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ABSTRACT. The objective of this research is
to develop an efficient and broadly applica-
ble data-driven model capable of determining
the stress-strain curve of confined concrete.
Therefore, experimental data of 115 specimens
of reinforced concrete columns with square and
circular cross-sections were collected from previ-
ous investigations in which uniaxial compression
tests were performed. Using this data, Random
Forest (RF), Adaptive Boosting (AdaBoost), and
Extreme Gradient Boosting (XGBoost) models
were evaluated to define the most accurate model.
Subsequently, the final selected model (based on
XGBoost) was optimized, achieving R?> values
of 0.97 for the peak stress of confined concrete
(fco), 0.93 for the axial strain at peak confined
stress (g¢¢), and 0.81 and 0.73 for the axial strains
at which stress drops to 85 % (ess) and 50 % (eso),
respectively, when evaluated with the testing
data. In addition, the SHapley Additive exPlana-
tions (SHAP) technique was used to explain and
determine the importance of different param-
eters in the outcome of the predictive model
Based on the predictions of the XGBoost model,
a proposed stress-strain curve was formulated.
Finally, a comparison of f, &, and the stress-
strain curve was performed taking into account
the experimental results, the previous models,
and the proposed model. The comparison results
indicate that the proposed model shows a closer
agreement with the experimental data.

Index Terms Confined concrete, ensemble models,
machine learning (ML), stress-strain curve.

Thematic Axes Construction processes and new

technologies.
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Cross-sectional area of the confined
concrete core.

Total cross-sectional area.

Area between curves.

Dimension of column cross-section.
Dimension of core cross-section.
Concrete cover thickness.

Configuration of transverse
reinforcement.

Diameter of longitudinal
reinforcement.

Diameter of transverse
reinforcement.

Percentage of predictions within
+x% of the experimental value.

Elastic modulus of the concrete.

Axial strain at which stress drops to
50% of fc.

Axial strain at which stress drops to
85% of fc.

Axial strain at peak confined stress.
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fe Compressive strength of unconfined
concrete.

fec Peak stress of confined concrete.

f1 Yield stress of the longitudinal steel.

ft Yield strength of the transverse
steel.

FD Fréchet distance.

MARD  Mean absolute relative deviation.

R? Coefficient of determination.

RMSE Root mean square error.

e Volumetric ratio of the longitudinal
steel in the cross-section.

Ps Volumetric ratio of the transverse
steel in the concrete core.

N Distance between perimeter longitu-
dinal reinforcements.

St Spacing of transverse reinforce-
ments (equivalent to s).

I. INTRODUCTION

COLUMNS are prone to sustaining inelastic defor-
mations during earthquakes. As a mitigation
measure, transverse reinforcement is provided in
these structural elements to confine the concrete
core, thereby enhancing its inelastic deformation
capacity without any reduction in strength.

Given the benefits of confinement, numerous
investigations have focused on analyzing the stress-
strain curve of confined concrete [1], [2], and [3],
to gain a deeper understanding of the material’s
structural behavior. However, the main limitation
is that these studies propose models that are only
moderately useful for very specific specimens, i.e.,
their range of application is reduced.

The objective of this research is to develop
an efficient and general data-driven model to
determine the stress-strain curve of confined
concrete using ensemble machine learning (ML)
techniques. In contrast to mechanical models, the
proposed model is applicable to a wider range of
cases, reduces error propagation resulting from
model assumptions, and provides more infor-
mation about the stress-strain curve using fewer
input data. The development of the model is

based on ML, which requires a training process
using ensemble models within the framework of
supervised learning. The structure of this paper
is divided into four sections: model implementa-
tion and results, explainability of the final model,
proposal of the stress-strain curve, and compar-
ison with previous models.

II. BACKGROUND

A. Confined Concrete

The confinement of the specimens is achieved
by incorporating transverse reinforcement. This
type of confinement is referred to as passive as
it becomes effective only when the transverse
deformations become significant due to progres-
sive internal cracking. The characteristics of the
transverse steel vary according to the shape of
the specimen. For circular cross-sections, spiral
or circular reinforcement is used, whereas for
quadrangular cross-sections, quadrangular rein-
forcement is used. The benefits of confinement
include an increase in maximum stress and
improved ductility of the elements [4]. The latter
benefit is of great importance for seismic design
as greater ductility enables structural elements to
withstand higher seismic demands.

B. Ensemble ML Techniques

Predicting the stress-strain curve of reinforced
concrete constitutes a regression problem within
the category of supervised ML algorithms. Among
these supervised algorithms are weak learners and
ensemble methods, the latter combining multiple
weak learners to enhance the accuracy and effi-
ciency of the predictions [5]. For this problem,
three ensemble models were selected, Random
Forest (RF), Adaptive Boosting (AdaBoost), and
Extreme Gradient Boosting (XGBoost).

The RF model is based on the bagging method,
which employs simple parallel algorithms. In this
approach, decision trees are trained concurrently,
and the models final prediction is obtained as
the arithmetic mean of the individual submodel
outputs [6]. In addition, the AdaBoost and
XGBoost models are based on the boosting
method, using simple serial algorithms. These
models generate new predictors that iteratively
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correct the errors of their predecessors. However,
the models differ in that AdaBoost adjusts the
weights at each iteration, giving greater emphasis
to erroneous predictions [7], whereas XGBoost
adjusts the new predictor to the residual errors
made by the previous predictor [8].

C. Performance Metrics

To evaluate the predictions of the outputs,
coefficient of determination (R?), root mean
square error (RMSE), mean absolute relative
deviation (MARD), and Dyy metrics were imple-
mented. This last metric represents the fraction of
the dataset for which the relative difference does
not exceed a predefined threshold; in this study,
a threshold of 10 % was considered [9], [10]. The
mathematical expressions for said metrics are
shown below:

Where yj is the value predicted by the model,
yj is the real value, y is the average value of the
samples, N is the number of samples, countif is a
function that counts the number of data points that
satisfy the condition in brackets, and abs is a func-
tion that takes the absolute value of its argument.

In addition, two metrics were used to compare
the proposed and previous models against the
experimental curve: the Area between Curves
(AC), which estimates the total area between
curves using quadrilaterals, and Fréchet Distance
(FD), which quantifies the minimum continuous
distance required to traverse both curves [10].

Framework for the development and evaluation of a predictive model.
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III. METHODOLOGY

In this research, a framework for developing
and evaluating a predictive model is proposed, as
illustrated in Fig. 1. The process began with the
collection of the data set from previous investi-
gations in which uniaxial compression tests were
performed. This was followed by feature selec-
tion, a pre-training stage, and the splitting of the
data set into training and testing. Subsequently,
hyperparameter  optimization and K-fold
cross-validation (CV) were carried out to select the
best performing model. Once the final model was
obtained, its predictive explainability was eval-
uated, and a stress-strain curve was formulated
based on its outputs. Finally, a comparison was
made with previous models.
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Fig. 2 Details of the specimens collected. (a)
Circular Section. (b) Square Section.

Fig. 3  Configuration of transverse steel (cfg).

TABLE I
STATISTICAL INFORMATION OF INPUT FEATURES FROM THE DATA SET

Input 1 Input 2 Input 3 Input 4 Input 5 Input 6
fe a/a, di/si psfilfe pfilfe St

Mean 78.4 0.82 1234.38 16.22 10.6 69.7

STD 33.83 0.08 624.08 14.31 6.21 40.97
Min. 18.5 0.72 0 1.26 0 20
Max. 129.17 0.96 3062.4 79.88 27.65 300

IV. MODEL IMPLEMENTATION AND
RESULTS

A. Dataset and Selection of Features

The dataset had a total of 115 specimens. The
data were extracted from [2], [3], [11], [12], [13],
and [14], where they performed uniaxial compres-
sion tests on confined concrete specimens. This
data set included specimens of normal and high-
strength concrete and of square and circular
cross-sections, as shown in Fig. 2.

Based on the information collected and the
typical design parameters, the final features of the
proposed model were defined: six inputs and four
outputs. Table I and Table II show statistical infor-
mation of the features.

It should be noted that in addition to the
aforementioned inputs, the categorical variable
input cfg, representing the configuration of the
transverse reinforcement, was considered. Within
the selected dataset, eight types of cfg were
included, as shown in Fig. 3.

B. Model Training and Selection

As part of the pre-training stage, the output
variables were transformed into logarithmic space
to improve data distribution. Feature scaling was
also applied to reduce the dispersion of input
values. The dataset was randomly partitioned,
allocating 70 % for training and 30 % for testing.
During the training stage, the three ensemble
models—RF, AdaBoost, and XGBoost—were tuned.
To prevent overfitting, the K-fold CV technique
with five folds was used.

Table III summarizes the performance
metrics for each output. Considering all metrics,
it is evident that the XGBoost model achieves
better results for outputs f and gs, whereas RF
performs best for €s. In the case of output &,
similar results are obtained. In such a way, the
RF and XGBoost models present similar global
optimal behavior, the latter being slightly better.
For the final choice, the XGBoost model was
chosen because, in addition to the aforementioned
advantages, its greater complexity enables it to
handle unbalanced data and categorical variables.
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TABLE II
STATISTICAL INFORMATION OF OUTPUT FEATURES FROM THE DATA SET

output T (fee) Output 2 (&) Output 3 (ggs) Output 4 (€s0)
Mean 84.11 0.0051 0.0091 0.0165
STD 31.48 0.0038 0.0077 0.0119
Min. 22.28 0.0025 0.0031 0.0031
Max 150 0.0281 0.0564 0.0603
TABLE III
RESULTS OF CROSS-VALIDATION (CV)
Output Metrics RF AdaBoost XGBoost
R? 0.93 0.92 0.92
D109 71.25 68.75 76.25
fe MARD 0.071 0.076 0.072
RMSE 8.2186 8.8122 8.6559
R? 0.51 05 0.47
D10% 35 23.75 23.75
fec MARD 0.25 0.269 0.239
RMSE 0.0022 0.0022 0.0021
R? 0.6 0.33 0.57
D10% 38.75 23.75 43.75
fes MARD 0.209 0.293 0.21
RMSE 0.0038 0.0044 0.0036
R? 0.73 0.64 0.61
D10% 23.75 175 18.75
£s0 MARD 0.314 0.385 0.309
RMSE 0.0056 0.0065 0.0056

C. Optimization and Validation of the Final Model The optimized model was used to generate
predictions for both the training and testing data.

To optimize the hyperparameters of the The graphical results are presented in Fig. 4, and

XGBoost model, the K-fold CV search technique
was used. The grid search was conducted using
K = 5 for CV. The optimized parameters were:
learning_rate[0.1,0.15,0.2,0.25,0.3], max_depth
[2, 3, 4, 5, 6, 7, 8], n_estimators [20, 30, 40, 50,
60, 70, 80, 90, 100, 110, 120]. The results show
that the combination of hyperparameters that
optimize the predictions is given when learning
rate = 0.2, max_depth = 5, n_estimators = 50.

the corresponding metrics are summarized in
Table IV. Considering the testing data as unseen
by the model, the performance metrics decreased
in the following order: f¢., €, €ss, and €. In
terms of R? all four outputs exceeded 0.7, with
values of 0.97 for f ¢, 0.93 for €., 0.81 for &, and
0.73 for €. Thus, the optimized model demon-
strates a satisfactory level of predictive accuracy
when applied to unseen data.
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Fig. 4 XGBoost model prediction for training and testing data.

TABLE IV
METRICS OF THE XGBOOST MODEL FOR TRAINING AND TESTING DATA

Data Metrics

Training R? 1 1 1 1
D70% 100 98.75 97.50 98.75
MARD 0.005 0.016 0.015 0.014
RMSE 0.7534 0.0001 0.0003 0.0005

Testing R? 0.97 0.93 0.81 0.73
D10% 82.86 37.14 31.43 28.57
MARD 0.054 0.158 0.229 0.224
RMSE 4.5349 0.0009 0.0028 0.0055

V. EXPLAINABILITY OF THE FINAL MODEL

The SHapley Additive exPlanations (SHAP)
algorithm was used as the primary approach
to explain the model. This algorithm is based
on game theory to interpret the behavior of ML
models [15]. The final model was explained using
two complementary approaches: first, through the
SHAP Summary Plot, SHAP Dependence Plot, and

SHAP Interaction Values; and second, through the
SHAP Force Plot.

A. Global Explainability

For the global explanation, the SHAP Summary
Plot was used as it integrates both the importance
of the input features and their corresponding
effects on the model outputs. The results are
presented in Fig. 5.
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For the output f, it is observed that f and
psft/fc have the greatest impact, whereas for €
the inputs with the greatest impact are pgft/f,
and pcfi/fc. In both cases, the mentioned inputs
have a positive effect on the outputs.

In the case of the outputs €gs and Es, it is
observed that the inputs psfi/f; and cfg have
greater impact and a positive effect. It should be
emphasized that in the case of input cfg the trend
does not refer to a numerical value but to the
types of cross-sectional configurations shown in
Fig. 3. In addition, it is observed that inputs such
as ac / a¢ and s¢ have a negative effect since as their
values increase the outputs decrease.

Additionally, SHAP Dependence Plot and
Interaction Values were employed to relate the
output parameters f. and €. to the transverse
strengthening index psf¢/fc and the interaction
values. A clear interaction between s and pgft/f
was evidenced, as shown in Fig. 6.

Based on these results, it is inferred that as the
values of psft/f increase they cause greater impact
on f¢c and €. In that sense, it is confirmed that
psft/fc has a greater impact on €, with an approxi-
mate maximum SHAP value of 1.5, while for f the
approximate maximum SHAP value is 0.1.

Feature value

Feature value
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Regarding the interaction, it is evident that as
psft/fc decreases, the value of s; increases. In such
a way, it is determined that the transverse rein-
forcement ratio is influenced by the transverse
reinforcement spacing since as the transverse
reinforcement spacing increases the amount
of transverse reinforcement in the specimen
decreases.

B. Local Explainability

For the local explanation, the SHAP Force Plots
were applied for the testing data specimens CS23
and CS16, as shown in Fig. 7 and Fig. 8, respectively.
In this manner, we intend to analyze individually
the behavior of the inputs over the outputs.

For the output f, it is observed that higher
values of f. is high there is a positive impact,
whereas lower values produce a negative impact.
In both cases, for € it is observed that p:fi/f,
impacts positively, which evidences the impor-
tance of longitudinal reinforcement at the peak
point. Finally, in the case of the remaining outputs,
the importance of transverse reinforcement is
confirmed, as indicated by the positive impact of
psft/fc and the negative impact of s;.
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VI. PROPOSAL OF STRESS-STRAIN CURVE

Based on the outputs of the XGBoost model, a
two-branch stress-strain curve was proposed.

A. Ascending Branch

For the ascending branch, the coordinates of
the curve peak (€.¢ and f.) of the XGBoost model,
and the slopes at the beginning (elastic modulus E)
and end (zero) of this section were considered. It
should be noted that the formulation of Mander (5)
was used to calculate E.

E. =5000,/fcMPa (5)

Previous models indicate that a parabolic func-
tion adequately fits the experimental ascending

curve. However, the Fafitis and Shah (6) approach
was adopted for this proposal because it allows
the use of all the available information and is not
limited to only three data.

fC = Clé'cn + Czsc + C3 (6)

Thus, the formulation (7) was obtained for the
ascending branch of the curve.

1/¢ n-1
perefi ()] @
Where:

ECECC

n=———— (8
Ecgcc - fcc

~N

(6]
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TABLE V

COMPARISON OF THE MODELS FOR THE OUTPUTS fcc AND E¢¢

Output Metrics Mander Hoshikuma Razvi XGBoost

R? 0.19 0.68 0.77 0.99

D10% 23.75 425 4875 96.25

fec MARD 0.187 0.126 0.1 0.019
RMSE 21.8265 13.8337 11.6435 27134

R? 0.54 0.16 0.32 0.93

D10% 27.5 20 20 81.25

Ecc MARD 0.224 0.233 0.204 0.064
RMSE 0.0012 0.0016 0.0014 0.0005

B. Falling Branch

For the falling branch, the coordinates of the
curve peak (€. and f¢) predicted by the XGBoost
model, along with two points corresponding to
85% and 50% of f.. were considered. Like the
Hoshikuma model, the downward portion of the
curve was idealized as a linear function (9).

y—y1=mx—x) ©)

However, this proposal differs in that an
average slope (m¢) was calculated between the
slope from the peak point to the point at 85% of
fec (mp), and the peak point and the point at 50%
of f¢c (mp). Thus, (10) was obtained for the down-
ward portion of the curve.

fe=mc(ec —ecc) + fec (10)

VII. COMPARISON WITH PREVIOUS
MODELS

In this section, two types of comparison were
conducted between the experimental results,
the previous models, and the proposed XGBoost
model. The types of comparison were specific
values f and €, and the stress-strain curve. It
should be noted that among the previous models,
Razvis model was excluded from this latter
comparison because its approach to the curve is
identical to that of Mander.

A. Comparison of f¢c and E¢c

To ensure a fair comparison, only specimens
within the application range of the previous models
by Mander, Hoshikuma, and Razvi were considered.
Additionally, specimens exhibiting atypical behavior,
particularly those with unusually high strain values,
were excluded. As a result, the comparison was
carried out using 80 specimens, as shown in Fig. 9
and Fig. 10. It should be noted that the vertical axis
represents the experimental results from previous
investigations, while the horizontal axis shows the
predictions from both the mechanical models and
the proposed model. The corresponding perfor-
mance metrics are presented in Table V.

In general, the results of f are evidently more
accurate than the results of €, across all models.
Within the mechanical models, it is observed
that predictions of f.. by Razvi show better accu-
racy; while predictions of € by Mander provide
a better fit. In the case of the XGBoost model,
the predictions exhibit superior performance
compared to all other models, with R* and D%
values greater than 0.9 and 80, respectively.

Regarding Fig. 10, it should be noted that the
mechanical models exhibit increasing dispersion as
the strain level rises. This is due to mathematical
simplifications and idealizations that do not accu-
rately represent the actual behavior of confined
concrete at high-strain levels. In contrast, the
proposed model shows reduced dispersion, which
is attributed to the inclusion of a sufficient number
of high-strain specimens in the training dataset.
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B. Comparison of Stress-Strain Curve

For the curve comparison, four specimens,
included in the testing dataset, were consid-
ered. Among the evaluated models, Mander’s
model employs a single expression, whereas
Hoshikuma’s model and the proposed model use
two expressions to represent the complete stress-
strain curve. The results of the curve modeling are
shown in Fig. 11. For an accurate interpretation of
the curves, the AC and FD metrics were used. The
corresponding results are shown in Table VI.

Among the previous models, it is evident that
Hoshikuma’s model provides a closer approxi-
mation to the experimental curve for specimens
SF1P3Y3, CS12, and SS3; whereas Mander’s model
performs better for specimen CC21, as Hoshikuma’s
approach overestimates the peak-point coordi-
nates. For the proposed model, a strong graphical
agreement with the experimental curve is observed
when compared with the previous models, as
evidenced by the low AC and FD values obtained
for all four specimens.

The major differences between the models
originate in the descending branch of the curve,
where Mander’s model exhibits a notably shallow

0.000 0.002 0.004

Strain

0.006 0.008

Comparison of the stress-strain curve models.

slope compared to the experimental data, whereas
Hoshikuma’s model and the proposed model
display behavior more closely aligned with the
actual response. This behavior is attributed to the
fact that Mander’s model defines the descending
branch without incorporating any reference
points from that portion of the curve. Although
both the Hoshikuma model and the proposed
model define a linear function for the descending
branch, the proposed model offers an advantage
because its slope is derived from two points on
the descending portion by averaging the corre-
sponding local slopes.

VIII.  CONCLUSIONS

This research proposed the development of an
ML model to predict f¢, €¢, s and €sp of the
stress-strain curve, and subsequently to model
the entire curve using (7) and (10). To develop
the model, a total of 115 confined concrete
specimens were collected and used to train the
RF, AdaBoost, and XGBoost models. Based on
the CV results, XGBoost was selected as the
final model. Subsequently, the final model was
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TABLE VI

STRESS-STRAIN CURVE COMPARISON METRICS

Specimen  Metrics Mander Hoshikuma Proposal XGBoost
SF1P3Y3 FD 13.94 4.51 6.78
AC 0.11 0.06 0.05
CS12 FD 22.2 17 8.71
AC 0.2 0.15 0.08
SS3 FD 9.8 4.29 2.52
AC 0.06 0.05 0.02
CC21 FD 18.39 31.26 4.85
AC 0.09 0.14 0.09

optimized by grid search. In addition, SHAP was
used to provide both global and local explana-
tions of the final model. Considering the outputs
of the final XGBoost model, a stress-strain curve
was proposed. Finally, the predictions from the
proposed and the previous models were compared
against experimental data.

To begin with, the pre-training stage plays
a critical role in obtaining results. Therefore, it
is recommended to transform the outputs into
logarithmic space, which improves the distri-
bution of the collected information, and apply
feature scaling, which reduces the dispersion
of the inputs. As shown in the CV results, the
XGBoost model performs better than the RF and
AdaBoost models.

During the optimization process, the following
hyperparameters were selected: learning rate =
0.2, max_depth = 5, n_estimators = 50. The predic-
tions with the optimized model from the testing
data demonstrate favorable results. In terms of R?,
all four outputs exceeded 0.7, with values of 0.97
for f ¢, 0.93 for €, 0.81 for &, and 0.73 for Es.

In the model explanation, it is evident that
the output f is highly influenced by f, and €
is highly influenced by psft/fc and pcfi/f¢. In the
case of &;s and €, the parameters pgft/f and cfg
have greater impact. Unlike all parameters, ac/at
and s¢ have an opposite effect since as their values
increase, the outputs have a negative impact.
Furthermore, it is observed that when psfi/f,
decreases, the value of s¢ increases.

Additionally, the XGBoost model achieves
better performance than the previous models for
fec and €. Also, in the curve comparison, it is
observed that the proposed model shows a high
degree of similarity to the experimental curve
compared to the other models as it provides a
more accurate prediction of the peak point and of
the curve’s slope or decay rate.

Furthermore, the developed model has a
broad range of applications. Its predictions are
applicable to both normal and high strength
concrete specimens, whether square or circular
in shape, and can accommodate up to eight varia-
tions in transverse reinforcement configurations.
It is important to note that the input values for
the specimens must fall within the minimum
and maximum limits of the dataset, as shown in
Table I.

Regarding the dataset, it was collected from
previous research. However, having experimental
data generated specifically for this study would
have been advantageous, as it would not only
have increased the available data volume but also
influenced the selection of the model inputs and
outputs.

Finally, future research should focus on
integrating hybrid approaches that combine
data-driven models with physical constraints,
which could improve both the interpretability
and reliability of the model for structural design
applications.
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