-ratio sensitivity, outlier sensitivity, and runtime details.
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