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Abstract: This study develops a constraint-guided neural network (CGNN) approach to address prediction accuracy
degradation in machine learning models when tested on unseen data after training with limited datasets, while
simultaneously enhancing the generalization capabilities of conventional mechanical equations. The proposed model
predicts flexural capacity of prestressed ultrahigh-performance concrete (UHPC) beams using a small experimental
dataset collected from literature. Physical constraints incorporated into the model include geometrical relationships,
reinforcement ratio limitations, and strength correlations. Comprehensive performance comparisons demonstrate that
the CGNN model outperforms traditional machine learning methods—including back propagation neural networks,
categorical boosting, extreme gradient boosting, random forests, and decision trees—as well as conventional predictive
equations. The CGNN exhibits superior performance across multiple metrics: mean ratio, coefficient of variation, mean
relative error, coefficient of determination, maximum ratio, and minimum ratio, while maintaining consistent accuracy
between training and testing phases. Model interpretability is achieved through SHAP (SHapley Additive exPlanations),
and a user-friendly graphical user interface has been developed to facilitate adoption by UHPC design practitioners.
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Introduction

Ultrahigh-performance concrete (UHPC) material, devel-
oped by the particle packing method and mixed with
steel fibers, shows dense microstructure, high compressive
strength of over 120 MPa and strain hardening behavior
in tension.1–5 With these excellent mechanical and durabil-
ity properties, UHPC has been an alternative for solving
civil infrastructure challenges, such as resilience and sustain-
ability, in the context of climate change.6,7,8–10 To promote
its application in engineering, experimental investigation
and validation is a normal routine to check structural
load-bearing capacity, stiffness and stability,11,12 although
analytical equations and numerical simulations are devel-
oped and considered effective to save time and cost.13–15

Steel-reinforced UHPC beams with different variables have
been widely tested for response evaluation and comparison
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because the bending moment is frequently encountered in
buildings and bridges.16–19 However, the UHPC beams pre-
stressed with steel strands are not tested comparably with the
UHPC beams without strands; therefore, they have limited
strength data available in the literature.20–22 Some provisions
specify varying equations for predicting flexural strength
of reinforced UHPC beams and the equations are estab-
lished from strain compatibility, stress–strain relationship
and forces equilibrium.23–25 Despite various studies on the
mechanical properties of UHPC beams,26 experimental data
for prestressed UHPC beams remains limited, posing chal-
lenges for traditional prediction methods that rely on large
datasets. Meanwhile, existing prediction approaches, primar-
ily based on simplified mechanical equations, struggle to
fully capture the complex nonlinear behavior characteristics
of prestressed UHPC beams. Therefore, there is an urgent
need for a prediction method that can function effectively
with limited data while integrating the advantages of both
physical knowledge and data-driven approaches. Recently
emerging physics-informed machine learning methods offer
new solutions to this problem, particularly approaches that
combine physical constraints with neural networks, which
show promise for achieving high-precision predictions under
small-sample data conditions. Therefore, it is of importance
and interest to develop other flexural strength prediction
methods.

Physics-informed neural networks (PINNs) were first
proposed by Raissi et al.,27 and they integrate domain-
specific knowledge as informative priors or inductive biases
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to constrain the neural network outputs, ensuring consis-
tency with physical laws and improving both generalization
and interpretability.28,29 In PINNs, the differences in the
training process arise from the addition of physical con-
straints to the loss functions during iterations. The prior
knowledge includes physical, empirical, observational, and
mathematical insights of the data. The prediction accuracy
of most machine learning techniques depends on the quality
and quantity of the training data.30 Embedding theoretical
constraints in PINN may improve prediction accuracy and
generalization ability, especially with small observational
datasets where overfitting usually happens. PINNs provide
additional supervision information from these constraints to
reduce the model’s dependence on large datasets for accuracy
and avoid overfitting in small datasets. Rahman et al.31

developed a PINN to predict early-age cement hydration
kinetics, and the model achieves exceptional accuracy and
convergence with only 5% of the training data. The excel-
lent generalization ability is also confirmed by Wan et al.32

in predicting the chloride diffusion coefficient in concrete
using PINN with 5% and 10% noise data as observed data.
Despite these promising applications, existing PINN imple-
mentations for concrete structures often focus on specific
material properties rather than structural performance pre-
diction. Furthermore, there remains limited exploration of
how different types of physical constraints affect model
performance in structural engineering applications. The
embedding of theoretical constraints in PINNs shows poten-
tial for improving prediction with small datasets, but the
optimal selection and weighting of these constraints for
prestressed UHPC beam applications has not been system-
atically investigated.

Inspired by the combined loss function in the PINN, this
study develops a constraint-guided neural network (CGNN)

to predict the flexural capacity of prestressed UHPC beams
with a small dataset. The data is acquired from past experi-
ments in the literature, and the dataset is small due to limited,
highly costly, labor-intensive, and time-consuming tests. The
main constraints in the CGNN include geometry relation-
ships, reinforcement ratio limitations, and the relationship
between tensile and compressive strength. These constraints
stem from observations and empirical insights of the dataset.
The prediction accuracy and advantage of the CGNN are
highlighted through comparison with conventional machine
learning models (BPNN, categorical boosting [CatBoost],
extreme gradient boosting [XGBoost], random forest [RF],
and decision tree [DT]) as well as model equations. The
impact of the constraints on the CGNN prediction is further
discussed. With model interpretability from SHAP (SHapley
Additive exPlanations), a graphical user interface (GUI) is
developed for use.

Machine Learning Overview

Back propagation neural network (BPNN)

BPNN demonstrates excellent predictive performance
among classic machine learning algorithms. In Fig. 1a,
BPNN consists of an input layer, hidden layer, and output
layer.33 Neurons in each layer transmit information through
weighted connections, using the backpropagation algorithm
to update network parameters. BPNN calculates output
through forward propagation, and then adjusts network
weights and biases through backward propagation of
gradients. After training, BPNN forms a nonlinear mapping
model and can be used to fit complex continuous functions.

Figure 1. Architecture of machine learning models

214250023-2 BER Open: Int. J. Bridge Eng., Manage. Res.

BER Open: Int. J. Bridge Eng., Manage. Res., 2025, 2(3): 214250023



During forward propagation, the output of each neuron is
calculated by the activation function as follows:

y = f

(
n∑

i=1

wixi + b

)
(1)

where xi represents input, wi represents weight, b represents
bias term, f is the activation function, n represents the num-
ber of input variables, and y represents the neuron’s output.

CatBoost

In Fig. 1b, CatBoost is a gradient boosting-based ensemble
learning method that specifically optimizes the handling of
categorical features and gradient bias issues.34 Each weak
learner is based on DTs trained through a special ordered
boosting scheme. CatBoost learns the relationship between
input and output data by minimizing an objective function
with regularization. After training, CatBoost forms an effi-
cient and robust additive model and can handle complex
classification or regression problems. The prediction func-
tion at the mth iteration of the model is expressed as

Fm (x) = Fm−1 (x) + αmhm (x) (2)

where Fm (x) represents the model’s predicted value at the
mth iteration, hm (x) represents the prediction value of the
mth tree, and αm is the learning rate.

XGBoost

In Fig. 1c, XGBoost is a gradient boosting tree-based
ensemble learning method that forms a strong learner by
sequentially constructing multiple weak learners.35 Each
weak learner focuses on correcting the residuals of previous
models. XGBoost learns the relationship between input and
output data by minimizing a regularized objective function.
After training, XGBoost forms an efficient additive model
and can handle complex classification or regression prob-
lems. The model’s objective function consists of loss and
regularization terms as follows:

Obj =
n∑

i=1

l
(
yi, ŷi

) +
K∑

k=1

Ω (fk) (3)

where l
(
yi, ŷi

)
represents the loss function, used to measure

the difference between the predicted value ŷi and the true
value yi, Ω (fk) represents the complexity penalty term of
the kth tree, n represents the number of samples, and K
represents the number of trees.

RFs

In Fig. 1d, RF consists of multiple DTs, each constructed
through random sampling of training data and features.36

Each DT is an independently trained classifier or regres-
sor, and results are integrated through voting or averaging.
RF learns the relationship between input and output data
through bagging and random feature selection. After train-
ing, RF forms a powerful ensemble model and can handle

complex classification or regression problems as well. The
final prediction is determined by the ensemble function:

F (x) = 1
N

N∑
i=1

fi (x) (4)

where fi (x) represents the prediction result of the ith DT,
N represents the total number of DTs, and x represents the
input feature vector. For classification problems, the final
result typically uses majority voting; for regression problems,
the average value is taken.

DT

In Fig. 1e, DT consists of a root node, internal nodes, and
leaf nodes.37 Each non-leaf node represents a feature test
condition and connects to other nodes through branches.
DT learns the rule relationship between input and out-
put data through recursive partitioning. After training, DT
forms a decision path from root to leaf and can model
complex classification or regression problems. The splitting
at each node is determined by an information gain function,
defined as

Gain (D, a) = Info (D) −
∑

v

|Dv|
|D| Info (Dv) (5)

where D represents the dataset, a represents the feature, Da

represents the subset of data after splitting by feature a, Info
represents entropy (for classification problems) or variance
(for regression problems), and |D| represents the number of
samples in the dataset.

CGNN

Due to the stagewise DT structure adopted by the Boost
model, the output is typically piecewise constant. This
characteristic makes model interpretation complicated and
enhances the “black box” nature of the model. In contrast,
the BPNN model uses a multilayer perceptron structure
and nonlinear activation functions to achieve continuous
function mapping between input variables and output. How-
ever, due to data limitations, the BPNN model usually has
lower prediction accuracy.38 As shown in Fig. 2, CGNN
is a method that incorporates physical laws as constraints
into neural networks.27 Fig. 2 illustrates the comprehensive
architecture of the CGNN framework: the scatter plot in
the upper left corner depicts the distribution characteristics
of the input dataset, while the colored nodes in the central
region represent the multilayer neural network structure
(blue nodes denote the input layer, yellow and green nodes
correspond to the two hidden layers, respectively, and purple
nodes represent the output layer). The three physical con-
straints (C1 geometric relationship, C2 reinforcement ratio
limitation, and C3 strength correlation) enclosed within the
green rectangular box on the right side are evaluated through
the constraint evaluator (purple circle R) to quantify the
degree of constraint violation. The composite loss function
displayed in the orange box at the bottom integrates data
fitting errors with physics-based constraint losses, thereby
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Figure 2. CGNN architecture

Table 1. Steps of the CGNN for flexural capacity prediction

Flowchart CGNN-based prediction of flexural capacity of UHPC beam

Input: Take eight characteristic parameters of UHPC beams including geometry, material properties, and
reinforcement, as input dataset X
1. Design and construct a multilayer neural network structure as the basic framework of the prediction model
2. Define three physical constraint conditions: C1, C2, and C3

3. In each iteration, first obtain the predicted flexural capacity through the neural network, then calculate the
data loss coupling with the physical constraint loss as the total loss
4. Evaluate whether the prediction results satisfy physical laws to justify the constraint loss for the model
prediction modification
5. Update the neural network parameters using backpropagation algorithm based on the total loss, and repeat
this iteration process until model convergence

achieving an organic unification of data-driven learning and
physics-informed guidance. The entire architecture operates
through forward propagation to obtain predicted values
while simultaneously conducting constraint evaluation, fol-
lowed by backpropagation to concurrently optimize both
prediction accuracy and physical consistency, which consti-
tutes the fundamental innovation of CGNN compared to
conventional neural networks. The model’s total loss func-
tion is shown as follows:

Ltotal = Ldata + λLphysics (6)

where Ldata represents the data-driven loss term, Lphysics rep-
resents the physics-constrained loss term, and λ is the weight
coefficient used to balance the importance of the two types
of losses. Table 1 shows the steps of the CGNN for flexural
capacity prediction.

This study improves the predictive performance of neu-
ral network models by incorporating physical constraints,
specifically including three types of engineering constraints:
(C1) cross-sectional geometric constraint, ensuring that the
beam width does not exceed half of its height; (C2) rein-
forcement ratio constraint, limiting the total ordinary and
prestressed steel reinforcement ratio to not exceed 5%; con-
straints (C1) and (C2) were suggested in GB 50010-201042

for the design of rectangular cross-sections and columns,
respectively; (C3) relationship constraint between UHPC
compressive and tensile strength, ensuring that the tensile
strength is not less than 5% of the compressive strength.
These constraints are integrated into the model’s loss func-
tion through a penalty mechanism, where the model receives
no penalty when the engineering constraints are satisfied,
but a penalty will be applied accordingly if the engineering
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Figure 3. Features distribution of concrete beams

constraints are violated, thereby gradually adjusting model
parameters during training to make predictions more consis-
tent with engineering principles. This constraint mechanism
not only significantly improves the physical reasonable-
ness of model predictions but also enhances the reliability
and applicability of the prediction model in practical
engineering.

Experimental Database

The established database encompasses prestressed
UHPC beams with various cross-sectional configurations
(T-shaped, box-shaped, and rectangular), with the distri-
bution characteristics of the parameters shown in Fig. 3.
The specimens exhibit significant geometric variations, with
cross-sectional widths (b) and heights (h) ranging from
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50 to 300 and 150 to 1300 mm, respectively. Regarding
material properties, the compressive strength (fcu) primarily
ranges from 110 to 200 MPa, tensile strength (ft) ranges
from 5.7 to 14.5 MPa, and steel fiber volume content (V f )
predominantly concentrates between 0.5% and 2%. In terms
of reinforcement design, the longitudinal reinforcement ratio
(ρs) shows a bimodal distribution around 0% and 4.17%,
while the prestressed reinforcement ratio (ρp) mainly varies
between 0% and 3.14%. The experimental flexural capacity
(Mexp) ranges from 23 to 4370 kN·m, with a high data density
in the low value region.

Modeling Parameters and Evaluation

Algorithms parameters

Both data-driven models and the physics informed model
employ 80% of the data for training and the remaining 20%
for testing. The parameters used for different models and
their selection rationale are presented as follows: BPNN:
First hidden layer: 64 neurons; Second hidden layer: 64
neurons; Activation: ReLU; Learning rate: 0.001; Maximum
iterations: 1000; Batch size: 4; and Optimizer: Adam. The
choice of 64 neurons per hidden layer follows the empirical
rule of setting hidden layer size to 2–16 times the number
of input features (8 in this case) to balance model complex-
ity and training efficiency. The ReLU activation function
is selected for its computational efficiency and ability to
mitigate vanishing gradient problems. The learning rate of
0.001 is a standard setting for neural network training that
ensures stable convergence. The small batch size (4) is suit-
able for small datasets and helps improve the stochasticity
of gradient estimation. CatBoost: Number of iterations:
1000; Learning rate: 0.1; Maximum tree depth: 6; L2 reg-
ularization term: 3.0; Leaf estimation method: Gradient;
Minimum data in leaf: 1; Bootstrap type: Bayesian; and
Leaf weight update step: 0.03. The 1000 iterations ensure
sufficient model convergence, while the learning rate of 0.1
balances training speed and stability. Tree depth is limited
to 6 to prevent overfitting, and L2 regularization enhances
generalization capability. Bayesian bootstrap is particularly
suitable for small datasets as it provides better uncertainty
estimation. XGBoost: Number of estimators: 1000; Learning
rate: 0.1; Maximum tree depth: 6; Subsample ratio: 1.0;
Minimum child weight: 1; Minimum split loss: 0; Column
sample by tree: 1; and Tree method: exact. These parameters
follow XGBoost best practices, with the combination of
1000 estimators and a 0.1 learning rate performing well in
most regression tasks. The tree depth of 6 captures complex
patterns while avoiding overfitting. RF : Number of trees:
1000; Maximum tree depth: 6; Minimum samples split: 2;
Minimum samples leaf: 1; Split criterion: Mean Squared
Error (MSE); Bootstrap: True; and Max features per leaf:
n features. The 1000 trees ensure ensemble stability and
accuracy, while depth limitation prevents individual tree
overfitting. Bootstrap sampling is a core feature of RFs that
enhances model generalization. DT : Maximum tree depth:
6; Min samples split: 2; Min samples leaf: 1; Split criterion:

MSE; Max features: all. The depth limitation of 6 is crucial
for preventing DT overfitting, especially on small datasets.
CGNN: First hidden layer: 64 neurons; Second hidden layer:
64 neurons; Activation: tanh; Loss function: MSE + 0.1 ×
physics loss; Optimizer: Adam; Learning rate: 0.001; Batch
size: 8; Epochs: 1000; Physical constraints: (C1) Geometry
relationship; (C2) Reinforcement ratio limitation; and (C3)
Strength relationship. The tanh activation function is cho-
sen because its output range [−1, 1] helps stabilize physics
constraint calculations. The physics loss weight of 0.1 was
determined through grid search to achieve optimal balance
between data fitting and physical consistency. The relatively
larger batch size (8) facilitates stable computation of physics
constraints.

All hyperparameter selections are based on preliminary
experiments and best practices from the literature, and were
optimized through cross-validation to ensure optimal per-
formance on the given dataset.

Performance metrics

To comprehensively evaluate the performance of the CGNN
model in predicting the flexural bearing capacity of pre-
stressed UHPC beams, this study employs six statistical
indicators for quantitative analysis. These indicators include
mean ratio (ξm), coefficient of variation (ξcov), mean relative
error (εs), coefficient of determination (R2), maximum ratio
(ξMax), and minimum ratio (ξMin). These evaluation metrics
reflect the model’s predictive performance from different
perspectives. Among them, the mean ratio and coefficient of
determination mainly reflect the overall prediction accuracy
of the model; ideally, the mean ratio is close to 1 and the
coefficient of determination is close to 1. The coefficient
of variation and mean relative error reflects the dispersion
degree of the prediction results, with lower values indicating
more stable predictions. The maximum and minimum ratios
reflect the extreme cases of prediction results, which can be
used to evaluate the reliability range of model predictions.
The specific calculation formulas for each indicator are
detailed in Eqs. (7)–(12):

ξm = 1
n

n∑
i=1

Mpred,i

Mexp,i
(7)

ξcov =

√
1

n−1

n∑
i=1

(
Mpred,i
Mexp,i

− ξm

)2

ξm
(8)

εs = 1
n

n∑
i=1

|Mpred,i − Mexp,i

Mexp,i
| × 100% (9)

R2 = 1 −

n∑
i=1

(
Mexp,i − Mpred,i

)2

n∑
i=1

(
Mexp,i − Mexp

)2
(10)

ξMax = max
(

Mpred,i

Mexp,i

)
(11)

ξMin = min
(

Mpred,i

Mexp,i

)
(12)
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where n is the number of samples, Mpred,i and Mexp,i represent
the predicted flexural capacity and experimental flexural
capacity of the ith sample, respectively, and Mexp is the mean
value of experimental results.

Results and Discussion

Performance of the model

Fig. 4 shows a direct comparison of the observed and
predicted bending capacity by different models. From the

performance comparison in Fig. 5, CGNN with physical
constraints shows significant improvements in all perfor-
mance metrics compared to traditional BPNN. On the test
set, CGNN achieves an R2 of 0.994, while BPNN only
reaches 0.906, representing an improvement of nearly 10%.
In terms of prediction error, CGNN’s εs is 8.57%, while
BPNN’s εs is as high as 20.96%, showing a reduction in error
of approximately 59%.

Compared to other machine learning algorithms, CGNN
also demonstrates significant advantages. Although Cat-
Boost, XGBoost, and DT all achieve high R2 values (all

Figure 4. A direct comparison of the observed and predicted bending capacity (kN) by different models. (a) BPNN, (b)
CatBoost, (c) DT, (d) CGGN, (e) RF, and (f) XGBoost
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Figure 5. Performance indicator values of each prediction model: (a) ξm, (b) ξcov, (c) εs(%), (d) R2, (e) ξmax, and (e) ξmin

above 0.999) on the training set, their performance on
the test set is inferior to CGNN: CatBoost’s R2 is 0.773,
XGBoost’s is 0.887, and DT’s is 0.903. Particularly in terms
of prediction stability, CGNN’s coefficient of variation
(ξcov = 0.114) significantly outperforms other algorithms
(RF’s 0.557, CatBoost’s 0.291, and DT’s 0.342). RF shows

the most unstable performance on the test set, with an R2

of only 0.441 and a large maximum prediction deviation
(ξMax = 3.113).

In Fig. 6, different colors represent different models’
mean relative error (εs) values, where darker colors indi-
cate higher εs values and lighter colors indicate lower εs
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Figure 6. Prediction performance comparison of machine learning models. (a) Train and (b) test

Table 2. Comparison between CGNN and conventional equations

Models ξm ξcov εs R2 ξMax ξMin

JGJ/T 465-201943 0.86 0.21 14 0.94 1.16 0.35
JTG 3362-201844 1.17 0.17 17 0.99 1.73 0.85
NF P18-710-2016 1.03 0.13 3 0.98 1.36 0.79
CGNN—Train 1.01 0.18 9.93 0.99 1.54 0.52
CGNN—Test 1.00 0.11 8.57 0.99 1.24 0.79

Note: The test set results are the primary evaluation criterion for the model’s generalization ability; the training set results are used for
diagnosing overfitting and for fair comparison with conventional equations.

values. Additionally, points closer to the center indicate
smaller coefficient of variation (ξcov) values, while points
closer to the horizontal axis represent higher coefficient
of determination (R2) values. On the training set, CGNN,
CatBoost, DT, and XGBoost achieved the highest R2 (close
to 1) and small coefficient of variation errors (close to 0),
while maintaining relatively low mean relative errors. RF
performed second best, maintaining a small coefficient of
variation but slightly lower R2. BPNN performed relatively
poorly, showing the highest coefficient of variation and mean
relative error. During the test set validation phase, CGNN
demonstrated significant advantages, achieving optimal lev-
els in all three evaluation metrics, that is, a minimal decline
in R2, and improvements both in coefficient of variation
and mean relative error. XGBoost ranked second; BPNN,
CatBoost, and DT showed more significant performance
degradation, while RF performed worst on the test set, with
notable deterioration in all three evaluation metrics. CGNN
maintained consistently low error levels on both training and
test datasets, demonstrating excellent generalization capa-
bility, while all other models showed varying degrees of
performance degradation from training to testing.

Performance comparison with conventional
model

Through comparative analysis with the results computed
from existing equations in the standards, the proposed
CGNN model also demonstrates excellent predictive per-
formance as evidenced in Table 2. The mean ratio (ξm) of
the model on training and test sets are 1.01 and 1.00,
respectively, very close to the ideal value of 1.0, outper-
forming JGJ/T 465-2019 (0.86) and JTG 3362-2018 (1.17),
and comparable to NF P18-710-2016 (1.03). In terms of
coefficient of variation (ξcov), the CGNN model achieves
0.18 and 0.11 for training and test sets, respectively, with
the test set performance superior to JGJ/T 465-2019 (0.21)
and JTG 3362-2018 (0.17), and comparable to NF P18-710-
2016 (0.13), indicating good prediction stability. Regarding
prediction range, the model’s predictions show reasonable
distribution, with ranges of 0.52–1.55 and 0.80–1.24 for the
training and test sets, respectively, which are more mod-
erate compared to JGJ/T 465-2019 (0.35–1.16) and JTG
3362-2018 (0.85–1.73). The CGNN model achieves R2 val-
ues of 0.999 and 0.994 on the training and test sets, with
mean relative errors (εs) of 9.93% and 8.58%, outperforming
JGJ/T 465-2019 (14%) and JTG 3362-2018 (17%), though
slightly higher than NF P18-710-2016 (3%). These results
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Figure 7. Comparison of training and testing errors of different model configurations

Figure 8. SHAP summary plot for CGNN

thoroughly demonstrate that the proposed CGNN model
performs well in prediction accuracy, stability, and reliability,
making it an effective supplement and alternative to existing
equations.

CGNN constraints discussion

The three physical constraints are decomposed in this sec-
tion to discuss their individual and combined impact on
the CGNN model performance, and their training and
testing errors are visualized and compared in Fig. 7. The
combination of C1 and C2 demonstrates high prediction
performance and stability, with a testing error as low as
7.07%. In contrast, the models with a single constraint show
inferior performance, particularly when C3 is tested alone,
resulting in a test error of up to 23.86%. Although the
model incorporating all three constraints does not have the
best performance, it exhibits good generalization ability with
a small difference between training error (9.93%) and test

error (8.57%). These experimental results reveal that the
selection of physical constraints influences CGNN model
performance, and that an appropriate constraint combina-
tion enhances both prediction accuracy and generalization
ability. Despite the slightly superior performance of the
dual-constraint condition, this study ultimately adopted the
three-constraint combination, considering the completeness
of the physical problem and model rationality. This decision
was made because the three constraints represent different
physical characteristics of the problem, and the complete
constraints better ensure consistency between model predic-
tion and actual physical laws, while the test error of 8.57%
remains within an acceptable range.

Model explainability

Based on previous model evaluations, the CGNN algo-
rithm demonstrated excellent predictive performance on
both training and test sets. Therefore, CGNN was selected
for model interpretability analysis using the game theory-
based method—SHAP. Fig. 8 shows the SHAP summary
plot, where the horizontal axis represents SHAP values
(indicating the feature’s impact on prediction results, with
negative values decreasing predictions and positive values
increasing predictions), while the vertical axis lists all fea-
tures ordered by importance from high to low. Each point
represents a sample, with colors ranging from blue to red
indicating low to high feature values, and the horizontal
position showing the impact of that sample’s feature on the
prediction result.

In terms of importance ranking, h, ρp, and T-shape are
the most influential features, followed by b and f cu. In
contrast, box shape and fiber content have the least impact
on predictions. h shows the widest distribution of SHAP
values (−1.5 to 2), with color distribution indicating that
larger heights (red points) tend to have stronger positive
impacts. The SHAP values of ρp range from −2.5 to 0.
As the reinforcement ratio increases, its negative impact on
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Figure 9. SHAP-based sensitivity analysis

the model output gradually weakens, showing an upward
trend. T-shape mainly shows positive influence, concen-
trated between 0 and 1. Both b and f cu demonstrate moderate
impacts with relatively concentrated SHAP value distribu-
tions. Rectangle has relatively minor influences, and box
shape shows slight negative impacts. The lowest-ranked fea-
tures—f t and Vf —have minimal impact, with their SHAP

values clustered near zero, indicating their limited roles in
model predictions.

The sensitivity relationships between various features
and predictions were visualized through SHAP dependence
plots, as shown in Fig. 9. The horizontal axis represents
the actual parameter values, while the SHAP values on
the vertical axis reflect the contribution of each parameter
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to the prediction results (positive values indicate enhance-
ment effects, negative values indicate weakening effects). The
color of the scatter points reflects the intensity of other
features. From Fig. 9: h shows the strongest positive corre-
lation, with the maximum slope especially in the range of
200–600 mm, indicating that increasing height is the most
effective for capacity improvement in this range, which aligns
with findings by Shafieifar et al.25; b shows a rapid increase in
SHAP values in the range of 50–150 mm before leveling off,
suggesting limited benefits from increasing width beyond
a certain value; f cu exhibits a linear positive correlation,
with SHAP values transitioning continuously from negative
to positive as values increase, consistent with Yang and
Fang’s39 research on the flexural performance of prestressed
UHPC beams; f t shows significant fluctuations in the 6–
8 MPa range and demonstrates negative effects beyond 10
MPa; Vf exhibits distinct non-monotonic characteristics in
the range of 0.5%–2.5%, with an optimal fiber content of
1.5%, corroborating Zhang et al.’s40 findings on fiber volume
effects on UHPC beam flexural hardening behavior; both
ρs and ρp show negative effects at low reinforcement ratios,
gradually improving as ratios exceed certain thresholds, a
phenomenon also verified in Feng et al.’s39 study on UHPC
beam flexural behavior under varying reinforcement ratios;
the influence of cross-sectional shape shows obvious discrete
characteristics, with T-shape having higher SHAP values
than rectangle, suggesting that T-shape might be the optimal
choice in this structural system.

These SHAP-based sensitivity analysis results reveal the
linear and nonlinear characteristics and degrees of various
design parameters’ impacts on structural capacity. These
findings provide guidance for optimizing structural design
and serve as a basis for further improving the CGNN model.
Given the limitation of the experimental data, this machine
learning-based analysis method demonstrates good general-
izability and practical value.

GUI

The primary audience for this CGNN model comprises
practicing engineers with limited expertise in PINN method-
ologies. Unlike traditional mechanical calculation methods,
the CGNN model possesses complexities that deter UHPC
designers from utilizing it. To address this issue, a GUI was
developed internally using Python, aimed at providing a
user-friendly interface for engineering professionals.

Fig. 10 shows the intuitive design of the GUI, which
is freely available to all users. The GUI (accessible
at https://github.com/TTTANDDD/PINN-Based-Flexural-
Prediction-of-PS-UHPC-Beams/tags) prioritizes optimal
user experience and employs a concise input interface for
predicting the flexural capacity of prestressed UHPC beams.
It simplifies the process for engineers to access predictive
results by allowing input of beam parameters and utiliz-
ing a pre-trained CGNN model for predictions. Beyond its
predictive capabilities, the GUI offers a resource-efficient
alternative to traditional experimental testing. It provides
rapid and approximate preliminary estimates, resulting in

significant savings in financial resources, specimen prepara-
tion, time, and labor. Additionally, it serves as a valuable
resource for those interested in flexural capacity data of
prestressed UHPC beams, supporting detailed research
endeavors.

Figure 10. Graphical user interface

To utilize this GUI toolbox, users need only input relevant
details. Once these details are entered, they can click the
“Predict” button. The estimated flexural capacity is then
displayed, providing a user-friendly and efficient prediction
interface. This streamlined process ensures that even engi-
neers with limited CGNN expertise can easily use the GUI
to make accurate predictions.

Model limitations and future perspectives

Although the CGNN model demonstrates excellent per-
formance in predicting the flexural capacity of prestressed
UHPC beams, certain limitations exist and future improve-
ments can be pursued. First, the training dataset is relatively
small and primarily derived from laboratory conditions,
which may not fully capture the diverse scenarios encoun-
tered in actual engineering applications; thus, the dataset
can be expanded by incorporating more experimental data
and engineering cases to enhance the model’s generalization
capability. Second, the model only incorporates three basic
physical constraints, failing to fully describe the complex
mechanical behavior of prestressed UHPC beams, and the
selection of constraint weights remains largely empirical;
therefore, additional physical constraints can be introduced,
such as temperature effects, and more scientific constraint
weight optimization methods can be developed to strengthen
the model’s theoretical foundation. Additionally, the model’s
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applicability is restricted to the parameter ranges covered
by the dataset, and the reliability of predictions beyond
these ranges requires further validation. Finally, consider-
ing these limitations may affect the model’s effectiveness in
certain specialized engineering scenarios, it is recommended
to develop more comprehensive uncertainty quantification
methods to provide more reliable references for engineering
design.

Conclusion

This study develops a CGNN method for flexural capacity
prediction of prestressed UHPC beams with a small dataset.
The physical constraints include geometrical relationship,
reinforcement ratio limitation, and strength relationship,
and the effectiveness of the constraints is confirmed from
the decomposition discussion. The CGNN shows the best
prediction performance in both training and testing datasets
and solves the performance inconsistency (i.e., high accuracy
in the training dataset but low accuracy in the testing dataset)
observed in other machine learning models with the small
datasets. Compared to BPNN, the testing mean relative error
and R2 improved by 59% and 10%, respectively; compared
to the second ranked model (i.e., XGBoost), these values
are 17.5% and 10.7%, while they are comparable with the
best conventional equation from NF P18-710-2016. The
interpretability from SHAP highlights the significance of
UHPC beam height and prestressed reinforcement ratio for
structural analysis and design.
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