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Abstract 

This article investigates the importance of moisture content in cement-stabilized 
earth blocks (CSEBs) and explores methods for their prediction using machine learn-
ing. A key aspect of the research is the development of accurate moisture content 
prediction models. The study compares the performance of various machine learning 
models, and XGBoost emerges as the most promising model, demonstrating superior 
accuracy in predicting moisture content based on factors like soil properties, cement 
content, and ultrasonic pulse velocity (UPV). The study employs SHAP (SHapley Addi-
tive exPlanations) to understand how these features influence the model’s predic-
tions. UPV is the most significant factor affecting predicted moisture content, followed 
by cement content and soil properties like uniformity coefficient. Also, the study 
explores the possibility of using a reduced set of features for moisture content predic-
tion. They demonstrate that a combination of UPV, cement content, and uniformity 
coefficient can achieve good accuracy, highlighting the potential for practical applica-
tions where obtaining all data points might be challenging.

Keywords:  Cement-stabilized earth blocks, Moisture content, Machine learning, 
Ultrasonic pulse velocity, SHAP analysis

Introduction
Due to its inherent advantages, masonry construction remains a prevalent choice for res-
idential structures. Firstly, masonry offers exceptional durability, withstanding extreme 
weather conditions and demonstrating longevity over centuries. This translates to supe-
rior structural integrity and stability, providing robust resistance against fire, wind, and 
seismic activity. Furthermore, the inherent thermal mass of masonry materials fosters 
energy efficiency by regulating indoor temperatures, thereby reducing energy demands 
for heating and cooling [1]. Two primary types of masonry construction are fired-clay 
brick and concrete block masonry. However, conventional masonry materials like fired 
clay bricks and concrete blocks also have limitations. Fired-clay brick production neces-
sitates high kiln temperatures, leading to significant energy consumption and the release 
of pollutants. While less energy intensive than bricks, concrete block production still 
contributes to greenhouse gas emissions. The manufacturing processes for bricks and 
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blocks are energy intensive, resulting in a high embodied energy content within the final 
products [2].

Cement-stabilized earth blocks (CSEBs) offer a promising alternative that addresses 
these environmental concerns. CSEB production utilizes local, readily available soil, 
eliminating the need for high-temperature firing or extensive processing. Due to the use 
of local materials and minimal processing, CSEBs boast a significantly lower embodied 
energy compared to fired bricks and concrete blocks [3]. Also, CSEBs primarily consist 
of soil, a naturally renewable resource, minimizing their environmental impact. There-
fore, CSEBs present a viable and sustainable option for masonry construction [4]. They 
address the environmental limitations associated with traditional materials while main-
taining the core benefits of durability, strength, and energy efficiency, making them a 
potentially attractive choice for contemporary building practices.

CSEBs made with cement and lateritic soil contain numerous air pockets or voids. 
These voids can be filled with water when saturated, with air when dry, and with a com-
bination of air, water vapor, and liquid water at intermediate moisture levels [5]. This 
moisture content variation significantly affects the strength and durability of CSEBs 
[6]. Water absorption can cause the cement gel to expand as it hardens. This creates a 
larger gap between cement gel surfaces, weakening the bond between particles in the 
CSEB. Consequently, the blocks become more susceptible to breaking under lower 
external loads. When voids are filled with water, hydraulic pressure is created. This pres-
sure pushes the particles apart, potentially causing cracks to propagate at much lower 
loads. This translates to a decrease in the compressive strength of the CSEB [7]. If CSEBs 
absorb water too quickly or in large quantities, there is a higher risk of leaks in masonry 
construction. Highly absorbent CSEBs might become saturated during rainy seasons and 
transfer moisture into the building interior. Given these potential drawbacks, it is crucial 
to understand how moisture affects CSEBs before using them for wall construction in 
wet climates. As mentioned earlier, the soil type used in the CSEB mix also plays a role. 
Soils with high clay content typically absorb more water than those dominated by sand.

Several studies have investigated the effects of environmental factors on historical 
masonry structures [8–10]. These studies consistently show increased moisture content 
is common in vertical masonry structures. Experimental research by Foraboschi and 
Vanin [10], Witzany et al. [11], and Amade et al. [12] found that water saturation can 
significantly reduce the compressive strength of masonry. This decrease can range from 
a few percent to over 20% compared to the strength of air-dry masonry. Sathiparan et al. 
[13] reported that the moisture effects on compressive strength for CSEBs. The study 
was conducted with CSEBs with 1:6 volume ratio of cement to soil, and compressive 
strength was measured for moisture conditions. Based on this, the authors proposed 
that the compressive strength (σc in MPa) at the particular moisture content (m in per-
centage) can be given by Eq. (1).

All these studies show that moisture in masonry blocks, especially in CSEBs, 
affects strength and durability. So, knowing the moisture content in CSEBs at 
any state helps predict how CSEBs might perform in different weather condi-
tions, allowing for informed decisions about their suitability for a specific project. 

(1)σc = −0.031m+ 5.171
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By determining the moisture content of CSEBs, manufacturers and builders gain 
valuable insights into the material’s current state and its potential performance. 
This information helps ensure stronger and more durable CSEBs, reduced risk of 
leaks, and improved overall quality control and building performance. So, overall, 
determining the moisture content of CSEBs is crucial in ensuring their structural 
integrity, long-term durability, and suitability for use in construction projects, par-
ticularly in wet climates.

There are several methods for measuring moisture content in masonry, each with 
its own advantages and limitations. Destructive methods involve taking a core sam-
ple of the masonry, drying it in a controlled oven environment, and then measuring 
the weight difference before and after drying. This provides the most accurate mois-
ture content measurement but damages the structure and requires specialized equip-
ment [14, 15]. Several nondestructive methods, such as microwave method, electrical 
impedance method, resistance pins, and probe method, are also used to measure the 
moisture content of the masonry. Destructive methods are generally less expensive 
but require sample preparation. Nondestructive methods can be more costly due to 
specialized equipment but offer the advantage of not damaging the structure [16, 17]. 
The most suitable method depends on the specific needs of the project. Factors such 
as required accuracy, accessibility, cost, and equipment availability determine the 
appropriate testing methods. Although nondestructive methods provide some corre-
lation with moisture content, soil properties also have a significant effect on moisture 
content [18]. So, the present study uses machine learning techniques to predict mois-
ture content based on a combination of soil properties, cement content, and ultra-
sonic pulse velocity.

Recent research highlights the growing popularity of machine learning algorithms 
for predicting the characteristics of building materials [19–21]. This is likely due to 
the complex nature of material properties, which are influenced by numerous vari-
ables. Machine learning offers a powerful solution for navigating this complexity, sur-
passing traditional methods [22, 23]. A wide range of machine learning techniques 
have been successfully applied to predict the various property building materials. 
Furthermore, the combination of nondestructive testing measurements with machine 
learning techniques has proven effective in predicting the properties of concrete 
[24–27], pervious concrete [28], masonry [29, 30], and timber ([31]). This approach 
offers a significant advantage by allowing material evaluation without causing dam-
age. While nondestructive testing and machine learning techniques have been suc-
cessfully combined for various materials, research on predicting the moisture content 
of masonry, especially CSEBs, using this approach remains limited.

This study aims to bridge this gap by utilizing machine learning techniques to pre-
dict the moisture content of CSEBs based on soil characteristics, cement content used 
for  stabilization, and ultrasonic pulse velocity. This will facilitate the assessment of 
CSEB quality without causing damage to the structures. The study will involve the 
creation of CSEBs with 27 distinct combinations of cement-to-soil ratios (three 
ratios) and soil types (9 different soils). Subsequently, various machine learning tech-
niques will explore the relationships between soil properties, cement content, ultra-
sonic pulse velocity, and moisture content of the CSEBs.
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Methods
Materials used

This study utilized ordinary Portland cement (OPC) conforming to Sri Lanka Standard 
SLS855 (1989) as the binding agent. The OPC’s chemical composition comprised 66.6% 
CaO, 20.6% SiO2, 4.5% Al2O3, 3.6% Fe2O3, and 0.4% K2O + Na2O (by weight). Addition-
ally, the cement possessed a specific gravity of 3.15, a bulk density of 1362 kg/m3, and a 
specific surface area of 325 m2/kg, with an initial setting time of 140 min and a final set-
ting time of 190 min. Nine lateritic soils were chosen for this experiment, all originating 
from the northern region of Sri Lanka. These soil samples were then analyzed for their 
physical characteristics and particle size distribution. The visualization of soils is pre-
sented in Fig. 1.

Mix design

This research explores the influence of soil characteristics, cement content, and ultra-
sonic pulse velocity on the prediction of moisture content of CSEBs. The study used the 
same cement-to-soil ratios observed at construction sites to achieve this. Blocks were 
produced with three different cement contents: 8%, 12%, and 16% of the soil weight. 
Maintaining consistent workability is crucial. Typically, a fixed water-to-cement ratio or 
a specific slump value is used. However, in this case, the varying particle size distribu-
tion of the local soil necessitated a unique approach. Despite clay and silt, the slump 
test yielded zero slump even with a higher water-to-cement ratio. Consequently, the 
water content was determined based on achieving the highest possible dry density for 
the cement-soil mixture. Table 1 details the specific mix proportions used for creating 
the stabilized earth blocks. Figure 1 shows the physical appearance of the blocks after 
28 days of moisture curing. The size of specimens is 150-mm cubic. The mortar cubes 
made with soils 3 and 6 exhibit a noticeably darker color than the others. This is likely 
due to the use of red soil in their mixture, resulting in a distinct visual difference. The 
remaining mortar cubes display a light-yellow coloration.

Testing

Sieve analysis test

Sieve analysis plays a vital role in determining the particle size distribution of granular 
materials. This fundamental test, employed following ASTM D422 [32], offers valuable 
insights for various engineering and scientific applications. The procedure commences 
with obtaining a representative and dry sample. A series of sieves with progressively 
smaller mesh sizes are meticulously chosen based on the material and the desired level 
of detail. The sample is then poured onto the topmost sieve, and the entire stack is sub-
jected to a controlled mechanical process lasting 10  min. Following the shaking, any 
material retained on each sieve is meticulously brushed back onto the stack, meticu-
lously collected, and weighed individually. The mass of material retained on each sieve 
is then expressed as a percentage of the initial sample mass. This conversion provides a 
quantitative representation of the particle size distribution. The particle size distribution 
for each soil used in this study is presented in Fig. 2.
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Atterberg limit test

Adhering to ASTM D4318 [33], the Atterberg limits test classifies soil behavior based 
on moisture content. The liquid limit signifies the moisture level at which soil transi-
tions from liquid to plastic. This is determined by repeatedly dropping a soil paste 

Fig. 1  Physical appearance of soils and mortar cubes casted with various cement contents
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until a specific groove closes within a set distance. The plastic limit, on the other 
hand, represents the moisture content where the soil transforms from a plastic state 
to a brittle state. This is achieved by measuring the moisture content of hand-rolled 
soil threads as they thin to a specific diameter. These tests provide valuable insights 
into the workability and behavior of soils at varying moisture levels.

Standard proctor compaction test

The standard Proctor compaction test (SPCT) as outlined in ASTM D698 [34] was 
employed to investigate the influence of moisture content on the packing behavior of 
lateritic soils. This test establishes a given soil sample’s optimal moisture content and 
maximum achievable dry density. Air-dried soil, sieved to remove large particles, was 
separated into portions with varying moisture contents through controlled water addi-
tion. Each portion was compacted in a mold using a standard rammer with consistent 
blows per layer. The compacted soil’s wet and dry weights, and representative moisture 
content samples, were determined. The calculated dry density was then plotted against 

Table 1  Cement-soil mix used for the casting (material required for 1 kg of soil)

Mix ID Cement content 
(%)

Soil type Soil (g) Cement (g) Water (g)

S1-08 8 Soil 1 1000 80 88

S2-08 8 Soil 2 1000 80 96

S3-08 8 Soil 3 1000 80 95

S4-08 8 Soil 4 1000 80 133

S5-08 8 Soil 5 1000 80 88

S6-08 8 Soil 6 1000 80 120

S7-08 8 Soil 7 1000 80 82

S8-08 8 Soil 8 1000 80 102

S9-08 8 Soil 9 1000 80 92

S1-12 12 Soil 1 1000 120 88

S2-12 12 Soil 2 1000 120 96

S3-12 12 Soil 3 1000 120 95

S4-12 12 Soil 4 1000 120 133

S5-12 12 Soil 5 1000 120 88

S6-12 12 Soil 6 1000 120 120

S7-12 12 Soil 7 1000 120 82

S8-12 12 Soil 8 1000 120 102

S9-12 12 Soil 9 1000 120 92

S1-16 16 Soil 1 1000 160 88

S2-16 16 Soil 2 1000 160 96

S3-16 16 Soil 3 1000 160 95

S4-16 16 Soil 4 1000 160 133

S5-16 16 Soil 5 1000 160 88

S6-16 16 Soil 6 1000 160 120

S7-16 16 Soil 7 1000 160 82

S8-16 16 Soil 8 1000 160 102

S9-16 16 Soil 9 1000 160 92



Page 7 of 24Sathiparan et al. Journal of Engineering and Applied Science          (2024) 71:187 	

the corresponding moisture content, revealing the peak that signifies the optimal mois-
ture content at which the soil achieves its maximum dry density. This data, presented 
in Fig. 3, provides crucial insights into the relationship between moisture content and 
packing density of the lateritic soils used in this study.

Fig. 2  Particle size distribution of soils (numbers indicate the soil type)

Fig. 3  Standard Proctor compaction test results — dry density variation with moisture content (numbers 
indicate the soil type)
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Measuring moisture content and UPV

Following the guidelines outlined in EN 16322 [34], three 150 mm × 150 mm × 150 mm 
mortar specimens for each category were subjected to a drying test. The initial dry 
weight of each specimen (Wd) was determined by drying them in an oven at 100 °C for 
24 h. After drying, the specimens were cooled in a lab environment. Next, the specimens 
were fully saturated by submerging them in a water bath for 24 h. Upon reaching satura-
tion (100% moisture content), their weight (Ws) was measured again. Subsequently, the 
saturated specimens were placed back in the lab environment (30  °C temperature and 
80% humidity). At predetermined intervals, each cube’s weight (Wt) and ultrasonic pulse 
velocity (UPV) were recorded. The corresponding moisture content was then calculated 
using Eq. (2) as described in [31].

To achieve various moisture levels below the natural state, the cubes underwent dry-
ing in an oven. The drying process involved exposing the cubes to different temperatures 
and durations. Moisture content measurements were recorded at each stage.

At same predetermined intervals, the mortar cubes underwent an ultrasound test. 
This nondestructive technique measured the speed of sound waves traveling through 
the material. The process adhered to the ASTM C597 standard [35]. A portable ultra-
sonic testing device was used (Controls 58-E4800 Ultrasonic Pulse Velocity Tester). This 
equipment has features like a 2-MHz sampling rate, a time measurement range of up 
to 16  ms with 0.1-s resolution, and a transmitter output of 1200  V. The setup for the 
test is illustrated in Fig. 4. To ensure accuracy, the UPV for each sample was measured 
three times, and the final result was determined based on the average UPV of these 
measurements.

Machine learning modelling

Figure 5 presents a simplified flowchart outlining the modelling process.

Data acquisition

An extensive dataset containing 1620 data points was established based on the experi-
mental program. This data is the foundation for building a robust model capable of 

(2)Moisturecontent (%) = (Wt −Wd)× 100/(Ws −Wd)

Fig. 4  UPV measurement equipment and setup
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predicting sorption behavior. Ten input variables that include soil properties (gravel %, 
sand %, fine %, uniformity coefficient (Cu), coefficient of gradation (Cc), plasticity index 
(PI), optimum moisture content (OMC), maximum dry density, (MDD)), cement con-
tent, and ultrasonic pulse velocity (UPV) are considered for the model.

This study explored the potential of six distinct machine-learning algorithms:

•	 Artificial neural network (ANN)
•	 K-nearest neighbors (KNN)
•	 Linear regression (LR)
•	 Random forest regression (RF)

Fig. 5  Machine learning modelling flow chart
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•	 Support vector regression (SVR)
•	 Extreme gradient boosting (XGB)

The compiled data was strategically divided into two sets: training set (two-thirds 
of total data) is used to train and develop the machine learning models, and testing 
set (one-third of total data) is employed to assess the models’ performance on previ-
ously unseen data for validation of the model. This step ensures the models’ ability 
to generalize effectively.

Several performance metrics were employed, and their formulation was given by 
Eqs. (3)–(6) to assess the effectiveness of the models [36].

•	 Coefficient of determination (R2) value: Closer to 1 indicates a better fit between 
predicted and observed values.

•	 Root-mean-squared error (RMSE) and mean absolute error (MAE): Lower values 
indicate better model performance.

•	 Scatter index (SI): The scatter index (SI) is a normalized metric used to evaluate 
the accuracy of a model in predicting a specific parameter. It essentially repre-
sents the percentage error relative to the mean observed value. A lower value 
indicated better agreement between expected and measured value.

•	 a20 index: The fraction of predicted data points within ± 20% of measured data 
points. A higher fraction indicates better agreement between predicted and 
observed values.

Results and discussion
Soil properties

Table 2 summarizes various soil properties measured through different tests for nine 
soil samples. The amount of fine particles (less than 75 µm) is generally low across all 
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soils, ranging from 0.2 to 9.0%, and sand is the dominant particle size fraction, with 
values ranging from 64.3 to 91.7%. Most soils exhibit a broader range of particle sizes 
(Cu > 5) based on the coefficient of uniformity (Cu) values. Exceptions include soils 2 
and 5. The coefficient of curvature (Cc) indicates that most soils have a near-uniform 
(Cc≈1) or slightly nonuniform particle size distribution. Plasticity index (PI) varies 
significantly. Soils 2, 6, 7, and 9 show high plasticity (PI > 40), while the remaining 
soils have low plasticity (PI < 10) except for soil 1 with medium plasticity (PI between 
10 and 40). Maximum dry density (MDD) values are relatively consistent across most 
soils (2.126 to 2.316  g/cm3). Optimum moisture content (OMC) shows some varia-
tion, with slightly higher values for soil 4 and soil 6. The dominance of sand and low 
fine content in most soils might influence factors like water absorption and retention 
capacity.

Correlation between moisture content and UPV

Figure  6 illustrates the moisture content variation with UPV for various cement 
content and soil types used for CSEBs. As shown in figure, the increase in UPV 
with moisture content in CSEBs can be explained by several factors. In dry CSEBs, 

Fig. 6  Variation of moisture content with UPV for CSEBs with various soils and cement content
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air occupies the voids or pores within the material. Air has a much lower acoustic 
impedance (resistance to sound waves) compared to solid materials like cement or 
soil particles [37]. As moisture content increases, water fills these voids. Water has 
a significantly higher acoustic impedance than air. Also, the velocity of sound waves 
is directly related to the material’s density and stiffness [38]. With more water filling 
the pores, the overall density of the CSEB increases. Water particles are more tightly 
packed than air, leading to a stiffer material. Due to the combined effects of increased 
density and stiffness, sound waves travel faster through the CSEB as the moisture 
content rises. This translates to a higher UPV value.

For the particular moisture condition, UPV increases with increase in cement 
content. Cement acts as a binder, filling the gaps between soil particles and creat-
ing a denser matrix. It leads to a reduction in the overall porosity of the CSEB. With 
less cement, there are more voids or air pockets even in the dry state [39]. There-
fore, the increase in UPV with moisture content will be more pronounced due to the 
significant difference in acoustic impedance between air and water. A denser matrix 
with less initial porosity due to higher cement content will lead to a smaller increase 
in UPV with increasing moisture. This is because fewer voids are filled with water, 
resulting in a smaller relative change in overall density and stiffness [40]. In addition 
to cement content, the relationship between moisture and UPV was varied for soil to 
soil. Therefore, it is evident that soil properties also effect the relationship between 
moisture and UPV.

Prediction models

Hyperparameter optimization

Optimizing the performance of the ANN model involves carefully adjusting its 
internal structure, also known as hyperparameter tuning [41]. This process involved 
exploring various configurations for the following:

•	 Number of layers: Up to two hidden layers were investigated.
•	 Number of neurons per layer: Each layer could contain up to 12 neurons.

Figure 7a illustrates how the RMSE, a measure of prediction accuracy, changed as 
these parameters were adjusted. The results revealed that a two-layer network with 
eight neurons per layer best predicted sorption behavior. Another crucial hyperpa-
rameter is the learning rate, which controls how quickly the ANN learns from the 
training data. Figure 7b presents the investigation of six different learning rates. The 
optimal learning rate, determined based on the training data performance, was 0.1.

Optimizing the KNN model requires striking a balance between bias and variance 
[42]. Bias refers to the model’s tendency to underfit or overfit the data, while variance 
reflects the model’s sensitivity to changes in the training data. This process involved 
exploring different k values, representing the number of nearest neighbors considered 
when making predictions. A technique called cross-validation was employed. Figure 8 
depicts how the RMSE changed as the value of k increased. Lower RMSE indicates 
better prediction accuracy. Analyzing this data revealed that using k = 6 neighbors 
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resulted in the best performance on the training data. This value was then adopted for 
further analysis.

Optimizing the performance of random forest regression, support vector regression, 
and XGBoost models involves adjusting various settings known as hyperparameters 
[43]. Table 3 summarizes the different values explored for each hyperparameter during 
the optimization process and the specific hyperparameter values chosen for the model 
that achieved the best performance on the training data.

Fig. 7  RMSE variation for ANN models with a various numbers of neurons and b learning rates

Fig. 8  RMSE variation for KNN models with various k values
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Performance of the models

Figure 9 reveals the results for the machine learning model’s ability to predict moisture 
content. The data points cluster relatively close to the diagonal line, signifying a good 
correlation between predicted and actual moisture values. The XGB model emerged as 
the most accurate model, with the highest proportion of predictions falling within a 20% 
error range of the actual measurements. This is evident in both the training data (78%) 
and test data (69%). The KNN model also achieved comparable overall accuracy (around 
75% for training and 66% for testing). This suggests that XGB and KNN models more 
effectively captures the underlying relationship between the features and the target vari-
able (moisture content). The linear regression model displayed the least impressive per-
formance among the six models evaluated.

Table  4 summarizes the performance indexes for training and validation datasets. 
Analyzing the performance of various machine learning models for predicting mois-
ture content reveals XGB as the most promising model. XGB boasts superior perfor-
mance across most metrics, exhibiting the highest training and validation R-squared 
values (indicating a strong correlation between predictions and actual data) and the low-
est training and validation errors (RMSE, MAE, and SI). While KNN also demonstrates 
good results, particularly in R2 values, XGB stands out with its consistently lower predic-
tion errors. Linear regression (LR) shows the least desirable performance, highlighting 
the importance of model selection. However, it is crucial to acknowledge the potential 
for overfitting (model performing well on training data but not generalizing well) due to 

Table 3  Hyperparameter optimization for prediction models

Model Hyperparameters Analyzed values No. of runs Selected value

Artificial neural network Number of layers [1, 2] 20 2

Neurons per layer [3-12] 8

KNN K [1-10] 10 6

Random forest regres-
sion

Number of trees [1-20] 20

Number of terms sam-
pled per split

[1-8] 8

500

Maximum number of 
splits per tree

100 100

Minimum splits per tree 1 1

Minimum size split 1 1

Support vector regres-
sion

Kernel [Linear, radial basis 
function]

Radial basis function

Cost [0.01–5] 4.8607

Gamma [0.001–0.5] 0.4992

XGBoost Max_depth [1-5] 500 3

Subsample [0.5–1] 0.9834

Colsample_by tree [0.5–1] 0.9413

Min_child_weight [1-3] 2.9867

Alpha [0–0.5] 0.3028

Lambda [0–2] 0.7155

Learning rate [0.05–0.2] 0.1913

Iterations [10–50] 30
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the observed discrepancy between training and validation performance in some cases, 
such as KNN model.

XGBoost combines multiple weak learners (decision trees) into a stronger learner, 
potentially leading to improved accuracy and handling complex relationships in the 
data. Also, it can mitigate overfitting by penalizing overly complex models, often 

Fig. 9  Predicted vs. measured moisture content of CSEBs for various machine learning techniques (dot line 
indicates the 20% error)
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resulting in better generalization to unseen data. KNN model makes predictions 
based on the closest data points (neighbors) in the training data, offering some level 
of explainability. It can be well-suited for datasets with localized patterns and smooth 
underlying relationships. These factors provided a better chance for XGB and KNN 
models to perform well over other machine learning models.

A Taylor diagram visually assesses how well machine learning models predict the 
moisture content. Each model’s symbol on the diagram (Fig. 10, red line) agrees with 
actual data. The closer the symbol is to the red point (obs), the better the match 
between predictions and measured values. This considers key statistics like standard 
deviation and correlation [44]. The XGB model sits closest to the red point, indicating 
the most accurate predictions. Conversely, the LR model is furthest, suggesting the 
least accurate predictions. The horizontal black line shows the correlation between 
predicted and actual values. The XGB, positioned closer to this line, has the highest 
correlation. KNN and ANN models also performed better than other models. Model 
performance depends on data and task complexity. XGB excels in complex mois-
ture content prediction where input features and outcomes (moisture content) have 
intricate, nonlinear relationships. XGB, ANN, and KNN can capture these hidden 
dependencies better than simpler models like LR. Based on the Taylor diagram, the 

Table 4  Performance indicators for various machine learning techniques

Train Valid

R2 RMSE MAE SI a20 R2 RMSE MAE SI a20

ANN 0.904 9.33 7.26 0.17 0.69 0.891 9.91 7.92 0.18 0.68

KNN 0.929 8.03 5.92 0.14 0.75 0.877 10.54 7.95 0.19 0.66

LR 0.661 17.53 14.37 0.32 0.44 0.646 17.87 14.85 0.32 0.44

RF 0.908 9.15 7.31 0.17 0.72 0.876 10.58 8.42 0.19 0.69

SVR 0.882 10.34 7.69 0.19 0.66 0.887 10.11 7.58 0.18 0.69

XGB 0.936 7.60 5.80 0.14 0.78 0.894 9.75 7.60 0.17 0.69

Fig. 10  Taylor diagram for a training datasets and b validation datasets
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ranking from best- to worst-performing model is as follows: XGB > ANN > KNN > RF 
> SVR > LR.

Sensitivity analysis

While powerful, artificial neural networks (ANNs) can be like “black boxes.” Their intri-
cate internal workings make it difficult to understand how they reach their predictions 
[45]. This lack of interpretability can be a challenge. Fortunately, a method called SHAP 
(SHapley Additive exPlanations) offers a solution [46, 47]. SHAP provides a way to see 
“inside” complex models with many factors. It assigns a unique value (SHAP value) to 
each input feature for a specific prediction. In simpler terms, SHAP tells that how much 
each feature “impacts” the model’s output [48, 49].

Figure 11 shows the average SHAP values for the ANN model’s predictions of mois-
ture content. The UPV has the highest SHAP value. According to the model, UPV 
is the single most influential factor affecting the predicted moisture content. While 
UPV can indicate moisture content, it is not a direct measurement. Soil properties 
inherently impact both UPV and moisture content, making them interrelated fac-
tors. Generally, the sound wave travel faster in water than void. So, when void fill with 
water (moisture content increase), UPV value also increase proportionally. In some 
cases, UPV might be a good predictor of moisture content, but it depends on the spe-
cific mix design and how the UPV relates to the chosen soil in the mortar. Although 
UPV can be a valuable tool for estimating moisture content in mortar, it is most effec-
tive when used in conjunction with other factors, such as known soil properties and 
a calibrated relationship between UPV and moisture content for the specific mortar 
mix. However, soil properties themselves play a crucial role in determining the over-
all moisture content of the mortar. Cement content is the second influence factor on 

Fig. 11  Mean SHAP values for input variable based on ANN model
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prediction of moisture content. Cement acts as a binder in mortar, filling voids and 
reducing the overall porosity. This can lead to less space for water to be absorbed and 
retained. As porosity affect the moisture content of the mortar, and the cement con-
tent influences on moisture content of the mortar.

In soil characteristics, uniformity coefficient (Cu) have the most influence parameter 
effects of the moisture content prediction followed by sand content, fine content, and 
Cc. The gravel content and MDD have no significant effect on prediction of moisture 
content. By capturing the information about soil gradation, Cu provides valuable input 
for the machine learning model. The model can learn the relationship between Cu and 
the observed moisture content data. For well-graded soil (Cu more than 4), the model 
can expect a lower range of moisture content values due to the limited void space. Con-
versely, for poorly graded soil (Cu less than 4), the model can anticipate a wider range of 
moisture content possibilities due to the variable void sizes impacting water retention. 
Overall, Cu acts as a proxy for various soil properties that influence moisture content. It 
provides the machine learning model with a single, informative metric that captures the 
overall effect of particle size distribution on water-holding capacity.

While Cu is significant, it is not the only factor. Other soil properties like sand con-
tent and fine content also play a role in moisture retention and can be included as 
additional features in the machine learning model. Their impact works in opposing 
ways. Sand particles are relatively large and have minimal surface area. This translates 
to less space for water to adhere and fewer capillary forces acting on the water mol-
ecules. Consequently, higher sand content generally leads to lower overall moisture 
content. Sandy soils have larger voids between particles, allowing for better drainage 
and faster water movement. This reduces the amount of water the soil can retain. On 
the other hand, silt and clay particles are much smaller and have a significantly larger 
total surface area compared to sand. This expansive surface area provides numerous 
sites for water adhesion and creates strong capillary forces that draw and hold water 
molecules. Therefore, higher fine content leads to higher overall moisture content. By 
including sand content and fine content as features, the model can establish correla-
tions between these features and the observed moisture content data.

Figure 12 showcases a valuable tool called a SHAP summary plot. This plot helps us 
visualize how different features influence the XGB model’s predictions for moisture 
content. The color spectrum represents the range of possible values for each feature. 
The horizontal axis shows the SHAP value, which quantifies a feature’s contribution 
to the predicted moisture content. Red dots represent features with high positive 
SHAP values, indicating they tend to increase the predicted moisture content. The 
plot reveals that UPV has the strongest positive influence on predicted moisture con-
tent. This is evident by the highest SHAP value on the positive side. In simpler terms, 
higher UPV is associated with higher predicted moisture content within the range of 
values used in this study. Conversely, cement content has a negative influence. The 
negative SHAP value on the negative side suggests that lower cement content tends to 
be associated with higher predicted moisture content.

Sand content also has a negative influence, while the impact of the coefficient of cur-
vature (Cc) is mixed. On the other hand, the uniform coefficient (Cu) and fine content 
exhibit positive contributions to predicted moisture content. It is important to note that 
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the changes in moisture content due to variations in features other than UPV seem to 
be relatively small. However, the SHAP summary plot offers valuable insights by reveal-
ing the relative importance of each feature for the XGB model’s predictions. This under-
standing allows us to better interpret the model’s behavior and identify critical factors 
that influence the moisture content of CSEBs.

Feature importance

After identifying key features using SHAP analysis, this study explored how well the 
XGB model could predict moisture content with fewer input variables. This is cru-
cial for real-world applications where getting specific data might be difficult, or you 
must make predictions with limited information. Figure 13 shows the model’s per-
formance with different combinations of features. Features based on their impor-
tance (determined by SHAP) was gradually added, starting with the most impactful 
ones. Case 1 considers only the two most critical features: UPV and cement con-
tent. Cases 2 through 9 then progressively incorporate additional features with lower 
SHAP values.

As expected, using more features improves prediction accuracy, as shown by the 
lower RMSE. However, the accuracy improvement becomes less significant after 
Case 2, which uses only UPV, cement content, and uniformity coefficient. This com-
bination achieves an RMSE of around 10% for both training and validation datasets. 
Adding sand content as an input variable further reduces the RMSE to around 9%. 
Notably, this performance is closer to using all input parameters. While using all 
available features can enhance model accuracy, focusing on a smaller set of critical 
features identified through SHAP analysis retains a significant portion of the predic-
tive power. This reduction in required input parameters is valuable when acquiring all 
data points might be impractical.

Fig. 12  SHAP summary plot for input variable based on ANN model
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Conclusions
This study has underscored the critical role of moisture content in CSEBs and 
explored the potential of machine learning for its prediction based on soil proper-
ties, cement content, and UPV. Based on the results, the following conclusions were 
drawn:

•	 By comparing various machine learning algorithms, XGBoost emerged as the most 
effective, demonstrating superior accuracy in predicting moisture content.

•	 The SHAP analysis revealed that UPV was identified as the most significant factor 
affecting predicted moisture content, followed by cement content and specific soil 
properties such as uniformity coefficient.

•	 The moisture content prediction with combination of UPV, cement content, and uni-
formity coefficient as an input variable can achieve good accuracy. This is particularly 
valuable for real-world applications where obtaining all data points might be imprac-
tical or time-consuming.

Construction sites often require rapid moisture content assessments to ensure opti-
mal material performance. This simplified approach offers a practical solution for such 
scenarios. This study has significantly contributed to understanding and managing mois-
ture content in CSEBs. By highlighting the detrimental impact of moisture and demon-
strating the effectiveness of machine learning models in their prediction, the research 
provides valuable tools for optimizing CSEB production and construction practices. 
Furthermore, identifying critical factors influencing moisture content and exploring 
reduced-feature models pave the way for further advancements in CSEB technology.

Fig. 13  RMSE variation for the various combinations of input parameters
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