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Abstract
As conventional machine learningmodels often struggle with scarcity and struc-
tural variation of training data, this paper proposes a novel regression transfer
learning framework called transferable tabular regressor (TransTabRegressor)
to address this challenge. The TransTabRegressor integrates natural language
processing (NLP) for feature encoding, transformer for enhanced feature rep-
resentation, and deep learning (DL) for robust modeling, facilitating effective
transfer learning across tabular datasets using reducing input parameters. By
leveraging theNLPdata processor, the framework embeds both parameter names
and values, enabling it to recognize and adapt to different expressions of similar
parameters. For instance, the bond strength of fiber-reinforced polymer (FRP)
bars embedded in ultra-high-performance concrete (UHPC) is critical for ensur-
ing the integrity of FRP-UHPC structures.While pullout tests are widely adopted
for their simplicity to generate substantial data, beam tests provide a closer
approximation to actual stress conditions but are more complex thus resulting
in limited data size. As a verification, the framework is applied to predict the
bond strength of FRP bars embedded in UHPC using limited beam test data. A
pre-trained model is first established using 479 pieces of pullout test data. Subse-
quently, two transfer learning models are developed by fine-tuning on 115 pieces
of beam test data, where 66 correspond to concrete splitting failure and 49 corre-
spond to pullout failure. For comparative analysis, XGBoost and neural network
models are directly trained on the beam test data. Evaluation results demonstrate
that the transfer learning models achieve significantly improved prediction
accuracy and generalization capability. This study significantly highlights the
effectiveness of the proposed TransTabRegressor in handling data scarcity and
variability in input parameters across various engineering applications.
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1 INTRODUCTION

Ultra-high-performance concrete (UHPC) and fiber-
reinforced polymer (FRP) bars have emerged as highly
advantageous materials in modern construction due to
their exceptional mechanical properties and durability
(Du et al., 2021; Zhao, Zhao, Zhang, Dai, & Xue., 2024).
UHPC offers superior compressive strength, durability,
and resistance to environmental degradation (B. T. Huang
et al., 2021; Saleh et al., 2023; Teng et al., 2019), while FRP
bars provide high tensile strength, corrosion resistance,
and lightweight characteristics (Zhao et al., 2021; Zhao,
Zhao, Zhang, & Duan, 2024). The effective integration of
these two materials can significantly enhance structural
performance in particular applications, such as bridges
and marine structures (Zeng et al., 2022a). However, the
relatively low deformationmodulus of FRP barsmaymake
it difficult for these materials to resist shear cracks, which
typically leads to sudden brittle failure and results in an
economically inefficient extension of the reinforcement
area (Gribniak et al., 2013). Furthermore, creep rupture
reduces the long-term strength of FRP materials (Rossini
et al., 2019). Therefore, a crucial aspect of ensuring the
structural integrity of FRP-UHPC composites is the bond
strength between FRP bars and UHPC (Hung et al.,
2021), which directly affects load transfer and the overall
performance of the structure.
Extensive experimental research has been conducted

to investigate the bond strength of glass FRP (GFRP) bars
embedded in UHPC, where two primary testing methods
are utilized regarding pullout tests (Hossain et al., 2018;
Hu et al., 2023; Kim & Wang, 2022; Liang et al., 2023; R.
Pan et al., 2022, 2023; R. S. Pan et al., 2023; Sayed-Ahmed
& Sennah, 2015, 2016; Tong et al., 2023; D. Y. Yoo & Yoon,
2017; D. Y. Yoo et al., 2015; S. J. Yoo et al., 2023; Zeng
et al., 2022b) and beam tests (Hossain et al., 2017; Hu
et al., 2024; Kauffman & Fam, 2024; Michaud et al., 2021).
Pullout tests are favored for their simplicity in setup and
execution, leading to a large volume of available data (ACI
Committee 408, 2003). In contrast, beam tests are more
complex and time-consuming, resulting in fewer studies
and less data (S. J. Yoo et al., 2024). However, pullout
tests primarily subject the FRP bars to tensile forces and
the concrete to compressive forces, whereas beam tests
involve both the FRP bars and the concrete in tensile stress
(ACI Committee 408, 2003). This makes beam tests more
representative of the actual stress conditions in real struc-
tural applications, providing a more accurate reflection of
the bond performance between FRP and UHPC (Hu et al.,
2024). Additionally, it is important to note that the beam
test was originally designed for steel bars. The friction
generated between FRP bars and concrete near the hinged
gap artificially increases bonding stresses (Gudonis et al.,

2014), indicating that further research is needed to adapt
this method effectively for FRP bars.
Machine learning (ML) has shown great promise in

engineering areas (Naser, 2021; Thai, 2022) due to its ability
to handle large datasets and uncover complex relation-
ships within the experimental data (Jiang & Adeli, 2005;
Rafiei & Adeli, 2018). Extensive research has been con-
ducted using ML for predicting material properties (Rafiei
et al., 2016), optimizingmaterial design (Rafiei et al., 2017),
and forecasting structural performance (Bakouregui et al.,
2021; Das et al., 2019; Shafigh, 2024). Previous studies have
successfully applied ML techniques (Hernandez Obando
et al., 2024; Iqbal, Zhang, Khan, et al., 2023; Iqbal, Zhang,
Khan, et al., 2023), such as effective extreme gradient
boosting (XGBoost) and neural networks (NNs), to pre-
dict the bond strength of FRP in various types of concrete
(Basaran et al., 2021; Yan et al., 2017), including ordinary
concrete (Jahangir & Rezazadeh Eidgahee, 2021; Kumar
et al., 2024; F. Zhang et al., 2023), seawater sea sand con-
crete (P.-F. Zhang, Iqbal, et al., 2024), and UHPC (P.-F.
Zhang, Zhao, et al., 2024). These studies highlight the
maturity and potential of ML methods in this field. How-
ever, the beam test data for FRP-UHPC bond strength is
limited to approximately 100 data points, where around
60 representing concrete splitting failure and 40 for pull-
out failure, whereas the pullout test data includes over
400 data points. Pullout failure generally involves the grad-
ual extraction of the FRP bar from the concrete with
minimal cracking, whereas splitting failure occurs due to
insufficient tensile resistance of the concrete, leading to
longitudinal cracks along the direction of the FRP bar (S.
J. Yoo et al., 2024). Given these significant differences, it is
crucial to model these two failure modes separately when
applying machine learning. The scarcity of FRP-UHPC
beam test data poses a significant challenge for the direct
application of ML, as the limited data might lead to poor
model performance and generalization.
To overcome the limitations posed by the small amount

of beam test data, transfer learning offers a viable solution
(S. J. Pan & Yang, 2010; Radford et al., 2021; Shin et al.,
2016). Transfer learning is an ML technique that improves
the performance of a model in a target domain by
leveraging knowledge from a related source domain with
abundant data (Luo& Paal, 2021; Nan et al., 2024; Z. Zhang
et al., 2022). This approach has been successfully applied in
various fields, including engineering, where it reduces the
need for large datasets in the target domain by transferring
insights from a related domain with abundant data (Jung
et al., 2022; Pak et al., 2023; Xu et al., 2021). Deep learning, a
subset ofML that utilizes NNswithmultiple layers to auto-
matically learn representations from large datasets (Alam
et al., 2020; Martins et al., 2020), has further advanced the
ability tomodel complex relationships and extract intricate
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features from data (Rafiei & Adeli, 2017; Rafiei et al., 2024).
Additionally, integrating deep learning techniques with
transfer learning has emerged as a promising direction (S.
Z. Chen & Feng, 2022; Nogay & Adeli, 2021; Zou & Chung,
2024), allowing for more sophisticated feature extraction
and improved generalization across different datasets.
However, traditional transfer learning methods, often
require consistent data structures between the source and
target domains (Cholakov & Kolev, 2022; X. Huang et al.,
2020). Given the differences in test conditions and data
availability, the input parameters for MLmodels of pullout
and beam tests are not always consistent.
To address the challenge of transferring knowledge

across tables with disparate input parameters, a versatile
tabular learning framework has been proposed for classi-
fication tasks involving tabular data (Wang & Sun, 2022).
This approach transforms the basic elements of tabular
datamodeling from columns in traditionalML to tokens in
natural language processing (NLP; Devlin et al., 2019; Raf-
fel et al., 2020). By contextualizing both names and values
of parameters, the model can generalize across different
tables. Using tokenization and embedding techniques in
NLP, transformers (X. Huang et al., 2020; Vaswani et al.,
2017) capture complex dependencies and relationships
within the data, making them highly effective for sub-
sequent deep learning tasks. Deep learning techniques
are then used to train the processed data. Through NLP
processing of tabular data and enhanced representation by
transformers, the deep learning model can be pre-trained
and then fine-tuned to achieve the transfer learning task.
This approach has been successfully applied to transfer
learning for classification tasks, highlighting its potential
for regression prediction tasks.
Despite the significant advancements in ML for bond

strength prediction, a notable research gap persists in the
accurate prediction of bond strength for FRP bars inUHPC
using beam test data. While beam tests provide a more
realistic representation of the actual stress conditions in
structures, compared to the pullout test, their complexity
and the resulting scarcity of data pose a substantial
challenge. Although there are over 400 pieces of pullout
test data, the available beam test data for FRP-UHPC
bond strength are limited to approximately 60 points
for concrete splitting failure and 40 points for pullout
failure. Traditional ML models struggle with this limited
beam test data, leading to poor model performance and
generalization. Transfer learning emerges as a promising
solution to this problem by leveraging knowledge from
domains with abundant data (pullout test) to improve
prediction accuracy in domains with limited data (beam
test). However, traditional transfer learning methods often
require consistent data structures between the source and
target domains, which is not feasible given the differences
in test conditions and available data for pullout and beam

tests. The input parameters for pullout and beam tests
are not always consistent, further complicating the direct
application of traditional transfer learning methods.
To address this research gap, this study proposes a trans-

ferable tabular regressor (TransTabRegressor) framework
that leverages NLP, transformers, and DL techniques to
transfer knowledge of bond strength from pullout test
data to beam test data. The novelty of this approach lies
in its ability to handle different input parameters and
leverage limited beam test data through advanced NLP
and DL techniques. Significantly, the NLP technique
processes both the values and names of input parameters,
enabling deep learning models to accept data with varying
parameters. This framework establishes a solid foundation
for transferring information from a pre-trained model,
built on extensive data with more input parameters, to a
transfer learning model, which operates with a smaller
dataset and fewer input parameters. Specifically, the
framework begins with establishing a pre-trained model
based on 479 pullout test data points considering concrete
splitting failure and pullout failure. The transfer learning
models are then developed by fine-tuning the pre-trained
model using 66 beam test data points in case of concrete
splitting failure and 49 data points of pullout failure. For
comparison, XGBoost and NN models are directly trained
on the 66 and 79 pieces of beam test data. The established
models are subsequently evaluated using regression
criteria. In summary, the proposed TransTabRegressor
framework involves fine-tuning a pre-trained model on
an extensive pullout test dataset to improve predictions
for limited beam test data, demonstrating the potential of
advanced NLP and DL-based transfer learning methods in
structural engineering applications.
The remainder of this paper is organized as follows. Sec-

tion 2 describes the principles of the proposed transfer
learning framework TransTabRegressor. The framework
combines an NLP data processor, transformer, deep learn-
ing network, and transfer learning model. Sections 3 and 4
introduce the dataset and development of transfer learning
models. Section 5 presents the evaluation and transferable
ability of transfer learningmodels, as well as the extensible
modelling capacity of the proposed framework. Section 6
presents the conclusions of this work.

2 METHODOLOGY

2.1 TransTabRegressor

Existing ML models for tabular data typically require
the same table structure for both training and testing,
which makes it challenging to learn across tables with
different structures. To address this issue, Wang and Sun
(2022) proposed the Transferable Tabular Transformer
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Input tabular data
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Token-level embedding Eu
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Gated transformerSection 2.1.2

NLP data processorSection 2.1.1

Deep learning modelSection 2.1.3

Transfer learning modelSection 2.1.4

F IGURE 1 Note The demonstration of TransTabRegressor framework. (Note:⊙ is element-wise multiply,⊕ is element-wise add,⊗ is
concatenate, and is positional encoding).

(TransTab). The TransTab algorithm integrates DL and
NLP techniques (Cholakov & Kolev, 2022; X. Huang et al.,
2020) to transfer knowledge across tables with disparate
columns by encoding parameter names and values into
token-level embeddings, which are fundamental elements
in NLP (Devlin et al., 2019). This process allows the model
to consider both the names and values of parameters dur-
ing modeling. The TransTab framework consists of three
primary components: (1) the input NLP processor, which
tokenizes the input tabular data and embeds them into
embeddings; (2) the gated transformer that further pro-
cesses the token-level embeddings; and (3) the classifier
learning module, which is trained for classification tasks.
Motivated by the TransTab, this paper proposes a

TransTabRegressor framework for regression and trans-
fer learning of numerical tabular data. The framework
combines an NLP data processor, a gated transformer, a
regression deep learning model, and a transfer learning
model. Figure 1 illustrates the workflow of TransTabRe-

gressor. The NLP data processor converts the data into
token-level embeddings𝐄, which are then further encoded
by the L-layer gated transformer into 𝐙𝐿. The regression
embeddings 𝐳[𝑅𝑔𝑟] after gated transformer are leveraged to
the deep learning models to make regression predictions.
Subsequently, the transfer learning models are developed
by adjusting the dimensions of input parameters and
fine-tuning pre-trained models.

2.1.1 NLP data processor

The NLP data processor (Wang & Sun, 2022) converts
tabular data (both names and values of parameters)
into a sequence of semantically encoded token-level
embeddings. This means both names and values of input
parameters are encoded to the basic elements, incorporat-
ing the semantic information of names and the numerical
knowledge of values into prediction modelling. Thus, this
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ZHANG et al. 921

allows the models to retain and transfer the knowledge
across tabular datasets with diverse parameters.
For the numerical parameters, the parameter names

and values are not directly concatenated because the
tokenization-embedding approach tends to perform
poorly in differentiating numbers (Lin et al., 2020).
In detail, the parameter names are firstly tokenized and
matched to the Bert token embeddingmatrix (Devlin et al.,
2019). The parameter name embedding 𝐄𝑢,𝑝𝑎𝑟 ∈ ℝ𝑛𝑢×𝑑

is generated, where 𝑛𝑢 is the number of tokens and 𝑑 is
the embedding dimension. Then the numerical values
are element-wise multiplied by the parameter embedding
(Wang & Sun, 2022), to yield the numerical embedding as
𝐄𝑢 = 𝑥𝑢 ⊙ 𝐄𝑢,𝑝𝑎𝑟, where 𝑥𝑢 represents the standardized
numerical values, and 𝐄𝑢,𝑝𝑎𝑟 is the parameter embedding
for numerical features. This element-wise multiplication
means that each numerical value is multiplied by its
corresponding element in the parameter embedding,
integrating the numerical values with their contextual
column embeddings and capturing their influence relative
to the column. Finally, 𝐄𝑢 undergoes layer normalization
(Ba et al., 2016) and is then combined with the regres-
sion embedding 𝐞[𝑅𝑔𝑟], obtaining the overall embedding
𝐄 = 𝐄̃𝑢 ⊗ 𝐞[𝑅𝑔𝑟]. This approach contextualizes parameter
values with corresponding parameter names, allowing
for the transfer of information across tables and recog-
nizing different but similar representations of identical
parameters as equivalent.

2.1.2 Gated transformer

The token-level embeddings are further encoded by the
tabular gated transformer (Cholakov & Kolev, 2022; Wang
& Sun, 2022), which is an adaption of the classical trans-
former inNLP areas (Vaswani et al., 2017). The gatedmech-
anism dynamically adjusts the importance of each token
embedding, better capturing the interaction and impor-
tance between parameters in tabular data, thus enhancing
the model’s ability to handle tabular data. The gated trans-
former is composed of multi-head self-attention mecha-
nisms and gated feedforward units. It integrates a token-
wise gating mechanism, improving its ability to capture
intricate dependencies within tabular datasets. The multi-
head-self-attention layer is used to explore the interaction
relationships between parameters and obtain the final out-
put. The multi-head-self-attention output is further fed
into a token-based gating layer to control the importance of
each token embedding. Then, themulti-head self-attention
output undergoes gating via a gated feedforward layer.
Specifically, the embedding of each token is controlled by
gate values to adjust their importance. The output after gat-
ing is further input into the linear layer for transformation,

and residual connections are addedwith the original atten-
tion output to obtain the output of the transformer model.
In detail, multi-head attention allows the model to

jointly attend to information from different representation
subspaces at different positions, as shown in Equations (1)
and (2). The input representation 𝐙𝑙 at the 𝑙th layer is first
adopted to explore the interactions between parameters.

𝐙𝑙𝑎𝑡𝑡 = MultiHeadAttn
(
𝐙𝑙
)

= [head1, head2, … , headℎ] ⋅ 𝐖
𝑂 (1)

head𝑖 = Attention
(
𝐙𝑙 ⋅ 𝐖

𝑄
𝑖
, 𝐙𝑙 ⋅ 𝐖𝐾

𝑖
, 𝐙𝑙 ⋅ 𝐖𝑉

𝑖

)
(2)

where 𝐙0 = 𝐄 denotes the input at the first layer; 𝐖𝑂 ∈

ℝ𝑑×𝑑;𝐖𝑄
𝑖
,𝐖𝐾

𝑖
, and 𝐖𝑉

𝑖
are weight matrices (in ℝ𝑑×

𝑑

ℎ ) of
query, key, and value of the 𝑖th head self-attentionmodule,
respectively.
The multi-head attention output 𝐙𝑙𝑎𝑡𝑡 undergoes further

transformation by a token-wise gating layer as presented in
Equation (3). The gating mechanism effectively filters the
output of the linear layer to obtain the transformer output
𝐙𝑙+1 ∈ ℝ𝑛×𝑑 as presented in Equation (4).

g𝑙 = 𝜎(𝐙𝑙𝑎𝑡𝑡 ⋅ 𝐰
𝐺) (3)

where 𝜎(⋅) denotes the sigmoid function; g𝑙 ∈ [0, 1]
𝑛 reg-

ulates the intensity of individual token embedding before
𝐙𝑎𝑡𝑡 proceeds to linear projection.

𝐙𝑙+1 = Linear
((
g𝑙 ⊙ 𝐙𝑙𝑎𝑡𝑡

)
⊕ Linear

(
𝐙𝑙𝑎𝑡𝑡

))
(4)

The resulting transformer output reflects the ability
to focus on critical parameters by redistributing atten-
tion across tokens. Ultimately, the regression embedding
𝐳[𝑅𝑔𝑟] at the 𝐿th layer serves as a pivotal component for
downstream regression tasks. The gated transformer offers
enhanced adaptability and efficacy in capturing complex
dependencies within tabular data, making it well-suited
for a wide range of structured data applications.

2.1.3 DL regression model

The encoded embeddings are fed into the NN regression
module to establish a deep learning regression model.
This module consists of one or more hidden layers, which
can be configured based on the complexity of the dataset.
Each hidden layer utilizes the rectified linear unit (ReLU)
activation function to determine the activation of neu-
rons. In training, hyperparameters such as batch size,
learning rate, and number of epochs are adjusted to opti-
mize the model. The Adam optimizer (Kingma & Ba,
2015) is employed to update the network parameters and
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922 ZHANG et al.

minimize the mean squared error (MSE) loss function.
By minimizing the loss function, the model learns to
map input features to accurate regression predictions.
Additionally, the model supports training on compute
unified device architecture (CUDA)-accelerated graphics
processing units (GPUs) to enhance training speed and
efficiency. After training, a deep learningmodel for regres-
sion prediction is obtained, which can be utilized as
the pre-trained model for subsequent transfer learning
tasks.

2.1.4 Transfer learning model

The transfer learning model is developed by adjusting
input parameters and fine-tuning on pre-trained models.
Since the NLP data processor and gated transformer can
process names and values of parameters into encoded
token-level embeddings, even if the new dataset has
parameters different from those in the pre-trained model
dataset, the pre-trained model can still accept new data
that have been processed to encoded embeddings. This
allows the pre-trained model to capture the semantic
and numerical information contained in the new data,
enabling effective fine-tuning on the pre-trained model
to greatly improve the possibility and efficiency of model
training. By pre-processing the new dataset, updating
parameters, and fine-tuning the pre-trained model, the
corresponding transfer learning model can be obtained,
achieving knowledge transfer in this process.

2.2 XGBoost

The current state-of-the-art approaches for tabular data
modelling are tree-based ensemble methods such as
XGBoost technique (T. Chen & Guestrin, 2016). XGBoost
surpasses traditional gradient boosting decision trees by
supporting various weak learners, employing a more
advanced second-order Taylor expansion for loss function
simplification, and including a regularization term to pre-
vent overfitting. Its sparsity-aware design and optimized
resource allocation also enhance training efficiency, com-
pared to conventional tree models. Notably, the XGBoost
framework stands out in sequential training with weak
learners and in mitigating overfitting through regulariza-
tion. Motivated by the proposed research (P.-F. Zhang,
Iqbal, et al., 2024), this paper first built an XGBoost model
to predict the failure mode of FRP bars embedded in
UHPC. Afterward, two XGBoost models were developed
for bond strength predictions regarding different failure
modes, which serve as references to transfer learning
models.

2.3 Evaluation criterion

To evaluate the performances of bond strength models,
three regression criteria are employed as presented in
Equations (5)–(7), which are coefficient of determination
(R2), mean absolute error (MAE), and root mean square
error (RMSE). Generally, R2 closer to 1, lower MAE and
RMSE indicate better performance. As shown in Equa-
tion (8), the classification criterion accuracy is to assess the
efficiency of failure mode prediction.

𝑅2 = 1 −

∑𝑛

𝑖=1 (𝑦𝑖 − 𝑦𝑖)
2

∑𝑛

𝑖=1
(𝑦𝑖 − 𝑦̄)

2
(5)

MAE =
1

𝑛

𝑛∑
𝑖=1

|𝑦̂𝑖 − 𝑦𝑖| (6)

RMSE =

√√√√ 1

𝑛

𝑛∑
𝑖=1

(𝑦̂𝑖 − 𝑦𝑖)
2 (7)

Accuracy =
TP + TN

TP + FN + FP + TN
(8)

where n is the number of data; 𝑦𝑖 and 𝑦̂𝑖 are real and pre-
dicted values; 𝑦̄ is the average of real values; TP, TN, FP,
and FN are true positive, true negative, false positive, and
false negative values, respectively.
The use of multiple fitness and classification criteria,

which involves evaluating various metrics on a single
problem, helps ensure the robustness of the ML models
(Naser & Alavi, 2021). The choice of R2, MAE, and RMSE
as evaluation metrics stems from their complementary
roles in capturing different aspects of model performance.
R2 evaluates the goodness of fit and indicates the pro-
portion of variance explained by the model, while MAE
and RMSE, though related, measure the average magni-
tude and overall accuracy of prediction errors, respectively.
Moreover, classification accuracy specifically gauges the
model’s ability to correctly predict distinct failure modes.

3 DATASET FOR PULLOUT AND
BEAM TESTS

3.1 Pullout test

The pullout test, widely used to evaluate the bond perfor-
mance between FRP bar and concrete due to its simplicity
(Gudonis et al., 2014), involves a concrete cube specimen
with an embedded FRP bar fixed inside a testing apparatus
capable of applying axial pull forces (Figure 2). Consis-
tent with a previous study (P.-F. Zhang, Iqbal, et al., 2024),
this setup includes load and displacement sensors to mea-
sure the applied force and the displacement of the FRP
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Loading frame

LVDT

Steel plate

Concrete

Force sensor

FRP bar

Tension force

F IGURE 2 Schematic diagram of pullout test setup. LVDT
denotes Linear Variable Differential Transformer. (P.-F. Zhang,
Iqbal, et al., 2024).

bar. During the test, the FRP bar is gradually pulled out
of the concrete by increasing axial forces until bond fail-
ure occurs. The bond strength is then calculated using the
peak force and the circumferential area of the FRP bar.

3.2 RILEM beam test

The hinged beam test investigates the bond behavior of
FRP bars in UHPC under bending in accordance with
the international union of laboratories and experts in
construction materials, systems and structures (RILEM)
specification (RILEM, 1994). Unlike the direct pullout test,
where compressive stress is resisted by concrete and tensile
stress by the FRP bar, the hinged beam test subjects both
the concrete and the FRP bar to the same tensile stress in
the tensile zone (S. J. Yoo et al., 2024). The beam test spec-
imen in the RILEM specification (RILEM, 1994) is shown
in Figure 3. The test beam consists of two parallelepipedal
reinforced concrete blocks, interconnected at the bottom
by the bar whose bond is under investigation and at the
top by a steel hinge. The beam is loaded in simple flexure
by two forces of equal magnitude, symmetrically disposed
regarding the mid-span section of the beam. Finally, the
bond strength is calculated according to the specification.

3.3 Data of pullout and beam tests

This study collected 115 beam test data points (Hossain
et al., 2017; Hu et al., 2024; Kauffman & Fam, 2024;
Michaud et al., 2021) and 479 pullout test data (see the
dataset in P.-F. Zhang, Zhao, et al., 2024) for GFRP bars

embedded in. The input attributes include the mechanical
properties and constituents of UHPC, as well as the
mechanical, geometric, and surface properties of FRP
bars. The failure modes were categorized as either pullout
failure (1) or concrete splitting failure (2). Typically,
pullout failure refers to the gradual extraction of the FRP
bar from the concrete until complete separation, with no
significant cracks in the concrete; in contrast, splitting
failure occurs due to the insufficient tensile resistance
of the concrete, leading to longitudinal cracks along the
direction of the FRP bar (S. J. Yoo et al., 2024). However,
pullout tests primarily subject FRP bars to tensile and
concrete to compressive forces, whereas beam tests involve
both FRP bars and concrete in tensile stress (ACI Commit-
tee 408, 2003). Specifically, the stress distributions (Jeong
et al., 2022) and failure modes (real picture—Michaud
et al., 2021; Tong et al., 2023, and schematic drawing)
for pullout and RILEM beam tests are demonstrated in
Figure 4.
In the beam test data, 49 data points correspond to pull-

out failure, and 66 to concrete splitting failures. Due to
the limited amount of beam test data, the distribution of
parameters in different failure modes might differ signif-
icantly. Descriptive statistical summaries of pullout test
data, and beam test data regarding different failure modes
are presented in Tables 1–3.
It is important to emphasize that both pullout and

beam tests have limitations when it comes to accurately
capturing the bond behavior between FRP bars and
UHPC as discussed in the Introduction. Additionally, the
prediction target in this study is the static bond strength,
corresponding to the peak load in bond behavior. However,
this metric alone does not fully reflect the complete con-
stitutive relationship of the bond between FRP bars and
UHPC.
Specifically, Table 1 was used to develop the pre-trained

model, and therefore it was designed to include extensive
information on the bond behavior of FRP bars. Detailed
explanations of the parameters in Table 1 can be found in
the previous study (P.-F. Zhang, Zhao, et al., 2024), with
additional notes provided below for the parameters related
to the beam test data (Tables 2 and 3).

(1) Polypropylene (PP)/polythene (PE) fibers are used in
the specimens of the pullout test, while polyvinyl
alcohol (PVA) fibers are used in the beam test.

(2) Only sand-coated GFRP bars are investigated in the
beam test. In contrast, the pullout test involves five
surface treatment types and three fiber types. Five sur-
face treatment types are labeled as 1, 2, 3, 4, and 5,
corresponding to helically wrapped (HW), HW and
sand-coated, ribbed, smooth, and sand-coated. Three
fiber types of FRP bars—GFRP, basalt FRP, and carbon
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Bonded length Plastic sleeves

Steel hinge

Force sensor

Roller support Pin support Concrete cover

LVDT

Concrete block

Load

F IGURE 3 Schematic diagram of hinged beam test setup (RILEM, 1994).

Front view

(a) Stress distribution (b) Failure modes illustrated by real picture and schematic drawing 

Pullout failure

Pullout failure Concrete splitting failure

Front view

Pullout test

Bar:
Tensile stress

Concrete:
Compressive stress

Concrete:
Tensile stress

C

C
T

Pullout test

RILEM beam test RILEM beam test

R

Bar:
Tensile stress

Concrete:
Tensile stress

Concrete:
Compressive stress

R

P/2 P/2

R

P/2

Pull out

No cracks

Pulled out

Pull out

Cracks

Pulled out

Tension

Load

SupportPulled out

No cracks Tension

Load

SupportPulled out

Cracks

Real Schematic

Concrete splitting failure

Real Schematic

Real Schematic

Real Schematic

T

C

F IGURE 4 Illustration of pullout and RILEM beam tests: (a) Stress distributions (Jeong et al., 2022) and (b) failure modes illustrated by
real picture (Michaud et al., 2021; Tong et al., 2023) and schematic drawing.

TABLE 1 Statistics of 479 pullout test data for pullout and concrete splitting failure modes.

Parameter Mean Min Max Std Skewness Kurtosis
Input Vf of steel fiber 1.70 0.00 3.00 0.75 −1.53 1.15

Vf of PP/PE fiber 0.09 0.00 1.00 0.28 2.97 6.86
Concrete compressive strength (MPa)s 152.63 90.10 201.80 30.34 −0.13 −1.22
Water-to-binder ratio 0.18 0.12 0.24 0.03 0.43 −0.65
Sand-to-binder ratio 1.06 0.69 1.31 0.18 −0.22 −1.11
Bar diameter (mm) 15.87 6.00 22.00 3.76 −0.56 −0.59
Cover-to-diameter ratio 4.41 0.50 16.70 3.04 1.62 3.24
Bonded-length-to-diameter ratio 3.86 1.00 10.00 2.17 0.59 −0.20
Rib-spacing-to-diameter ratio 0.46 0.00 2.50 0.48 1.50 3.68
Rib-height-to-diameter ratio 3.58 0.00 13.30 3.88 0.59 −0.77
Bar surface treatment / / / / / /
Bar fiber type / / / / / /
Bar tensile elastic modulus (GPa) 57.56 41.00 127.00 16.20 3.06 9.77
Failure mode / / / / / /

Output Bond strength (MPa) 23.88 6.30 56.24 11.05 0.98 0.58
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ZHANG et al. 925

TABLE 2 Statistics of 49 beam test data for pullout failure.

Parameter Mean Min Max Std Skewness Kurtosis
Input Vf of steel fiber 2.00 2.00 2.00 0.00 / /

Vf of PVA fiber 0.00 0.00 0.00 0.00 / /
Concrete compressive strength (MPa) 150.84 118.00 174.50 18.24 −0.12 −1.25
Bar diameter (mm) 17.05 13.50 19.10 1.68 0.12 −1.17
Cover-to-diameter ratio 2.76 2.00 3.70 0.46 −0.26 −0.54
Bonded-length-to-diameter ratio 5.10 2.50 10.00 2.00 0.74 0.17
Rib-spacing-to-diameter ratio 0.00 0.00 0.00 0.00 / /
Rib-height-to-diameter ratio 0.00 0.00 0.00 0.00 / /
Bar tensile elastic modulus (GPa) 56.00 47.60 64.10 7.09 −0.04 −1.83

Output Bond strength (MPa) 20.65 10.90 30.41 5.03 0.25 −0.58

TABLE 3 Statistics of 66 beam test data for concrete splitting failure.

Parameter Mean Min Max Std Skewness Kurtosis
Input Vf of steel fiber 1.79 0.00 4.00 1.12 −0.04 0.23

Vf of PVA fiber 0.53 0.00 3.00 1.06 1.62 0.89
Concrete compressive strength (MPa) 120.83 87.00 146.00 15.84 −1.00 0.07
Bar diameter (mm) 18.45 13.50 27.00 4.27 1.27 0.41
Cover-to-diameter ratio 1.75 1.00 3.60 0.60 1.96 3.34
Bonded-length-to-diameter ratio 9.94 4.00 16.00 3.86 −0.20 −1.13
Rib-spacing-to-diameter ratio 0.00 0.00 0.00 0.00 / /
Rib-height-to-diameter ratio 0.00 0.00 0.00 0.00 / /
Bar tensile elastic modulus (GPa) 62.22 62.00 62.70 0.25 0.99 −0.31

Output Bond strength (MPa) 14.44 5.90 28.50 4.96 0.51 0.06

FRP—are denoted by 1, 2, and 3, respectively. Based
on the previous study, the influences of fiber type
and surface treatment were reflected by the bar ten-
sile elasticmodulus, rib-spacing-to-diameter ratio, and
rib-height-to-diameter ratio (P.-F. Zhang, Iqbal, et al.,
2024; P.-F. Zhang, Zhao, et al., 2024). Thus, these three
parameters were used to represent the sand-coated
surface and glass fiber type.

Additionally, the parametric distribution histograms
with overlaid normal distribution curves for both pull-
out and beam test data are presented in Figures 5 and 6.
Figure 5 illustrates the distribution of parameters from
the pullout test data as shown in Table 1, while Figure 6
highlights the distribution of beam test parameters from
Tables 2 and 3, distinguishing between pullout and con-
crete splitting failures. Notably, Figure 6 excludes the
rib-spacing-to-diameter ratio and rib-height-to-diameter
ratio as their values are zero. It can be observed that
for the parameters in Tables 1–3, the data are predomi-
nantly distributed within a continuous range, with few
outliers. This distribution provides a robust foundation for
the development of both pre-trained and transfer learning
models.

4 DEVELOPMENT OF TRANSFER
LEARNINGMODELS ON BOND
STRENGTH PREDICTION

The workflow to predict the beam test bond strength
of FRP bars in UHPC is illustrated in Figure 7. First,
the parameters of the beam test are input into the
XGBoost-failure mode (FM) prediction model to classify
the FM. Once the FM is determined, input parame-
ters are fed into the corresponding transfer learning
(TL), XGBoost, and NN models to predict the bond
strength (BS) in case of concrete splitting failure (SF)
or pullout failure (PF). The modeling approaches of the
XGBoost-FM prediction model, TL bond strength pre-
diction models, and XGBoost and NN bond strength
prediction models are presented in the following
sections.

4.1 XGBoost-FM prediction model

The workflow of the FM prediction model is shown
in Figure 8. The output parameter, failure mode, was
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F IGURE 6 Parametric distribution of beam test data regarding pullout and concrete splitting failure modes.

categorized as either pullout failure (1) or concrete split-
ting failure (2). Initially, the data were randomly split into
a training set and a testing set with an empirical ratio
of 8:2. The input parameters were standardized using

Equation (9), ensuring that all parameters had zero mean
and unit variance after standardization.

𝑋stand =
𝑋 − 𝜇√

𝜎2
(9)
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F IGURE 7 Workflow to predict the failure modes and bond strength using beam test data.
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F IGURE 8 Workflow of the XGBoost-FM prediction model.

where 𝑋 is the data of each input parameter; 𝜇 and 𝜎 are
the mean value and variance of data, respectively.
Tomaintain consistency in the distribution of the testing

set with the training set, the testing set was standard-
ized using the mean value and variance of the training
set (P.-F. Zhang, Iqbal, et al., 2024). After data process-
ing, the XGBoost prediction model for FM was trained.
It is important to emphasize that hyperparameters, which
are inherent to models and must be manually set, have
a direct impact on model performance. To achieve the
ideal models, the optimal combination of hyperparam-
eters was determined using the GridSearchCV method,
which has been proven effective in the previous study (P.-F.
Zhang, Iqbal, et al., 2024). GridSearchCV is an automated
parameter tuning technique that evaluates different hyper-
parameter combinations through k-fold cross-validation
based on specific evaluation criteria. The hyperparameter
choice of “n_estimators”, “max_depth”, “learning_rate”
and “booster” aims to optimize the XGBoost model’s
performance. “n_estimators” determines the number of
base learners in the ensemble, and when combined

with “learning_rate,” balances model complexity and
generalization. “max_depth” controls each tree’s com-
plexity, ensuring adequate feature interaction capture
while preventing overfitting. The “booster” parameter
enables the selection of the most suitable base model
for the data and task, enhancing the model’s flexibil-
ity and accuracy. Adjusting these key parameters refines
the model’s learning ability and mitigates overfitting.
The optimal hyperparameters for the XGBoost-FM pre-
diction model are presented in Table 4, where optimal
values correspond to the highest R2 score among hyper-
parameter grids during the process of hyperparameter
optimization.

4.2 Transfer learning bond strength
prediction models

As illustrated in Figure 9, the TL model for bond strength
prediction was developed using the proposed TransTabRe-
gressor framework (Figure 1) in Section 2.1. The left part
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TABLE 4 Optimal hyperparameters of the XGBoost-FM model.

Hyperparameters Initial value [Test range] (Increment size) Optimal value
n_estimators 100 [10, 200] (10) 20
max_depth None [1, 20] (1) 4
learning_rate 0.3 0.3 0.3
booster gbtree [gbtree, gblinear, dart] gbtree
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Vf of PP/PE fiber
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Bar diameter
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Bonded-length-to-diameter ratio

Rib-spacing-to-diameter ratio

Rib-height-to-diameter ratio

Bar surface treatment

Bar fiber type

Bar tensile elastic modulus

Failure mode
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Bond strength (BS) 
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Transfer learning model

(BS prediction of beam test)

Section 2.1.1
NLP data processor

Section 2.1.2
Gated transformer

: Pre-train 

: Transfer learning

F IGURE 9 Workflow of transfer learning using TransTabRegressor framework.

of Figure 9 showcases the pre-trained model, which was
trained on a diverse dataset of 479 pullout tests considering
14 parameters. This model captures the general patterns
and features of the bond mechanism between FRP bars
and UHPC, serving as a foundational starting point. The
right part of Figure 9 demonstrates how the TL model
was fine-tuned using 115 beam test data points (66 for
SF and 49 for PF), enabling the model to leverage the
learned representations without requiring training from
scratch.
The modeling process of the pre-trained model (left

part of Figure 9) is outlined as follows, which serves as a
precursor to developing the TL model.
First, the NLP data processor module described in Sec-

tion 2.1.1 was employed to process the data. This involved
tokenizing the data and matching it to the token embed-
ding matrix using the BERT tokenizer (Devlin et al., 2019).
The names of the input parameters were converted into
16-dimensional embeddings through a vocabulary embed-
ding layerwith a size of 30,522. Each tokenwas represented
as a 16-dimensional vector, which was then multiplied by
the parameter value to obtain the input data embedding.
The output parameter underwent a similar process. Fol-
lowing this, layer normalization was applied to align the

input and output parameter embeddings, both set to 16
dimensions, via an alignment layer.
Next, the gated transformer module from Section 2.1.2

was utilized to further process the data. This module,
comprising multiple layers, including a multi-head
self-attention layer, gated feedforward layers, and layer
normalization, enabled the model to capture complex
relationships among input parameters and enhance
parameter representation. Specifically, two layers of gated
transformers were used, with the hidden dimension of
intermediate dense layers set to 256 and the attention
module featuring eight heads. In the final stage of the
encoder, a special token for parameter aggregation was
used to consolidate all input parameters, helping the
model capture the semantic information of the entire tab-
ular data and providing a global parameter representation
for subsequent regression tasks.
Finally, the deep learning module in Section 2.1.3 was

used to build the pre-trained model. A regression NN
was trained to predict bond strength. Initially, the data
were randomly split into a training set and a testing set
with an 8:2 ratio. The Adam optimizer and MSE loss
function were employed to update the model parame-
ters. A hyperparameter grid was set up to identify the
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ZHANG et al. 929

TABLE 5 Optimal hyperparameters of the pre-trained model.

Hyperparameters [Set range] (Increment size) Optimal value
hidden_layer [1, 2] 1
hidden_dimension [20, 40, 60, 80, (20,20), (40,40), (60,60)] 40
batch_size [50, 100, 150, 200] 100
num_epoch [50, 200] (10) 100
learning_rate [0.1, 0.01, 0.001, 0.0001] 0.01

TABLE 6 Optimal hyperparameters of TL models.

Failure mode Hyperparameters [Set range] (Increment size) Optimal value
SF batch_size [20, 30,40, 50] 40

num_epoch [50, 200] (2) 100
learning_rate [0.1, 0.01, 0.001, 0.0001] 0.01

PF batch_size [10, 20, 30, 40] 30
num_epoch [50, 120] (2) 102
learning_rate [0.1, 0.01, 0.001, 0.0001] 0.01

optimal hyperparameters, including the number of hid-
den layers (hidden_layer), the dimension of hidden layers
(hidden_dimension), batch size (batch_size), number of
epochs (num_epoch), and learning rate (learning_rate),
as shown in Table 5. Through this process, the opti-
mal hyperparameters were identified as presented in
Table 5. In detail, the ideal pre-trained regression model
for bond strength prediction consisted of three layers.
The first layer had an input dimension of 16, deter-
mined by the embedding dimension of the input param-
eters. The second layer had a hidden dimension of 40,
and the third layer had a dimension of 1 for output,
yielding the final bond strength predictions. This model
served as the pre-trained model for subsequent TL mod-
ule to derive the beam test bond strength prediction
model.
Subsequently, the TLmodels for beam test bond strength

were established by fine-tuning the pre-trained model
using the TL module described in Section 2.1.4. A total of
66 data points for SF and 49 data points for PF were used
to develop models for the respective FMs. As shown in the
right part of Figure 9, the input data were pre-processed by
the NLP data processor and gated transformer similar to
the pre-trained model. After processing, the input param-
eters were updated to account for the differences between
the beam test data and the pullout test data. The TL mod-
els were then built by fine-tuning the pre-trained model.
Notably, the TL models share the same structure as the
pre-trainedmodel, meaning that only the weights between
layers needed to be re-trained. The optimal hyperparame-
ters for the TLmodels of concrete splitting and PF are listed
in Table 6.

4.3 XGBoost and NN bond strength
prediction models

The XGBoost and NN models for bond strength predic-
tion regarding different FMs were directly trained on the
beam test data, with 66 data points for SF and 49 data
points for PF. For comparison with the TL models, the NN
models were also trained with the same network struc-
ture (16, 40, 1) based on the TransTabRegressor framework.
The XGBoost modeling procedures were similar to the
developed model in Section 4.1, and the optimal hyperpa-
rameters for the XGBoost and NNmodels are presented in
Tables 7 and 8.

5 RESULTS AND DISCUSSION

5.1 Evaluation of FM prediction

The dataset included two FMs: pullout failure (1) and
concrete splitting failure (2). Using a threshold of 1.5, pre-
dicted values below this threshold were classified as PF,
while those above were classified as SF. The FM predicted
results of the XGBoost model are presented in Figure 10.
Notably, all prediction errors werewithin the range of 0.02,
indicating that the FMs were predicted with high accu-
racy. The model achieved an accuracy of 100%, calculated
using Equation (8). As shown in Figure 5, the XGBoost-
FM model can effectively predict FMs based on the input
parameters of beam test data. This accurate prediction
facilitates further forecasting of bond strength associated
with different FMs.
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930 ZHANG et al.

TABLE 7 Optimal hyperparameters of XGBoost-BS models.

Failure mode Hyperparameters Initial value [test range] (Increment size) Optimal value
SF n_estimators 100 [10, 200] (10) 60

max_depth None [1, 20] (1) 6
subsample 1 [1, 0.8, 0.6] 1
learning_rate 0.3 0.3 0.3
booster gbtree [gbtree, gblinear, dart] gbtree

Pullout failure n_estimators 100 [10, 200] (10) 50
max_depth None [1, 20] (1) 6
Subsample 1 [1, 0.8, 0.6] 1
learning_rate 0.3 0.3 0.3
Booster gbtree [gbtree, gblinear, dart] gbtree

TABLE 8 Optimal hyperparameters of NN-BS models.

Failure mode Hyperparameters [Set range] (increment size) Optimal value
SF batch_size [20, 30,40, 50] 40

num_epoch [50, 200] (2) 100
learning_rate [0.1, 0.01, 0.001] 0.01

PF batch_size [10, 20, 30, 40] 30
num_epoch [50, 150] (2) 90
learning_rate [0.1, 0.01, 0.001] 0.01
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F IGURE 10 Evaluation of the XGBoost-FM prediction model.

5.2 Comparison of transfer learning to
other models on bond strength prediction

As discussed in the modeling chapter, the XGBoost and
NN models were directly trained on 66 data points in case
of SF and 49 data points of PF. However, the TL model
was fine-tuned on a pre-trained model developed using
479 data points from pullout tests, utilizing the same beam
test data. The evaluation metrics for the bond strength
prediction models regarding concrete splitting and PF are
summarized in Tables 9 and 10. Additionally, the bond
strength prediction distributions of different models for
two FMs are presented in Figures 11 and 12.

In summary, the TLmodels showed higherR2 and lower
MAE and RMSE values, compared to XGBoost and NN
models. Besides, the precise prediction performances of
the TL models based on the excellent statistical indices
highlighted the consistency of the dataset (Gribniak et al.,
2015). And the detailed analysis of prediction evaluation
regarding different FMs is presented below.

5.2.1 Bond strength in case of concrete
splitting failure

The bond strength prediction distributions of dif-
ferent models for SF are presented in Figure 11.
As shown in Table 9, the XGBoost model performs
exceptionally well on the training set with an R2 of
0.995 but shows overfitting with a significant drop in
testing performance (R2: 0.899; MAE: 1.156; RMSE:
1.589). The NN model also performs well during training
(R2: 0.977, MAE: 0.562; RMSE: 0.735), but their testing
performance is slightly lower (R2: 0.887; MAE: 1.315;
RMSE: 1.763), indicating moderate overfitting. The TL
model stands out with consistent performance across
both training and testing sets. Despite performing well
on the training set with an R2 of 0.980, it achieves a high
R2 (0.975) on the testing set, with significantly lower
MAE (0.632) and RMSE (0.829), compared to the other
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ZHANG et al. 931

TABLE 9 Indices evaluation of bond strength prediction models for concrete splitting failure.

Coefficient of determination
(R2) Mean Absolute Error (MAE)

Root Mean Square Error
(RMSE)

Training set Testing set Training set Testing set Training set Testing set
XGBOOST 0.995 0.899 0.127 1.156 0.356 1.589
NN 0.977 0.887 0.562 1.315 0.735 1.763
TL 0.980 0.975 0.498 0.632 0.683 0.829

TABLE 10 Indices evaluation of bond strength prediction models for pullout failure.

R2 MAE RMSE
Training set Testing set Training set Testing set Training set Testing set

XGBoost 0.999 0.851 0.071 1.249 0.191 1.533
NN 0.972 0.849 0.578 1.622 0.829 1.876
TL 0.982 0.955 0.486 0.840 0.665 0.969
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F IGURE 11 Prediction distribution of bond strength prediction models for concrete splitting failure.
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F IGURE 1 2 Prediction distribution of bond strength prediction models for pullout failure.
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932 ZHANG et al.

models, indicating robust generalization and reliable
predictions.
Specifically, the MAE (0.632) and RMSE (0.829) values

of the TL model showed significantly low average pre-
dicted errors of 4.38% and 5.74%, compared to the average
bond strength of 14.44 MPa for the testing data, respec-
tively (Avg. bond strength value taken fromTable 3).While
those errors of MAE and RMSE were (8.00%, 13.09%) and
(9.11%, 12.21%) for testing data of XGBoost and NNmodels.
The excellent evaluation indices of R2, MAE, and RMSE
verified the consistency and effectiveness of data in case
of SF. Compared to the directly trained XGBoost and NN
models, the prediction accuracy and robustness in gener-
alization make the TL model a highly effective approach
for this prediction task on bond strength in case of SF.

5.2.2 Bond strength of pullout failure

The bond strength prediction distributions of different
models for PF are presented in Figure 12. As shown in
Table 10, in predicting PF, the XGBoost model shows
extreme overfitting, with near-perfect performance on the
training set (R2: 0.999; MAE: 0.071; RMSE: 0.191) but a
substantial drop on the testing set (R2: 0.851; MAE: 1.249;
RMSE: 1.533). The NNmodel exhibits better generalization
than XGBoost but still shows a noticeable performance
drop between training and testing sets. TL proves to be the
most effective model for predicting bond strength in PF.
Although it does not achieve the highest R2 or the lowest
errors on the training set, its performance on the testing
set is markedly better. With an R2 of 0.955, it explains a
substantial portion of the variance in the testing data, and
the relatively low MAE (0.840) and RMSE (0.969) values
indicate more accurate and reliable predictions.
Moreover, the MAE (0.840) and RMSE (0.969) values

of the TL model showed significantly low average pre-
dicted errors of 4.07% and 4.69%, compared to the average
bond strength of 20.65 MPa for the testing data, respec-
tively (Avg. bond strength value taken from Table 2), while
those errors of MAE and RMSE were (6.05%, 7.85%) and
(7.42%, 9.08%) for testing data of XGBoost and NN mod-
els. The excellent evaluation indices of R2, MAE, and
RMSE verified the consistency and effectiveness of data of
PF. In summary, the TL is less prone to overfitting com-
pared to XGBoost and NNs, making it the most robust and
generalizable model for this prediction task.

5.2.3 Comparative analysis of failure modes

The comparative analysis of the two FMs highlights key
differences. In SF, TL significantly outperforms XGBoost

and NN on the testing set, demonstrating strong gener-
alization. For PF, while TL also outperforms the other
models, its advantage is less pronounced compared to SF.
XGBoost shows extreme overfitting in both FMs, with
near-perfect training performance but substantial drops
in testing performance. NN exhibits moderate overfitting,
with decent training performance but noticeable drops in
testing performance. TL shows minimal overfitting, main-
taining high performance across both training and testing
sets. Additionally, MAE and RMSE values are higher
for PF, compared to SF, suggesting that predicting bond
strength in PF is more challenging. Overall, TL proves to
be the most effective and robust model for both FMs, with
strong generalization and low errors on testing sets, indi-
cating that PF presents more prediction challenges and
may require more sophisticated modeling techniques or
additional data preprocessing to improve performance.

5.2.4 Comparison with ACI code equation

The bond strength between FRP bars and concrete is
provided in American concrete institute (ACI) code ACI
440.1R-15 (ACI Committee 440, 2015) using Equation (10),
derived from regression analysis based on 67 beam tests in
which concrete exhibited SF (Wambeke & Shield, 2006).

𝜏𝑏

0.083

√
𝑓
′

𝑐

= 4.0 + 0.3
𝑐

𝑑𝑏
+ 100

𝑑𝑏
𝑙𝑏

(10)

where 𝜏𝑏 represents the bond strength (MPa); 𝑓′𝑐 denotes
the 28-day concrete compressive strength (MPa); 𝑐 is the
lesser of the cover to the center of the bar; 𝑑𝑏 is bar
diameter; and 𝑙𝑏 is the bonded length.
As shown in Table 9, the TL model for predicting the

bond strength in cases of SF exhibited high R2 values, with
0.980 for training data and 0.975 for testing data. The 66
beam test data points in case of SF were used to compare
the bond strength prediction capability of the TL model
with that of the ACI equation (Equation 10).
The comparison between the predictions of the TL

model and Equation (10) in relation to concrete com-
pressive strength is presented in Figure 13. The results
indicate that the TLmodel closelymatched the experimen-
tal values, achieving a high R2 value of 0.979. In contrast,
the ACI code predictions showed considerable deviation,
with a negative R2. This discrepancy arises because Equa-
tion (10) primarily considers only three parameters, while
other important factors (listed in Table 3) also significantly
influence bond strength. Additionally, Equation (10) was
developed using data with compressive strengths rang-
ing from 28 to 45 MPa, whereas the compressive strength
in this dataset ranges from 87 to 146 MPa, resulting in a
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ZHANG et al. 933

TABLE 11 Indices evaluation of bond strength prediction models for concrete splitting and pullout failures.

R2 MAE RMSE
Training set Testing set Training set Testing set Training set Testing set

Pre-trained model 0.976 0.951 1.326 1.965 1.700 2.539
TL-SF model 0.980 0.975 0.498 0.632 0.683 0.829
TL-PF model 0.982 0.955 0.486 0.840 0.665 0.969
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F IGURE 13 Comparison between predictions of transfer
learning model and ACI code equation.

substantial overestimation of bond strength by the ACI
equation. Furthermore, the TLmodelwas fine-tuned using
a large pullout test dataset, enabling it to incorporate more
information about bond behavior.
In summary, the TL predictive model outperformed

Equation (10), which is limited by the number and range
of parameters it considers for determining bond strength,
potentially leading to significant deviations.

5.3 Transferable ability from pullout to
beam test data

As discussed in Sections 5.2.1 and 5.2.2, the TL models
demonstrated the highest efficiency in predicting bond
strength from beam test data. This performance signifi-
cantly relied on the pre-trained model. In this study, the
pre-training was based on 479 data points from pullout
tests, utilizing the TransTabRegressor framework. The
performances of the pre-trained model and TL models
are summarized in Table 11, with SF referring to concrete
splitting failure and PF to pullout failure.
The high R2 values indicate that the pre-trained model

was effectively established using the 479 pullout test data

points, providing a strong foundation for TL from pullout
tests to beam tests. Besides, the MAE (1.965) and RMSE
(2.539) values of the pre-trained model showed signifi-
cantly low average predicted errors of 8.23% and 10.63%,
compared to the average bond strength of 23.88 MPa for
the testing data, respectively (Avg. bond strength value
taken from Table 1). It fully verified the consistency of data
for the pre-trained model. As illustrated in Figure 9, the
pre-trained model was trained with 14 input parameters
from pullout tests, comprehensively considering the
mechanical properties and constituents of UHPC, as well
as the mechanical, geometric, and surface properties of
FRP bars. This allowed the pre-trainedmodel to fully learn
and represent the bond behavior of FRP bars in UHPC.
However, only 10 relevant input parameters were avail-

able for the beam test, causing a structural change in
the data. Conventional ML models struggle with TL due
to the need for consistency in data dimensions of input
parameters. The proposed TransTabRegressor framework
overcame this challenge by converting both the names and
values of input parameters into tokens and embeddings,
enabling the inclusion of all information in model train-
ing. By updating the weights within the network structure
of the pre-trained model, the new input parameters can be
trained to build the bond prediction models for the beam
test.
Unlike traditional ML models such as XGBoost and

NNs as comparisons in the manuscript, which rely heav-
ily on the consistency of input dimensions and struggle
with variable input structures, TransTabRegressor excels
in handling the variations in input parameters between
different datasets. For instance, XGBoost and NN require
manual feature engineering to align the input dimen-
sions, often leading to information loss or the need for
extensive preprocessing. In contrast, TransTabRegressor
automatically adjusts to these changes by converting input
names and values into embeddings, effectively captur-
ing the full scope of the available data without requiring
dimensional consistency. This adaptability significantly
enhances its applicability in real-world scenarios where
input parameters may vary across datasets.
Additionally, as shown in Tables 2 and 3, some input

parameters of the beam test data are constant, which
typically do not affect NN training since they do not influ-
ence weight updates. However, it was found that adding
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934 ZHANG et al.

several constant parameters improved prediction effi-
ciency. For instance, the rib-height-to-diameter ratio and
rib-spacing-to-diameter ratio were both zero but experi-
mentally proved to enhance themodel’s performance. This
effect can be explained by the addition of these param-
eters altering the data dimension, potentially making it
more suitable for specific modeling tasks. Although these
constant parameters do not directly affect weight updates,
their inclusion increases the dimensionality of the data and
changes the feature representation in high-dimensional
space, which can help the model capture specific pat-
terns or relationships more effectively. Furthermore, the
introduction of constant parameters can influence the
distribution of weights in the hidden layers during initial-
ization, affecting the network’s learning path or optimiza-
tion direction, thus improving performance. This occurs
because the presence of these parameters modifies the ini-
tialization space, potentially guiding the learning process
toward more relevant features. Additionally, even though
these parameters are numerically zero, they carry useful
prior information, such as indicatingwhether the FRP bars
were sand-coated or smooth. This prior knowledge aids the
model in better understanding and distinguishing between
different input features, which can enhance prediction
accuracy. Moreover, it is important tomention that the rib-
height-to-diameter ratio and rib-spacing-to-diameter ratio
are not suitable for characterizing smooth and sand-coated
surfaces, as these surfaces do not have ribs.
Moreover, it is important to address the potential

biases in the datasets used. The input parameters for the
pullout test data (Table 1) and the beam test data (Tables 2
and 3) differ, which may lead to discrepancies in model
performance. For example, the beam test dataset lacks
certain parameters such as water-to-binder ratio and
sand-to-binder ratio, which are present in the pullout test
data but may indirectly influence bonding characteristics.
Additionally, variations in experimental conditions and
stress states between the pullout and beam tests may result
in different effects of the same input parameters on bond
strength. For instance, parameters such as bar diameter
and cover thickness may have varying effects due to these
differing test conditions. Furthermore, different failure
mechanisms and deformation measurement errors can
introduce additional biases, affecting prediction accuracy.
These factors underscore the need for careful consider-
ation of dataset characteristics and potential biases to
ensure reliable model performance across different testing
scenarios.
In summary, the pre-trained model incorporated more

relevant input parameters, compared to the TL model,
facilitating the fine-tuning of the initial model to develop
the new one. The success of TL from the pullout test to the
beam test demonstrates the similarity of the bond mecha-
nism in the two types of tests despite differences in stress

states. Thus, the proposed TransTabRegressor framework
is well-suited for transferring bond strength prediction
from convenient pullout tests to more complex beam tests.
Besides, it is important to consider potential biases in
the datasets used, as discrepancies between the pullout
and beam test datasets, variations in experimental condi-
tions, and measurement errors may influence the model
performance.

5.4 Extensible modelling capacity of
TransTabRegressor

The success of TL from 14 parameters of pullout test data
to 10 parameters of beam test data was primarily due to
the NLP data processor in TransTabRegressor. Conven-
tional ML models require an identical structure of tabular
data because they use the number of data columns as
the recognition dimension. In these models, parameter
names merely serve to distinguish different parameters for
researchers.
In contrast, the NLP data processor of TransTabRegres-

sor converts the names of input parameters into tokens,
which are then processed into 16-dimensional embed-
dings. These embeddings are multiplied by the parameter
values to create the input data embedding. This method
allows the model to capture the semantic information
of input parameters, enabling it to recognize parameters
based on their semantic context within the dataset. This
NLP processing facilitates the recognition of parameters
with similar expressions and enables knowledge transfer
between models. Thus, the input parameters for TL mod-
els transitioning from pullout test data to beam test data
can be determined based on specific conditions. This flexi-
bility allows for the building of TLmodels by adjusting the
number of input parameters as needed.
Traditional ML models like XGBoost and NNs are lim-

ited in their ability to generalize across datasets with
differing input structures. They rely on fixed input dimen-
sions and struggle to interpret the semantic meanings
of input parameters, often leading to reduced accuracy
when applied to new datasets with variations in parameter
names or structures. TransTabRegressor, however, lever-
ages an NLP data processor to embed both parameter
names and values, allowing it to recognize and adapt to
different expressions of similar parameters. This capability
not only reduces the need for extensive feature engineer-
ing but also improves the robustness of predictions when
transferring learning from one dataset to another. This
semantic understanding and adaptability set TransTabRe-
gressor apart from traditional models, enabling more
seamless and accurate knowledge transfer.
As shown in Figure 9, the beam test data share some

input parameters with the pullout test data. To evaluate
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TABLE 1 2 Evaluation of bond strength TL prediction models
using different input parameters.

Model R2

Input parameter Training set Testing set
Concrete compressive strength 0.980 0.975
Concrete compressive strengths 0.946 0.944
Concrete strength 0.989 0.902
Compressive strength 0.969 0.913

the ability of the TransTabRegressor framework to cap-
ture the semantic information of input parameters, the
input parameter “Concrete compressive strength” in the
beam test data in case of SF was altered to similar expres-
sions as listed in Table 12. These expressions are similar
to the original meaning but are not entirely consistent. TL
was then applied to the modified beam test data to pre-
dict the bond strength, involving the fine-tuning of the
pre-trained model based on pullout test data. The final
predicted results of the model are displayed in Table 12.
It was observed that the model using the original param-
eter “Concrete compressive strength” exhibited the best
predictive performance. The three models with modified
parameter names all achieved R2 values above 0.9 on the
testing set, with “Concrete compressive strengths” having
a higher R2 value than the other two. Semantically, this
expression is closest to the original. These results demon-
strate that the NLP data processor effectively enhances
the recognition of parameters with similar expressions,
thereby facilitating knowledge transfer between models.
However, it is important to note that when the parame-

ter was altered to “Concrete strength,” there was a notice-
able decline in the model’s performance as evidenced by
a lower R2 value on the testing set. This drop highlights a
current limitation in the semantic recognition capabilities
of the TransTabRegressor framework. Although “Concrete
strength” and “Concrete compressive strength” are seman-
tically related, the model did not fully recognize them as
equivalent. This indicates that in specific scenarios where
parameters are contextually similar but not identically
phrased, the TransTabRegressor may not perform opti-
mally. This situation underscores the need for enhanced
mechanisms within the model to better handle such
variations, effectively treating these terms as equivalent.
In summary, the TransTabRegressor framework pro-

vides a flexible and scalable solution for extending TL
models as more beam test data become available. This
framework not only facilitates the transfer of informa-
tion from simpler pullout tests to more complex and
realistic beam tests but also enhances the recognition of
input parameters expressed in similarways. This capability
positions TransTabRegressor as a versatile tool for improv-

ing the accuracy and robustness of structural predictions
across diverse engineering applications.

6 CONCLUSION

To predict the bond strength of FRP bars in UHPC using
limited beam test data, a TransTabRegressor framework
was proposed to facilitate transfer learning from pullout
to beam test data. The pre-trained model was developed
using extensive pullout test data and subsequently fine-
tuned with limited beam test data to build the transfer
learning model. For comparison, XGBoost and NNmodels
were directly trained on the beam test data. The specific
conclusions drawn from the study include:

(1) The bond strength transfer learning models, based on
the proposed TransTabRegressor framework, demon-
strated great efficiency despite variations in data vol-
ume and input parameters. The pre-trained model,
built on 479 pullout test data points considering 14
parameters, achieved excellent R2 values of 0.976 on
the training set and 0.951 on the testing set. Fine-
tuning this model with 66 data points in case of
concrete splitting failure and 49 data points of pull-
out failure, considering 10 parameters, yielded high
R2 values (training: 0.980, testing: 0.975) for concrete
splitting failure and good R2 values (training: 0.982,
testing: 0.955) for pullout failure. These results demon-
strate the success of transfer learning from extensive
pullout test data to limited beam test data, proving
effective knowledge transfer of bond behavior under
different stress states.

(2) The transfer learningmodels demonstrated significant
improvements in predictive accuracy, with an 8.5%
increase in R2 on the testing set for concrete split-
ting failure and a 12.2% increase for pullout failure,
compared to models directly trained using XGBoost
and NNs. While all models predicted effectively on
the training set, the transfer learning models outper-
formed on the testing set. For concrete splitting failure,
the transfer learning model achieved an R2 value of
0.975, compared to 0.899 for the XGBoost model and
0.887 for the NN model. For pullout failure, the trans-
fer learning model achieved an R2 value of 0.955,
compared to 0.851 for the XGBoost model and 0.849
for the NN model. Additionally, the transfer learning
model demonstrated superior performance on the test-
ing set in terms ofMAE andRMSE,with lower average
predicted errors (4.38% and 5.74% for concrete split-
ting failure, and 4.07% and 4.69% for pullout failure),
compared to XGBoost and NNmodels, highlighting its
robustness and reliability.
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(3) With the failure mode prediction model accurately
predicting the failure mode of beam test data, a com-
prehensive process of bond strength prediction can be
realized. By precisely predicting the failure mode on
beam test data, transfer learning models can be uti-
lized to predict bond strength for concrete splitting
or pullout failure mode. It is important to note that
dataset biases, such as discrepancies in input param-
eters and differences in test conditions, may impact
the model performance and should be considered in
practical applications.

(4) The combination of NLP, transformer, and deep learn-
ing in the TransTabRegressor framework revealed
flexible and extensive modeling capacity. The selec-
tion of input parameters for the transfer learning
model can be customized based on the current data
conditions. Besides, the framework can effectively cap-
ture the semantic information of input parameters,
including variations in parameter expressions. This
capability enhances the understanding of bond behav-
ior by illustrating how detailed characteristics of FRP
bars and UHPC interact, resulting in more accurate
and reliable bond strength predictions. However, fur-
ther improvements are needed in the framework’s
ability to handle these variations and enhance seman-
tic recognition. This proposed framework provides an
effective transfer learning solution for lacking tabular
data in engineering applications.

(5) The study highlights the potential of integrating
advanced transfer learning and deep learning tech-
niques to address the challenges of limited data
and enhance predictive performance. The proposed
TransTabRegressor framework effectively utilizes
transfer learning, and future research can consider
incorporating cutting-edge methods such as neural
dynamic classification algorithms, dynamic ensem-
ble learning, and self-supervised learning. These
approaches could offer further improvements in
handling diverse and complex datasets. The authors
are also open to integrating additional deep learning
methods as more suitable techniques emerge. More-
over, the framework can be expanded to predict the
bond performance from FRP to steel bars in future
studies. Continued exploration and adoption of these
advanced techniques will be crucial for advancing
the field and addressing the evolving challenges in
engineering applications.
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