Corr?pute.r Modellhg n [ < Tech Science Press
Engineering & Sciences

https://doi.org/10.32604/cmes.2026.081794

ARTICLE Check for

updates

Interpretable Deep Learning Framework for Predicting Compressive Strength of
Steel Fiber Reinforced Geopolymer Concrete

Quynh-Anh Thi Bui"", Son Hoang Trinh', Maryam Sayadi’ and Reza Khanali’

"Research group on Industry 4.0 in Transportation (I4T Group), University of Transport Technology, Trieu Khuc, Thanh Liet,
Hanoi, Vietnam

?Division of Water Resources Engineering, Lund University, Lund, Sweden

3Departmen‘[ of Water Resource, University of Tabriz, Tabriz, Iran

*Corresponding Author: Quynh-Anh Thi Bui. Email: quynhanhbt@utt.edu.vn

Received: 09 March 2026; Accepted: 27 April 2026; Published: 27 May 2026

ABSTRACT: Geopolymer concrete has attracted increasing attention as a lower-carbon alternative to ordinary
Portland cement concrete because it can utilize aluminosilicate-rich industrial by-products while still achieving
satisfactory mechanical performance. However, the 28-day compressive strength of steel fiber-reinforced geopolymer
concrete (SFGPC) is governed by multiple interacting mixture variables, which makes reliable prediction difficult,
especially for medium-sized experimental datasets. This study developed an interpretable deep-learning framework
to predict the 28-day compressive strength (CS28) of SFGPC using an original experimental dataset of 189 mixtures
produced under a consistent laboratory protocol in Vietnam. The dataset covered nine mixture variables, including
activator chemistry (NaOH, Na,SiO;, and Na, O), binder constituents (Fly Ash (FA), Ground Granulated Blast-Furnace
Slag (GGBS), and silica fume (SF), aggregate contents, and steel fiber dosage. Three tabular models, namely Tabular
Deep Polynomial Transformer (TabDPT), Tabular Mixer (TabM), and Extreme Gradient Boosting (XGBoost), were
trained and evaluated. Among them, TabDPT achieved the best performance on the independent test set, with
R? = 0.978 and RMSE = 2.214 MPa, while also showing more stable behavior under repeated 5-fold cross-validation than
XGBoost. SHapley Additive exPlanations indicated that binder composition and activator chemistry were the dominant
varijables in the trained model, with GGBS and Na, O showing the strongest influence, whereas steel fiber dosage had
a comparatively smaller contribution to CS28 within the investigated domain. Totally, the proposed framework can
support preliminary mixture screening and strength-oriented design of SFGPC within the investigated material and
curing domain.

KEYWORDS: Experimental dataset; steel fiber; geopolymer concrete; TabDPT; TabM; SHapley Additive exPlanations
(SHAP) interpretation; in-context learning

1 Introduction

In the context of sustainable construction, geopolymer concrete has been widely regarded as a promising
alternative to ordinary Portland cement (OPC) concrete because it can utilize industrial by-products,
reduce CO, emissions associated with cement production, and still provide satisfactory mechanical perfor-
mance [1,2]. Geopolymers are formed through the alkali activation of aluminosilicate-rich precursors such as
fly ash, ground granulated blast-furnace slag (GGBS), metakaolin, and silica fume using alkaline activators,
typically sodium hydroxide (NaOH) and sodium silicate (Na,SiO3). This process leads to the formation
of binding gels and a three-dimensional aluminosilicate network that can provide high strength and good
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durability under aggressive environmental conditions [3]. Previous studies have also shown that geopolymer
concrete can exhibit favorable resistance to elevated temperature, chemical attack, and weathering compared
with conventional OPC-based systems [4,5].

Recent developments in geopolymer technology have extended beyond conventional two-part alkali-
activated systems toward one-part binders, hybrid precursor systems, and alternative activator strategies
derived from industrial or waste-based sources, aiming to improve practicality and sustainability [6-8].
Nevertheless, conventional NaOH-Na, SiO3-based systems remain widely used in laboratory-based strength
studies because they provide a relatively well-controlled platform for examining composition-performance
relationships [1,2].

Despite these advantages, the compressive strength of geopolymer concrete is influenced by multiple
mixture parameters acting simultaneously. The proportions of fly ash and GGBS affect the effective Si/Al
and Ca/Si ratios and, therefore, the type and quantity of reaction products formed during geopolymer-
ization [9,10]. The alkaline activator system, including NaOH, Na,SiOs, and alkalinity expressed as Na,O,
governs precursor dissolution, polycondensation kinetics, and the relative development of N-A-S-H and
C-A-S-H type gels [11,12]. In addition, aggregate proportions and supplementary fine materials such as
silica fume influence particle packing, matrix densification, and interfacial bonding [13]. The incorporation
of steel fibers may further improve crack resistance and post-cracking behavior, although its contribution to
compressive strength is often less direct and depends on dosage, dispersion, and matrix compatibility [14].

The simultaneous presence of these variables, together with their nonlinear interactions, renders
mix design and compressive-strength prediction particularly challenging. Traditional linear regression or
empirical models, which assume linear and independent relationships, are generally inadequate to capture
the nonlinear and interdependent behaviors in geopolymer systems. For example, the beneficial effect
of Na,SiO; content often manifests only within specific ranges of NaOH molarity and FA/GGBS ratio;
beyond such bounds, the geopolymer gel may develop suboptimally, thereby reducing strength [5,15].
Linear regression typically represents only isolated or linear effects while ignoring interaction effects [2,16].
Several semi-empirical approaches have been proposed [17,18]. However, they remain constrained by pre-
assumed functional forms and struggle to reflect the complex relationships between mixture composition
and reaction chemistry.

Recent studies have increasingly explored machine learning (ML) techniques to predict the com-
pressive strength of fiber-reinforced cementitious composites, including steel fiber-reinforced concrete,
ultra-high-performance fiber-reinforced concrete, and, more recently, fiber-reinforced geopolymer concrete.
In conventional steel fiber-reinforced concrete, Li et al. [19] reported that Support Vector Regression (SVR)
ensemble with AdaBoost outperformed SVR bagging and standalone SVR for 28-day compressive strength
prediction, achieving an R* value of 0.96. Pakzad et al. [20] further compared several ML and deep learning
models and found that a Convolutional Neural Network (CNN) provided the highest prediction accuracy
for SFGPC, with R? = 0.928. In the case of ultra-high-performance fiber-reinforced concrete, Abdellatief
et al. [21] evaluated five Al models for early-age compressive strength prediction and showed that Gaussian
Process regression (GP) and Support Vector Regression (SVR) outperformed Artificial Neural Network
(ANN), Random Forest (RF), and Gradient Boosting (GB) models, while also identifying water content,
superplasticizer dosage, curing temperature, and fiber content as the most influential variables. Philip and
Nidhi [22] investigated fiber-reinforced geopolymer concrete composites using ANN and RF models on a
dataset of 110 samples, and reported that random forest performed slightly better than ANN with R* = 0.906.
Similarly, Hossain et al. [23] applied Gene Expression Programming (GEP) to predict the compressive
strength of fiber-reinforced geopolymer concrete using a larger database of 393 experimental samples,
incorporating a broad range of mixture, curing, and fiber-related variables.
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In parallel, recent advances in machine learning for tabular data have highlighted the growing role
of deep neural networks and transformer-based architectures for structured datasets. Recent surveys and
benchmark studies have shown that modern deep-learning models can achieve competitive performance
with traditional machine-learning methods for tabular data, particularly when nonlinear feature interactions
are significant [24-26]. In addition, representation learning approaches have been increasingly explored to
improve the modeling of complex tabular relationships [27]. Although classical models such as gradient-
boosted decision trees remain strong baselines, recent studies suggest that deep-learning-based approaches
can offer improved flexibility and generalization under certain conditions [28]. Given that mixture design
data in geopolymer systems are inherently structured and governed by nonlinear interactions among
variables, these advances in tabular deep learning provide a relevant framework for investigating strength
prediction in SFGPC.

Taken together, the above studies confirm the growing relevance of both experimental-AlI integration
in fiber-reinforced concrete research and recent advances in tabular foundation models. However, several
limitations remain in the current literature. First, compared with the extensive literature on conventional
geopolymer concrete, fewer studies appear to have examined CS28 prediction for SFGPC using an internally
consistent dataset generated under a single laboratory protocol. A large portion of the existing literature is
based on pooled datasets collected from multiple independent studies, which may introduce heterogeneity
in raw materials, curing conditions, and testing procedures [19-23]. Second, many existing predictive models
rely on pooled datasets collected from multiple independent studies. Although such datasets are useful for
enlarging sample size, they may also introduce substantial heterogeneity in raw materials, specimen prepa-
ration, curing conditions, and testing procedures, thereby reducing the practical reliability of the resulting
models. Third, while model interpretability has improved substantially in recent years, fewer studies have
investigated explanatory prediction in controlled SFGPC datasets, especially with respect to the interacting
roles of activator chemistry, binder composition, and fiber dosage in strength development. Finally, although
mixture-design data are inherently tabular, advanced deep-learning architectures specifically designed for
tabular data, such as transformer-based tabular models and parameter-efficient ensemble frameworks, have
been less frequently investigated for compressive strength prediction of SFGPC.

To address these gaps, this study develops a predictive framework for the 28-day compressive strength
of SFGPC using an original experimental dataset generated under a consistent laboratory protocol in
Vietnam. The study has three main objectives. First, an original dataset comprising 189 SFGPC mixtures was
established to provide a relatively broad yet internally consistent basis for model development and evalua-
tion. Second, two modern deep-learning architectures, namely the Tabular Deep Polynomial Transformer
(TabDPT) and Tabular Mixer (TabM), were developed and compared with XGBoost as a strong tree-based
baseline in order to assess their predictive capability and generalization performance on unseen data. Third,
SHapley Additive exPlanations (SHAP) were employed to clarify the trained model and to examine the
relative importance and nonlinear influence patterns of the input variables with respect to CS28.

The novelty of this study lies in the integrated application of several elements that have rarely been
examined together for 28-day compressive-strength prediction of steel fiber-reinforced geopolymer concrete
(SEGPC): (i) an original single-source experimental dataset generated under a consistent laboratory pro-
tocol, which reduces inter-study heterogeneity; (ii) the application of recent tabular deep-learning models,
particularly the in-context-learning-based TabDPT model, to a geopolymer concrete problem; (iii) a multi-
level evaluation framework combining hold-out testing, repeated cross-validation, learning-curve analysis,
and uncertainty mapping; and (iv) interpretable design-support outputs that visualize both the strength-
favorable Na,O-GGBS region and the associated prediction uncertainty within the investigated design
space. Accordingly, the contribution of this work is application-specific and methodological for SFGPC data
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analysis, rather than algorithmic in the sense of introducing a new Al architecture. Within this scope, the
study aims to provide a more reliable, interpretable, and practically useful framework for strength-oriented
mixture screening under an internally consistent experimental setting.

The overall framework of the study consists of four stages. First, experimental data were obtained from
laboratory testing of SEGPC mixtures covering activator chemistry, binder composition, aggregate fractions,
and steel fiber content. Second, the data were screened, preprocessed, and divided into training and testing
subsets, with feature scaling applied when required by the learning algorithm. Third, the models were trained
and optimized using cross-validation on the training set. Finally, model performance was evaluated using
R%, RMSE, MAE, and MSE on both cross-validation and independent test results, followed by SHAP-based
comprehension of the best-performing model to examine mixture-strength relationships.

2 Experimental Data
2.1 Data Obtained from Laboratory Experiments
2.1.1 Materials and Mix Proportion

All materials were sourced from suppliers commonly available in Vietnam to ensure practical relevance
within Vietnamese material supply conditions. Accordingly, the findings are most representative for similar
Low-Ca fly ash-based systems and comparable curing/testing conditions. The geopolymer mixture com-
prised fly ash (FA), ground granulated blast-furnace slag (GGBS), alkaline activators (NaOH and Na,SiO3),
fine and coarse aggregates, silica fume, and dispersed steel fibers.

Fly Ash (FA)

FA was obtained from the Pha Lai Thermal Power Plant (Vietnam) and classified as Class F according
to ASTM C618 (i.e., CaO < 10%). With SiO, = 52.8%, Al,O; = 27.1%, Fe, 05 = 9.5%, and CaO = 5.7%, and the
sum of SiO, + AL O3 + Fe, O3 was about 89%, meeting ASTM C618-19a requirements for Class-F fly ash used
in geopolymers. The median particle size was d50 ~ 12 um; Class F fly ash is typically reported to contain
predominantly spherical particles, although particle morphology (e.g., SEM) was not explicitly quantified in
this study, providing a reactive aluminosilicate backbone under alkali activation.

Ground Granulated Blast-Furnace Slag (GGBS)

GGBS was supplied by the Hoa Phat Dung Quat steelworks and ground to a Blaine fineness of about
4300 cm?/g. Typical chemistry include of CaO = 41.2%, SiO, = 33.6%, AL, O3 = 13.2%, MgO = 7.3%.

Alkali Activator Solution

The activator comprised NaOH and Na,SiO;. NaOH (sodium hydroxide): prepared by dissolving 98%-
purity NaOH pellets in deionized water to reach the target molarity (6-14 M). The solutions were made 24 h
in advance to stabilize temperature. Na,SiO; (sodium silicate): commercial sodium silicate solution with
silicate modulus Ms = SiO,/Na, O = 2.5 and solids content of about 40%. The mass ratio Na,SiO3;/NaOH was
set between 1.5 and 2.5 depending on the mix design. The total alkali content, expressed as Na, O-equivalent
(%Na,0). In practical geopolymer mix design, Na,O content is often selected within a moderate range
(commonly around 3%-7% by binder mass) to balance reactivity and workability. In the present dataset,
Na, O ranged from 3 to 6.7% depending on mixture.
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Aggregates (Fine Aggregate (FiAg) and Coarse Aggregate (CoAg))

Fine aggregate (FiAg) was Red River natural sand (FM » 2.5), clean and free of organics. Coarse
aggregate (CoAg) was crushed basalt (5-10 mm). For the conventional geopolymer concrete mixtures
containing coarse aggregate, the fine-to-coarse aggregate proportion was selected within a typical practical
range (approximately 40%-60% by total aggregate mass), consistent with common mix-design practice.
In addition, the experimental program also included fine-grained geopolymer concrete mixtures in which
coarse aggregate was intentionally omitted (CoAg = 0).

Silica Fume (SF)

Silica fume (SF) was used as a mineral additive to improve particle packing and reduce capillary porosity;
its dosage was selected within a commonly adopted range in geopolymer concrete practice (typically around
3%-8% of binder solids).

Steel Fibers

Straight steel fibers were used in this study because they were the fibers employed in the underlying
experimental program. Although hooked-end fibers may provide improved mechanical anchorage and pull-
out resistance, straight fibers offer advantages in terms of dispersion, mixing stability, and experimental
control. The nominal properties of the fibers used were as follows: length 13 mm, diameter 0.2 mm, aspect
ratio 65, and tensile strength approximately 1100 MPa. The fiber was incorporated at a volume fraction of
0%-1.0%.

2.1.2 Sample Preparation and Testing
Sample Preparation

The experimental procedures were conducted in accordance with ASTM C192/C192M. Sodium hydrox-
ide (NaOH) and sodium silicate (Na,SiO;) solutions were prepared in advance and allowed to cool and
equilibrate for 24 h. Fly ash (FA), ground granulated blast-furnace slag (GGBS), and silica fume were dry-
mixed for 2 min to ensure uniform dispersion. The alkaline activator solution was then added and mixed
for 3 min until a homogeneous binder paste was obtained. Subsequently, fine and coarse aggregates were
introduced, followed by the gradual addition of steel fibers, and mixing continued for an additional 2 min to
achieve a consistent geopolymer concrete mixture.

The fresh mixtures were cast into steel cylindrical molds of 150 x 300 mm (diameter x height) in two
layers. Each layer was compacted on a vibrating table for 15 + 5 s to remove entrapped air while avoiding
segregation, and the top surface was finished with a trowel. Immediately after casting, specimens were
ambient curing at 27 + 2°C until testing at 28 days.

Compressive Strength Testing

The 28-day compressive strength was measured using a hydraulic compression testing machine
in accordance with ASTM C39/C39M for cylindrical specimens. The loading rate was maintained at
0.25 + 0.05 MPa/s. Some photos of the specimen preparation and testing procedures are presented in Fig. 1.
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Figure 1: Specimen preparation and testing.

2.2 Data Preprocessing

For model development, all mixture constituents were expressed on a volumetric basis (kg/m?). NaOH’
and ‘Na,SiO;” denote the masses of the corresponding alkaline solutions per cubic meter of mixture. The
Na, O content (%) was computed from the NaOH and sodium silicate solutions and normalized by the total
binder mass (FA + GGBS + SF). ‘Fiber’ and ‘SF’ represent their dosages in kg/m’. Although NaOH solution
molarity ranged from 6 to 14 M in the experimental program, molarity was not used as a direct input feature
because the model inputs were standardized in kg/m’.

Raw data were first screened for potential outliers using descriptive statistics and diagnostic plots,
including histograms, boxplots, and Q-Q plots. Feature scaling was then applied prior to model training
to improve comparability among variables and enhance numerical stability. Min-Max scaling was selected
because the input variables spanned markedly different units and numerical ranges, for example Na20
(%) vs. aggregate contents (kg/m?), and because the deep tabular models considered in this study can be
sensitive to feature magnitude. Moreover, several variables were defined at discrete experimental levels rather
than following approximately Gaussian distributions. Under these conditions, Min-Max scaling provides
a straightforward bounded transformation that preserves the relative ordering of the original design levels
while improving numerical stability [8]. Although standardization was also a possible alternative, Min-Max
scaling was considered more appropriate for maintaining a consistent preprocessing pipeline across the three
models. To prevent data leakage, scaling parameters were estimated using the training folds only and then
applied to the corresponding validation or test data.

Feature scaling is generally not required for tree-boosting methods such as XGBoost, but it is beneficial
for deep tabular models such as TabDPT and TabM, where optimization can be sensitive to input magnitudes.
Therefore, a consistent scaling pipeline was adopted for all models to maintain a fair comparison under
identical preprocessing conditions. After preprocessing, the dataset was split into train/test = 80/20 using
randomized shuffling with a fixed seed for reproducibility. The 80% training set was used for (i) feature
selection (if any), (ii) hyperparameter tuning via GridSearchCV, and (iii) 5-fold cross-validation (k = 5). The
20% test set was held out and used once at the end to estimate generalization performance. All stochastic
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procedures (data splitting, model initialization) used a fixed random seed (42). Configurations (80/20 split,
k = 5, significance level a, and scaler choice) were kept consistent across the three models (TabDPT, TabM,
and XGBoost) to ensure fairness and reproducibility.

The correlation matrix in Fig. 2 shows that many input variables exhibit low-to-moderate pairwise
correlations, suggesting that the dataset retains substantial informational diversity across mixture compo-
nents. The linear correlations between individual predictors and CS28 are generally modest, indicating that
compressive strength is unlikely to be explained by any single variable alone and may instead depend on
combined and non-linear effects among constituents. Relatively strong correlations are observed mainly
within a few chemically or compositionally related variable groups, including Na,SiO;-NaOH-Na, O, FA-
GGBS, and FiAg-CoAg. These patterns are expected from the mixture design and underlying material
relationships. Thus, the dataset does not appear to exhibit pervasive linear redundancy across all predictors,
although several correlated variable clusters remain and should be considered when explaining model
behavior and feature importance.

FA 026 -0.32 0.10 -0.30 0.16 -0.17 -0.22 -0.01
0.75
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Figure 2: Correlation matrix of parameters.

The distributions of the input variables and the 28-day compressive strength (CS28) are shown in Fig. 3,
while their descriptive statistics are summarized in Table 1. The dataset covers broad composition ranges
across binder constituents, activator contents, aggregate fractions, and additive dosages. Several variables
exhibit discrete or multi-regime distribution patterns, which is consistent with the use of predefined
experimental mixture levels rather than unconstrained random sampling.
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Table 1: Statistical summary of dataset.

Type Unit Count  Mean Std Min Q1(25%) Median Q3 (75%) Max
FA kg/m3 189 241.82 110.56 30.0 161.00 207.00 334.00 543.0

GGBS kg/m’ 189 12723 102.68 0.0 0.00 150.00 201.00 368.0
Na,Si0;  kg/m? 189 96.16 19.55 57.0 82.00 93.00 111.00 141.0
NaOH kg/m’ 189 114.54 11.45 80.0 104.00 116.00 122.00 142.0

FiAg kg/m’® 189 862.71  379.68 5910 637.00 729.00 779.00 1700.0
CoAg kg/m? 189 862.09  478.06 0.0 1057.00 1100.00 1160.00 1262.0

Na,O % 189 512 0.83 3.0 4.70 5.00 6.00 6.7

Fiber kg/m’ 189 29.46 24.01 0.0 0.00 34.00 50.00 72.0
SF kg/m3 189 20.97 16.51 0.0 0.00 24.00 34.00 61.0

CS28 MPa 189 72.10 17.72 20.5 64.92 76.92 84.45 106.6

The target variable, CS28, spans from 20.5 to 106.6 MPa, with a median of 76.92 MPa and an interquartile
range from 64.92 to 84.45 MPa. Most observations are concentrated in the moderate-to-high strength range,
particularly around 70-85 MPa, while a smaller number of lower-strength mixtures and a limited upper tail
above 100 MPa are also present. This distribution provides a reasonably broad response range for regression
analysis within the investigated material domain.

Among the binder-related variables, FA shows a broad spread across the dataset, whereas GGBS presents
a multi-regime pattern, including mixtures without slag addition and mixtures with moderate-to-high slag
contents. This indicates that the experimental program covered both FA-dominant and FA-GGBS blended
binder systems.

The activator-related variables also reflect structured design levels. Na,SiOs is concentrated mainly in
the intermediate range, while NaOH is distributed over a relatively broad but still discretized range. Na,O,
expressed as a percentage of binder mass, varies from 3.0% to 6.7% and shows visible clustering around
several alkalinity bands, especially near 4%, 5%, and 6%.

For the aggregate system, FiAg exhibits a markedly right-skewed distribution, with most mixtures
concentrated at lower-to-moderate values and a smaller number of mixtures at substantially higher sand con-
tents. CoAg shows a clear two-regime structure, with one subset corresponding to fine-grained geopolymer
concrete mixtures without coarse aggregate (CoAg = 0) and the remaining mixtures concentrated mainly
in the range of approximately 1050-1260 kg/m?>. This confirms that the dataset intentionally includes both
conventional geopolymer concrete and fine-grained geopolymer concrete.

Finally, Fiber and SF both display mixed distributions with a noticeable proportion of zero values
together with broader ranges at moderate dosages, indicating that the experimental design included mixtures
both with and without these constituents. Taken together, these distribution patterns suggest that the
dataset captures substantial design-driven variability and provides a suitable basis for analyzing multivariable
mixture-strength relationships.

3 Machine Learning Framework
3.1 TabM Model

TabM is a deep learning architecture specifically designed for tabular data that enhances a standard
multilayer perceptron (MLP) through parameter-efficient ensembling. Instead of training multiple indepen-
dent neural networks, TabM embeds ensemble behavior within a single model using shared parameters,
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which improves generalization performance while maintaining a relatively low computational cost [29]. In
practice, the model learns several parallel predictive representations on top of a shared feature extractor,
thereby combining the diversity advantage of ensembling with the efficiency of a single network. This
mechanism makes TabM particularly suitable for tabular regression problems with nonlinear relationships
and limited-to-moderate dataset sizes [30].

In this study, TabM was implemented for regression to predict CS28. The normalized input features
were fed into the TabM network, and the model was trained by minimizing the mean squared error loss. Key
hyperparameters, including the number of hidden layers, hidden dimensions, dropout rate, learning rate, and
ensemble size, were optimized using 5-fold cross-validation on the training set. The optimal configuration
was selected based on the average cross-validated error and subsequently retrained on the full training
dataset before final evaluation on the test set. Iig. 4 illustrates TabM architecture for ensemble learning with
k members. Each member model (MLP) shares weights across the ensemble while having its own member-
specific parameters and output head. During inference, the model outputs k individual predictions per
sample, and the final prediction is the mean of these outputs. The training loss is computed using the mean
squared error across all ensemble members.

TabM Ensemble (k Members)
Member Model MLP,

_1Y Shared Weights

Input Member-specific parameters \\ ™=

pu el Individual Mean ,

sample x > +output head 4 _q M Final
P out 7| Predictions Aggregation e
X - 5 | £ Prediction
. : members {Im}m=1 Infqrence/Predlctlo‘n

\

: Member Model MLP,,

' Shared Weights
: m Member-specific parameters
: + output head d,,=1

: A .l =
. J Input is broadcast to k ensemble members. L= & E:l MSE(§m, y)
=

L

} @ shared @ Non-shared

Training loss (regression):
k

At inference, TabM outputs k predictions per sample; the final output is the
mean across members. (Input is broadcast to k ensemble members internally.)

Figure 4: Illustration of the TabM model.

3.2 TabDPT Model

TabDPT is a transformer-based foundation model for tabular data that operates under an in-context
learning (ICL) paradigm. Unlike conventional neural networks that require explicit retraining or fine-tuning
for each dataset, TabDPT adapts to a given task by conditioning its predictions on a subset of training samples
provided as contextual information during inference [31]. In this framework, the model receives both the
query sample and a set of context examples drawn from the training data, and it infers the target output
by learning the relationship between inputs and outputs within the provided context. This design enables
TabDPT to exploit similarities among samples and to capture complex nonlinear dependencies without
relying solely on fixed parameter updates for each specific dataset [31].

Architecturally, TabDPT extends the transformer mechanism to structured tabular regression by
combining contextual encoding with nonlinear feature interactions. Through its attention-based structure,
the model can identify which contextual samples and which input dimensions are most informative for
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the prediction of a given query instance. In addition, the polynomial interaction component enhances the
model’s ability to represent higher-order relationships among variables, which is particularly relevant for
material datasets where strength development is governed by coupled effects among binder composition,
activator chemistry, aggregate proportions, and fiber content. Owing to these characteristics, TabDPT is well
suited for medium-sized experimental tabular datasets in which the relationships between inputs and outputs
are nonlinear, heterogeneous, and partially interaction-driven.

In the present work, TabDPT was employed as a regression model for predicting CS28. The input
features were first normalized using Min-Max scaling, consistent with the preprocessing applied to other
models. Model performance primarily depends on inference-related parameters, notably the context size
(number of samples used as context) and the number of ensemble predictions. These parameters were tuned
using 5-fold cross-validation on the training data. The optimized configuration was then used to generate
predictions for the unseen test set. No explicit fine-tuning of the pretrained model weights was performed, in
line with the standard usage of TabDPT as a tabular foundation model. Fig. 5 illustrates general architecture
and workflow of the TabDPT model used in this study, including data preprocessing, train—test splitting,
five-fold cross-validation, in-context learning-based inference, and performance evaluation using standard
regression metrics.
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Figure 5: Illustration of the TabDPT model.

3.3 Extreme Gradient Boosting (XGBoost)

Extreme Gradient Boosting (XGBoost) is a regularized implementation of gradient-boosted decision
trees that builds an additive predictive model in a stage-wise manner [32,33]. In this framework, trees are
added sequentially, and each new tree is trained to reduce the residual error of the current ensemble. Owing
to this boosting strategy, XGBoost can effectively capture nonlinear relationships and high-order interactions
among input variables without requiring explicit assumptions about the underlying functional form.

For regression tasks, XGBoost minimizes an objective function that combines a loss term with a
regularization term to control model complexity. Its performance is influenced by several key hyperpa-
rameters, including the number of trees (n_estimators), maximum tree depth (max_depth), learning rate,
subsampling ratios (subsample, colsample_bytree), and regularization terms such as reg_alpha, reg_lambda,
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min_child_weight, and gamma. In this study, these hyperparameters were optimized using grid search with
5-fold cross-validation on the training set (as shown in Fig. 6). XGBoost was selected as a strong tree-
based baseline because it has shown competitive performance in predicting the mechanical properties of
cementitious and geopolymer materials under multivariable nonlinear conditions [34].
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model (XGB) output
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Figure 6: Illustration of the extreme gradient boosting model.

3.4 GridSearchCV

To optimize the hyperparameters of each model in a systematic and reproducible manner, Grid-
SearchCV was applied to the training set [35,36]. For each model, a discrete search space was defined,
and all candidate hyperparameter combinations were evaluated using 5-fold cross-validation within the
training subset. The root mean square error (RMSE) was used as the primary optimization criterion, while
R? and MAE were also recorded for reference. The hyperparameter search was conducted in two stages.
First, a coarse grid was used to identify promising regions of the search space. Second, a refined grid was
constructed around the best-performing configurations obtained from the initial search. This two-stage
procedure was adopted to improve search efficiency while retaining adequate coverage of the candidate
hyperparameter domain.

To avoid data leakage, all preprocessing operations required by a given model, such as scaling or
transformation, were performed separately within each cross-validation fold using only the corresponding
training partition. After the optimal hyperparameter configuration had been identified, the model was
refitted using the entire training set and was then carried forward for subsequent comparison and evaluation
on the independent test set. In this study, TabDPT, TabM, and XGBoost were optimized independently using
this procedure.

3.5 Cross-Validation

Cross-validation was used to assess model stability and to reduce sensitivity to a single random data
split. In this study, the full dataset of 189 samples was first divided into training and independent testing
subsets using a fixed random seed. Hyperparameter optimization was then conducted only on the training
subset, while the independent test subset was reserved exclusively for final performance evaluation. Within
the training subset, 5-fold cross-validation was employed during model development. In each iteration, the
training data were partitioned into five folds, of which four were used for model fitting and one for validation.
This process was repeated until each fold had served once as the validation subset (Fig. 7). The resulting
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performance metrics were aggregated across folds to provide a more reliable estimate of model behavior
during training.

DATASET

| TRAINING SET | | TESTSET
| Fold1 | [ Fold2 | [ Fold3 | [ Fold3 | [ Folas |

| Fod1 | | Fola2 | | Fold3 | [ Folda | | Fold5 |
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I
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:I Training Folds : Validation Fold

Figure 7: Schematic of the CV algorithm.

In addition to the single 5-fold procedure used for hyperparameter tuning, repeated 5-fold cross-
validation with multiple random seeds was further conducted to assess robustness. This additional analysis
was intended to examine the consistency of model performance under different fold assignments, which is
particularly relevant for medium-sized experimental datasets that may contain inherent material and testing
variability [37]. The final selected models were then retrained on the full training subset and evaluated on
the independent test subset to assess generalization performance.

3.6 SHAP

To interpret the trained models and quantify the contribution of each input variable to the predicted 28-
day compressive strength, SHAP (SHapley Additive exPlanations) was employed as a post hoc explainability
method [38]. SHAP is based on the concept of Shapley values from cooperative game theory, where each
feature is treated as a contributor to the final prediction. The SHAP value of a feature represents its marginal
contribution to the prediction, and the sum of all SHAP values equals the model output relative to a
reference baseline.

In this study, SHAP summary plots were used to evaluate global feature importance, whereas SHAP
dependence plots were used to examine the direction and nonlinear response pattern of individual variables
across the investigated dataset. These plots were used to identify which input variables were most strongly
associated with variations in predicted compressive strength and to visualize how their effects changed
over different value ranges. For the deep tabular models, namely TabDPT and TabM, DeepSHAP was used
to explicate the learned relationships. For XGBoost, standard tree-based SHAP values were calculated.
SHAP provides an interpretable description of model behavior within the investigated dataset; however, the
inferred feature effects should be understood as model-based associations rather than direct proof of causal
material mechanisms.
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3.7 Model Evaluation
Statistical indicators

To evaluate the predictive accuracy and generalization performance of the developed models, four stan-
dard statistical indicators were employed: the coefficient of determination (R?), mean absolute error (MAE),
mean squared error (MSE), and root mean squared error (RMSE). These metrics provide complementary
information on the agreement between predicted and measured compressive strength values [21,36,39].

R* measures the proportion of variance in the observed data explained by the model, with values closer
to 1 indicating better predictive agreement. MSE and RMSE quantify the average squared deviation between
predictions and observations, whereas RMSE is more directly clarifiable because it is expressed in the same
unit as the target variable (MPa). MAE represents the average absolute deviation and is less influenced by
occasional large errors than MSE or RMSE. In this study, model performance was primarily evaluated using
cross-validation results on the training set and was subsequently verified on the independent test set for final
generalization assessment.

Learning curve analysis

Learning-curve analysis was conducted as a supplementary diagnostic tool to examine model con-
vergence behavior and to identify possible underfitting or overfitting. A learning curve describes how
model performance changes as the number of training samples increases by comparing training error with
validation error estimated under the same training protocol. When the two curves gradually converge
toward stable values, the model can be considered to exhibit more consistent generalization. In contrast, a
persistently large gap between training and validation performance may indicate overfitting [40].

In this study, learning curves were constructed for the best-performing model, TabDPT, by progressively
increasing the training subset size and estimating validation performance using the same cross-validation
setting adopted in the main experiments. Both R> and RMSE were used to track convergence trends and
error behavior.

Taylor diagram

A Taylor diagram was used as an additional graphical tool to compare the predictive performance
of different models in a compact and integrated manner. This diagram simultaneously summarizes three
complementary statistics: the correlation coefficient, the centered root means square error, and the standard
deviation of model predictions relative to the observed data. As a result, it provides a concise visual
assessment of how closely each model reproduces the variability and pattern of the experimental results [41].

In the Taylor diagram, the reference point represents the observed data, and the relative position of
each model indicates its similarity to that reference in terms of correlation, dispersion, and error. Models
located closer to the reference point generally show better agreement with the measured values. In this study,
the Taylor diagram was used as a comparative visualization tool to support the interpretation of model
performance beyond conventional scalar metrics.

4 Results and Discussion

4.1 Model Performance Comparison

Table 2 summarizes the hyperparameter search spaces for the three models considered in this study
TabM, TabDPT, and XGBoost used to identify optimal configurations under the selected evaluation criteria.
For TabM, the search includes architectural and optimization parameters (e.g., number of blocks, block
width, dropout, learning rate, batch size, and training epochs). For TabDPT, the search focuses on inference
and ensemble-related settings (e.g., context size and the number of ensembles) as well as implementation
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options (e.g., Flash attention usage). For XGBoost, key boosting parameters controlling model capacity and
regularization are explored, including tree depth, number of estimators, learning rate, subsampling, column
subsampling, minimum child weight, gamma, and L1/L2 regularization terms (reg_alpha and reg_lambda).
All models are tuned using cross-validation on the training set, and the best configuration is refit before final
evaluation on the held-out test set.

Table 2: Hyperparameter search grid.

TabM TabDPT XGBoost
batch_size 32, 64,128 compile FALSE colsample_bytree 0.8,1.0
d_block 128, 256, 384 context_size  512,1024, 2048 gamma 0,0.1,0.3
dropout 0.0,0.1,0.2 n_ensembles 1,2,4,8 learning rate 0.1,0.2,0.03
epochs 150, 250, 350 seed_predict 0,1,2,42 max_depth 3,5,7
eval_interval 25 use_flash TRUE min_child_weight 1,3,5
grad_clip 0.5,1.0,2.0 - - n_estimators 200, 400, 600
k_members 32,16, 8 - - reg_alpha 0,0.1,1
Ir 5e—4, le-3, 2e—3 - - reg lambda 1,5,10
n_blocks 2,3,4 - - subsample 0.8,1.0

weight_decay 0, le-3, le-2, 5e-2 - - - -

Table 3 summarizes the optimized hyperparameter settings obtained for TabM, TabDPT, and XGBoost
after the tuning process. Each configuration reflects the learning characteristics and architectural require-
ments of the corresponding model, aiming to balance predictive accuracy with generalization stability. For
the TabM model, the selected hyperparameters indicate a moderately sized architecture with controlled
capacity. A block dimension of 128 combined with three blocks provides sufficient representational power
to capture nonlinear interactions among mixture variables without introducing excessive complexity. The
batch size of 32 and a learning rate of 0.001 support stable optimization, while gradient clipping 1 reduces
the risk of unstable updates during training. The selected dropout setting (0.0) suggests that regularization
is achieved mainly through architecture and training control rather than stochastic feature dropping, which
can be advantageous for relatively small experimental datasets.

Table 3: Optimized hyperparameter configurations.

TabM TabDPT XGBoost
batch_size 32 compile FALSE colsample_bytree 1
d_block 128 context_size 512 gamma 0
dropout 0 n_ensembles 4 learning_rate 0.1
epochs 250 seed_predict 42 max_depth 5
eval_interval 25 use_flash TRUE min_child_weight 1
grad_clip 1 - - n_estimators 200
k_members 16 - - reg_alpha 0.1
Ir 0.001 - - reg lambda 1
n_blocks 3 - - subsample 0.8

weight_decay 0.001 - - - -
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The optimized configuration of TabDPT emphasizes contextual representation and variance reduction
through ensembling. A context size of 512 enables richer feature conditioning, while using four ensemble
members improves robustness by averaging multiple predictions. The fixed prediction seed ensures repro-
ducibility across runs. Enabling Flash computation (use_flash = True) primarily improves computational
efficiency and does not change the objective function, while other settings (e.g., compile) follow the
implementation choices used in this work. For XGBoost, the optimized hyperparameters correspond to
a tree-based model with moderate depth and controlled complexity. A maximum depth of 5 and 200
estimators’ captures nonlinear patterns while mitigating overfitting risk associated with overly deep trees. The
learning rate of 0.1 provides efficient convergence, and subsampling (0.8) introduces beneficial randomness
that can improve generalization. Regularization via reg alpha (0.1) and reg_lambda (1) further constrains
model complexity. Additional parameters (e.g., gamma = 0 and colsample_bytree = 1) indicate that split
penalties were not increased and that all features were considered at each tree, which is reasonable for datasets
with a limited number of predictors.

Table 4 compares the predictive performance of the tuned TabDPT, TabM, and XGBoost models for
estimating the 28-day compressive strength (CS28) on both the training and independent test sets. The use
of multiple evaluation metrics, including R?, RMSE, MSE, and MAE, provides a more comprehensive assess-
ment of model accuracy and generalization behavior. On the training set, XGBoost achieved the strongest fit,
with the highest R? (0.999) and the lowest error values (RMSE = 0.369 MPa, MAE = 0.264 MPa), indicating
a very strong fit to the training data. TabDPT also showed strong training performance (R* = 0.997,
RMSE = 0.982 MPa, MAE = 0.727 MPa), whereas TabM exhibited a more conservative fit with higher training
errors (R* = 0.984, RMSE = 2.136 MPa, MAE = 1.646 MPa). More meaningful differences emerged on the
independent test set. TabDPT achieved the best generalization performance, with the highest test R? (0.978)
and the lowest RMSE (2.214 MPa) and MAE (1.806 MPa). TabM ranked second, with a test R* of 0.976,
RMSE of 2.376 MPa, and MAE of 1.923 MPa. Although XGBoost still maintained relatively strong predictive
performance on unseen data (R* = 0.968), its error increased more markedly from training to testing, with
RMSE rising from 0.369 to 2.755 MPa. This wider training-test gap suggests that XGBoost was more sensitive
to the training set and showed weaker generalization stability than TabDPT.

Table 4: Performance comparison of tuned models.

Train Data Test Data
R? RMSE MSE MAE R? RMSE MSE MAE
TabDPT 0.997 0.982 0.964 0.727 0.978 2.214 4.903 1.806
TabM 0.984 2.136 4,564 1.646 0.976 2.376 5.646 1.923
XGBoost  0.999 0.369 0.136 0.264 0.968 2.755 7581 2.139

These trends are further supported by the Taylor diagrams in Fig. 8. On the training set (Fig. 8a),
XGBoost is located closest to the reference point, reflecting its extremely high correlation, closely matched
standard deviation, and minimal centered error. However, on the independent test set (Fig. 8b), TabDPT
appears closer to the reference point than the other models, indicating a more favorable balance among
correlation, dispersion, and prediction error. TabM also shows competitive test behavior but remains slightly
farther from the reference than TabDPT. In contrast, XGBoost shifts farther away on the test diagram,
consistent with the larger increase in prediction error observed in Table 4. A plausible explanation for
the better generalization of TabDPT lies in the different ways in which the two models represent tabular
structure. XGBoost can fit nonlinear patterns very effectively and therefore achieved an almost perfect fit
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on the training data; however, on a medium-sized experimental dataset it may also become more sensitive
to partition-specific patterns. By contrast, TabDPT performs prediction through contextual conditioning,
allowing each query sample to be interpreted relative to informative training examples, while its polynomial
interaction component helps represent coupled effects among binder composition, activator chemistry, and
aggregate variables. Within the investigated dataset, this combination appears to yield a more favorable
balance between expressiveness and robustness. This explication is made conservatively and is limited to the
present dataset rather than being claimed as a universal advantage over tree-based models.
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Figure 8: Taylor diagrams comparing the predictive performance of TabDPT, TabM, and XGBoost on the (a) training
set and (b) test set.

Taken together, Table 4 and Fig. 8 indicate that TabDPT achieved the most balanced overall perfor-
mance, combining high predictive accuracy with more stable generalization to unseen mixtures.

Fig. 9 compares the predictive performance of TabM, TabDPT, and XGBoost for estimating the 28-day
compressive strength (CS28) using 5-fold cross-validation and the independent test set. All three models
were developed using the same input variables and target output, thereby enabling a consistent comparison
of their predictive behavior. Across the four-evaluation metrics, TabDPT shows the most favorable overall
performance. It achieves the lowest RMSE, MAE, and MSE values, together with the highest R?, on both
the cross-validation results and the independent test set. These results indicate that TabDPT provides the
best balance between predictive accuracy and generalization within the investigated dataset. By contrast,
XGBoost exhibits the largest discrepancy between cross-validation and test performance, particularly in
terms of RMSE and MSE. This pattern suggests that its predictive behavior is more sensitive to data
partitioning and that its generalization to unseen mixtures is less stable than that of TabDPT. TabM shows
intermediate performance, with better stability than XGBoost but slightly lower accuracy than TabDPT.
The test-set performance is slightly better than the repeated cross-validation average for some metrics. This
difference may reflect sampling variability associated with the limited dataset size and the structured nature
of the mixture design. For this reason, repeated cross-validation results are considered the more informative
indicator of model robustness, whereas the independent test set is used for final external verification.
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Figure 9: Performance comparison of TabM, TabDPT, and XGBoost on repeated 5-fold cross-validation and the
independent test set: (a) RMSE, (b) MAE, (c) R?, and (d) MSE.

Fig. 10 shows the distributions of RMSE values obtained from repeated 5-fold cross-validation for the
three models. The box-whisker plots provide additional insight into both average prediction error and
variability across different data splits. Among the three models, TabDPT yields the lowest mean RMSE
(3.22 MPa) and the smallest standard deviation (0.60 MPa), indicating that its errors are more tightly
clustered across repeated runs. This relatively compact distribution suggests a more stable performance
under different fold assignments. XGBoost displays the highest mean RMSE (3.79 MPa) and the largest
dispersion (standard deviation = 1.17 MPa), with a wider interquartile range and longer whiskers. These
features indicate greater sensitivity to the specific partitioning of the data and a higher risk of occasional large
prediction errors. TabM again shows intermediate behavior. Its mean RMSE (3.88 MPa) is comparable to that
of XGBoost, but its distribution is somewhat more compact, although a noticeable outlier is still observed.
Taken together, Fig. 10 confirms that TabDPT is not only the most accurate model on average, but also the
most stable across repeated cross-validation runs.
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Figure 10: RMSE distributions of TabDPT, XGBoost, and TabM under repeated 5-fold CV.

4.2 Performance of the Best Model

Fig. 11 presents parity plots of the measured vs. predicted 28-day compressive strength (CS28) obtained
by the best-performing model TabDPT for both the training and independent test sets. The scatter dis-
tributions relative to the 1:1 reference line (y = x) and the fitted regression line provide a direct visual
assessment of prediction accuracy, potential bias, and consistency over the full-strength range. For the
training set, predictions closely follow the 1:1 line, with data points tightly clustered along the diagonal. The
fitted linear trend nearly overlaps the ideal line, indicating negligible systematic bias and confirming that
TabDPT captures the dominant relationships in the experimental data with high fidelity. For the test set, the
parity plot shows a similarly strong correspondence between measured and predicted values, with a modest
increase in dispersion relative to the training set, as expected for unseen samples. Nevertheless, most points
remain concentrated near the 1:1 line, and the fitted trend remains close to the ideal relationship, suggesting
that the model retains its predictive capability without pronounced overestimation or underestimation
when generalizing to new mixture compositions. To sum up, Fig. 11 visually corroborates the quantitative
performance metrics reported earlier, supporting the conclusion that TabDPT achieves a favorable balance
between accuracy and generalization for CS28 prediction within the investigated experimental domain.

Fig. 12 shows the distribution of relative prediction errors, defined as |Actual — Predicted|/Actual, for
the optimal TabDPT model on the training and testing datasets. This analysis complements the absolute
error metrics in Table 4 by providing a normalized view of prediction accuracy across samples with different
compressive-strength levels. For the training set (Fig. 12a), the relative errors remain low for most samples.
The majority of values are below approximately 0.02, with only a few isolated peaks approaching about
0.04-0.05. This pattern is consistent with the strong training performance reported in Table 4 and indicates
that the model reproduces the training data with only limited normalized deviations. For the testing set
(Fig. 12b), the relative errors are more dispersed, as expected for unseen data. Most samples still remain below
approximately 0.05, although a small number of cases show larger deviations, with peak values reaching
about 0.15-0.18. These higher-error cases appear to be isolated rather than dominant, which is consistent with
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the relatively low test RMSE and MAE reported in Table 4. In addition, no obvious trend in relative error is
observed with sample index in either subset, suggesting that the prediction deviations are not concentrated
in a specific portion of the ordered samples. Therefore, the relative-error analysis indicates that TabDPT
provides high predictive precision for most mixtures, while the larger deviations on the test set remain limited
to a small number of individual cases.
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Figure 11: Relationship between measured and predicted values of the optimal TabDPT model: (a) training set;
(b) testing set.
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Figure 12: Relative error vs. sample index for the selected model (TabDPT): (a) training; (b) test.

Fig. 13 presents the residual-density distributions vs. predicted compressive strength for the TabDPT
model on the training and test sets. This visualization was used to examine residual concentration, possible
bias relative to the zero-residual line, and whether the spread of errors changes systematically over the
prediction range. The dashed red line denotes zero residual, while the color intensity represents regions
with higher sample density. For the training set (Fig. 13a), the residuals are densely concentrated around the
zero-residual line, particularly in the predicted-strength range of approximately 70-85 MPa. Most points
fall within a relatively narrow band, and no clear asymmetric clustering or systematic drift is observed. This
pattern is consistent with the low training error reported in Table 4 and suggests that the model fits the
training data with minimal bias. For the test set (Fig. 13b), the residual distribution becomes broader, which
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is expected for unseen data. The highest residual density is observed mainly in the predicted-strength range
of about 70-90 MPa, but the dense region is shifted slightly below the zero-residual line. This indicates a mild
tendency toward negative residuals in that range, suggesting slight overprediction for part of the test data. A
mild negative bias is therefore visible in a subset of the test samples, mainly within this predicted-strength
range. Because the independent test subset is relatively small, the present results do not support a strong
categorical attribution of this bias to a single mixture family such as high-slag or high-fiber mixtures. More
conservatively, the bias appears to arise within a localized response region where several interacting variables
overlap. Nevertheless, most test residuals remain concentrated within a relatively limited band, while only a
few isolated points reach larger negative deviations. No strong funnel-shaped pattern is evident, so there is
no clear visual indication of pronounced heteroscedasticity within the investigated prediction range.
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Figure 13: Residual-density distribution vs. predicted values for the TabDPT model: (a) training; (b) test.

Taken together, the residual-density patterns support the findings from Table 4 and Figs. 12 and 13.
TabDPT provides stable predictions with low training bias and acceptable test-set dispersion, although a
mild negative bias is visible for a subset of the test samples.

Fig. 14 illustrates the learning behavior of the TabDPT model as a function of training-set size using
two complementary metrics, R* and RMSE, for both the training data and 5-fold cross-validation. At small
training sizes (approximately 15-25 samples), the cross-validated R* is relatively low and accompanied by
wide uncertainty bands, while the cross-validated RMSE is high, indicating that the model has not yet
captured the mixture-strength relationship in a stable manner. As the number of training samples increases
to about 40-60, the cross-validation performance improves markedly, with R* rising to around 0.90 and
RMSE decreasing substantially. This trend suggests that additional data in this range contribute strongly to
improved generalization.

Beyond approximately 80 training samples, the learning curves begin to flatten. The cross-validated
R? continues to increase only gradually, reaching about 0.95-0.97 at the largest training sizes, while the
corresponding RMSE decreases more slowly to roughly 2.8-3.8 MPa. At the same time, the uncertainty bands
become narrower, indicating more stable performance across folds. Throughout the full range, the training
R? remains high and the training RMSE remains low, reflecting strong fitting capacity of the model.

Importantly, the gap between training and cross-validation performance becomes smaller as the dataset
grows, especially beyond about 80 samples. This pattern suggests that the model benefits substantially
from larger training sets and that its generalization behavior becomes more stable as more mixtures are
included. Within the investigated experimental domain, the results suggest that a training size on the order
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0f100-150 samples may already provide a reasonably stable basis for prediction, although some incremental
improvement could still be expected from additional data.
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Figure 14: Learning curves of the selected model (TabDPT): R* and RMSE vs. training-set size.

To further assess robustness, the stability of the selected TabDPT model was evaluated using repeated
5-fold cross-validation across 20 different random seeds, with performance summarized as the mean +
standard deviation across seeds. Table 5 and Fig. 15 describe the sensitivity of the model to repeated fold
partitioning, that is, resampling stability, whereas the fixed hold-out test results reported earlier reflect
generalization performance under a single data split.

Table 5: Stability of the TabDPT model under repeated 5-fold CV across 20 random seeds.

Seed R2CV RMSE CV MAE CV R?_std_fold  RMSE_std_fold MAE_std_fold

(MPa) (MPa) (MPa) (MPa)
0 0.9668 3.0819 2.3548 0.0073 0.4375 0.3124
1 0.9593 3.2563 2.4039 0.0099 0.5696 0.3418
2 0.9680 2.9900 2.2836 0.0047 0.5557 0.2986
3 0.9680 3.0265 2.2912 0.0049 0.3848 0.2647
4 0.9582 3.3645 2.3835 0.0136 0.5086 0.3369
5 0.9582 3.3421 2.4041 0.0146 0.5274 0.3482
6 0.9680 2.9572 2.2566 0.0068 0.4883 0.2815
7 0.9680 2.9500 2.3132 0.0093 0.4300 0.2954
8 0.9554 3.4789 2.5019 0.0138 0.5859 0.3726
9 0.9673 3.0502 2.2435 0.0065 0.4921 0.2768
10 0.9555 3.4366 2.4839 0.0133 0.6258 0.3612
11 0.9555 3.4642 2.4673 0.0165 0.7198 0.4025
12 0.9638 3.2372 2.3628 0.0101 0.4617 0.3019
13 0.9385 4.0705 2.7549 0.0230 0.8600 0.4683
14 0.9407 3.9391 2.7175 0.0119 0.8044 0.4516
15 0.9544 3.5081 2.5370 0.0152 0.5113 0.3574
16 0.9491 3.5689 2.4923 0.0142 0.7035 0.3897
17 0.9646 3.2368 2.3771 0.0095 0.5519 0.3185
18 0.9503 3.5122 2.5151 0.0135 0.6509 0.3748

—
o

0.9444 3.7207 2.6258 0.0109 0.7216 0.4172




Comput Model Eng Sci. 2026;147(2):20 23

2

RCV RMSE CV MAE CV
0.97
T 4.25 ° —
2.7
0.96+ E— 4.00
2.6
0.95 1 3.75 -1 25
3.50
0.94 1 2.4
3.25
2.31
. o 3.00 1 - —
1 1 ' 1

Figure 15: Distribution of repeated 5-fold CV metrics of the TabDPT model across 20 random seeds.

The repeated cross-validation results indicate that TabDPT maintains strong and relatively stable
predictive performance across different random partitions, with seed-averaged values of R* CV = 0.9577 +
0.0094, RMSE CV = 3.3596 + 0.3148 MPa, and MAE CV = 2.4385 + 0.1438 MPa (Table 5). The compact
box-whisker distributions in Fig. 15 further suggest that the model is not overly sensitive to random data
partitioning. Although a small degree of variability remains across seeds, the spread is limited, indicating
that the observed predictive performance is not driven by a single favorable split but remains reasonably
consistent under repeated resampling.

4.3 SHAP-Based Interpretability
4.3.1 Global Influence and Variable Ranking Based on SHAP

Fig. 16 presents the SHAP summary plot of the selected TabDPT model, which provides a global view of
feature importance together with the direction and spread of each variable’s contribution to the model output.
In this plot, the variables are ordered according to their mean absolute SHAP values, while the horizontal
dispersion of the points reflects the range of their contributions across the dataset. SHAP values describe
model-based associations within the trained predictive framework rather than direct causal effects of the
material variables.

Among the investigated inputs, GGBS shows the broadest SHAP spread and the highest impact on
model predictions. The distribution of points indicates that variations in GGBS content are associated with
substantial changes in predicted compressive strength across the investigated mixtures. Na,O ranks second
and also exhibits a wide SHAP range, suggesting that alkalinity is another major source of predictive variation
in the trained model. Na,Si0; and NaOH form a second tier of influential variables, indicating that activator
chemistry remains important, although their average contributions are clearly smaller than those of GGBS
and Na, O. By contrast, FA, FiAg, SE Fiber, and CoAg exhibit narrower SHAP spreads and lower importance,
suggesting that their contributions to predicted CS28 are more limited within the present dataset.

The quantitative ranking is summarized in Table 6 using mean absolute SHAP values. GGBS is ranked
first with a mean |[SHAP| value of 9.382 MPa, followed by Na,O with 7.778 MPa, Na,SiO; with 3.855 MPa,
and NaOH with 3.136 MPa. FA occupies an intermediate position with a mean [SHAP| 0f 1.980 MPa, whereas
FiAg, SE Fiber, and CoAg contribute relatively small values. This ranking indicates that the predictive
behavior of the model is influenced primarily by binder composition and activator-related variables, while
aggregate- and fiber-related variables play a comparatively secondary role in CS28 prediction.
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Figure 16: SHAP summary plot showing global feature importance.
Table 6: Average SHAP values and corresponding variable ranks.

Rank Mean SHAP
1 GGBS 9.382
2 Na,O 7.778
3 Naz SlO3 3.855
4 NaOH 3.136
5 FA 1.980
6 FiAg 1.296
7 SF 0.558
8 Fiber 0.392

From a materials perspective, these trends are broadly consistent with previous studies on geopolymer
systems. Higher GGBS contents are often associated with faster reaction kinetics and denser binding phases,
which may contribute to higher compressive strength under suitable curing conditions [5]. Likewise, Na,O
and other activator-related variables are known to influence dissolution and gel formation in alkali-activated
binders [12]. Nevertheless, such interpretations should be treated cautiously: the SHAP results indicate how
the trained model responds to the available data, rather than establishing universal mechanistic laws. Within
this scope, the combined evidence from Fig. 16 and Table 6 suggests that the developed model relies most
strongly on chemical composition and activator chemistry when estimating the 28-day compressive strength
of the investigated SFGPC mixtures.



Comput Model Eng Sci. 2026;147(2):20 25

4.3.2 Nonlinear Influence Patterns and Design-Relevant Ranges Based on SHAP Dependence Plots

Fig. 17 presents SHAP dependence plots for six selected influential variables, chosen based on the global
SHAP ranking and engineering relevance including the main binder, activator, and fiber-related inputs. The
order of presentation follows the discussion sequence rather than the ranking order in Fig. 16. It shows how
the SHAP value of each variable changes across its investigated range. These plots provide a more detailed
view of the nonlinear response patterns learned by the TabDPT model.
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Figure 17: SHAP dependence plots for six selected variables.
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Among the activator-related variables, Na,O exhibits the clearest transition-like behavior. At low
alkalinity levels, particularly around 3.0%-4.5%, the SHAP values are mostly negative and in some cases
strongly so, indicating that low Na,O is associated with reduced predicted compressive strength. As Na,O
increases toward approximately 5.0%-6.0%, the SHAP values shift upward and become predominantly
positive. This pattern suggests an apparent threshold-like region near 5.0%, above which the model associate’s
alkalinity with more favorable strength development. However, this should be implied as an indicative range
within the investigated mixtures rather than a universal design limit. Na,SiO3; shows a generally positive
but more scattered pattern. Across much of the investigated range, its SHAP values remain near zero to
moderately positive, with some larger positive contributions at higher contents. At the same time, the spread
of points indicates that the effect of Na,SiO; is not strictly monotonic and likely depends on interactions
with other mixture variables, especially Na,O, NaOH, and binder composition. In contrast, NaOH displays
a different trend. At lower-to-moderate values, the SHAP contributions are near zero or slightly positive,
whereas at higher dosages, especially beyond roughly 120 kg/m’, the SHAP values tend to become negative.
Within the trained model, this may indicate that excessive hydroxide dosage is associated with less favorable
strength predictions in part of the investigated domain. This pattern is broadly consistent with the possibility
that overly high alkalinity does not always translate into improved matrix development, although the present
SHAP results alone do not establish the underlying mechanism [5,34]. GGBS shows the strongest and
most consistent positive association among all variables. At low slag contents, the SHAP values are mostly
negative, while increasing GGBS content is associated with a marked upward shift in SHAP values, especially
over the approximate range of 150-280 kg/m®. This trend indicates that the model relies strongly on slag-
related information when predicting compressive strength. From a materials perspective, this is broadly
consistent with the known contribution of slag to accelerated reaction kinetics and denser binding phases
in alkali-activated systems under suitable curing conditions [13,42,43]. FA presents a more dispersed and
context-dependent pattern. Over much of the intermediate range, the SHAP values remain close to zero or
mildly positive, whereas higher FA contents are associated with both positive and negative contributions.
This suggests that the influence of FA is not determined by its absolute dosage alone, but may depend on
its interaction with GGBS and activator chemistry. Finally, steel fiber content exhibits relatively small SHAP
magnitudes compared with the chemical and binder-related variables. Most SHAP values remain within
a narrow range, indicating a limited contribution of fiber dosage to predicted compressive strength in the
present model. This result is compatible with the general understanding that steel fibers contribute more
directly to crack control and post-cracking behavior than to compressive strength itself [14]. The relatively
low SHAP importance of fiber in the present study should therefore be interpreted cautiously and only within
the scope of the current dataset and target variable. For 28-day compressive strength, the model indicates
that binder composition and activator chemistry contribute more strongly than fiber dosage to prediction
variability within the investigated mixtures. This does not imply that steel fibers are unimportant in general;
rather, their contribution may be more pronounced for other responses such as flexural behavior, toughness,
crack resistance, or post-cracking performance. In addition, process-related variables such as mixing regime
or water-related parameters were not part of the present dataset and may influence the apparent relative
importance of the available features.

Generally, the SHAP dependence plots suggest that the most design-relevant nonlinear patterns in
the model are associated with GGBS and alkali activator variables, particularly Na,O and NaOH. Within
the investigated experimental domain, the plots indicate that mixtures with Na,O around 5.0%-6.0% and
moderate-to-high GGBS contents tend to be associated with more favorable strength predictions, whereas
very low Na,O and excessively high NaOH appear less favorable. These ranges should be interpreted
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as model-informed guidance within the current dataset rather than fixed mechanistic thresholds for all
SFGPC systems.

4.3.3 Multivariable Interaction and Design-Relevant Region

Fig. 18 visualizes the combined effect of the two highly influential variables identified by the SHAP
analysis, namely alkalinity (Na,O) and GGBS content, on the predicted 28-day compressive strength. The
contour map highlights a favorable prediction region in which CS28 exceeds 60 MPa, as indicated by the
hatched area and the corresponding 60 MPa boundary line. The plot suggests a compensatory relationship
between these two variables: when Na, O is relatively low, a higher GGBS content is required to maintain the
predicted strength above 60 MPa, whereas at higher Na, O levels the minimum GGBS requirement becomes
lower [5,13].
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Figure 18: Bivariate interaction plot illustrating the combined effect of alkalinity (Na,O) and slag content (GGBS) on
the predicted CS28 above 60 MPa.

More specifically, within the investigated design domain, when Na, O is around 4.0%, the model predicts
that CS28 values above 60 MPa can be achieved with GGBS contents of approximately 75 kg/m’ or higher.
By contrast, when Na, O decreases to about 3.6%-3.8%, the model indicates that GGBS may need to increase
to above roughly 150 kg/m® to reach the same strength threshold. Conversely, the lowest predicted strength
values, below approximately 40 MPa, are concentrated in the lower-left portion of the map, where both Na,O
and GGBS remain low. This pattern suggests that simultaneously low alkalinity and low slag content are
unfavorable for strength development within the present dataset.

The contour map also shows that predicted strengths above about 80 MPa are mainly located in
the region where Na,O exceeds approximately 5.5% and GGBS is relatively high, typically above about
300 kg/m®. In addition, the contour geometry suggests a transition-like region around Na, O = 4.0%, beyond
which the positive contribution of increasing GGBS becomes more evident in the model predictions. This
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trend is broadly consistent with the general understanding that slag content and activator dosage jointly
influence strength development in alkali-activated systems [11,12]. However, the numerical boundaries
inferred from Fig. 18 should be interpreted as model-informed guidance within the investigated dataset,
rather than as universal design thresholds for all SFGPC mixtures.

4.3.4 Uncertainty Map

Based on the TabDPT predictions, Fig. 19 provides an uncertainty map that helps delineate regions
of relatively high and low predictive stability within the investigated design space. The dashed boundary
indicates the convex hull of the available data. Here, the prediction uncertainty is expressed in terms of the
standard deviation (STD) of the model output, thereby offering a practical indication of where the model
appears relatively high and low predictive stability.
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Figure19: Uncertainty map of the TabDPT model in the Na,O-GGBS design space, expressed as the standard deviation
(STD) of predicted CS28.

The dark purple regions correspond to the lowest prediction variability, with STD values approximately
in the range of 1.5-4.5 MPa. These low-uncertainty zones are concentrated mainly in the central part of the
design space, particularly around Na, O values near 5.0% and GGBS contents of roughly 150-200 kg/m’. This
region also appears to coincide with a relatively denser distribution of experimental data, which may explain
the improved stability of the model predictions there. This finding aligns with advanced modeling trends
where local data density is recognized as a primary driver of epistemic uncertainty reduction in material
property prediction [44]. By contrast, the transition toward green and yellow colors indicate substantially
higher predictive uncertainty, with STD values rising above about 20-25.5 MPa in some areas. This increase
is especially evident along the left boundary of the map, where Na,O is low, generally below about 4.0%.
Such behavior suggests that the model becomes less stable in sparsely sampled or more weakly supported
regions of the design domain, and that predictions in these areas should be interpreted with greater caution.
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This observation is consistent with the well-known risk of performance degradation when machine learning
models are forced to extrapolate beyond the convex hull of their training domain [45].

The convex hull outlines the region spanned by the available data and therefore provides a useful visual
boundary for model-supported interpolation. Mixture designs located inside the lower-uncertainty zones
are more likely to yield stable predictions, whereas predictions near the outer edges, particularly in high-
uncertainty regions, may carry a greater risk of extrapolation or reduced reliability. Accordingly, extreme
mixture combinations, such as very low alkali content or very low slag content, should preferably be verified
through additional experiments rather than relying solely on model output. This rigorous approach to
uncertainty-aware design is crucial for ensuring the structural safety of sustainable concrete applications [24].

Despite the encouraging results, several limitations of the present study should be acknowledged. First,
although the dataset was generated under a relatively consistent laboratory protocol, the sample size remains
moderate, and broader generalization would still benefit from additional experimental data. Second, the
dataset reflects the specific material domain investigated in this study, including the particular fly ash, GGBS,
NaOH-Na,SiO; activator system, aggregate sources, silica fume content, and straight steel fibers used in
the laboratory program. Therefore, the trained model should not be directly extrapolated to substantially
different precursor chemistries, fly ash characteristics, fiber geometries such as hooked-end or hybrid fibers,
or markedly different curing and mixing conditions without further validation. Third, some potentially
relevant process-related variables, such as water-related effects and mixing parameters, were not available
in the current dataset and thus were not included in the modeling framework. Finally, the SHAP results
should be interpreted as model-based associations within the investigated experimental domain, rather than
universal causal mechanisms. Within these boundaries, the proposed framework is best understood as a
reliable tool for prediction and preliminary mixture screening under controlled conditions, while further
dataset expansion remains necessary to improve transferability.

5 Conclusion

This study investigated the prediction of 28-day compressive strength (CS28) of SFGPC using an original
experimental dataset of 189 mixtures produced under a consistent laboratory protocol in Vietnam. Three
models, namely TabDPT, TabM, and XGBoost, were developed and compared. Among them, TabDPT
achieved the most balanced performance, combining high predictive accuracy with better generaliza-
tion on unseen data. On the independent test set, TabDPT yielded the best results, with R* = 0.978,
RMSE = 2.214 MPa, MSE = 4.903 MPa and MAE = 1.806 MPa, whereas XGBoost, despite its extremely
strong fit on the training set, showed a larger degradation in performance from training to testing. Repeated
5-fold cross-validation across 20 random seeds further indicated that TabDPT maintained relatively stable
performance under different data partitions, suggesting that its predictive behavior was not driven by a single
favorable split.

The interpretability analysis provided additional insight into the response patterns learned by the
selected model. Global SHAP ranking indicated that GGBS and Na,O were the two most influential
variables, followed by Na,SiO; and NaOH, whereas aggregate-related variables and steel fiber content
played comparatively smaller roles in CS28 prediction within the investigated dataset. SHAP dependence
plots suggested nonlinear and interaction-dependent effects, particularly for activator chemistry and slag
content. In addition, the bivariate interaction map of Na,O and GGBS indicated that favorable strength
predictions above 60 MPa were associated with moderate-to-high alkalinity and sufficient slag content,
while the uncertainty map showed that prediction stability was highest in the more densely sampled central
region of the design space and decreased near sparsely supported boundaries. These results suggest that the
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proposed framework can provide useful model-informed guidance for mixture screening and preliminary
design within the investigated experimental domain.

In conclusion, the present results show that recent tabular deep-learning models, particularly TabDPT,
can provide reliable prediction of CS28 for SFGPC when trained on a relatively broad and internally
consistent experimental dataset. However, the current dataset remains limited to specific material sources,
mixture ranges, and curing conditions, and the SHAP-based results should be interpreted as model-based
associations within the investigated domain rather than universal causal mechanisms. Future work should
focus on expanding the dataset to additional material systems and exposure conditions, validating the
framework on external datasets, and further developing uncertainty-aware prediction for broader and more
practical geopolymer mixture design.
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