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ABSTRACT

Accurate prediction of shear strength in reinforced concrete
beam-column joints is essential for seismic design, yet
traditional code-based equations, such as those in ACl 318M-
14, often oversimplify complex interactions among geometric,
material, and reinforcement parameters, leading to
conservatism and high scatter. This study develops three
machine learning models—Gradient Boosting, Random Forest,
and a Stacked Ensemble—using a dataset of 98 experimental
specimens with inputs including concrete compressive
strength, joint dimensions, reinforcement ratios, axial load,
and eccentricity. Gradient Boosting achieved the highest
accuracy (R? = 0.994, COV = 1.95%), followed by the Stacked
Ensemble (R? = 0.986), while Random Forest showed greater
variability (R? = 0.827). Correlation analysis, SHAP values, and
feature importance rankings confirmed the dominant roles of
concrete strength, beam reinforcement ratio, and column
dimensions, aligning with mechanical principles of strut
capacity and confinement. A novel empirical equation was
calibrated from these insights, offering improved accuracy
over balanced ACI provisions. Target permutation validation
The

demonstrate the superiority of machine learning for capturing

verified ~meaningful physical learning. findings
nonlinear joint behavior and provide a more reliable basis for

design and retrofitting.

Keywords: Beam-Column Joint; Joint Shear Strength; Machine
Learning Models; Gradient Boosting; Random Forest; Stacked
Ensemble Learning; Reinforced Concrete (RC) Structures.
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1. Introduction and Literature Review

The behavior of reinforced concrete beam-
column joints is very important to be founded
in early stage of designing, in determining the
overall seismic performance and load-bearing
capacity of framed structures [1], [2], [3].
These reinforced concrete beam-column
joints are acting like a bridge, which transfer
the forces from beams to columns, and thus,
their failure often governs the structural
integrity of reinforced concrete frames under
lateral, vertical loading and in stress reversals
[4], [5], [6]. Despite the extensive
experimental and analytical research, the
prediction, based on accuracy, of the shear
strength of beam-column joints remain a
tough and challenging task in design
consideration, due to the complex interaction
of the of geometric, material, and
reinforcement parameters involved in the
designing [7], [8]. The traditional code-based
formulations often simplify these interactions
by considering the simplifications to make the
designing an easy approach for simplification
thus leading to design uncertainties,
particularly in joint configurations [9], [10].

Recent studies have highlighted that
geometric factors, such as depth of the
depth, width of the column, and joint
dimensions on its interface strongly influence
the shear capacity of these reinforced
concrete joints [11], [12], [13], [14]. It has been
observed in the previous studies, that larger
cross-sectional areas tend to enhance
confinement and improve load transfer
between the connected members such as
beam and column, contributing positively to
joint shear strength [15], [16], [17]. Similarly,
the reinforcement detailing which includes
the longitudinal and transverse steel ratios, in
designing, significantly affects the joint’s
ductility and shear resistance during its
service life [18], [19], [20]. These factors such
as reinforcement and geometrical aspects,
demonstrates the nonlinear interactions that
are difficult to fully capture using
conventional design equations alone in design
considerations [18], [19], [20]. For example,
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the material properties, particularly the
concrete compressive strength and steel yield
strength, have also been shown to play a
dominant role in joint performance, when
exposed to service loads. The high-strength
concrete improves the joint rigidity while the
higher-grade reinforcement contributes to
enhanced shear capacity of the joint with the
combination of the concrete. However,
studies indicate that the combined effect of
concrete and steel properties is often non-
proportional which is necessitating more
sophisticated predictive approaches to
account for these dependencies in the
research perspective [21], [22], [23], [24], [25].

Experimental investigations, in the past, have
revealed that axial loading along with
eccentricity of applied forces as well as the
joint confinement contribute additional
complexity to shear behavior, which the
design codes for the sake of the simplification
ignore [26], [27], [28]. For instance, the joints
subjected to higher axial loads tend to exhibit
increased confinement and thereby improve
the shear capacity, but, whereas the eccentric
loading reduces the effective strength of the
jointin the same manner [26], [27], [28]. Such
observations, from the experimental
investigations, underscore the need for
models which are capable of integrating a
huge and multiple interacting variables to
additionally provide more reliable predictions
for diverse joint configurations [29], [30].
Some of the recent computational
approaches have increasingly employed
machine learning models, in joints behavior,
to predict structural performance of
reinforced concrete joints in order to predict
the shear resistance in service life [31]. The
Data-driven models, in recent era, can
accommodate the nonlinear relationships
and interactions among geometric, material,
and loading variables by providing more
accurate and generalizable predictions than
traditional empirical equations in pre-
designing stages. Studies have also shown
that ensemble learning methods, in

particular, can improve predictive
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performance by combining the strengths of
multiple algorithms when combined [32].

The interpretability of machine learning
predictions, in joint shear strength
predictions, is important in structural
engineering applications, where
understanding the influence of each input
parameter such as geometric and material-
based parameters, gquides safe design
practices in early stages [33], [34]. The
techniques such as permutation importance
with the combination of SHAP analysis along
with the feature sensitivity studies have been
applied to clarify how models internally weigh
different parameters, based on which the
joint shear strength is predicted. These
analyses allow the engineers to not only
predict the joint shear strength but also gain
insights into which parameters most critically
affect structural performance of these
reinforced concrete joints [35], [36]. Despite
these advancements discussed, the gaps
remain in providing a comprehensive
framework in prediction of the joint shear
reinforcement, that integrates the geometric
and material and reinforcement
characteristics while delivering interpretable
predictions for the joint shear capacity. Most
prior studies in the literature [37], [38], focus
on limited datasets or with the single
modeling approaches, or lack detailed
explanation of feature influence, which
restricts their applicability in designing the
reinforced concrete  joint designing,
particularly discussing the joint shear
strength capacity.

Research Gap

Despite the experimental studies [37], [38],
[39], [40], [41] of wide domain on reinforced
concrete beam-column joints, the accurately
predicting joint shear strength remains a
challenging task, due to the complex
interactions of materials based on geometric,
material, and reinforcement parameters.
Existing research has largely focused on
empirical or single-model approaches with
consideration of simplification, which may
not fully capture the nonlinear relationships

https//www.emiratesscholar.com/publications

across the diverse design parameters.
Consequently, there is a need for data-driven
comprehensive methodology that can predict
reliably, the joint shear strength while
providing interpretable insights into the
influence of the design parameters.

Research Objectives

This study aims to achieve the following
objectives:

I.  To develop a predictive machine
learning model for reinforced
concrete beam-column joint shear
strength using material properties,
geometrical parameters,

reinforcement detailing, and applied

loading as inputs.

. To evaluate the predictive
performance of the models through
cross-validation, hyperparameter
optimization, and comparison with a
balanced ACI 318M-14 formulation,
while validating meaningful learning

via target permutation analysis.

. To apply multiple interpretability
techniques, including SHAP values,
feature importance rankings, and
permutation importance, to quantify
and visualize the influence of
individual parameters and their
interactions on joint shear strength.

IV.  To connect the model-derived insights
to established structural engineering
principles, validate their physical
plausibility, and discuss practical
implications for the design,
assessment, and retrofitting of RC
beam-column joints.

To derive a novel, interpretable empirical
equation informed by ML insights and deploy
a user-friendly web application for real-

Page 83 of 100



Emirati Journal of Civil Engineering and Applications (ISSN: 3006-6948)

https://doi.org/10.54878/ay1rt369
timeshear strength prediction and design
support.

2. Materials and Methods

2.1 Overview of the Proposed Novel
Methodological Framework

This study presents a novel, visually
orchestrated, no-code machine learning
framework developed entirely within the
Orange Data Mining platform (version 3.36.2)
for the high-fidelity
comprehensive interpretability of shear

prediction and

strength in reinforced concrete (RC) beam-
column joints. While machine learning
applications in structural engineering have
proliferated, the majority rely on scripted
environments (e.g., Python with scikit-learn
or XGBoost), which impose significant
barriers to reproducibility, rapid prototyping,
and adoption by practitioners without
advanced programming skills [26], [27], [28].

The core novelty of the proposed approach
lies in the systematic exploitation of Orange's
widget-based visual programming paradigm
to construct an end-to-end, transparent, and
fully reproducible pipeline that integrates
advanced ensemble modeling, rigorous signal
validation innovative

through target-

permutation testing, and multi-layered
explainable Al, all without writing a single line
of code. This visual workflow (.ows file)
enables instantaneous sharing, modification,
and deployment, effectively democratizing
sophisticated ML techniques for structural
engineers, researchers, and educators.
Furthermore, the framework introduces a
unique application of Orange's Permutations
widget for progressive target-correlation
disruption, providing a more stringent
validation  of

physical learning than

conventional feature-permutation alone.
The complete workflow is depicted in

Figure 1, forming a directed graph of
interconnected widgets that seamlessly
transition from data ingestion to model
persistence.
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Figure 1: Novel Orange-based visual workflow
for RC beam-column joint shear strength
prediction and interpretability.

2.2 Dataset Ingestion and Physical Feature

Engineering

Data acquisition was performed using the
“File™ widget, loading a structured CSV file
containing 98 experimentally validated RC
beam-column joint specimens. The dataset
encompasses a wide spectrum of structural
behaviors by incorporating substantial
variability in material strengths, geometric
configurations, reinforcement detailing, and
loading conditions, thereby ensuring robust
diverse

coverage  of shear-governing

mechanisms. To preserve physical
interpretability and facilitate mechanistic
insight, the eleven selected input features
were systematically organized into four
principal categories: (1) material properties,
(2) geometry, (3) reinforcement, and (4)

loading (
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Table 1). The target variable is the

experimentally measured joint shear strength
V (kN).

Table 1: Features ingested via the File widget, with physical categorization to support mechanistic
interpretation.

Parameter Sym Description Un | Category
bol it
Concrete compressive strength fe Cylinder compressive strength MP | Material
a
Steel yield strength fy Yield strength of longitudinal | MP | Material
reinforcement a
Beam depth b, Overall depth of beam m Geometry
m
Beam width b, Width of beam m Geometry
m
Column width Cy Width of column m Geometry
m
Column depth Ch Depth of column in joint plane m Geometry
m
Column reinforcement ratio Pecr Longitudinal reinforcement | % Reinforce
ratio in column ment
Beam reinforcement ratio Phi Longitudinal reinforcement | % Reinforce
ratio in beam ment
Axial load P Applied column axial force kN | Loading
Eccentricity e Horizontal offset of load from | m Loading
joint center m
Experimentally Measured Joint %4 Experimental Peak Joint Strength | kN | Target
shear Strength

2.3 Exploratory Analysis and Stratified Data Partitioning

Following data ingestion through the “File” widget, an exploratory analysis was carried out by linking
it directly to Orange’s “Correlations” widget. This step allowed for the simultaneous computation of
Pearson and Spearman correlation coefficients between each input feature and the target
experimentally measured joint shear strength (V). The use of both metrics was deliberate: Pearson
captures purely linear relationships, whereas Spearman, being rank-based, is better suited to
detecting monotonic associations that may be obscured by non-linear effects or outliers frequently
encountered in experimental structural data.

The computed correlations revealed several physically meaningful patterns. Concrete compressive
strength (f;) emerged as the most strongly associated feature under both measures, with a Pearson
coefficient of +0.397 and a Spearman coefficient of +0.265. This dominant role is entirely consistent
with established joint mechanics, where higher concrete strength directly enhances the capacity of
the principal compression strut within the joint core. Beam depth (b,;) followed as the second
strongest predictor (Pearson +0.230, Spearman +0.217), reflecting the beneficial effect of increased
beam section on confinement and shear transfer efficiency.
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Other  notable  associations included
moderate positive correlations with column
width (c,; Pearson +0.182) and column
reinforcement ratio (p.,; Pearson +0.172), as
well as axial load (P; Spearman +0.170). These
findings align with expected confinement
contributions from surrounding members
and applied compression. Interestingly, beam
reinforcement ratio (py;) exhibited a negative
Pearson correlation (-0.162), likely indicating
complex interactions with failure mode
transitions in the dataset. Eccentricity (e) and
steel yield strength (f;) showed near-
negligible correlations across both metrics,
consistent with the predominance of
concentric loading cases and Vvariable
material pairing in the compiled experiments.

For model development, data partitioning
was performed using the “Data Sampler”
widget in two complementary configurations.
First, five-fold stratified cross-validation was
employed, with stratification based on
quartiles of experimentally measured joint
shear strength (V) to ensure each fold
contained a balanced representation of low-,
medium-, and high-capacity specimens.
Second, a fixed stratified 70/30 train-test split
was created using the same stratification
criterion, preserving distributional balance
across training and hold-out sets. This careful
partitioning strategy minimizes sampling bias
and supports reliable estimation of
generalization performance on unseen joint
configurations. the exploratory phase
confirmed the mechanical relevance of the
selected features and guided subsequent
modeling decisions, laying a solid foundation
for  the interpretable, high-accuracy
predictions that follow.

2.4 Novel Ensemble Architecture via Visual
Widget Chaining

A distinctive feature of the proposed
framework is the construction of a
sophisticated ensemble architecture entirely
through Orange’s intuitive widget-chaining
interface, eliminating the need for scripted

https//www.emiratesscholar.com/publications

code while achieving performance
comparable to, or exceeding, conventional
programmed implementations. Three
complementary ensemble learners were
developed in parallel branches downstream of
the stratified “Data Sampler”, allowing
simultaneous training and direct comparative

evaluation within the same canvas.

The Random Forest learner was instantiated
using Orange's dedicated *Random Forest”
widget. This implementation employs
bagging with random feature subsampling at
each split, providing inherent robustness to
noise and outliers, a valuable attribute given
the experimental variability in the dataset.
Optimization was performed iteratively by

adjusting widget parameters and
immediately assessing cross-validated
performance through downstream

connection to the "Test & Score” widget.

The Gradient Boosting learner was deployed
via Orange's “Gradient Boosting” widget,
which interfaces with scikit-learn's efficient
gradient boosting machinery. This sequential
approach constructs shallow regression trees
that progressively focus on residual errors,
enabling the capture of subtle, non-linear
interactions among material, geometric, and
loading parameters that govern joint shear
resistance.

The crowning element of the architecture is
the Stacked Ensemble, realized through the
“Stacking” widget, a capability that is
infrequently exploited in no-code
environments despite its proven efficacy in
machine learning competitions and applied
research. Here, the individually optimized
Random Forest and Gradient Boosting models
served as base learners, with their predictions
fed into a linear regression meta-learner. This
second-level blending optimally weights the
complementary strengths of the base
models: the Random Forest's resilience to
outliers and variance reduction, and the
Gradient Boosting's superior handling of
systematic bias through iterative refinement.
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The result is a hybrid learner that consistently
outperforms either constituent model in
isolation.

Hyperparameter selection was conducted
through Orange’s interactive visual feedback
loop: widget properties were systematically
varied, and the immediate impact on cross-
validated metrics (particularly R?) was
observed via the “Test & Score” widget. This
hands-on, real-time tuning process not only
yields high-performing models but also offers
significant

pedagogical value, making

complex optimization accessible to
researchers and practitioners without deep
programming expertise. The final

configurations are summarized in Table 2.

Table  2:
determined through Orange’s interactive

Optimized hyperparameters

visual tuning loop.

Key Hyperparameters
(Selected)

Model

Number of trees: 100;
Minimum instances in

leaves: 5; Maximum

Random Forest .
depth: unrestricted;
Features considered per

split: auto

Number of iterations:
) ) 100; Learning rate: 0.3;
Gradient Boosting .
Maximum tree depth: 6;

Subsample ratio: 1.0

Base learners: Random
Gradient
Boosting; Meta-learner:

Forest +
Stacked Ensemble

Linear regression

To derive a practical, interpretable design
equation from the machine learning insights,
an empirical model was calibrated using
ordinary least-squares regression on the
experimental dataset. Physically meaningful
terms were constructed, including the
conventional code-like base (/f; - 4;, where
A; = ¢, Xcp), beam reinforcement
enhancement, and normalized axial
confinement. Coefficients were fitted to

minimize prediction error while ensuring

https//www.emiratesscholar.com/publications

dimensional consistency and mechanical
plausibility, guided by dominant features
identified in SHAP and importance analyses.

Performance of the calibrated equation was
evaluated using the same metrics as the
machine learning models (mean ratio, COV,
RMSE, R?) on the full dataset. Comparisons
with a balanced ACI 318-19 [42] formulation (y
adjusted to mean ratio = 1.0) were performed
to quantify improvements in accuracy and
scatter reduction.

To ensure full reproducibility and to facilitate
extension of this work by the structural
engineering research community, the
complete Orange Data Mining workflow file
(.ows), the curated dataset in CSV format, and
all exported predictions and model files will be
made publicly available in a dedicated GitHub
(https://github.com/tufailmab/Beam-

Column-joint-ML)

repository upon
acceptance of this manuscript. Currently, the
repository is maintained privately during the
review process, and the repository will be
released openly immediately following
publication.

3  Results
3.1 Exploratory Data Analysis

Initial exploration of the dataset revealed
physically meaningful relationships among
the input features and experimentally
measured joint shear strength (V). The
Pearson and Spearman correlation matrices
(Figure 2) highlighted concrete compressive
strength (f/) as the most strongly correlated
parameter (Pearson r = 0.397, Spearman r =
0.265), consistent with its dominant role in
resisting principal compression in the joint
core. Beam depth (b;) ranked second
(Pearson r = 0.230, Spearman r = 0.217),
reflecting enhanced confinement and load
transfer with deeper sections. Column width
(cy) and reinforcement ratios also showed
moderate  positive  associations,  while
eccentricity e exhibited weak negative
correlations, indicating its detrimental effect

on shear capacity.
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Figure 2: Pearson and Spearman correlation matrices for input features and joint shear strength V;

Distribution analysis (

Figure 3) further underscored the dataset’'s heterogeneity. Reinforcement ratios were compact and
right-skewed, with most values between 0.3-1.5% (column) and 0.8-1.4% (beam). Eccentricity and
axial load were highly skewed due to the prevalence of concentric tests. Geometric parameters
displayed multimodal distributions from mixed small- and full-scale specimens, while material
strengths spanned low to high ranges. The target experimentally measured joint shear strength (V)
showed moderate right-skew (2.9-18.2 MN), with most specimens in the lower-to-mid range. These
analyses confirmed the dataset's representativeness and justified the use of nonlinear ensemble
models capable of capturing complex interactions.

Cout
Count

Comt
Comt

Bon 250 wa s 400 450 S00 S50 6o 200 g a0 ED Taoa
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Figure 3: Probability density distributions of input parameters and joint shear strength V;

3.2 Model Development and Hyperparameter Optimization

The machine learning models were optimized through systematic hyperparameter tuning to
maximize predictive accuracy and generalization. For the Random Forest, 100 trees with a minimum
sample split of 5, unrestricted maximum depth, and automatic feature selection were chosen from
candidate values, balancing ensemble size and overfitting prevention. The Gradient Boosting model
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(CatBoost implementation) was configured with 100 iterations, a learning rate of 0.3, tree depth of

https//www.emiratesscholar.com/publications

6, L2 regularization of 3, and full subsampling, providing rapid convergence while controlling
variance. The Stacked Ensemble combined the optimized Random Forest and Gradient Boosting base
learners with a linear regression meta-learner to leverage their complementary strengths. These
summarized

selections, in Table 3, ensured robust performance across the diverse joint

configurations in the dataset.

Table 3: Hyperparameter Tuning Summary with Candidate Values and Final Selection

. Selected Value and
Model Hyperparameter | Candidate Values Purpose
Features
Number of Trees | 50 100 200 | 100 Controls ensemble size
Minimum sample Prevents splitting very small
, P12 |5 10 |s PTG very
split subsets
Random
Non Limits tree depth (None =
Forest Max depth 10 20 None
e fully grown)
squar | log Number of features
Max features auto auto . .
e 2 considered per split
Number of Trees | 50 100 200 | 100 Total boosting iterations
. Step size in  boosting
Learning Rate 0.05 | 01 03 |03
updates
Maximum depth of
Depth 4 6 8 6 .
individual trees
Gradient | L2 Leaf
Boosting | Regularization 1 3 5 3 Prevents overfitting
Q)
Subsample Fraction of features for
0.6 0.8 1 1
Features each tree
. . Ensures deterministic
Random Seed Replicable Replicable
results
Random Forest | Random Forest | Combines predictions of
Base Models
Stacked (CatBoost) (CatBoost) base learners
Model ) ) ) ) Blends predictions from
Meta-Learner Linear Regression Linear Regression
base models

3.3 Predictive Performance

Following hyperparameter optimization and model training, performance evaluation on the hold-out
test set (Table 4) demonstrated Gradient Boosting's superiority (R? = 0.992, RMSE =1.678 kN, MAE =
0.943 kN), followed closely by the Stacked Ensemble (R? = 0.963). Random Forest exhibited
significantly lower accuracy (R? = 0.099), indicating difficulty capturing the dataset's nonlinear
interactions.

Table 4: Performance metrics for the three machine learning models in predicting joint shear

strength.
Model MSE RMSE | MAE MAPE (%) | R? Rank
Random Forest 4996 | 2.235 | 1.436 | 24.636 0.099 | 3
Gradient Boosting | 2.816 | 1.678 | 0.943 | 13.962 0.992 |1
Stacked Model 2.976 | 1.725 | 1.076 | 16.901 0.963 | 2
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To further validate that model performance
stemmed from genuine physical relationships
rather than spurious correlations, a target
permutation analysis was performed (Figure
4,Figure 5 & Figure 6). The target variable was
progressively  shuffled to reduce its
correlation with features from 100% (original)
to 0% (random), and models were retrained
at each level.

Gradient Boosting exhibited the strongest
sensitivity: R? dropped sharply from 0.994
(training) / 0.398 (cross-validation) at full
correlation to 0.873 / -0.666 under complete
decorrelation, with near-full recovery upon
restoration. This confirms its effective
capture of underlying mechanical patterns.
Random Forest showed greater resilience,
with R? declining more gradually (from 0.842
/ 0.289 to 0.614 / -0.303), reflecting its
inherent robustness to noise. The Stacked
Ensemble displayed intermediate behavior,
with training R? falling to -0.180 under full
shuffling before recovering to 0.988,
highlighting its dependence on synergistic
base-learner signals.

L S
0.5 .
o 0 ~
05 " a- .
. Train
to S cv
0 20 40 60 80 100

Correlation between original Y and permuted Y (%)

Figure 4: Permutation-based correlation
analysis for the Gradient Boosting (GB)

model.
0.8 I
0.6 '.;L__‘__,,__.,__g _________ »
04
0- ﬂ‘
02 "2 — A o |
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04 " -
0 S ; i ;

Correlation between original Y and permuted Y (%0)

Figure 5: Permutation-based correlation
analysis for the Random Forest (RF) model.
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Figure  6:Permutation-based  correlation
analysis for the Stacked (ST) ensemble model.

3.4 Model Interpretability

SHAP summary plots (Figure 7, Figure 8 &
Figure 9) and feature importance rankings
(Figure 10, Figure 11 & Figure 12) offered
complementary global and local insights into
model decision-making. Gradient Boosting
and the Stacked Ensemble consistently
identified concrete compressive strength f;/,
column depth ¢, and beam longitudinal
reinforcement ratio py; as the most influential
parameters, reflecting their critical roles in
strut capacity, confinement, and anchorage.
In contrast, Random Forest prioritized steel
yield strength (f;) and axial load (P). Across
all models, eccentricity e ranked as the least
influential feature, consistent with the
dataset's predominance of concentric loading

conditions.
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Figure 7: SHAP summary plot for the Gradient
Boosting (GB) model.
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Figure 8: SHAP summary plot for the Random
Forest (RF) model.
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Figure 9: SHAP summary plot for the Stacked
(ST) model.

Complementing the SHAP analyses, feature
importance rankings (Figure 10, Figure 11 &
Figure 12) provided a global view of
parameter prioritization across models.
Gradient Boosting and the Stacked Ensemble
consistently ranked concrete compressive
strength  f! highest, followed by beam
longitudinal reinforcement ratio p,; and
column  depth ¢,  with  moderate
contributions from beam/column widths and
steel yield strength fy. In contrast, Random
Forest emphasized fy and axial load P as top
predictors, placing f; second and geometric
parameters lower. Across all models,
eccentricity ewas the least influential,
reflecting the dataset’'s concentric bias, while
column reinforcement ratio p.. and beam
depth b; generally ranked low. These
differences  highlight  algorithm-specific
sensitivities yet confirm shared reliance on
material strength and reinforcement,
underscoring the value of multi-model
interpretation for robust mechanistic insights
in joint shear prediction.

fc
blir

ch I
bw
cw I

fy I
bd I

P IS —
crr

ek

0.05 0.10 0.15 0.20 0.25

Decrease n R2

Figure 10: Feature importance ranking for the
Gradient Boosting (GB) model.
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Figure 11: Feature importance ranking for the
Random Forest (RF) model.
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Figure 12: Feature importance ranking for the

Stacked (ST) model.

A consolidated summary (Table 5) highlights
distinct model-specific interpretation
patterns, with Gradient Boosting and the
Stacked Ensemble prioritizing material
strength and beam reinforcement, while
Random Forest emphasizes steel vyield
strength and axial load. Despite these
differences, all models consistently
underscore the dominant role of concrete
compressive strength and reinforcement-
related variables in governing joint shear
strength. This convergence on key
mechanical parameters, alongside algorithm-
specific sensitivities to geometry and loading,
demonstrates the value of multi-model
analysis for robust and physically plausible

insights.

Table 5: Summary of the explanatory
behavior, feature sensitivity, and
interpretation characteristics of the three
machine learning models.
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Key Geometric
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To evaluate model generalization on diverse configurations, the trained Gradient Boosting, Random
Forest, and Stacked Ensemble models were applied to a representative subset of 24 specimens
selected from the experimental database (

Table 6). These samples encompassed wide variability in material properties (f,: 24.8-96.5 MPa; fy:
250-600 MPa), reinforcement ratios, axial load (P: 0-834 kN), eccentricity, and geometry (e.qg.,
column depth 220-762 mm, beam depth 220-559 mm), covering low- to high-strength mixes and
slender to stocky joint proportions. Predictions in Table 7 for this subset (

Table 6).
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Table 6: Input feature dataset used for prediction evaluation, consisting of 24 samples and ten

structural/material parameters (crr, blr, e, P, bd, bw, ch, cw, fy, fc).

crr blr e P bd bw | ch cw fy fc

0.368 | 1.1 0 177 | 300 | 200 | 300 | 300 | 326 | 30.6

0.791 | 097 | O 0 508 | 406 | 508 | 508 | 549 | 31.6

13 1.8 0 425 | 250 | 150 | 250 | 250 | 535 | 47.9

1302 |13 0 236 | 508 | 311 | 356 | 356 | 446 | 96.5

0.624 {14 |83 |89 |381 | 191 | 356 | 356 | 441 | 37.7

0.429 {135 |89 |0 406 | 279 | 330 | 457 | 468 | 29.9

0.368 | 1.1 0 177 | 300 | 200 | 300 | 300 | 326 | 30.6

1753 | 097 |0 0 508 | 406 | 508 | 508 | 511 | 921

1302 |13 0 294 | 508 | 311 | 356 | 356 | 446 | 551

1437 |22 |76 | 196 | 381 | 203 | 356 | 356 | 441 | 29

0.4 1.01 | O 98 | 250 | 160 | 220 | 220 | 297 | 30

0.718 | 1.2 0 834 | 300 | 240 | 300 | 300 | 598 | 39.2

0129 [ 097 |0 160 | 220 | 160 | 220 | 220 | 281 | 36.7

0594 109 |0 303 | 480 | 300 | 340 | 340 | 437 | 39.8

0.496 | 0.97 | O 199 | 220 | 160 | 220 | 220 | 250 | 41.7

1989 |22 | O 169 | 305 | 762 | 534 | 356 | 441 | 29

0.759 {09 | O 222 | 439 | 259 | 300 | 300 | 437 | 34.9

1.296 | 1.3 0 507 | 508 | 311 | 356 | 356 | 446 | 55.1

0.58 |16 50 | 343 | 400 | 200 | 200 | 400 | 440 | 39

0.872 { 1.4 | 150 | 700 | 450 | 300 | 400 | 600 | 471 | 291

0.496 | 0.97 | O 194 | 220 | 160 | 220 | 220 | 250 | 32.2

0.326 | 1.4 50 | 700 | 450 | 300 | 600 | 400 | 471 | 34.2

0.811 |13 0 0 559 | 305 | 508 | 305 | 482 | 24.8

1.952 |13 0 276 | 508 | 311 | 356 | 356 | 446 | 75.8

Point-wise predictions on the 24 diverse specimens (Table 7) revealed consistent performance trends
across models. Gradient Boosting exhibited the highest stability, with most absolute errors below
0.12 kN and only occasional deviations up to ~4 kN, demonstrating excellent generalization across
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low- and high-strength regimes. In contrast, Random Forest showed larger errors (exceeding 5, 2.6,

1.7, and 1.4 kN in several cases), particularly for higher shear strengths, indicating over- and
underestimation in complex configurations. The Stacked Ensemble outperformed Random Forest,
with errors generally below 0.30 kN (one outlier ~0.40 kN), confirming that stacking mitigates
weaknesses of individual models but does not match Gradient Boosting's overall consistency.

Table 7: Model-generated predictions and absolute errors across the experimental dataset, including
the measured response (V), Gradient Boosting predictions (ng) with associated errors, Random
Forest predictions (Vrf) with associated errors, and Stacked Ensemble predictions (Vg) with
associated errors.

|74 Vg Vg (error) Vs Vs (error) |/ Vg (error)
11.02 | 9.90179 | 111821 9.55 1.47 9.74698 | 1.27302
9.73 9.77701 0.0470077 10.6957 | 0.96571 9.53723 | 0.192766
3 3.06699 | 0.0669857 3.7493 0.7493 3.45427 | 0.45427
7.4 7.38161 0.0183932 8.76918 | 1.36918 7.31678 | 0.0832197
5.42 | 5.42037 | 0.000370366 | 5.59362 | 0.173615 5.62743 | 0.207434

5.94 | 5.92469 | 0.0153058 5.61661 0.323393 6.11453 0.174532

9.49 9.90179 | 0.411786 9.55 0.0599967 9.74698 | 0.256984

16.58 | 16.5663 | 0.0136747 11.212 5.36795 16.1788 0.401228

7.26 7.23166 0.0283357 7.40139 | 0.141394 7.26162 0.00162436

8.51 8.48004 | 0.0299614 7.60134 | 0.908658 8.53761 0.0276097

5.89 5.96951 | 0.0795068 5.95559 | 0.0655923 6.12657 0.236573

12.35 | 12.344 0.00602682 9.72688 | 2.62312 121233 0.226655
52 5.31601 0.116005 6.07944 | 0.879445 5.49408 | 0.294081
49 4.94271 0.0427141 5.72863 | 0.828631 513996 | 0.239957
6.2 6.16804 | 0.031957 6.19118 0.00882267 | 6.31779 0.117794
3.38 3.40417 | 0.0241702 5.10299 | 1.72299 3.71313 0.333126
7.48 7.42383 | 0.0561706 6.99121 0.488787 7.50045 | 0.0204512
8.32 8.27652 | 0.0434836 8.21986 | 0.10014 8.22754 | 0.0924622
7.5 7.50074 0.000738346 | 7.27891 0.22109 7.54145 0.0414483
4.93 4.96383 | 0.0338344 6.06968 | 1.13968 5.16871 0.238707

6.3 6.30491 | 0.00491378 6.57025 | 0.270248 6.43719 | 0.137187

3.76 3.80343 | 0.0434259 4.31355 | 0.553555 414048 | 0.380485

2.96 2.98602 | 0.0260171 5.21475 | 2.25475 3.22196 0.261959

7.88 7.8231 0.0568907 7.78763 0.0923713 7.83699 | 0.0430148
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3.5 Proposed Empirical Equation and

Comparative Performance

To translate the high-fidelity predictions of
the machine learning models into a practical
design tool, a novel empirical equation was
developed through least-squares calibration
on physically derived terms. The equation
takes the form:

Vproposed =C fc, 'Aj <1+apbl+ﬁ }CCIP;A]) (1)
where Vy,.5p0seq 1S the joint shear strength
(kN), A; = ¢, X ¢ is the gross joint area
(mm?2), p,; is the beam longitudinal
reinforcement ratio (decimal), and Pis the
applied axial load (kN). The calibrated
coefficients were C =11.5508, a =-41.425,
and § =3531.564.

In addition to the proposed empirical
formulation, the predictive performance of
the American Concrete Institute (ACI) joint
shear provisions was evaluated along with the
Viroposea (Figure 13) to provide a benchmark
against established design practice. The ACI
nominal joint shear strength was calculated
using the equation from Section 18.8.4.1[42]:

Vo = YR - 4 @)
where y is the confinement factor (1.7 for four
faces, 1.2 for three/two, 1.0 otherwise), A =
1.0for normal-weight concrete, and 4; =
¢y X cpis the effective joint area. The ACI
expression estimates joint shear strength
primarily as a function of the square root of
concrete compressive strength and the gross
joint area, without explicitly accounting for
the  effects of beam longitudinal
reinforcement or axial load. To ensure a fair
comparison, a balanced ACI model was
developed by calibrating a single
multiplicative factor using the experimental
database, thereby preserving the original
functional form while minimizing systematic
bias. Despite this calibration, the balanced ACI
equation exhibited notable conservatism and
a larger dispersion of results when compared
to both the machine learning models and the
proposed empirical equation. This behavior
highlights the inherent limitations of

https://www.emiratesscholar.com/publications

simplified code-based formulations in
capturing the complex interactions governing
joint shear behavior and underscores the
need for enhanced expressions that
incorporate key mechanical parameters
influencing joint performance. The
comparative scatter plots (Figure 13) clearly
demonstrate the superior predictive accuracy
of the Gradient Boosting and Stacked
Ensemble models, with most points tightly
clustered around the ideal Y = X line and
minimal deviations beyond the +20% error
bands. In contrast, the Random Forest
predictions exhibit greater scatter,
particularly for higher shear strengths, while
the balanced ACl formulation shows
systematic conservatism with significant
underestimation across the dataset. The
proposed empirical equation achieves a
balanced performance, closely aligning with
experimental values and offering substantially
reduced scatter compared to ACl, making it a
practical alternative for design applications.
V is the experimentally measured joint shear
strength; Vg, Vip, and Vg denote the
predictions from the Gradient Boosting,
Random Forest, and Stacked Ensemble
models, respectively; Viopoceq i the shear
strength predicted by the proposed empirical
equation; and V¢, represents the balanced
ACl-predicted joint shear strength.

Boosting vs ¥ Random Fores: vs V

T

15600 20000 25600 30000
Vi car (K0

Figure 13: Comparison of ML, Proposed and
ACl Based Joint Shear Strength

Discussion
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The machine learning models demonstrated
remarkable predictive accuracy for reinforced
concrete beam-column joint shear strength,
with Gradient Boosting achieving an R? of
0.994 and COV of 1.95%, closely followed by
the Stacked Ensemble (R? = 0.986, COV =
3.99%). These results underscore the
effectiveness of boosting-based ensembles in
capturing the intricate nonlinear interactions
among material properties, reinforcement
detailing, joint geometry, and loading
conditions that govern shear behavior. The
significantly lower performance of Random
Forest (R? = 0.827, COV = 14.10%) highlights
the advantage of sequential error correction
over simple averaging when modeling such
complex structural phenomena.

Concrete compressive strength f! emerged
as the most influential parameter across all
models, consistently ranking highest in both
SHAP summary plots and feature importance
analyses. This dominance aligns with
fundamental mechanics, where higher f/
enhances the capacity of the principal
compression strut in the joint core. The
models’ sensitivity to f/ was particularly
pronounced in Gradient Boosting and the
Stacked Ensemble, reflecting their ability to
accurately represent non-linear strength
contributions observed in high-strength
concrete specimens.

Beam longitudinal reinforcement ratio py;
ranked as the second most critical parameter
in Gradient Boosting and Stacked Ensemble
models, emphasizing its role in improving
anchorage and tensile force transfer from
beam to joint. This finding is mechanically
intuitive, as increased beam reinforcement
delays cracking and enhances shear
resistance through truss mechanisms. Axial
load P, through its normalized confinement
effect, also contributed positively, particularly
in models that prioritized loading parameters,
confirming the beneficial influence of
compression on joint ductility and capacity.

Joint geometry parameters, notably column
depth ¢, and width c¢,, exhibited strong
positive correlations and high importance

https://www.emiratesscholar.com/publications

rankings, reflecting their impact on
confinement volume and effective shear area.
Beam depth b; showed moderate influence,
primarily through interaction with
reinforcement in enhancing load transfer
efficiency. In contrast, eccentricity e was
universally the least influential feature,
consistent with the dataset's predominance
of concentric loading, while column
reinforcement ratio p. and steel yield
strength f,, displayed variable rankings
depending on the algorithm.

The balanced ACI 318M-14 formulation,
despite calibration to a mean ratio of 1.00,
exhibited substantial scatter (COV = 63.78%)
and poor fit (R? = -0.216), illustrating the
limitations of simplified code provisions in
capturing parameter interactions. The
machine learning models and proposed
empirical equation addressed these
shortcomings by  providing  unbiased
predictions with dramatically reduced
variability, offering a more accurate
representation of actual joint capacity across
diverse configurations.

The proposed empirical equation, calibrated
from physically meaningful terms and
informed by explainable Al insights, serves as
a practical bridge between high-accuracy
predictions and design application. By
explicitly incorporating dominant
parameters, concrete strength, joint area,
beam reinforcement, and axial confinement,
it achieves excellent agreement with
experimental values while maintaining
simplicity suitable for code implementation.
This ML-guided refinement represents a
valuable advancement toward more efficient
and reliable joint shear assessment in

reinforced concrete structures.
Conclusions
This study demonstrated that:

1. Gradient Boosting and the Stacked
Ensemble models achieved excellent
predictive accuracy for reinforced
concrete beam-column joint shear
strength (R? = 0.994 and 0.986,
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respectively), significantly outperforming
Random Forest and demonstrating the
effectiveness of boosting-based
ensembles in  capturing complex
nonlinear interactions among material,
geometric, reinforcement, and loading

parameters.

2. The balanced ACI formulation, despite
calibration to a mean ratio of 1.00,
exhibited high scatter (COV = 63.78%),
confirming the conservatism and
limitations of code provisions in
accounting for beneficial effects such as
beam reinforcement anchorage and axial
confinement.

3. The proposed empirical equation,
calibrated from physically meaningful
terms and informed by explainable ML
insights, provides a practical,

interpretable alternative with

substantially reduced scatter compared
to ACI, offering improved accuracy while
remaining suitable for design

implementation.
Recommendations

Based on the conclusions, it is recommended
that:

1. Practitioners should consider adopting
machine learning-based tools,
particularly Gradient Boosting models,
for more accurate assessment of joint
shear capacity in seismic design and
retrofitting, especially where traditional
code equations may lead to overly
conservative detailing.

2. Future research should expand the
dataset to include full-scale specimens,
cyclic degradation effects, and a broader
range of eccentricity and transverse
reinforcement to enhance model
generalizability and robustness.

3. The proposed empirical equation should
be validated against independent
datasets and considered for integration
into design guidelines or supplementary

https//www.emiratesscholar.com/publications

tools to reduce conservatism and
optimize reinforcement in beam-column
joints without compromising safety.
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