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Abstract

This study employs machine learning models to predict the compressive strength of hollow block masonry and examines
the key factors that influence this strength. Accurate prediction of its compressive strength is crucial for ensuring the safety
of structures. The study expands the dataset to include all relevant factors affecting (compressive strength of masonry
units and mortar, mortar thickness, prism height-to-thickness ratio, length-to-thickness ratio, net-to-gross area ratio of
hollow blocks, and bedding type). It compares the prediction accuracy of existing standard code equations and published
empirical expressions with machine learning models. The findings demonstrate that machine learning models, particularly
XGBoost (XGB), outperform standard code equations and other models in predicting compressive strength. The XGB
model achieves high accuracy (R? >0.92) and low error (RMSE<2.14 MPa) for both training and validation datasets.
Feature importance analysis reveals that the strength of the masonry units is the most dominant factor affecting compres-
sive strength, followed by mortar strength and the prism’s height-to-thickness ratio. Mortar thickness, length-to-thickness
ratio, net-to-gross area ratio, and bedding type have a lesser influence on the overall strength. This study highlights the
potential of XGB for accurately and efficiently predicting the compressive strength of hollow block masonry. Engineers
can optimize the material selection, wall thickness, and design for improved structural performance by focusing on the
most critical factors identified through feature importance analysis.
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Abbreviations SI Scatter Index

fo Compressive strength of the masonry unit ANN  Artificial neural networks

fm Compressive strength of the mortar BT Boosted tree regression

fmp Compressive strength of the hollow block KNN  K-nearest neighbors
masonry prisms RF Random Forest regression

tm Thickness of the mortar XGB Extreme Gradient Boosting

H/t Height-to-width ratio of the prisms SVR Support vector regression

L/t Length-to-width ratio of the prisms SHAP  SHapley Additive exPlanations

o Net-to-gross area ratio of the masonry unit

R? Coefficient of determination

RMSE  Root Mean Squared Error 1 Introduction

MAE  Mean Absolute Error

Masonry structures are known for their exceptional longev-
ity, withstanding harsh weather conditions and resisting fire
for extended periods. It often utilizes locally sourced materi-
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lightweight construction, and improved insulation. Con-
versely, some limitations exist, including lower tensile
strength, increased moisture susceptibility, and reduced fire
resistance [3]. Therefore, carefully considering its limita-
tions and employing appropriate design strategies is crucial
for the successful implementation of this approach [4].

Accurate prediction of the compressive strength of hollow
block masonry is crucial to ensure that the masonry struc-
ture can safely bear the intended loads. This prevents poten-
tial failures and safeguards building occupants. Predicting
strength allows engineers to optimize material selection and
wall thickness [5]. Beyond ensuring structural safety and
optimizing material use, accurately assessing compressive
strength is vital for the development and implementation of
new engineering practices. For example, recent studies have
explored methods to enhance the compressive properties of
masonry, such as the use of confining techniques. Nasrol-
lahzadeh and Zare [6] investigated the use of polymeric
straps to confine axially loaded adobe masonry columns,
demonstrating a practical approach to improving their
strength for real-world applications. Such research under-
scores the importance of understanding and predicting com-
pressive strength to enhance the application of masonry in
diverse structural contexts. Using the right amount of mate-
rial for the required strength reduces construction costs and
unnecessary weight on the foundation. Strength prediction
methods can be utilized during construction to evaluate the
quality of the masonry work and identify potential issues
early on. Destructive testing of masonry prisms provides the
most accurate strength data. However, this method is time-
consuming, expensive, and limits the number of samples
that can be tested [7].

Standard codes are beneficial for predicting the com-
pressive strength of hollow block masonry. Codes do not
directly indicate the masonry strength. Instead, they provide
reduction factors based on factors such as masonry unit
strength, mortar type (strength and joint thickness), and the
dimensions of the prism or wallet [8]. Conversely, empirical
equations rely on historical data and established relation-
ships between block strength, mortar strength, and geo-
metrical properties. Although several empirical equations
are proposed for solid block masonry [7, 9-16] and grouted
masonry [17-22], few equations are proposed to predict
the compressive strength of hollow block masonry. While
empirical equations offer a simple approach, they are often
based on averaged data and may not capture the complex
interactions between all influencing factors. Additionally,
these equations may not account for influential factors such
as the net-to-gross area ratio of the hollow block and the
aspect ratio (length-to-thickness ratio) of the prisms. This
can lead to inaccurate predictions for specific cases [23].

While various machine learning models have been suc-
cessfully applied to predict material properties, other meth-
ods are also essential candidates for structural engineering
research [24, 25]. For instance, fuzzy logic has emerged
as a valuable tool for complex analyses, such as assessing
seismic fragility and managing construction quality. Kiani
and Nasrollahzadeh [26] demonstrated the application of a
fuzzy logic approach for seismic fragility analysis of RC
frames, showcasing its utility in addressing uncertainty and
making informed decisions in earthquake-induced damage
assessment. This exemplifies how different ML methods
can be leveraged to address a diverse range of challenges
in structural engineering. This approach utilizes algo-
rithms that learn from large datasets to identify patterns
and relationships between input variables (e.g., component
strengths, geometry) and the target output (compressive
strength). Machine learning models can offer high accuracy
and consider a broader range of factors compared to tradi-
tional methods [27].

Recent studies have demonstrated the effectiveness of
various ML models in predicting the compressive strength
of masonry units and assemblies. For instance, Artificial
Neural Networks (ANNs) and Random Forests have been
successfully employed to predict the compressive strength
of masonry units made from alternative materials such as
geopolymer bricks utilizing rice husk ash and eggshell ash.
These models achieved high prediction accuracy, with an
R? value of 0.95 [5, 28]. Similarly, ANN models have out-
performed traditional empirical methods in predicting the
compressive strength of masonry prisms, providing signifi-
cant predictive accuracy [5, 29]. In the case of Compressed
Earth Blocks (CEBs), Genetic Programming and Fuzzy
Logic have been integrated into soft computing models to
enhance the prediction of compressive strength, addressing
the variability in material composition and manufacturing
conditions [30, 31]. Furthermore, SHapley Additive Expla-
nations (SHAP) have been utilized to interpret the ML mod-
els by revealing which factors—such as material properties,
dimensions, and compaction pressure—most significantly
affect the predicted compressive strength of masonry mate-
rials [32]. This added interpretability enables researchers
to understand better the impact of individual parameters
on the performance of masonry units, aiding in the optimi-
zation of material selection and design [33]. The potential
for sustainability in masonry is further supported by ML’s
application to eco-friendly alternatives, such as alkali-acti-
vated masonry blocks. Studies show that these blocks, made
from waste products such as quarry waste, rice husk ash,
and eggshell ash, offer reduced carbon emissions and pro-
mote resource efficiency while maintaining or even improv-
ing their mechanical properties [28]. Machine learning has
also been applied to grouted masonry systems, where ANN
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models effectively predict compressive strength by account-
ing for factors such as the compressive strength of the grout,
mortar, and the geometry of the blocks [34]. Additionally,
studies on unreinforced masonry walls highlight the use of
ML algorithms like Gradient Boosting Machines (GBM)
and Extreme Gradient Boosting (XGBoost) to predict shear
strength, revealing the potential of these models for assess-
ing structural integrity in masonry buildings [31]. In compar-
ison, traditional methods often rely on empirical equations,
which have limitations in accuracy. Machine learning mod-
els offer an alternative that can account for a broader range
of variables and achieve superior prediction performance
[31]. Despite the successes of these models, challenges
remain in standardizing ML approaches for masonry appli-
cations, especially given the variability in material proper-
ties and the complexity of masonry structures.

Several studies focus on predicting compressive strength
using machine learning models [35-37]. These studies have
identified two fundamental limitations in this area: limited
data availability and the exclusion of potentially influential
factors. Biased or unreliable predictions can arise from inac-
curate or incomplete training data, as the quality and quan-
tity of the data significantly influence the model’s accuracy.
Models that utilize large datasets encompassing all relevant
factors (component strengths, geometry, etc.) can provide
more accurate and reliable predictions. Considering the
research gap mentioned above, the present study expanded
the dataset further. It included all the influencing factors
(strength of masonry unit, strength of mortar, thickness of
mortar, height-to-thickness ratio of the prism, length-to-
thickness ratio of the prism, net-to-gross area ratio of the
hollow block, and bedding type) used to predict the com-
pressive strength of hollow block masonry. The prediction
accuracy of the equation provided by standard code, the
empirical expression proposed by published literature, and
machine models is compared. Based on performance indica-
tors, the best model was selected, and the study was further
extended to conduct a sensitivity analysis and assess the
importance of these parameters on the compressive strength
of hollow block masonry.

2 Methodology

Figure 1 presents the systematic workflow followed in this
study for predicting the compressive strength of hollow
block masonry using machine learning techniques. The fig-
ure outlines the six main steps of the process, each contrib-
uting to the development and validation of the prediction
model.

@ Springer

e Step 1: The first step involves collecting a comprehen-
sive dataset from various published studies and databas-
es, such as Web of Science, Scopus, and Google Scholar.
This dataset contains relevant variables.

e Step 2: Statistical analysis is performed to calculate var-
ious measures, including the mean, standard deviation,
skewness, and kurtosis, for each variable. This helps in
understanding the distribution and characteristics of the
dataset. Correlation analysis is also conducted to exam-
ine the relationships between the independent variables
and the compressive strength of the masonry.

e Step 3: Before training machine learning models, the
compressive strength of the hollow block masonry is
predicted using traditional methods provided by existing
codes (Eurocode 6 and AS 3700). These predictions are
based on standard formulas that incorporate parameters
such as masonry unit strength, mortar type, and prism
geometry. The purpose of this step is to establish a base-
line prediction. By comparing machine learning models
to traditional code predictions, we can assess whether
machine learning methods provide improvements over
standard code-based estimations. This step serves as a
reference for the performance of more advanced tech-
niques and justifies the choice of machine learning mod-
els for this study.

e Step 4: Machine learning models are developed and
trained. Six different algorithms are used: Artificial
Neural Networks (ANN), K-Nearest Neighbors (KNN),
Random Forest Regression (RF), Boosted Tree Regres-
sion (BT), Extreme Gradient Boosting (XGB), and Sup-
port Vector Regression (SVR). The models are trained
using the dataset, with hyperparameters optimized to
achieve the best predictive performance.

e Step 5: To validate the performance of the machine
learning models, a ten-fold cross-validation technique is
employed. This ensures that the models’ generalizability
is assessed and minimizes the risk of overfitting. Per-
formance metrics such as R2, RMSE, MAE, and Scat-
ter Index (SI) are used to compare the accuracy of each
model. These metrics assess the models’ ability to pre-
dict the compressive strength of hollow block masonry
and the degree to which the predicted values align with
the actual data.

e Step 6: Sensitivity analysis is conducted using SHAP
(SHapley Additive exPlanations) values. This step helps
identify which input variables have the most significant
influence on the predicted compressive strength. The
analysis provides insights into the relationship between
material properties, geometric factors, and compressive
strength, guiding future decisions in masonry design and
material selection.
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Fig. 1 Flow chart for the prediction of compressive strength of hollow block masonry using machine learning models

2.1 Data collection

The dataset was compiled through a comprehensive litera-
ture review using established databases, including Web of
Science, Scopus, and Google Scholar. Their search focused
on identifying research related to the compressive strength
of hollow block masonry. They specifically targeted studies
that included these terms in the title, abstract, or keywords.
Following the initial search, a meticulous screening process
was conducted to eliminate duplicates, ensuring the collec-
tion of unique and original data for further analysis. Details
relevant to building machine learning models were then
extracted and compiled in Table 1. Key factors identified
for model development included: compressive strength of
masonry unit (f; ), compressive strength of mortar (f,,), thick-
ness of the bed mortar (7)), height-to-thickness of the prism
(H/t), length-to-thickness of the prism (L/t), net-to-gross
area ratio of hollow block (o), bedding type, and compres-
sive strength of hollow block masonry (f;,,). With a robust
dataset of 511 data points, the study established a solid
foundation for subsequent analysis. The assembled database
covers masonry prisms and wallets with a solid area rang-
ing from 35 to 90% of the gross area. Eurocode 6 classifies

masonry units into distinct “Groups” based on material used
and void content, which are essential for determining the
structural performance of masonry. These groups are cru-
cial as they guide the selection of appropriate design param-
eters and influence the calculation of compressive strength
for masonry structures. In the dataset used for this study,
the hollow block masonry units were categorized into three
groups based on Eurocode 6 guidelines. Specifically, Group
1: corresponds to masonry units with a void percentage less
than 25%, Group 2: represents masonry units with moderate
void percentage (25-55%), and Group 3: includes high void
percentage (55—-70%). There are 11.3% blocks categorized
as “Group 17, 87.9% as “Group 2”, and 0.8% as “Group 37,
as per Eurocode 6 [38]. Most of the prims used 10 mm thick
mortar for the bed joint (55.0%), and 37.4% of prisms used
less than 10 mm mortar for the bed joint. The percentages of
full bedding and face shell bedding are 74.2% and 25.8%,
respectively.

Although bedding type is a categorical variable, it was
included as an input parameter in the machine learning
models through the use of one-hot encoding. This technique
transforms categorical variables into binary (0 or 1) vari-
ables, with each category of bedding type (e.g., complete
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Table 1 Summary of the dataset for independent and dependent variables collected from published literature

Reference f, (MPa) f,(MPa) t, (mm) H/t L/t o Bedding  f _(MPa) Data
Casali et al. [39] 209222 69-154 10 4.21 2.79 0.56-0.66 FB 8.5-15.9 8
Sathiparan et al. [40] 1.84.5 5.1 10 3.17 1.96 0.56-0.84 FB 1.2-1.9 4
Al-Amoudi and Alwathaf [41] 18.1 17.6 10 6.30-6.34  4.00 0.74 FS 14.1-154 6
Sarhat and Sherwood [8] 9.045.8  2.9-26.6 5-18 1.63-6.26 0.81-4.32 0.51-0.74 FSB,FB 6.7-31.0 243
Zhou et al. [42] 23.2-36.8 5.6-13.7 10 3.11-521  2.05 0.54 FB 10.2-27.0 12
Valdameri et al. [43] 7.2-8.4 2.6-6.4 10 6.30-6.33  4.00 0.35-0.39 FB 3.74.38 4
Zavalis et al. [44] 17.0-229 6.6-33.0 5-15 5.37-8.31 1.39-2.08 0.80-0.81 FB 11.6-16.6 15
Fonseca et al. [45] 40.7-749 14.0-32.0 10 2.79 2.79 0.46 FB 19.6-44 48
Liu et al. [46] 53-10.5  3.1-14.8 10 2.46 1.63 0.66 FB 2.7-8.6 9
Caldeira et al. [47] 16.3-45.6 5.6-183  5-20 274289 2.81-2.85 0.56-0.59 FB 5.6-22.5 24
Abdel Rahman and Gala [48] 37.4-39.0 214 5-10 2.05-2.06 2.05-2.06 0.56-0.57 FB 24.1-26.6 6
Lietal. [49] 10.2 8.5-15.8 8 6.32 4.00 0.58 FB 5.4-9.1 10
Zahra et al. [50] 11.3-15.6  2.5-17.1 10 4.16-6.56 2.054.33 0.56-0.74 FSB,FB 5.8-9.3 7
Syiemionga and Marthong [51]  2.5-3.2 7.3-27.0 10 6.16-7.55 3.63-3.85 0.84-0.90 FB 1.7-2.8 41
Chavez-Goémez et al. [52] 11.3 17.1 0 2.054.16 2.05 0.56 FSB,FB 6.2-134 59
Elmeligy et al. [53] 39.5 37.3-40.7 5 3.11 2.06 0.64 FB 23.0-38.1 15
Overall 1.8-749 25407 5-20 1.63-8.31 0.81-433 03509 FSB,FB 1244 511

FSB: face shell bedding, FB: Full bedding

bedding and face-shell bedding) represented as a separate
binary feature. This encoding ensures that the models can
adequately capture the influence of bedding type on the
compressive strength of hollow block masonry while main-
taining its categorical nature. In these studies, the compres-
sive strength of hollow block masonry (f,,) refers to the
maximum load-bearing capacity of a masonry prism, typi-
cally determined under axial compressive loading. The load
is applied vertically along the height of the masonry prism,
which is a direction perpendicular to the bed joints. This
testing orientation is critical because it reflects the actual
load distribution within a masonry wall, where the weight of
the structure is transmitted vertically through the masonry
units and mortar joints.

Figure 2 visually illustrates the distribution of key param-
eters within the dataset. Various statistical measures were
calculated for each variable to gain a deeper understanding
of the data’s characteristics. These measures include mean,
minimum and maximum values, standard deviation, skew-
ness, and kurtosis. The analysis of skewness and kurtosis
provides valuable insights into the shape of the data distri-
bution of the parameters. A positive skewness was observed
for all parameters except the mortar thickness. This suggests
a tendency for the data to have a longer tail towards higher
values for these properties. The mortar thickness data has a
skewness close to zero, suggesting a more symmetrical dis-
tribution around the average value. Kurtosis describes the
“peakedness” of the data distribution. The mortar thickness
data has a higher kurtosis value, indicating a sharper peak
with fatter tails. This means there might be a concentration
of data points around the average mortar thickness, with a
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few instances of very thin or very thick mortar layers used
in the studies.

2.1.1 Correlation analysis

Statistical analysis was performed to investigate the rela-
tionships between chosen parameters and the compres-
sive strength of hollow block masonry (f,,). As shown in
Fig. 3, the results indicate no strong correlations between
independent variables. However, a clear positive correlation
emerged between the £, and f,,,. The correlation coefficient
(R) of 0.89 suggests a substantial increase in f;,, with higher
fp, values. Similarly, a positive correlation, although weaker
(R=0.47), was observed between the f,, and f,,,. Interest-
ingly, tm, H/t, L/t, and a parameters exhibited negative cor-
relations (R =—0.18, —0.46, —0.34, and —0.56, respectively)
with f;,,. This suggests that increasing these parameters
tends to decrease the compressive strength of the masonry.
Figure 4 depicts the influence of various factors on the
compressive strength of hollow masonry. The contours
shown in Fig. 5 are generated using a method based on clus-
tering and interpolation techniques. Specifically, the con-
tours represent regions of constant compressive strength,
derived from a combination of multiple input parameters.
The contours are constructed by first grouping the data into
clusters based on similarities in these parameters using a
clustering algorithm. Following clustering, interpolation
techniques are applied to the clustered data points to esti-
mate continuous values across the entire dataset. These
interpolated values are then plotted as contours, highlighting
areas where compressive strength is constant. This approach
allows us to visually assess the impact of multiple factors on
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Fig. 2 Data distribution and summary of statistical measures

the compressive strength and understand the relationships
between them more intuitively. The clustering method used
helps identify distinct patterns in the data. At the same time,
the interpolation provides a smooth representation of these
patterns across the entire parameter space, aiding in a better
understanding of how the various factors influence the com-
pressive strength of hollow block masonry.

The strong positive correlation between the compressive
strength of the masonry unit (f,) and the overall compressive
strength of the masonry prism (f,,,) is consistent with prin-
ciples of structural mechanics. The compressive strength of
the masonry unit governs the load-bearing capacity of the
structure, as it is the primary element resisting axial com-
pressive forces [7]. In masonry, the overall strength of the
prism is primarily dictated by the strength of the individual
units, which are responsible for carrying the majority of the
load. The correlation between mortar strength (f;,) and com-
pressive strength (f;,,), though positive, is weaker, reflecting
the secondary role of mortar in the load-bearing capacity.
Mortar serves as a bonding agent between blocks, facilitat-
ing load transfer. However, excessive mortar thickness may
result in weak points that limit its effectiveness, as thicker
mortar layers reduce the direct contact between blocks,
affecting the overall strength. These findings are supported
by research on the behavior of masonry under compres-
sive loading, where the interfacial bond between mortar
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0.97 0.53 1.34 0.54
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and blocks significantly influences the strength of masonry
walls. The negative correlations between compressive
strength and parameters like mortar thickness (tm), height-
to-thickness ratio (H/t), and length-to-thickness ratio (L/t)
align with structural considerations. For example, as the
Hit ratio increases (indicating slender prisms), the masonry
becomes more susceptible to buckling and failure under
compression. Similarly, larger mortar thickness can weaken
the interlocking of the blocks, leading to reduced strength.
The a value represents the proportion of solid material in
the block compared to voids. A higher a value (indicating
a more solid material) generally leads to a stronger prism.

2.2 Machine learning models

In this study, six machine learning algorithms were
employed to predict the compressive strength of hollow
block masonry. Each model was selected for its ability to
handle complex, nonlinear relationships between the input
variables and the target variable, which includes compres-
sive strength, mortar thickness, masonry unit strength, and
various geometric parameters. The architecture of each
machine learning model is illustrated in Fig. 5. Below is a
detailed description of the machine learning models used:
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2.2.1 Artificial neural networks (ANN)

Artificial Neural Networks (ANNSs) are inspired by the
structure of the human brain, with interconnected layers of
neurons that process information. In this study, the ANN
model used a feedforward architecture with backpropaga-
tion for training. The model learns from the data by adjust-
ing the weights of the connections between neurons in a
way that minimizes prediction errors. ANNs are capable of
capturing complex relationships in data, including nonlinear
interactions between the input variables [54]. This makes
them particularly effective when the relationships between
parameters, such as compressive strength and material prop-
erties, are not linear [55]. ANNs require careful tuning of
hyperparameters (such as the number of layers and neu-
rons), and they may suffer from overfitting if the training
dataset is not sufficiently large or diverse.
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2.2.2 K-Nearest neighbors (KNN)

K-Nearest Neighbors (KNN) is a simple, instance-based
learning algorithm. It predicts the target variable by find-
ing the k nearest training examples in the feature space and
averaging their corresponding output values. The model
uses a distance metric (typically Euclidean distance) to
measure the proximity between points in the feature space
[56]. KNN is easy to implement and interprets well. It per-
forms well when the data has a clear clustering pattern and
is non-parametric, meaning it does not make any assump-
tions about the data distribution. KNN can be computation-
ally expensive for large datasets, as it requires calculating
the distance between the query point and all training points.
Additionally, its performance can degrade with high-dimen-
sional data due to the curse of dimensionality [57].
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Fig. 4 Effect of materials proper- (a)
ties and geometrical properties on
compressive strength of hollow
block masonry

|

Prism compressive strength (MPa)

|
>
s

Prism compressive strength (MPa)

—_
2
~

Prism compressive strength (MPa)

(

&

Prism compressive strength (MPa)

o

Prism compressive strength (MPa)

2.2.3 Random forest (RF)

Random Forest is an ensemble learning method that com-
bines multiple decision trees to improve predictive accu-
racy. Each tree is trained on a random subset of the data,
and the final prediction is made by averaging the predictions
from all individual trees. The randomness introduced in the
training process helps prevent overfitting. Random Forest

Prism compressive strength (MPa)

g =l
04 05 06 07 08 09
o

handles large datasets and high-dimensional spaces well
and is less prone to overfitting than a single decision tree.
It can also assess feature importance, making it useful for
feature selection and optimization. While Random Forest
performs well for many types of data, it can be less inter-
pretable than simpler models, such as decision trees. It also
requires tuning of the number of trees and other parameters
to achieve optimal performance [58].
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Fig. 5 Concept of machine learning models (a) ANN, (b) SVR, (¢) KNN, (d) Random Forest, and (e) Boosting decision tree ensemble

2.2.4 Boosted trees (BT)

Boosted Trees combine the predictions of several weak
learners (typically shallow decision trees) to create a strong
learner. Each tree in the sequence is trained to correct the
errors made by the previous tree. The most popular boosting
algorithm, Gradient Boosting, is used in this study. Boosted
Trees are highly effective for a variety of regression tasks,
as they iteratively improve prediction accuracy. They also
handle complex, non-linear data patterns well. Boosting can
be sensitive to noisy data and may overfit if not properly
regularized. Additionally, boosting models tend to be slower
to train compared to other algorithms, such as Random For-
est [59].

2.2.5 Support vector regression (SVR)

Support Vector Regression (SVR) is based on the concept of
Support Vector Machines (SVM), which are typically used
for classification tasks [60]. SVR seeks to find a hyperplane
that best fits the data within a defined margin of error (g).
The goal is to minimize the prediction error while keeping
the model complexity as low as possible. SVR performs
well in high-dimensional spaces and is effective when the
data has complex, non-linear relationships [61]. It is par-
ticularly useful when the dataset is small or the number of
data points is few but significant. SVR is sensitive to the
choice of the kernel and regularization parameters. It also
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does not scale well with extensive datasets and can become
computationally expensive [62].

2.2.6 Extreme gradient boosting (XGB)

XGB is an optimized version of Gradient Boosting, designed
for speed and performance. It utilizes a gradient boosting
framework, incorporating regularization techniques to pre-
vent overfitting and enhance model generalization. It also
includes parallelization for faster training on large datas-
ets. XGB is one of the most accurate and efficient machine
learning algorithms, particularly well-suited for datasets
with complex, non-linear relationships. It consistently per-
forms well in predictive modeling competitions [63]. While
XGB is powerful, it can be sensitive to parameter tuning and
may require significant computational resources for train-
ing large models. It also has higher complexity compared to
simpler models, such as Random Forest or KNN.

To prevent overfitting, several measures were employed
during the development of the machine learning models. A
10-fold cross-validation technique was applied to all mod-
els to assess their generalizability. This method divides the
dataset into 10 equal folds, using 9 for training and 1 for val-
idation in each iteration. The model’s performance is aver-
aged across all 10 iterations, providing a reliable estimate
of its predictive accuracy on unseen data. Monitoring of
training and validation errors was carried out to detect signs
of overfitting. In cases where the training error deviated
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significantly from the validation error, adjustments were
made to prevent the model from overfitting to the training
data. Additionally, hyperparameter tuning was conducted
to optimize the models and prevent them from becoming
overly complex. Regularization parameters for models such
as Support Vector Regression (SVR) and Random Forest
(RF) were fine-tuned to minimize the impact of noise in the
data.

2.3 Performance indicators

To evaluate the performance of the machine learning mod-
els, we employed several key metrics: R?, RMSE, MAE, SI,
and a20 [64]. These indicators provide insight into how well
each model predicts compressive strength and the extent of
errors in the predictions.

2.3.1 Coefficient of determination (R?)

R? measures the proportion of variance in the dependent
variable (compressive strength) that is explained by the

model and Eq. (1). It ranges from 0 to 1, with higher values
indicating a better fit.

| = (P—p) (v ) |
(2 (o) (3

where E; is the observed value, P; is the predicted value, E

(1

is the mean of the observed values, and P is the mean of
the predicted values.

2.3.2 Root mean squared error (RMSE)

RMSE quantifies the average magnitude of errors between
predicted and actual values, as calculated by Eq. (2). It is
sensitive to significant errors, making it a suitable metric for
evaluating model precision.

n 2
s — | B P) o

where n is the number of observations.
2.3.3 Mean absolute error (MAE)

MAE measures the average of the absolute differences
between predicted and actual values, as calculated by

Eq. (3). Unlike RMSE, it is not sensitive to outliers and pro-
vides a straightforward interpretation of prediction error.

Doy )

2.3.4 Scatter index (Sl)

SI assesses the consistency between predicted and actual
values in terms of relative error, as calculated by Eq. (4).
A lower SI indicates a model that provides more consistent
predictions.

RMSE
= 4)
E

SI =

2.3.5 Fraction of predictions within 20% error range (a20)

The a20 metric calculates the fraction of predictions that
fall within 20% of the actual value, as calculated by Eq. (5).
This indicator helps gauge the model’s practical accuracy.

N20
a20;nder = T (5)

These performance indicators are used to evaluate the accu-
racy and reliability of the machine learning models, offer-
ing a comprehensive view of how well the models predict
compressive strength.

2.3.6 Taylor diagram

In addition to the statistical performance indicator men-
tioned above, two graphical indicators —namely, the Taylor
diagram and the error distribution graph —were also used
to evaluate the accuracy of the machine learning models.
The Taylor diagram is a powerful graphical tool that offers
a comprehensive evaluation by simultaneously visualiz-
ing three key performance metrics: correlation, root mean
squared error (RMSE), and standard deviation. The Taylor
diagram constructs a visual representation of these metrics.
The x-axis depicts centered RMSE, with lower values signi-
fying better agreement. The y-axis represents the correlation
coefficient, with higher values indicating stronger relation-
ships. A reference point at the origin (centered RMSE of
0 and correlation of 1) symbolizes the perfect model per-
formance. Each model being evaluated is represented by a
distinct point on the diagram. The closer a model’s point
is to the reference point, the better its overall performance
in correlation, RMSE, and capturing variability. A standard
deviation arc centered on the reference point is also often
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included. This arc represents the variability observed in the
actual data. Ideally, a model’s point should lie on this arc,
indicating it accurately reproduces the natural fluctuations
present in the data.

2.3.7 Error distribution

An error distribution graph is a visual representation in
machine learning that unveils how often specific error
values occur within a model’s predictions. It essentially
depicts the distribution of discrepancies between predicted
and actual target values. This graph offers valuable insights
for evaluating model accuracy in multiple dimensions. The
shape of the distribution itself can be informative. A sym-
metrical distribution centered around zero suggests minimal
bias, indicating the model’s predictions are neither sys-
tematically overestimating nor underestimating the actual
values. Conversely, a skewed distribution in a particular
direction suggests bias. A wider distribution signifies higher
variance, implying the model’s predictions exhibit greater
scatter around the actual values.

3 Comparison code and empirical equation

Standard codes are beneficial for predicting the compressive
strength of hollow block masonry. Codes do not directly
indicate masonry strength; instead, they provide reduction
factors based on factors such as masonry unit strength, mor-
tar type (strength and joint thickness), and the dimensions of
the prism or wallet. Table 2 summarizes the equations for the
compressive strength of hollow block masonry, as proposed
by the standard code and published literature. Eurocode 6
[38] provides the equation and tables for calculating the
compressive strength of masonry, including hollow block
masonry, as shown in Eq. (6). The K value depends on the
masonry unit group and the type of mortar used. It considers
factors like the presence of hollow cores when categorizing
the masonry unit group. Although BS 5628 considers sev-
eral factors, this approach is simplified and does not account

for factors such as the geometry and net area of the hol-
low block, which can influence its strength. AS 3700 [65]
uses Eq. (7) to determine the design compressive strength
of masonry based on unit and mortar properties. It includes
adjustment factors for the presence of hollow cores and the
slenderness ratio of the masonry element. While AS 3700
offers a more sophisticated approach than Eurocode 6, it
might not account for the unique properties of all types of
hollow blocks. The design approach in AS 3700 relies on
factors such as the height-to-thickness ratio and type of bed-
ding, which can, in some cases, lead to an underestimate or
overestimate of the strength of specific hollow block con-
figurations. Both codes prioritize safety, which may result
in calculated values lower than the achievable strength of
some well-engineered hollow block assemblies.

Conversely, empirical equations rely on historical data
and established relationships between block strength, mor-
tar strength, and geometrical properties. Although several
empirical equations are proposed for solid block masonry
and grouted masonry, limited equations are available to
predict the compressive strength of hollow block masonry.
Based on three-dimensional finite element analyses, Kok-
sal et al. [66] proposed Eq. (8) for the compressive strength
of hollow block masonry prisms based on the compressive
strength of the masonry unit and mortar. Sarhat and Sher-
wood [8] proposed Eq. (9) based on a dataset collected from
the published literature. While empirical equations offer
a simple approach, they are often based on averaged data
and may not capture the complex interactions between all
influencing factors. These equations may not account for
influential factors, such as the net-to-gross area ratio of the
hollow block and the aspect ratio (length-to-thickness ratio)
of prisms, which can lead to inaccurate predictions.

To compare the performance of the machine learning
(ML) models with traditional methods, the study applied
two widely recognized code-based and empirical models:
Eurocode 6 and AS3700. These models are commonly
used to estimate the compressive strength of hollow block
masonry based on material properties, such as the compres-
sive strength of the masonry unit (f;) and mortar (f;,), as

Table 2 Summary of equations for compressive strength of Hollow block masonry

Equation source Equation Equation Remarks
No
Eurocode 6 [38] Jup =K fb“‘fn}3 6) K, o and B are constant; f;, f;, and f;,, are the mean compressive strengths of the

masonry unit, mortar, and masonry.

AS 3700 [65] Foup = KK 7

K, is the factor that accounts for the ratio of the masonry unit height to the mortar bed

joint thickness; K is a factor that accounts for the type of bedding use; f; is the mean
compressive strength of the masonry unit.

Koksal etal. [66]  f,,=1.57 ®)

ln(f )+0.75 f, masonry.
Sarhat and Sher- =0.886
wood [8]

gbchm{ fwf’o—ﬂ??

JosJm and fi,; are the mean compressive strengths of the masonry unit, mortar, and

C, adjusts for the type of mortar bedding used. It is set to 1.0 for face shell bedding and
<0591 for full bedding; f;, f;, and f;,, are the mean compressive strength of the masonry
h > ynit, mortar, and masonry; / is the height of the prism; ¢ is the thickness of the prism.

@ Springer



Journal of Umm Al-Qura University for Engineering and Architecture (2025) 16:1806-1838 1817

well as geometric properties like the height-to-thickness
ratio (H/t). For both Eurocode 6 and AS3700, the calcula-
tions were carried out using the parameters extracted from
the dataset, including the compressive strengths of masonry
units and mortars, as well as the appropriate adjustment fac-
tors. These calculations allowed us to compare the predic-
tive accuracy of these traditional models with that of the
machine learning models developed in this study.

Figures 6, 7 and 8 compare the performance of esti-
mates provided by the Eurocode, AS3700 and Sarhat and
Sherwood [8] for predicting compressive strength. Euro-
code predictions showed an RMSE of 6.82 MPa, and 28%
of the predictions fell within a 20% margin of error com-
pared to the actual strength. AS3700 showed an RMSE of
10.19 MPa, and only 16% of the predictions fell within a
20% margin of error compared to the actual strength. This
is a lower percentage compared to Eurocode, signifying
that even fewer predictions are within a reasonable margin
of error. Based on this analysis, Eurocode performs better
than AS3700 for predicting compressive strength in this
case. Eurocode shows a moderate correlation and reason-
able error levels, while AS3700 exhibits a poor correlation
and higher errors. The underestimation trend in both models

Fig.6 Comparison between pre- 40
dicted value using Eurocode and
actual value

W
o

Predicted compressive strength (MPa)
= N
o o

might be due to safety considerations or limitations in the
models themselves.

Building codes prioritize safety. The equations in these
codes might intentionally underestimate the actual strength
to ensure structures can withstand real-world loads with a
built-in safety margin. Additionally, the equations likely
rely on material properties that are averages or exhibit
inherent variability. Real materials can be stronger than
these averages, leading to higher experimental results. The
equations might not account for every factor that influences
strength. Complexities such as the geometry of the hollow
core, manufacturing variations, or interactions between
units and mortar can be challenging to model accurately.
Studies suggest that Eurocode equations might better fit hol-
low masonry than AS3700, which might be more conserva-
tive [67].

Compared to Eurocode and AS3700 estimations, Sar-
hat and Sherwood [8] provide more accurate estimations
for compressive strength. It shows a lower RMSE of
3.94 MPa, and 75% of the predictions fall within a 20%
margin of error compared to the actual strength. The expres-
sion proposed by Sarhat and Sherwood [8] incorporated

10 20 30 40
Measured compressive strength (MPa)
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Fig. 7 Comparison between 40
predicted value using AS3700 and
actual value

Predicted compressive strength (MPa)
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o o
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o

the height-to-thickness ratio of the prism, which influences
the estimation of compressive strength that Eurocode and
AS3700 miss.

4 Results and discussion
4.1 Hyperparameter tuning

Table 3 details the hyperparameter tuning process for the
machine learning models used in this study. Hyperparam-
eters are crucial settings that influence how a model learns
and performs. A grid search was conducted for both ANN
and KNN to optimize the performance of each model,
evaluating a range of possible values for each hyperparam-
eter. For other models, a random search was conducted to
optimize the hyperparameters. The table shows the model
type, the hyperparameters explored, and the chosen value
for each. For instance, the Artificial Neural Network (ANN)
underwent a grid search for the number of hidden layers,
nodes per layer, and learning rate. The optimal configura-
tion for the ANN was two hidden layers with 13 nodes and a
learning rate of 0.1. Similarly, hyperparameters such as the
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number of neighbors for K-Nearest Neighbors (KNN), the
number of trees and splits per tree for Random Forest, and
the kernel type and regularization parameters for Support
Vector Regression (SVR) and XGB were optimized. This
process ensured that each model was fine-tuned to achieve
the best possible performance in predicting the compressive
strength of hollow block masonry.

4.2 K-fold validation of the models

To rigorously evaluate the performance of the machine
learning models and prevent overfitting, a ten-fold cross-
validation technique was employed [68, 69]. This method
provides a reliable estimate of a model’s generalizability.
The dataset was divided into ten equal folds, with each fold
used once for validation and the remaining nine for iterative
training, repeated ten times.

The effectiveness of cross-validation was assessed using
R? and RMSE. As shown in Fig. 9, the XGB model outper-
formed the others, exhibiting superior R? and lower RMSE
values for both training and validation datasets. Notably, all
models except KNN and RF achieved an R? exceeding 0.92
for all folds. While training, R? values varied minimally
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Fig. 8 Comparison between pre- 40
dicted value using the expression

proposed by Sarhat and Sherwood

[8] and actual value
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Predicted compressive strength (MPa)
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across all models, only XGB showed similarly low varia-
tion (0.039) in validation R2 This pattern was consistent
with RMSE values. XGB demonstrated exceptional perfor-
mance, with training RMSE ranging from 1.05 to 1.12 MPa
and validation RMSE from 2.01 to 2.14 MPa. These results
indicate that the models, particularly XGB, are robust
against overfitting and reliable for prediction.

4.3 Performance of the machine learning models

When evaluating various machine learning models for pre-
dicting a specific outcome (fy,,), most demonstrated satis-
factory performance, with the RF model being an exception
(as shown in Fig. 10; Table 4). It is important to note the
difference in methodology used to evaluate the performance
metrics for the standard code equations and the machine
learning models. The metrics for the standard code equa-
tions are based on a deterministic evaluation of the entire
dataset, as these equations are not trained or optimized. In
contrast, the performance metrics for the machine learning
models (Random Forest, SVM, etc.) were calculated using
an independent test dataset of 383 samples, which was not
used during the training phase. Training dataset consists of

10 20 30 40
Measured compressive strength (MPa)

128 samples. The metrics presented for the standard code
equations and empirical model in the Table 4 are based on
entire dataset of 511 sample. Among the models tested,
the XGB proved to be the most effective and reliable. This
conclusion is supported by the XGB’s significantly higher
R? value compared to the other models. Furthermore, the
XGB exhibited notably lower RMSE and MAE, indicating
a strong ability to produce predictions that closely match
observed data.

Additional analysis using metrics such as the SI and the
a20 index reinforced the XGB’s robustness. The lower SI
values for the XGB (0.07 for training and 0.12 for testing)
suggest its ability to minimize the difference between pre-
dicted and actual values. The a20 index showed that 97% of
predictions for the training data and 92% of predictions for
the testing data fell within a 20% error range. While other
models, excluding the RF model, also showed reasonable
performance (with over 84% and 76% accuracy within a
20% error range for training and testing data, respectively),
the XGB model consistently outperformed them. These
results indicate that the XGB model effectively captures
complex relationships within the data, leading to superior
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Table 3 Hyperparameters used for the machine learning models

Model Hyperparameters Analyzed Selected
Values value
Artificial Number of layers [1,2] 2
Neural Nodes per layer [1-16] 13
Network Learning rate [0.01, 0.05, 0.1, 0.1
0.5, 1.0]
KNN k [1-10] 3
Boosted Tree Number of layers [1,10] 10
Splits per tree [1,50] 50
Learning rate [0.05,0.5] 0.4
Minimum size split [1,10] 3
Row sampling rate [0.1,0.5] 0.5
Column sampling rate 1 1
Random Number of trees in the ~ [1-50] 13
Forest forest [1, 3] 2
Number of terms [0.1,1] 0.75
sampled per split [1,10] 5
Bootstrap sample rate 10 10
Minimum splits per tree  [1,5] 3
Maximum splits per tree
Minimum size split
Support Kernel [linear, Radial =~ Radial
Vector Cost basis function]  basis
Regression ~ Gamma [0.01-5] function
[0.001-0.5] 0.8719
0.6421
XGB Max_depth [1-5] 3
Subsample [0.5-1] 0.9472
Colsample by tree [0.5-1] 0.8622
Min_child weight [1-3] 1.1895
Alpha [0-0.5] 0.1998
Lambda [0-2] 1.1562
Learning rate [0.05-0.2] 0.1954
Iterations [0—40] 39

predictive accuracy. Its reliability and robustness position
it as a valuable tool for forecasting and predictive analytics.

Taylor diagrams were applied to compare the perfor-
mance of various machine-learning models. In the Taylor
diagram, the correlation coefficient (R) and standard devia-
tion (SD) are used to assess the model’s effectiveness on
both the training and testing datasets [70]. The Taylor dia-
gram serves as a valuable visual tool, consolidating these
two critical metrics into a single plot, as shown in Fig. 11.
A point on the diagram represents each model. The distance
from the reference (marked “Obs”) reflects the model’s SD.
Concentric circles around the origin represent different cor-
relation values, with points closer to the outermost circle
indicating a stronger linear relationship between predicted
and observed values. The ideal scenario positions a model
on the circle with the highest correlation and at a radial dis-
tance from the origin equal to the standard deviation (SD)
of the observed data.

The analysis yielded insights into the strengths and
weaknesses of different models. XGB generally exhibited
the highest correlation coefficients across both training and
testing data. However, its SD on the testing data might be
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slightly higher than the observed data, suggesting poten-
tial overfitting. The SVR model demonstrated a significant
reduction in SD compared to other models on the training
data, indicating good generalization. However, its testing
data correlation was lower than XGB, suggesting it might
struggle with unseen data. Random Forest (RF) displayed
the lowest correlation in both datasets and a lower SD on the
training data, potentially signifying the underfitting of the
data. The selection of the optimal model hinges on the spe-
cific application’s priorities. If a robust linear relationship
is paramount, XGB might be the preferred choice, but with
caution regarding the risk of overfitting. For superior gen-
eralization, SVR shows promise, but its testing correlation
should be carefully evaluated to ensure it meets the project’s
requirements. Models like BT or ANN might offer a balance
between correlation and generalization, depending on their
specific placement on the Taylor diagram.

Figure 12 illustrates the prediction error for various
machine learning models. The analysis revealed that XGB
emerged as the strongest performer based on prediction
error. XGB exhibited the lowest average error in both the
training dataset (—0.01) and the testing dataset (0.22), indi-
cating its ability to make consistently accurate predictions.
Additionally, XGB displayed a balanced distribution of
errors, which is evident from its low skew values in both
datasets. While a trend of a slightly increased average error
was observed in the testing data compared to the train-
ing data across all models, this is a common and expected
behavior for models that generalize effectively. The broader
range of errors in the testing data simply suggests a greater
variability in predictions for unseen examples, but does not
indicate a significant issue with generalization.

4.4 Sensitivity analysis

SHAP (SHapley Additive exPlanations) analysis was
employed to investigate the influence of various input vari-
ables on the predicted compressive strength of hollow block
masonry. As XGB performed better compared to other
models in predicting f,,,, the XGB model was used for the
SHAP analysis. The obtained mean SHAP values, shown
in Fig. 13 for each variable, provide insights into their con-
tributions to the model’s prediction. This figure shows the
results of a SHAP sensitivity analysis for the XGBoost
model, illustrating the contribution of each feature to the
model’s predictions.A high SHAP value for f; signifies that
the model heavily considers the compressive strength of the
masonry units when predicting the overall strength. Intui-
tively, stronger bricks lead to a more robust structure and a
higher predicted compressive strength. The moderately pos-
itive SHAP value for f;, indicates that mortar strength also
plays arole, but to a lesser extent than the bricks themselves.
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Stronger mortar contributes to a better bond between bricks,
enhancing the structure’s capacity to withstand compressive
forces. The influence of H/t, L/t, a, ¢, and bedding type is
less pronounced than the abovementioned factors. The mean
SHAP values provide a general overview and further inves-
tigation into individual data points, and their correspond-
ing SHAP values can reveal intricate interactions between
these factors and their influence on the model’s predictions
in various scenarios.

To enhance the interpretability of machine learning mod-
els, beeswarm SHAP graphs offer a compelling visualization
technique. They go beyond traditional sensitivity analysis
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measures by revealing how individual features influence
model predictions for each data point. The beeswarm plot
displays features on the y-axis and SHAP values on the
x-axis, as shown in Fig. 14. SHAP values depict a feature’s
contribution to a prediction, with positive values indicating
a push towards the positive class and negative values sig-
nifying a push towards the negative class. A dot represents
each data point, and its color corresponds to the specific
value of the corresponding feature (e.g., red for high values,
blue for low values).

The results show that both f; and £, have a positive impact
on fy,,- A wider spread of dots on the x-axis for f, signifies a
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Fig. 10 Predicted vs. actual compressive strength for various machine learning models (a) ANN, (b) BT, (¢) KNN, (d) RF, (e) SVR and (f) XGB
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Table 4 Performance indicator for different codes, empirical model, and machine learning models

Code/Model Description Train Test

R® RMSE MAE  SI a20 R RMSE MAE  SI a20
(MPa) (MPa) (MPa) (MPa)

Code ! Eurocode 0.44 6.82 5.64 0.42 0.28
AS 3700 0.25 10.19 7.98 0.63 0.16

Empirical model ! Sarhat and Sherwood 0.81 3.94 3.03 0.24 0.75

ML model ANN 0.95 1.91 1.39 0.12 0.86 0.94 243 1.70 0.15 0.84
BT 0.98 1.37 0.94 0.09 0.96 0.95 222 1.59 0.13 0.89
KNN 0.94 2.15 1.54 0.13 0.84 0.89 3.15 221 0.19 0.76
RF 0.90 3.61 2.88 0.22 0.61 0.89 3.74 291 0.22 0.63
SVR 0.96 1.87 1.34 0.12 0.85 0.94 242 1.76 0.15 0.77
XGB 0.98 1.17 0.72 0.07 0.97 0.95 2.06 1.44 0.12 0.92

'The metrics for the standard code equations and empirical model are based on a deterministic evaluation of the entire dataset

Standard Deviation (MPa)
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(a) Training dataset

Fig. 11 Taylor diagram for (a) training dataset and (b) testing dataset

more significant impact on the f,,.. Stronger hollow blocks
can withstand higher compressive loads before failure [50].
The block’s net area (solid area) directly contributes to the
overall strength of the prism [40]. Mortar plays a crucial
role in transferring load between the blocks. While stronger
mortar can somewhat improve the overall strength, its influ-
ence is often less pronounced than the block strength. Mor-
tar joints are typically much thinner than the block itself.
This limits the contribution of mortar strength to the overall
strength of the composite. Even with weaker mortar, the
interlocking of blocks and the confining effect of the mortar
on the block faces can provide significant strength [67].
When the slenderness effect was considered, both H/t
and L/f ratios negatively affected the f;,,. As the H/f ratio
increases (taller and thinner prisms), the structure becomes

Standard Deviation (MPa)

0 2 4 6 8 10
Standard Deviation (MPa)

(b) Testing dataset

slender and more prone to buckling under compression. This
can decrease the overall compressive strength compared to
a shorter and thicker prism made of the same materials [71].
The L/t ratio generally has a less significant impact on com-
pressive strength than the H/¢ ratio. This is because the load
is primarily transferred through the vertical axis of the prism
(height) during compression. However, for very long and
thin prisms (high L/t), there is a possibility of shear failure
along the mortar joints. This can become a concern if the L/t
ratio is substantial [72]. Building codes and standards often
specify recommended H/f ratios for testing hollow masonry
prisms to ensure accurate strength evaluation. In practice,
a balance must be struck. While lower h/t ratios may offer
higher strength, they might be less efficient for wall con-
struction due to increased material usage [7].
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Fig. 13 Mean SHAP value for the
various input variables using XGB
model

@ Springer

+6.57

Bedding

0 1 2 3 4 5 6 7
mean(|SHAP value|)



Journal of Umm Al-Qura University for Engineering and Architecture (2025) 16:1806-1838 1825

Fig. 14 A beeswarm SHAP graph High
for various input variables using
XGB model fo 8 Wes SaffenniiiieecnontupacH |
fm —-*—- e nd
)
Hy 5
>
L/t + ®
=
—
a *- - 3
=
t . + .
Bedding *
T T T T T T T Low
-15 -10 -5 0 5 10 15

SHAP value (impact on model output)

Both the net-to-gross area of hollow blocks (o) and mor-
tar thickness have a complex relationship with f;,,. In the
study, fb is considered net area compressive strength; the
individual effect of a is complicated to interpret. Similarly,
the thickness of the mortar joint in hollow masonry prisms
has a complex relationship with the compressive strength.
It can have a positive impact, but to a lesser extent than the
strength of the hollow blocks. Thicker mortar joints can
provide a larger area for contact between the blocks. This
allows for better distribution of compressive loads across the
entire block surface, potentially leading to a slight increase
in overall strength [73]. A thicker mortar layer can help
bridge minor imperfections on the block surfaces, creating
a more uniform load distribution and potentially mitigating
stress concentrations that could lead to premature failure.
The mortar joint typically represents a much smaller area
than the solid block. Even with a thicker joint, the strength
of the mortar is often lower than the block material [74].
Therefore, the increase in strength due to thicker mortar is
usually modest. Excessively thick mortar joints can have
negative consequences, such as using less block material
within the prism, which potentially reduces its overall load-
bearing capacity.

Figure 15 illustrates how various block features impact
the predicted f,,. While strong fb and mortar generally
lead to stronger prisms, this is not always true. In most
cases, strong f, influences f;,, more than strong mortar.
Figures 15(b) and 15(c) focus on the influence of the solid
part of blocks (o) and prism aspect ratios (H/¢t and L/¢).
They reveal that only prisms with low H/t and L/t ratios
tend to use blocks with low a. For prisms with H/¢ ratios
exceeding 5.0, blocks with higher solid portions (a>0.60)
are generally preferred. Interestingly, blocks with less void
(0>0.60) used in high H/t ratio prisms have negative SHAP
values. This implies that the H/# ratio has a more substantial

influence on f,,, than the a in such cases. A similar trend is
observed for the L/¢ ratio, suggesting that the prism’s aspect
ratio plays a more significant role in f;,, than the block’s o
value for specific geometries.

4.4.1 Relative compressive strength of masonry unit and
mortar on sensitivity analysis

The ratio between the f,, and f, significantly impacts the
structure’s overall strength. A higher f, /f, ratio typically
translates to stronger masonry. This is because the mor-
tar can bind the individual units more efficiently, creating
a more cohesive structure. Conversely, a lower f /f; ratio
can lead to weaker masonry as the mortar’s bonding abil-
ity is compromised. To investigate the effect of these, the
influence of block strength relative to mortar strength on
the prediction accuracy of compressive strength for hollow
masonry blocks was examined. From the dataset used in the
present study, it is found that in 357 cases, the f;, was higher
than /.. The opposite was true in the remaining 154 cases,
with £, being lower than f;.

Data were analyzed for both the training and testing data-
sets under these two scenarios (f,, >f,, and f, < f,,), and the
results are illustrated in Fig. 16(a). In both scenarios, the
training datasets achieved excellent performance with R?
values close to 0.98 and a high percentage of data points
falling within the 20% error range. This indicates that the
model effectively learned the relationship between the input
parameters and compressive strength in the training data.
While the training data showed high accuracy, the testing
data for the scenario where f is greater than f;, exhibited
decreased performance. This is evident from the lower R?
(0.93) and a reduced fraction of data points within the 20%
error range (0.96) compared to the training data. Interest-
ingly, the testing data for the scenario where f; is less than
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Fig. 15 Partial dependence plot from SHAP analysis

/., maintained a high accuracy comparable to the training
data. The R? value remained close to 0.98, and the fraction
of data points within the 20% error line remained respect-
able at 0.84, although this was significantly lower than the
training dataset.

As shown in Fig. 16(b), the SHAP analysis reveals that
the relative influence of input variables depends on the rela-
tionship between the f;, and 1. In cases where the f; is greater
than the £, the SHAP values indicate that the f, exerts the
most decisive influence on the overall compressive strength.
This is intuitive, as stronger blocks naturally contribute to
more robust structures. The compressive strength of the
mortar remains important but has a lower impact than the
block strength. Geometric features, including the L/¢, H/t,
and ¢, all contribute moderately to the final compressive
strength. The a, representing the ratio of solid area to total
area, also has a moderate influence. Finally, the type of bed-
ding used has a minor impact on the overall compressive
strength. However, the scenario changes significantly when
Jp 1s lower than f,,. While the £, remains the most critical
factor, its influence weakens slightly compared to the f;, >f;,
case. This suggests that even weaker blocks can contribute
meaningfully, albeit to a lesser extent. Interestingly, the
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importance of mortar strength diminishes when the block is
weaker, highlighting its role in compensating for deficien-
cies in block strength. In such cases, optimizing factors like
bedding type becomes crucial to maximize the mortar’s con-
tribution to the overall strength. Additionally, the influence
of geometrical features becomes minimal. This suggests
that when the block is the weak link, the overall geometry
becomes less critical in determining the final compressive
strength.

4.4.2 Effect of prism height on sensitivity analysis

The specimen’s height is another factor affecting the
masonry prism’s compressive strength. Generally, taller and
thinner prisms tend to be weaker than shorter and thicker
ones under compressive loads. The dataset used in the pres-
ent study shows that in 307 cases; the H/¢ ratio is less than
4. In the remaining 204 cases, the H/t ratio is higher than 4.
This criterion is critical for ensuring that the observed fail-
ure mode is a result of compressive crushing of the masonry
rather than premature failure caused by lateral instability
or buckling of the slender prism. This geometric limit is
consistent with established design standards. For example,
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Fig. 16 Effect of prism height on sensitivity analysis (a) Predicted vs. measured compressive strength, (b) Mean SHAP value and (¢) SHAP sum-

mary plot

Eurocode 6 (EN 1996-1-1) and other international standards
specify similar slenderness ratios for compression testing
to obtain reliable strength data. Prisms with a higher H/t
ratio consistently exhibit a lower compressive strength due
to buckling effects, which highlights the necessity of con-
trolling this parameter in experimental studies. Therefore,

selection of prisms with an H/t ratio less than 4 aligns with
established best practices for obtaining representative mate-
rial properties. Data were analyzed for both training and
testing datasets under these two scenarios (and results illus-
trated in Fig. 17(a).
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For shorter prisms (H/t<4), the model exhibited excep-
tional performance in predicting compressive strength. This
is evidenced by the high R? values (0.98 for training and
0.94 for testing), indicating a strong correlation between
predicted and actual strengths. The low RMSE values (1.38
for training and 2.41 for testing) demonstrate high model
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accuracy. Furthermore, the high fraction of data points
falling within a 20% error range of the actual values (0.99
for training and 0.92 for testing) signifies excellent model
generalizability. While the model’s performance remained
excellent for taller prisms (H/t>4), it was slightly lower than
for shorter ones. The R-squared values (0.99 for training
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and 0.96 for testing) remained high, indicating a strong rela-
tionship between predicted and actual strengths. The train-
ing set exhibited a lower RMSE (0.69) than shorter prisms,
suggesting better accuracy for this category during training.
However, the testing set RMSE (1.46) was slightly higher.
The fraction within the 20% error range also remained high
(0.95 for training and 0.93 for testing), indicating good gen-
eralizability. This observed trend suggests that the model
performs marginally better for predicting the compressive
strength of shorter masonry prisms. This could be attrib-
uted to two potential factors. Firstly, shorter prisms experi-
ence a more uniform stress distribution under compression
than taller ones. This simpler stress pattern might be more
straightforward for the model to capture accurately. Sec-
ondly, failure modes in shorter prisms are more likely due to
the crushing of units or mortar joints, which the model may
be better at predicting compared to buckling failures that
can occur in taller prisms.

As shown in Fig. 17(b), the SHAP analysis results
revealed a noteworthy trend in how feature sensitivity
is affected by this geometric factor. For shorter prisms
(H/t<4), the f, itself emerges as the most critical factor
(SHAP: 5.34), unsurprisingly highlighting the dominance
of block strength in determining overall strength. The f,
(SHAP: 0.99) also plays a significant role, but to a lesser
extent. Interestingly, the H/f ratio has a moderate impact on
predicted strength (SHAP: 0.46) for shorter prisms. This
suggests that within this range, the effect of variations in
height is less pronounced. Similarly, the L/¢ ratio (SHAP:
0.32) exerts a moderate influence, indicating that the over-
all aspect ratio contributes to strength prediction for shorter
prisms. Other features, such as a (0.29), ¢, (0.07), and bed-
ding type (0.05), have a minor influence on the predicted
strength for shorter prisms.

However, the trend in feature importance shifts for taller
prisms (H/t>4). The f; remains the most crucial factor
(SHAP: 6.68), but its importance increases compared to
shorter prisms. This could be attributed to the greater suscep-
tibility of taller prisms to weaknesses in the block material.
The importance of £, (SHAP: 1.75) also increases, suggest-
ing that a stronger mortar becomes more critical in compen-
sating for potential deficiencies in the block for taller and
potentially weaker structures. The H/¢ ratio (SHAP: 0.38)
remains moderately essential, but its influence is slightly
lower than shorter prisms. This might indicate a diminish-
ing effect of height variation within the taller category. The
impact of L/t ratio (SHAP: 0.31) also shows a slight decrease
compared to shorter prisms. Notably, the importance of o
(0.05) and ¢,,, (0.14) decreases for taller prisms. The type of
bedding (0.01) has minimal influence. This suggests that for
taller structures, the focus shifts towards the overall strength
of the block material and the mortar’s ability to compensate,

with less emphasis on these other factors. This emphasizes
the dominance of block strength and highlights the increas-
ing role of mortar strength, as well as a moderate influence
of geometry, particularly for taller prisms.

4.4.3 Effect of bedding type on sensitivity analysis

Bedding type significantly impacts hollow block masonry’s
compressive strength. Full bedding utilizes more mortar,
distributing compression load evenly but introducing poten-
tial weak points. Faceshell bedding, which uses mortar only
on block faces, offers faster construction and a more defined
load path, but may be less resistant to shear forces. The data-
set used in the present study revealed that in 379 cases, the
prisms were used with full bedding. In the remaining 132
cases, the prisms used the faceshell bedding. Data were ana-
lyzed for both training and testing datasets under these two
scenarios (and results illustrated in Fig. 18(a).

The model consistently achieved superior performance
when predicting the compressive strength with faceshell
bedding compared to full bedding. This was evident in
all performance metrics. For faceshell bedding, the model
achieved a higher training and testing R? (closer to 0.99),
indicating a stronger correlation between predicted and
actual values. Additionally, the model produced lower pre-
diction errors (lower RMSE values, around 0.75 for train-
ing and 1.89 for testing) for faceshell bedding compared to
full bedding (around 1.28 for training and 2.11 for testing).
Finally, the model captured a more significant portion of data
points within a 20% error margin for faceshell data (around
98% for training and 90% for testing) compared to full bed-
ding (around 97% for training and 93% for testing). Several
potential explanations could account for this observed trend.
Faceshell bedding typically involves less mortar compared
to full bedding. This might lead to a more predictable load
transfer path between the blocks. A simpler load transfer
mechanism could enable the model to learn the relation-
ship between input features and compressive strength more
effectively. Additionally, faceshell bedding might introduce
less overall variability in the masonry’s behavior compared
to full bedding. This reduced variability could make it easier
for the model to identify the underlying patterns and achieve
higher accuracy in its predictions. Furthermore, the distri-
bution of compressive strength data for faceshell bedding
might align more with the model’s assumptions. This could
contribute to better training and generalization of unseen
data during testing.

As shown in Fig. 18(b), the SHAP analysis results
revealed a noticeable difference in the importance of vari-
ous features depending on the bedding type used. The
analysis revealed a significantly higher SHAP value for
the full bedding scenario (7.21) compared to the faceshell
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Fig. 18 Effect of bedding type on sensitivity analysis (a) Predicted vs. measured compressive strength, (b) Mean SHAP value, and (¢) SHAP

summary plot

bedding scenario (4.98). This suggests that £, is more critical
in determining the overall compressive strength when full
bedding is employed. There are two possible explanations
for this observation. Firstly, full bedding distributes the load
transfer path through both the mortar and the block inter-
faces. This distributed load path makes the overall compres-
sive strength more reliant on the inherent strength of the

@ Springer

masonry unit itself. Secondly, full bedding introduces more
mortar joints, which can become weak points if the mor-
tar has lower strength. This potential for weak mortar joints
could make the overall strength less sensitive to variations
in f, compared to the masonry unit strength. Furthermore,
the SHAP values for features such as prism geometry (L/t,
H/t, and tm) were generally lower than those for f;, and 1, for
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full bedding. This could be attributed to the dominant influ-
ence of £, in full bedding scenarios. When f; plays a more
significant role, the impact of these geometric and material
properties might be overshadowed.

In contrast, feature importance in faceshell bedding
exhibited a more balanced distribution. The SHAP values
for f, and f;, were closer (4.98 and 1.01, respectively) com-
pared to full bedding, indicating that both the strength of
the masonry unit and the mortar strength contribute more
equally to the overall compressive strength. There are two
possible explanations for this trend. Firstly, faceshell bed-
ding concentrates the load transfer path on the mortar-block
interfaces. This more defined load path could make the
overall strength more sensitive to both the strength of the
masonry unit (f,) and the mortar (f;,). Secondly, the defined
load transfer path in faceshell bedding might make the over-
all strength slightly less dependent on the prisms’ specific
geometric properties (L/¢, H/f) compared to full bedding.
The SHAP value for #,, was also lower in faceshell bedding
(0.07) compared to full bedding (0.16). This aligns with the
concept that faceshell bedding uses significantly less mortar
overall.

4.5 Feature importance for the prediction

In optimising the compressive strength of hollow masonry
prisms, feature importance analysis using XGB offers valu-
able insights. Once the XGBoost model is trained, the cal-
culated feature importance scores are retrieved, as shown in

Fig. 19 Feature contribution for the

prediction of compressive strength
of hollow masonry prisms

fb |
75.4% .

Fig. 19. This analysis reveals a distinct trend: the fb emerges
as the most dominant factor influencing the overall com-
pressive strength of the prism (75.4% importance). This
finding aligns with established principles, as stronger blocks
naturally contribute to a more robust overall structure.
The £, (8.6% importance) also plays a role. As the bind-
ing agent, mortar strength influences how effectively forces
are transferred between blocks. Following in importance
was H/t ratio (5.3% importance). A higher H/¢ ratio can
increase buckling under compression, reducing the prism’s
strength. This highlights the crucial role of maintaining a
balanced geometry during the design process. The remain-
ing features — ¢,,,, L/t, a, and bedding type — accounted for a
combined importance of 10.8%. This suggests that, within a
reasonable range, these factors may not significantly affect
the compressive strength as long as the primary factors are
considered. These findings align with previous research,
highlighting the importance of selecting high-fiber blocks
and fine mortar for critical applications and maintaining a
proper H/t ratio during the design phase.

Feature importance analysis examines the impact of
removing individual input variables on the performance of
a machine learning model predicting compressive strength.
As XGB outperformed other models, the XGB model was
considered for feature importance analysis. Figure 20;
Table 5 demonstrate the predicted vs. actual compressive
strength and performance indicators, respectively, for each

case.
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Fig. 20 Predicted vs. actual compressive strength
for model with one less parameter (a) none of the

input removed, (b) f;, (¢) fi, (d) ¢, (e) H/z, (f)
L/t, (g) a, and (h) bedding type
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Table 5 Performance indicator for models with one less input variable

Removed Train Test Rank
parameter R? RMSE MAE SI a20 R? RMSE MAE SI a20
None 0.98 1.17 0.72 0.07 0.97 0.95 2.06 1.44 0.12 0.92
o 0.94 2.13 1.51 0.13 0.86 0.85 3.64 2.54 0.22 0.67 1
Jm 0.97 1.60 1.13 0.10 0.96 0.94 2.36 1.68 0.14 0.88 2
o 0.98 1.29 0.86 0.08 0.96 0.95 2.11 1.47 0.13 0.89 6
H/t 0.98 1.42 0.95 0.09 0.97 0.95 2.21 1.56 0.13 0.91 3
L/t 0.98 1.29 0.86 0.08 0.96 0.95 2.15 1.51 0.13 0.88 5
o 0.98 1.33 0.91 0.08 0.97 0.95 2.16 1.48 0.13 0.87 4
Bedding 0.98 1.25 0.83 0.08 0.96 0.95 2.22 1.50 0.13 0.88 7
Fig. 21 Performance indicators = RMSE: Train CIRMSE: Test ---RZ Train -4 RZ Test
v.arlatlor? for the various combina- 25 1.00
tions of input variables
2.0 g S S Pi ) - &= o--T"""" 0.98
_b”"
@ 1.5 0.96
a
s - - ;
210 r___——q 0.94
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Removing f, leads to the most significant increase in
RMSE for training and testing data (almost double the error
compared to the model, including all the input variables).
Similarly, the fraction of data within the 20% error line
decreases substantially (by around 30%) for both datasets.
This suggests that f; is the most influential variable for the
model’s prediction accuracy. Removing FM also results in a
noticeable increase in RMSE (37% for the training dataset
and 15% for the testing dataset, respectively) and a decrease
in the fraction of data within the 20% error line (1% for the
training dataset and 4% for the testing dataset, respectively)
for both datasets. This indicates f;, plays a significant role in
the model’s performance.

Removing the bedding type shows a minor increase in
RMSE (7% for the training dataset and 8% for the testing
dataset, respectively) and a slight decrease in the fraction
of data within the 20% error line for both datasets. This
suggests Bedding has a minimal influence on the model’s
accuracy. Removing other variables (¢, H/t, L/¢, o)) resulted

Case 3
fb, fm, H/t, a
Case 4
fb, fm, H/t, a, L/t
Case 5
fb, fm, H/t, a, L/t, tm
Case 6
fb, fm, H/t, q, L/t, tm,
Bedding

Input variables

in a minor increase in RMSE (round 10-14% for training
and 3-7% for testing datasets, respectively) and a minor
decrease in the fraction of data within the 20% error line
(around 1-4% decrease) for both datasets. This suggests
these variables have a less significant impact on the mod-
el’s performance than f, and f;,. Based on the analysis, the
order of influence for the input variables on the compressive
strength prediction model is likely: f;, (most influence), f;,,
H/t, a, L/t, t,, and bedding type (least influence).

The study further investigated the effectiveness of a sim-
plified XGB model for predicting f,, using only the most
essential features identified through feature importance
analysis. Real-world applications often face challenges
acquiring all data points, making this approach highly rel-
evant. Figure 21 illustrates the model’s performance with
various combinations of features.

The analysis began by identifying the most influential
features. These features were then progressively incor-
porated into the model, starting with those deemed most
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Table 6 This summarizes the machine learning models used to predict Hollow masonry compressive strength

Reference Input ML used Number of Best Performance indicator -  Performance indica-  Feature
variable datasets ML Training dataset tor - importance
model Testing dataset
Ho and Tran [35]  f;,fu, H/t, GB 102 GB R?=0.977 R?=0.976 fo >HIt>f,,
Sulls RMSE=0.803 MPa RMSE=0.906 MPa  >f_/f;
Sharafati et al. [36]  f, f,, Ht BGR, DTR, 90 BGR R?=0.972 R?=0.937 -
SVR RMSE=0.670 MPa RMSE=1.229 MPa
Fakharian et al. [37] £, f,,, H/t ~ ANN, GEP, 102 ANN  R?=0.903 - Jo >fm >HIt
GMDH RMSE=0.1.720 MPa
Present study Sorfor tw ANN, BT, 511 XGB  R?=0.98 R?=0.95 fo >
Hit,L/t,a, KNN, RF, RMSE=1.17 MPa RMSE=2.06 MPa  >H/t>Lit>u>1,
bedding SVR, XGB >bedding

f1,: compressive strength of masonry unit, f,,: compressive strength of mortar, 7. thickness of the mortar, #: width of the masonry prism, H:
height of the masonry prism, L: width of the masonry prism, a: net-to-gross area ratio of hollow block

GB: Gradient boosting, BGR: Bagging Regression, DTR: Decision tree regression, GEP: Gene Expression Programming, GMDH: Group Data

Handling

impactful by the feature importance analysis (f, and f;, in
Case 1). As expected, incorporating more features improved
prediction accuracy, as evidenced by higher R? and lower
RMSE. However, the benefit of adding additional features
diminished after Case 2, which utilized the three features
Jo» fm» and H/t. This three-feature combination achieved an
RMSE of approximately 1.40 MPa for the training data-
set and 2.31 MPa for the testing dataset. Adding just one
more feature (o) further improved performance to 1.34 MPa
(training) and 2.26 MPa (testing), approaching the accuracy
achieved by using all features. These results indicate that
while using all available data improves model accuracy, a
smaller set of key features, identified through feature impor-
tance analysis, retains substantial predictive power. This is
advantageous when collecting all data points is impractical.

5 Comparison with published literature

In Table 6, different machine learning models were compared
for predicting the compressive strength of hollow masonry.
The models utilized various input variables, including the
compressive strength of masonry units (f;), mortar strength
(f,), mortar thickness (), and other physical properties
such as the height and width of masonry prisms (H/t, and
L/t). Consequently, the predictions made by the models are
sensitive to the chosen parameters, which is reflected in the
performance metrics observed in the study. To better under-
stand the influence of these initial assumptions, the perfor-
mance of the models was compared with that of models
developed by other researchers in the field. For example, Ho
and Tran [35] employed Gradient Boosting (GB), achieving
an R? of 0.977 for the training set and 0.976 for the test set.
Their model focused on input variables such as the compres-
sive strength of masonry units (f;), mortar strength (f,,), and
the height-to-thickness ratio (H/f). Similarly, Sharafati et al.

@ Springer

[36] explored multiple machine learning techniques, includ-
ing Bagging Regression (BGR), Decision Tree Regression
(DTR), and Support Vector Regression (SVR), with BGR
emerging as the best-performing model, yielding an R? of
0.972 on the training set and 0.937 on the test set. Fakhar-
ian et al. [37] utilized Artificial Neural Networks (ANN),
Gene Expression Programming (GEP), and Group Method
of Data Handling (GMDH), with ANN achieving the best
results, yielding an R? of 0.903 on the training set.

In contrast, this study adopted a more comprehensive
approach, utilizing a broader set of input variables and
employing a range of machine learning techniques. Among
these models, XGB performed the best, achieving an R? of
0.98 on the training set and 0.95 on the test set, with RMSE
values of 1.17 MPa and 2.06 MPa, respectively. This per-
formance comparison underscores the importance of select-
ing appropriate input variables and model techniques.
Furthermore, the importance of each feature in the model
was evaluated, revealing that the compressive strength of
the masonry unit (f;,) had the most significant influence on
predictions, followed by mortar strength (f;,), the height-to-
thickness ratio (H/t), and other variables such as L/t and tm.
These findings are consistent with those of Ho and Tran [35],
who also identified f;, as the most significant feature in their
model. The comparison with previous studies highlights the
importance of model assumptions and initial parameters in
determining predictive accuracy, demonstrating that even
minor changes in input variables or assumptions can signifi-
cantly impact model performance. This highlights the need
for careful consideration of parameter choices when devel-
oping machine learning models, as they can substantially
impact the outcomes of predictive tasks.
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6 Limitation of the study and future
research direction

While this study offers a significant advancement in predict-
ing the compressive strength of hollow block masonry using
machine learning, there are limitations for future research
endeavours. The limitation of studies is:

e Data Source: The study emphasizes the importance of
using a comprehensive dataset that includes all relevant
factors. However, the research itself might be limited by
the specific data source used. The generalizability of the
findings could be enhanced by incorporating data from
diverse sources and geographical locations, thereby ac-
counting for potential variations in material properties
and construction practices.

e Material Properties: While the study examines the im-
pact of key material properties, such as block and mortar
strength, it may not delve deeper into the specific mate-
rial compositions or manufacturing processes. Including
details like aggregate type, cement content, or curing
conditions could provide even more nuanced insights.

e Model Explainability: Although the study employs fea-
ture importance analysis to identify influential factors, a
deeper understanding of the model’s internal workings
could be valuable. Techniques like LIME (Local Inter-
pretable Model-Agnostic Explanations could provide
more granular explanations for specific predictions.

e Generalizability of Machine Learning Model: The high
accuracy achieved by the XGB model might be specific
to the dataset used for training and validation. Testing
the model on entirely new datasets from different sourc-
es would be crucial to assess its generalizability in real-
world scenarios.

Building upon the success of this study in utilizing machine
learning for predicting compressive strength, several prom-
ising avenues for further research exist. The following are
potential future directions that can expand upon the current
knowledge base and enhance the practical applications of
machine learning in hollow block masonry construction.

e Incorporate Additional Factors: Future research could
investigate the impact of other factors that may affect
compressive strength, such as the presence of voids or
imperfections in the blocks, the type of bedding material
used, or the curing conditions of the mortar.

e Multi-Scale Modeling: Investigating the relationship
between the microstructure of materials (blocks and
mortar) and their mechanical properties using tech-
niques such as finite element analysis can provide a

deeper understanding of the factors influencing strength
at a more fundamental level.

e Hybrid Approaches: Combining machine learning
models with physics-based models could leverage the
strengths of both approaches. Machine learning can
capture complex relationships from data, while physics-
based models can provide insights into the underlying
physical processes.

e Real-Time Monitoring: Integrating sensors into mason-
ry structures can enable real-time monitoring of health
and performance. This data could be used to update
machine learning models and improve their predictive
capabilities.

e Automation and Optimization: By integrating the XGB
model into design software, engineers could optimize
material selection, wall thickness, and other design pa-
rameters for specific projects, leading to more efficient
and cost-effective construction practices.

By exploring these promising research directions, the pre-
diction model will enhance the accuracy and generaliz-
ability of machine learning models, paving the way for the
development of more efficient and sustainable construction
practices.

7 Conclusion

This study explored the application of machine learning
for predicting the compressive strength of hollow block
masonry. By incorporating a comprehensive dataset that
encompasses all relevant factors and comparing various
machine learning models with existing prediction methods,
the following results are obtained.

e When comparing building codes, Eurocode offered bet-
ter strength estimations than AS3700. However, the
equation by Sarhat and Sherwood provided the most
accurate predictions by considering the height-to-thick-
ness ratio, making it a more reliable tool for predicting
the compressive strength of hollow block masonry.

e Machine learning models demonstrated promise in
predicting compressive strength, particularly the XGB
model, which accurately predicted compressive strength.
This approach surpasses the limitations of traditional
methods by achieving high accuracy (R?>0.92) and low
error (RMSE<2.14 MPa). While all models showed a
slight drop in performance on unseen data compared to
training data, XGB’s overall accuracy and ability to cap-
ture complex relationships make it a valuable tool for
compressive strength prediction.
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e SHAP analysis revealed that block strength is the most
influential factor, followed by mortar strength. Slender
prisms (high H/t or L/f) and lower solid area ratio (a) in
blocks tend to have lower strength. The impact of mor-
tar thickness is complex; a moderate thickness can be
beneficial, but excessive thickness can be detrimental.
Understanding these factors is crucial for optimizing the
design of hollow block masonry.

e Feature analysis using XGB revealed block strength
as the most crucial factor for predicting compressive
strength, followed by mortar strength and slenderness
(H/t ratio). Other factors, such as mortar thickness and
block solidity (o), had a lesser impact. Focusing on these
key features during design and using a simplified model
can still achieve good prediction accuracy, making the
process more efficient.

Applying machine learning to predict compressive strength
in hollow block masonry offers several advantages. It
eliminates the need for destructive testing, saving time and
resources. Additionally, engineers can optimize material
selection, wall design, and construction practices by focus-
ing on the key factors identified through feature importance
analysis. This leads to improved structural performance,
increased cost-effectiveness, and safer and more sustainable
construction practices using hollow block masonry.
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