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ABSTRACT

The environmental burden associated with conventional cement-based
materials has intensified research ior sustainable alternatives with lower
carbon footprints. For this, gypsum-based composites reinforced with
agricultural waste, such as wheat straw, offer a promising solution. However,
their mechanical performance is governed by nonlinear and complex
interactions among multiple mixture parameters. This study proposes a
comprehensive machine learning (ML) framework to predict the compressive
and flexural strength of wheat straw reinforced gypsum composites. A
dataset comprising 161 experimental samples was used and five ML models:
Artificial Neural Network, Gaussian Process Regression (GPR), Random
Forest, Extreme Gradient Boosting, and Support Vector Machine, were used.
Model performance was assessed using 10-fold cross-validation with multiple
statistical metrics along with Taylor diagram analysis. Among the evaluated
models, GPR demonstrated superior predictive capability for both
compressive and flexural strength, while providing uncertainty quantification
that enhances reliability for engineering applications. Feature importance
and SHapley Additive exPlanations analyses were employed to improve model
interpretability, revealing gypsum strength as the most influential parameter,
with water-related parameters, wheat straw content, and chemical additives
contributing secondary effects. The proposed ML-based framework provides
acceptable and interpretable predictions, offering the optimization of
sustainable gypsum composites while reducing experimental efforts and
supporting environment-friendly construction.
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1. Introduction

Concrete was the second most widely used construction material
worldwide, with annual production exceeding 14 billion m3 [1, 2]. This
extensive utilization was attributed to high mechanical strength, durability,
and relatively low cost [3]. However, the large-scale production of concrete
resulted in the consumption of nearly 40% of global natural resources,
including timber, sand, water, and stone [4, 5]. Moreover, cement, a primary
binder of concrete, was identified as responsible for approximately 7-8% of
global carbon dioxide emissions, with nearly 900 kg of CO, reported to be
released per ton of cement produced [6-8]. These emissions were projected
to increase substantially by 2050 in the absence of effective mitigation
strategies [9]. In response to these challenges, significant research efforts
were directed toward the development of sustainable alternatives to
conventional cement-based materials. Various approaches were explored,
including the utilization of recycled wastes [10, 11], and the development of
alternative binders such as geopolvmer concrete [12, 13], lightweight
concrete [14, 15], and gypsum-based composites [16].

Among these, gypsum was recognized as a particularly promising
alternative due to its comparatively lower CO; emissions, reported at
approximately 140 kg per ton during natural gypsum production [17]. Beyond
its reduced carbon foctprint, gypsum was characterized by several favorable
properties, including rapid setting time, low density, excellent fire resistance,
architectural aesthetics, good acoustic and thermal insulation behavior [18-
20]. These properties supported extensive historical use of gypsum in non-
load bearing components such as prefabricated plasterboards, ceiling tiles,
interior partitions, and building blocks [21-25]. Therefore, it offers
advantages over conventional bricks and concrete blocks due to its
lightweight nature, reduced material consumption, and lower environmental
impact. Despite these benefits, the broader structural application of gypsum
remained limited due to inherent drawbacks, including brittleness, lower
mechanical strength, and water resistance [26].

To overcome these shortcomings, extensive research has been conducted
on gypsum composites reinforced with various materials, including rice husk
[27], plastic [28], polystyrene [29], ground bricks [30], banana fibers [31],
wood waste [32], and wheat straw [33]. Among different reinforcement
options, the incorporation of agricultural waste fibers presented an effective
dual-purpose strategy. It enhanced the ductility and flexural performance of
gypsum matrices while addressing critical environmental issues related to
waste management and resource conservation. Globally, agricultural
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activities generated approximately 140 billion metric tons of waste annually
[34], and common disposal practices such as open-field burning and
landfilling were associated with severe air, soil, and water pollution [35]. In
agriculture-based economies like Pakistan, large quantities of wheat straw,
about 13 million tons, were produced annually [36], with a substantial portion
burned openly, exacerbating smog and environmental health concerns [37].
Therefore, incorporation of wheat straw residue into gypsum composites
offers a viable pathway for waste valorization. Furthermore, wheat straw was
lightweight, renewable, cost-effective, and readily available, which made it
suitable as a reinforcing filler in gypsum-based components [38]. However,
the mechanical performance of wheat straw reinforced gypsum composites
was governed by complex nonlinear interactions among multiple mix design
parameters, including pre-treatments, straw dosage, matrix composition, and
gypsum strength. This emphasized the need for careful mixture design and
systematic optimization to achieve balanced compressive and flexural
performance. Conventional experimental approaches provided valuable
insights but remained costly, time-consuming, and limited in their ability to
explore optimal mixtures efficiently.

In this context, machine learning (ML) has emerged as a powerful, data-
driven approach capable of modeling complex nonlinear behaviors and
supporting predictive analysis. As a subfield of artificial intelligence, ML
algorithms were trained to learn patterns {rom data and generate predictions
without explicit programming. In civil engineering applications, ML
techniques were applied to predict material properties [39], estimate
construction costs [40], optimize mix designs [41], compression strength [42,
43], assess structural performance [44], and vibrations induced by traffic [45].
Advanced algorithms such as Artificial neural networks (ANN) and random
forest (RF) demonstraied superior capability in predicting nonlinear material
behavior compared tc traditional regression-based methods [46].

To the best of the author's knowledge, despite the growing application of
ML in civil engineering, limited attention was directed towards the gypsum
composites reinforced with agricultural waste, notably with respect to
systematic predictive modeling of mechanical properties. Therefore, this
research aimed at developing an ML-based framework to predict the flexural
and compressive behavior of wheat straw reinforced gypsum composites. The
framework is intended to reduce experimental effort, improve prediction
accuracy, and support the development of eco-friendly gypsum composites
suitable for sustainable construction applications.

Based on existing research outcomes and the features of different ML
approaches, five representative models were selected in the current study.
ANN is well-suited for modeling complex nonlinear relationships through
layered feature transformation and adaptive weight learning. Gaussian
process regression (GPR) provides a modeling framework that not only
achieves high prediction accuracy but also offers uncertainty quantification
present in data. RF effectively captures nonlinear interactions through the
ensemble of several decision trees and demonstrates effectiveness against



overfitting. Extreme gradient boosting (XGBoost) incrementally reduces
prediction errors through gradient boosting and incorporates regularization
mechanisms, enabling an effective balance between predictive performance
and generalization capability. Support vector machine (SVM) constructs
optimal regression functions by maximizing margins in high-dimensional
feature spaces, making it suitable for handling nonlinear problems with
limited data. The complementary strengths of these models enable a
comprehensive and reliable comparison for predicting the mechanical
properties of gypsum composites.

The remainder of the paper is organized as follows. Section 2 details the
methodology, including data collection, theoretical background of selected
ML algorithms, and the optimization framework. Section 3 presents the
results, involving model performance evaluation, feature importance analysis,
uncertainty quantification, and explainability of the best model using SHAP
analysis. The major conclusions drawn are summarized in Section 4.

2. Research methodology
2.1. General framework overview

This study presents an ML-based framework to predict the compressive
and flexural strength of wheat straw reinforced gypsum composites and to
interpret the influence of key mixture paranieters. The research framework
is illustrated in Figure 1. A dataset comprising 161 experimental samples was
compiled from the literature [47-51], including gypsum strength, gypsum
quantity, water content, water-to-gypsum ratio, wheat straw content, and
chemical additives as input parameters, with compressive and flexural
strength as output responses. Five ML models: ANN, GPR, RF, XGBoost, and
SVM, used 10-fold cross-validation and evaluated multiple performance
metrics. Model convergerice and stability were further assessed through
learning curves and statistical diagnostics. To enhance model interpretability,
permutation feature importance was applied to all models, while SHAP
analysis was performed for the best-performing model. This integrated
framework enables accurate prediction, robust evaluation, and physically
meaningful interpretation of the mechanical properties of gypsum composites
incorporating wheat straw.

2.2. Data collection

The collected 161 gypsum composite formulations are presented in Table
Al. Gypsum strength and quantity ranged from 2 to 16 MPa and 900 to 1000
g, respectively. Water varied from 509 to 980 g, corresponding to water-to-
gypsum ratios between 0.55 and 1.0. Fibers of wheat straw ranged between
0 to 100 g, while CaCl, and Ca(OH); were incorporated at 5% in selected
mixes. Flexural strength values spanned 0.19 to 7.65 MPa, and compressive
strength values spanned 0.4 to 41.62 MPa.

Figure 2 shows the comparative analysis of compressive and flexural
strength results for all mixtures with data sourced from individual papers.
Higher strengths appear predominantly in the initial sample groups, which



correspond to mixes with no wheat straw content. The figure confirms that
similar performance trends occur across all sources. The statistical
characteristics of the different parameters are presented in Table 1,
providing a comprehensive overview of each parameter. In this study, the
mix-design parameters (gypsum strength, gypsum quantity, water content,
water-to-gypsum ratio, wheat straw content, and chemical additives) were
treated as input variables, whereas compressive and flexural strength were
selected as the output variables representing the mechanical performance of
the composites.
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Figure 1. Flowchart of the proposed framework.



N
o
EED

Q@
= o
CEL o
< 30 a
IS o
o &
&
v 20 g
Q 4
£ 10 % D
S |8 %

Ejaz, et al. [47]
Vavrinova, et al. [48]
Gomes, et al. [49]

El hammouti, et al. [50]
Regulska, et al. [51]

ol %.UM

O 25 50 100

Sarnple Number

Flexural Strength (MPa)
N w = w [=)] ~ [o4]

)
1

o
L

® Ejaz, etal. [47]
- o Vaviinova, et al. [48]
m Gomes, et al. [49]
E @ Regulska, et al. [51]
1|
!
18 =m &
- m
ot & @ o
# 5 Fitge,
m
% g
=

0

20 40

60 80 100 120 140 160
Sample Number
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Table 1. Statistical properties of collected data.

Standar ..
Coefficient
Paramete Parameter . d L
Mean Min Max L. of Variation
r Names Deviatio (%)
n
Gypsum
Strength 5.05 2 16 4.10 81.11
(MPa)
Gngs)um 9632'3 900 1000  21.25 2.20
Water 7935 509 980  119.53 15.06
Input (o) 7
Paramete =~ Water-to- g5 (55 1 0.13 15.40
rs gypsum Ratio
Whea(tg)StraW 3766 0 100 21.25 56.44
CaCl,
(%) 1.48 0 5 2.29 154.71
Ca(OH);,
(%) 1.48 0 5 2.29 154.71
Compressive
Strength 4.96 0.4 41.62 7.38 148.81
Output (MPa)
Paramete
s Flexural
Strength 2.13 0.19 7.65 1.65 77.83
(MPa)

Among the input parameters, the gypsum quantity shows relatively low
variability (mean = 962.33 g, COV = 2.20%), indicating consistent material



dosage across mixtures, while water content exhibits a mean of 793.57 g and
a greater dispersion (COV = 15.06%), with a possible reason being of use of
multiple water-to-gypsum ratios. The water-to-gypsum ratio ranges from 0.55
to 1.00, with a mean of 0.82 and a COV of 15.40%, reflecting the variation
introduced to investigate water sensitivity. Wheat straw content
demonstrates high variability (mean = 37.66 g, COV = 56.44%), consistent
with its role as a variable reinforcement parameter. The chemical additives
CaCl; and Ca(OH), show the highest coefficients of variation (both 154.71%),
as they were presented only in selected mixtures at 5% dosage, while absent
in others. For the output parameters, compressive strength exhibits
substantial dispersion (mean = 4.96 MPa, range = 0.40 to 41.62 MPa, COV
= 148.81%), capturing the broad mechanical response associated with
changes in mixture composition. Flexural strength also shows notable
variability (mean = 2.13 MPa, COV = 77.83%), but to a lesser extent than
compressive strength. Overall, the statistical profile indicates a wide
parameter space for training ML techniques.

The distribution of all input and output parameters used in the dataset is
presented in Figure 3, illustrating the variability and frequency of parameters
across the 161 gypsum composite mixtures. Gypsuin strength and gypsum
quantity are concentrated between 2 to 7.6 MPa and 940 to 1000 g,
respectively, while water quantity exhibits a concentration between 697 to
980 g. For water-to-gypsum ratio, most mixiures fall between 0.8 and 1.0.
Wheat straw content displays four main groups, with most of quantity fall
between 25 to 75 g. The distributions for CaCl, and Ca(OH), confirm that
chemical additives were included with a fixed dosage of 5% for 45 samples
and 0% dosage for 107 samples. Most mixtures exhibit compressive strengths
below 8 MPa, while only a small subset reaches values above 20 MPa.
Similarly, flexural strength is primarily concentrated below 2 MPa, with
fewer samples showing values above 4 MPa, as shown in Figure 3. Overall,
the figure highlighis the range of mixture compositions and mechanical
responses, demonstrating that the dataset spans a possible large parameter
space for ML analysis.
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Figure 3. The distribution range of parameters.
2.2.1. Correlation between input parameters

A combined pairwise scatterplot matrix and correlation heatmap for all
input parameters, enabling visual assessment of relationships within the
dataset, is illustrated in Figure 4. The diagonal panels show the distribution
of each variable as discussed above, while the lower triangle scatterplots
illustrate how the parameters vary with respect to one another. The
corresponding Pearson correlation coefficients are displayed in the upper
triangular heatmap.
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Figure 4. Summary ol the correlation between input parameters.

The strongest relationship observed is the nearly perfect positive
correlation between water quantity and the water-to-gypsum ratio
(correlation coefficient = 0.99), reflecting the direct dependency of the water-
to-gypsum ratio on water content across the mixtures. A similarly strong
negative correlation is observed between water quantity and gypsum
quantity (correlation coefficient = -1.00), due to the fixed mixture mass in
several formulations. CaCl, and Ca(OH); show a moderate positive
correlation with both water quantity and the water-to-gypsum ratio
(correlation coefficient = 0.41). Water quantity and water-to-gypsum ratio
show a moderate negative correlation of around -0.40 with gypsum strength,
indicating that increasing the water-to-gypsum ratio and water content
introduces higher porosity and weaker bonding, thereby reducing gypsum
strength. CaCl; and Ca(OH); exhibit weak correlations with most parameters
because the additives were included only in selected batches at a constant
level of 5%. CaCl, and Ca(OH); show a moderate negative correlation with
gypsum strength (correlation coefficient = -0.34), suggesting moderate
dependence.



Overall, the correlation matrix indicates that water-related parameters
(water content and water-to-gypsum ratio) are the dominant drivers of
variation within the dataset, while wheat straw content contributes
secondarily. The additive variables display minimal statistical coupling due
to their selective inclusion. These results provide a quantitative overview of
parameter interactions relevant to modeling gypsum composite behavior.

2.2.2. Correlation of input parameters with compressive strength

The individual relationships between compressive strength and key
mixture parameters, including gypsum strength, gypsum quantity, water
quantity, water-to-gypsum ratio, wheat straw content, CaCl, content, and
Ca(OH), content, are shown in Figure 5. Scatter plots are accompanied by
linear regression trends, along with shaded regions representing the 95%
confidence interval and 95% prediction interval. A moderate positive
correlation is observed between compressive strength and gypsum strength
(correlation coefficient = 0.64), indicating that gypsum strength significantly
enhances the mechanical performance of the composites. Gypsum quantity
also exhibits a moderate positive correlation (0.48), suggesting its
contribution to gypsum strength. In contrast, water quantity, water-to-
gypsum ratio, wheat straw content, CaCl; content, and Ca(OH), content show
negative correlations ranging from -0.24 to -0.48, as shown in Figure 5,
implying that with the increase in water quantity, water-to-gypsum ratio, and
chemical additives negatively affect the compressive strength, with the
possible reason of the increasing porosity or disrupting the gypsum matrix
[52, 53].



< 40 95% Confidance Interval ; = 404 959% Confidance Interval H — 401 Correlation: -0.24 5
o 95% Prediction Interval o 95% Prediction Interval -
z ., 2 304 =
£ s s
=] M =) H =) .
= - c 20 ¢ € H
g : B : B :
@ e | & o s| @ @
- s 10 ° ]
@ - v e o H @ a
pe - 2 = [} 101 Dogze® i
5 092 H— = ° 2 . . = 5! i = i T ]
] o _gea - - o0 Y s = ¢ % ¢ o ey H '—U'-'-. ----- e
4 =" s o . A g, o ol il TTE
a g a a
% . E -104 CE, 95% Confidance Interval
(v} 10 Correlation: 0.64 ] Correlation: 0.48 Y 10 95% Prediction Interval
~204
2 a 6 8 10 12 14 16 900 920 940 960 980 1000 500 600 700 800 900 1000
Gypsum Strength (MPa) Gypsum Quantity (g) Water Quantity (g)
— 40 ¢ Correlation: -0.29 —~ 401§ 95% Confidance Interval —~ 4048 95% Confidance Interval
& & 95% Prediction Interval & 95% Prediction Interval
= = 0 = 20
= 30 = 1 =
= £ . 5
g H g 204 2 :
g 20 e @ _ g 209°
a 0 & i @ 8
‘Q 2 o 107 $SEma 2 . w s
> 109 Looen 2 i ] P 3 a . 2 012
[ & . s - =S ] 9 o AR e ° n = Ee
g, . . = A R T K R —— +
£ 95% Confidance Interval E -104 E Correlation:-034
O -10 95% Prediction Interval o Correlation: -0.48 U -104 Correlation: -
. T -204 T + T
0.6 0.7 0.8 0.9 1.0 0 20 40 60 80 100 0 1 2 3 4 5
Water to Gypsum Ratio Wheat Straw (g) CaCl2 (%)
= 404 ® 95% Confidance Interval
£ 95% Prediction Interval
;’ 30
El .
H
@ 209~
n [}
2 1048
ﬁ !’ -------------------- 2
= . s ]
a 01°
£ |
O _jg | Correlation: -0.24 |

1] 1 4

2 3
Cal(OH)2 (%)

Figure 5. Correlation of input parameters with compressive strength.
2.2.3. Correlation of input parameiers with flexural strength

The dependence of flexural strength on the mixture constituents of
gypsum composites is shown in Figure 6. Similar to the above discussion,
each subplot shows experimental data points along with linear regression
lines, complemented by shaded regions representing the 95% confidence and
prediction intervals. A strong positive correlation is observed between
flexural strength and gypsum strength (correlation coefficient = 0.72),
indicating that material strength markedly enhances flexural performance.
Gypsum quantity also exhibits a moderate positive correlation (0.49),
suggesting its contribution to improved flexural capacity. Conversely, water
quantity, water-to-gypsum ratio, wheat straw content, CaCl, content, and
Ca(OH), content demonstrate moderate to strong negative correlations
ranging from -0.36 to -0.53, as illustrated in Figure 6. These trends indicate
that increased water content and wheat straw or additive dosages tend to
reduce flexural strength, likely due to increased porosity, weakened
interfacial bonding [52-54]. Overall, it highlights the sensitivity of flexural
strength to mixture proportions and underscores the complex, multivariate
interactions governing composite behavior.



8 8 8 1
Correlation: 0.72 H 95% Confidance Interval ] Correlation: -0.48 8
- - - 95% Prediction Interval . —
Es .| & ° 3 & 6
Z =| = . ¢ Z
. -~ 4
£ I £ 4 ] H 3| = .l
D4 o z & - ] =) - = —--""8 o
c &3 - € c -] ] Y c
g ° - L2 L .2 arEe 2
3 . o & =T & Zo-4"a 2 @ =
n = - . gl . & 25" e % o 0 = °
= LRP—— = . - E€ v & ; = -
52 3= £, g e & T & 3§ s s
El 3 L . Fl E 3 T e
3 : I/ b g 0
=0 . 95% Confidance Interval T .2 T 95% Confidance Interval
95% Prediction Interval Correlation: 0.49 = 95% Prediction Interval
2 a 6 8 10 12 14 16 900 920 240 960 980 1000 500 600 700 800 900 1000
Gypsum Strength (MPa) Gypsum Quantity (g) Water Quantity (g)
8 8 = 8
H Correlation: -0.53 : 95% Confidance Interval H 95% Confidance Interval
_ . = el 95% Prediction Interval — . 95% Prediction Interval
g 6 . £ e S 614
= H £ |° . 2 |3
= . £ 41 a 4 e £ e
B 41 F-=az s 2 = - . £ 4t
c | TTYSEES= . = eLT T @ 2 £ .
@ " LEr g, — = R 8 @
= s e &--2 5 s 3 e 5 -
v 2 T . n ¢ & s TSt - w24y TTSEmeeating *
d . $ i s E o $ s O EEEE [ e 3
S 1 i S| = 1 2 H 4
30 *l @ 5 0
o 95% Confidance Interval w2 1 w |
95% Prediction Interval Correlation: -0.49 , | Correlation: -0.44
2 -
0.6 0.7 0.8 0.9 1.0 o 20 40 60 80 100 0 1 2 3 4 5
Water to Gypsum Ratio Wheat Straw (g) CaCl2 (%)
8 .
H 95% Confidance Interval
_ . 95% Prediction Interval
£ 61
= ]
"' H
g ard
S °
b= .
@ 2 !
g ]
3 o :
[
5 Correlation: -0.36 |

o 2 3
Ca(OH)2 (%)

Figure 6. Correlation of input parameters with flexural strength.

2.2.4. Training and testing data

To assess the prediction performance of ML models, the dataset was
randomly divided into training and testing subsets using a 70/30 ratio. This
resulted in 113 and 106 samples for model training and 48 and 46 samples
for independent testing in the compressive and flexural strength datasets,
respectively. In addition, a 10-fold cross-validation procedure was applied to
the training dataset, as illustrated in Figure 7, to optimize model
hyperparameters. In this approach, the training data were partitioned into
ten equal folds, where nine folds were used for training and one fold for
validation, with the process repeated until each fold served as the validation
set once. This combined strategy ensures reliable model development,
provides evaluation of predictive performance.
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Figure 7 describes a 10-fold cross-validation approach that was employed
with the five selected ML techniques to assess prediction performance with
the aim of providing effective generalizability.

2.3. Theoretical background of adopted machine learning techniques
2.3.1. Artificial neural network

ANN [55] provides a powerful data-driven modeling framework capable of
capturing complex behaviors between variables, which is widely used in the
field of civil engineering [56-58]. The relationship between mixture
components and compressive and flexural strength is multivariate and often
difficult to express analytically. ANN developed in this study is a feedforward
multilayer perceptron (MLP) consisting of an input layer, three hidden layers,
and an output layer that predicts compressive and flexural strength, as shown
in Figure 8.

Hidden layers

N7

Input layer Output layer

Figure 8. An example of an ANN structure.

Let the input vector be defined as:



X = [X]_:XZI"'rXi] ()1

where X; represents the [J-th input variable (e.g., gypsum strength, water
quantity, wheat straw content) comprising the input vector x. Each neuron
performs a weighted summation of its inputs, followed by a nonlinear
activation function. For the first hidden layer, the net input to the jth neuron

z,; is given by:

_g (1) 4 (D) (2

21j = 2 Wi X + b )
i=1

(3

where, Wi(jl) and bj(l) are the trainable weights and biases, f( - ) is the

activation function. For the second hidden layer, the neuron z,is expressed

as:
nz

4

Zok = .zl WJ(E) hlj + b(kz) ()
J=

\ 5

hai = f(zok) ()

Similarly, for the third hidden layer, the neuron z3,, is expressed as:

n

A (6

Z3m T < Wl(jw)w hak + bg) )

k=1
7
hsm = f(zzm) ()

Where n,; and n, denote the number of neurons in the first and second
hidden layers, respectively. The Rectified Linear Unit (ReLU) activation
function was selected due to its computational efficiency and ability to model
nonlinear relationships:

f(z) = max(0,z) ()8

The final output layer Y;, representing the predicted mechanical property,
is calculated as:

ns (9
Vi= 2w ham +b® )
m=1

The loss function used for backpropagation is the Mean Squared Error
(MSE):
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where y; and Y; are the experimental and predicted outputs, respectively.

2.3.2. Gaussian process regression

GPR [59] is a non-parametric, probabilistic ML method that provides a
framework for modeling complex nonlinear relationships and predicting the
output with associated uncertainties, and is broadly used in civil engineering
[60, 61]. The simplified architectural example of GPR is shown in Figure 9. In
this study, GPR was employed to predict the mechanical properties of gypsum
composites incorporating wheat straw fibers, based on mixture parameters
where the underlying relationships are difficult to describe using
conventional analytical models.

A Gaussian process (GP) is defined as a collection of random variables, any
finite number of which follow a joint Gaussian distribution. A GP is fully

specified by its mean function m(x) and covariance (kernel) function k(x,x')
containing the input vectors X and X', and is expressed as:
f(x) ~ GP (m(x), k(x,x")) (11)
where, f(X) represents the latent function that captures the relationship

between input (mixture) parameters and output response (compressive or
flexural strength).
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Figure 9. An example of a GPR architectural structure.



The mean function is commonly assumed to be zero without loss of
generality:

m(x) = E[f(x)] (1)2

Given a training dataset D = {(xi,yi)}i':l, the observed outputs are
modeled as:

yi =f(x) + € (1)3
e ~N(o, o2) (14

)

where, € represents independent Gaussian noise with variance oﬁ. The
covariance between input points is governed by the kernel function, which
includes assumptions about smoothness and correlation in the data. In this
study, the Radial Basis Function (RBF) kernel with a white noise kernel was
adopted:

d(x,x")?
212

(15
)

where, 07 is the signal variance, d(.,.) is the Euclidean distance and | is the
length scale of the kernel. The white kernel was used to represent the
variation in compressive or flexural strengthns, and is represented as:

K(x,x') = 0. exp

k(x,x') = noise_level jfx == X' e/se 0 (1)6

For a new input point x«, the joint distribution of training outputs Yy and
predicted output Y« is given by:
(17

2
N _ K+ Onl K
(Y*) N O'[ )

ki K(x,Xx)
where K is the covariance matrix of the training inputs and ks« is the
covariance vector between the test input and training inputs, and | is an
identity matrix. The predictive mean and variance are computed as:

: 18
G = KI[K + 021 Ty ()
02 = k(xe,x:)-KI[K + 021] ks (19

)
Equation (18) presents the predictive mean, and Equation (19) provides
the associated uncertainty as covariance.

2.3.3. Random forest
RF [62] is an ensemble learning method based on decision trees that
enables the prediction by combining multiple weak learners into a single



strong model, as illustrated in Figure 10. Owing to its ability to capture
complex relationships and interactions among variables, RF has been
commonly applied in civil engineering [63, 64] for prediction, such as the
mechanical properties of composite materials. RF operates by constructing a
large number of decision trees during training and aggregating their
predictions through averaging (for regression problems), as shown in Figure
10. This ensemble strategy reduces model variance and mitigates overfitting
compared to a single decision tree.

Decision Tree-1 Decision Tree-2 'R Decision Tree-N

1 | l
Prediction-1 Prediction-2 Prediction-N

‘ -— |Averaging all predictions] -

!

Final Result

Figure 10. An example of an RF architectural structure.

Each decision tree divides the input data step by step into smaller groups
so that samples with similar cutput values fall into the same group. For
regression problems, this division is guided by minimizing the MSE, which
measures how close the predicted values are to the actual values.

1 N
MSE = = 3 (y; - ¥i)? (20

N1 )
where y; represents the target value and Y; is the mean response in the
node. At each split, the feature and threshold that yield the maximum

reduction in MSE are selected. The prediction of an individual tree T; (X) is
the average of the target values in the terminal node corresponding to the

input vector X. Given a training dataset D = {(xi,yi)}iill, RF constructs T
decision trees using bootstrap sampling. Each tree is trained on a randomly
drawn subset of data, while a random subset of input features is considered
at each split. RF regression prediction is obtained by averaging the
predictions of all individual trees:

A 1] (21
y(x) = thl Tt (x) )

where T; (x) denotes the prediction from the t-th decision tree.



2.3.4. Extreme gradient boosting

XGBoost [65] is an advanced ensemble learning algorithm based on the
gradient boosting framework. It builds a predictive model by sequentially
combining multiple weak learners, typically decision trees, where each new
tree is trained to correct the errors made by the previous ones, as shown in
Figure 11. Due to its high predictive accuracy and computational efficiency,
XGBoost has also been extensively used in civil engineering applications [66,
67] for modeling complex relationships.
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Figure 11. An example of an XGBocst architectural structure.

Generally, XGBoost is emploved to predict the output parameters, where
interactions among parameters are challenging to model using traditional
regression techniques. Unlike RF, where trees are built independently,
XGBoost constructs decision irees sequentially. At each iteration, a new tree
is added to minimize the prediction error of the existing ensemble. The

overall prediction after kK trees are given by:

~

K
yi= 2 fic (x) (22
k=1 )
where fi represents an individual decision tree and X is the input feature
vector. XGBoost optimizes a regularized objective function that balances
prediction accuracy and model complexity:

N K
L=3 ly¥)+ I Q) (23

i=1 k=1 )

where I(-) is typically the MSE for regression problems, and Q(f,)
penalizes complex trees to reduce overfitting. Tree construction is
accelerated using first and second-order derivatives of the loss function,
enabling efficient identification of optimal splits. Due to its high accuracy,
built-in regularization, and computational efficiency, XGBoost is well-suited
for predicting the mechanical properties of gypsum-based composites.



2.3.5. Support vector machine

SVM [68] is a supervised learning algorithm widely used for regression
and classification problems due to its strong generalization capability,
particularly for nonlinear and high-dimensional datasets [69, 70]. Figure 12
presents the schematic representation of SVM. The blue curve represents the
predicted regression function, while the dashed lines indicate the [I-
insensitive tube, as shown in Figure 12(a). Data points on the tube boundaries
act as support vectors and govern the model, whereas points outside the tube
are through slack variables, allowing controlled prediction errors.

[' Observations Support Vector ] Output
@ Predicted by SYM M Point outside curve
f{x)\';f fix) W¢(X} b

Wy ,,"’ r.‘"‘ll \\\
- Wz / e e e \‘El?n

(x)
’3 . ("F_#__;,',._-;.’f ° ‘ K(x,, %) I ! Kix, )
/ ., Mf/./ N4

T

"f%?' 9]

AV Py p—y
| J
1

X Input vector (x;)

(a) (b)
Figure 12. The schematic representation of SVM presenting the regression
function with an insensitive tube (a) and mapping of input parameters (b).

SVM aims to determine a function that approximates the relationship
between input parameters and the target response while maintaining model
simplicity, as presented in Figure 12(b). The regression function is defined
as:

f(x) =wTd(x)+ b (2)4

where ¢(x) maps the input data into a higher-dimensional feature space,
W, is the weight vector, and b is the bias term. The objective of SVM is to
minimize the model complexity while ensuring that prediction errors lie
within a predefined tolerance €. This is achieved by solving the following
optimization problem:

(25

in1 N i
TS IwI2 +C 3 (5 +E)) )
i=1

w,b
subject to:



E,irai* =0
where [] is the penalty parameter controlling the trade-off between model

complexity and training error, and &£ are slack variables. To handle
complex relationships, SVM employs kernel functions, with the RBF kernel
commonly used:

K(x,x') = exp( - Y[x,x %) (2)6

By using appropriate kernel functions, SVM can effectively model
interactions between mixture parameters and mechanical properties.

2.4. Optimization and learned hyperparameters

Although the predictive performance of the selected ML models was
evaluated using multiple statistical indicators, a detailed discussion is
provided in Section 3.1.1, including the coefficient of determination (R2), root
mean square error (RMSE), mean squared error (MSE), and mean absolute
error (MAE), the convergence behavior of each model was illustrated using a
single representative evaluation metric. Specifically, loss functions (MSE)
were used for ANN, log-marginal likelihood for GPR, and R? score for RF,
XGBoost, and SVM models, as these metrics are directly optimized during the
training process of the respective algorithms. The summary of the
convergence behavior of ANN, GPR, RF, XGBoost, and SVM models for
predicting compressive and flexural strength is shown in Figure 13.

For ANN model, the training and validation loss curves exhibit a rapid
decrease during initial epochs, followed by stabilization at low loss values, as
shown in Figure 13(a), indicating efficient learning and good convergence
without evident overfitting for both output responses. In the case of GPR, the
log-marginal likelihood reaches a stable optimum within a small number of
optimizer restarts, demonstrating kernel hyperparameter optimization and
consistent convergence behavior, as shown in Figure 13(b). For RF model,
the training and testing R2 scores improve progressively with an increasing
number of trees and eventually plateau, indicating that model performance
stabilizes once a sufficient ensemble size is reached, as illustrated in Figure
13(c). For XGBoost model, the testing and training R2 scores increase rapidly
with the number of boosting rounds and reach stable, near-optimal values
after a limited number of iterations, indicating fast convergence and strong
generalization performance, as presented in Figure 13(d). In contrast, SVM
model exhibits a gradual improvement in prediction accuracy with increasing
training set size, as shown in Figure 13(e) by the learning curves. Overall,
the convergence trends confirm the stability, robustness, and reliable
learning behavior of the employed ML models for both compressive and
flexural strength prediction.
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Figure 13. Hyperparameter convergence plots of models.

Figure 14 sumimnarizes the key learning hyperparameters and architectural
configurations of ANN, GPR, RF, XGBoost, and SVM models. ANN was
implemented as a sequential feedforward network comprising three hidden
layers with 64, 32, and 16 neurons, respectively, using the ReLU activation
function, while the output layer adopted a linear activation, and the model
was trained and achieved convergence using the MSE loss function, as shown
in Figure 13(a).

GPR model utilized a composite kernel consisting of an RBF and a white
noise kernel, with hyperparameters optimized automatically by maximizing
the log-marginal likelihood over multiple iterations, as shown in Figure 13(b).
The learned constant represents the overall signal variance and controls the
global magnitude of variation in target response, reflecting the variability of
compressive and flexural strength across the dataset. RBF Kkernel,
characterized by its length scale parameter, captures the smoothness and
correlation of the response with respect to changes in input parameters;
larger length scale values indicate smoother variations and stronger
correlations among neighboring data points, as illustrated in Figure 14.



Additionally, white noise kernel accounts for measuring experimental
uncertainty present in the data.

RF model was configured with 300 decision trees, bootstrap sampling, and
default split and leaf criteria (2, 1). Model convergence was assessed using
R2, which exhibited progressive improvement with an increasing number of
trees before stabilizing, as illustrated in Figure 13(c). This indicated that the
ensemble size was sufficient to capture the underlying relationships without
overfitting. The use of bootstrap aggregation and random feature selection
at each split further enhanced model performance and reduced variance.
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Figure 14. Learned hyperparameters of ML techniques for optimization.

XGBoost model was implemented using a tree-based booster, which
constructs a sequence of decision trees in a sequential manner to
progressively improve prediction accuracy A learning rate of 0.3 was
adopted to control the contribution of each n ‘wly added tree, enabling the
model to learn complex patterns while ma 1nta1n1ng stable convergence, as
shown in Figure 13(d). The maximum tree depth was set to six, allowing the
model to capture relationships and higher-order interactions among the
mixture parameters without excessive model complexity. A total of 100
boosting rounds were employed, ensuring learning capacity while avoiding
overfitting. Model convergence and performance stabilization were
monitored using R2.

For SVM model, an RBF kernel was adopted to capture relationships
between input parameters and target mechanical properties. The
regularization parameter (C) and kernel coefficient ([]) were systematically
tuned to obtain an optimal balance between prediction accuracy and model
generalization. The parameter “[]” controls how strongly the model penalizes
prediction errors, whereas [] defines how far the influence of each data point
extends in the feature space, as illustrated in Figure 14. Model convergence
was assessed using R2, ensuring that the selected hyperparameters yielded
stable and reliable predictive performance on unseen data, as shown in
Figure 13(e). Overall, the figure highlights the distinct learning mechanisms
and parameter settings of each algorithm, which can provide sufficient
understanding for the comparative analysis conducted in this study.



3. Results and discussion
3.1. Performance evaluation of models
3.1.1. Comparison of performance meltrics using 10-fold cross-
validation

To quantitatively assess the predictive performance of the selected ML
models, four widely used statistical indicators were employed: the coefficient
of determination (R?), root mean squared error (RMSE), mean absolute error
(MAE), and mean squared error (MSE). These metrics collectively provide a
comprehensive evaluation of model accuracy. The R? measures the
proportion of variance in the experimental data that is explained by the model
predictions. A higher R2 value indicates better agreement between predicted
and observed values. The RMSE quantifies the standard deviation of
prediction errors and is particularly sensitive to large deviations. Lower
RMSE values reflect improved predictive precision and reduced dispersion of
errors. The MAE represents the average size of the prediction errors,
regardless of whether the model overestimates or underestimates the actual
values. MAE provides a direct measure of model accuracy and is less sensitive
to extreme errors compared to RMSE. The MSE evaluates the average
squared difference between predicted and experiinental values. These
performance indicators are expressed as:

N

R2=1 %y,_y)_ (27
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where y; and Y;are the experimental and predicted values, respectively, ¥,
is the mean of experimental values, and [] is the number of samples.

The comparative predictive accuracy of models for compressive and
flexural strength estimation using 10-fold cross-validation is shown in Figure
15. The bar plots represent the mean values of performance metrics across
the ten folds, while error bars indicate the corresponding standard deviations,
reflecting model stability. Among all models, for compressive strength
predictions GPR model demonstrates the highest mean R2 value along with
the lowest RMSE, MAE, and MSE, indicating superior predictive accuracy.
RF and XGBoost models exhibit performance metrics very close to those of
GPR, ranking as the second most accurate model. In contrast, ANN shows



moderate prediction accuracy, while SVM presents comparatively higher
error values and variability across folds, as shown in Figure 15(a). For
flexural strength prediction, the GPR model demonstrated the best overall
performance, achieving the highest R? value and lowest RMSE, MAE, and
MSE, which indicates relatively excellent stability and predictive accuracy,
as illustrated in Figure 15(b). RF model followed closely as the second-best
performer, exhibiting comparable accuracy with marginally higher error
values than GPR. In contrast, ANN and XGBoost models provided moderate
predictive capability, while SVM model showed relatively lower accuracy and
greater variability across the cross-validation folds, as shown in Figure 15(b).
These results highlight the robustness of GPR approach for compressive and
flexural strength predictions, with XGBoost and RF, respectively, emerging
as a reliable alternative under cross-validated conditions. In addition to 10-
fold cross-validation, a 5-fold cross-validation was also conducted to examine
model robustness. Although both approaches yielded comparable results, the
10-fold scheme demonstrated slightly superior predictive performance;
therefore, it was adopted for subsequent analysis.
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Figure 15. Comparison of the performance metrics of models obtained using
10-fold cross-validation.

3.1.2. Comparison between experimental and predicted values.

The comparison between actual values obtained from experiments and
predicted values for compressive and flexural strength using ANN, GPR, RF,
XGBoost, and SVM models is shown in Figure 16. In all subplots, the dashed
red line represents the ideal line (perfect fit), while the shaded regions denote
the +10% and *20% error bands around the perfect fit line, indicating
tolerance ranges of prediction accuracy, respectively. A strong clustering of
data points for low compressive and flexural strength values with relatively
small errors indicates high predictive accuracy and low bias for low
compressive and flexural strength. However, as the compressive and flexural
strength values increase, a proportion of data points fall outside the +10%
band and approach or exceed the +=20% error limits, indicating reduced



predictive accuracy at higher compressive and flexural strength values. This
behavior suggests that the models are more reliable in predicting lower
ranges of the output parameters, while prediction errors increase at higher
compressive and flexural strength values, likely due to the limited number of
high-strength samples and greater variability in material behavior in this

region.
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Figure 16. Comparison between experimental and predicted values of
compressive and flexural strength obtained using models.

3.1.3. Prediction error analysis

The experimental and predicted values of compressive and flexural
strength obtained using ANN, GPR, RF, XGBoost, and SVM models, along
with the corresponding prediction errors for individual test samples, are
shown in Figure 17. For all models, the predicted trends generally follow
experimental values, indicating that the developed models can effectively
capture the wunderlying relationship between input parameters and
mechanical properties. However, noticeable differences in prediction
accuracy and error dispersion can be observed among the models. ANN, RF,
and XGBoost models show moderate fluctuations around the experimental
data, with occasional larger deviations, particularly at higher strength values,
as shown in Figure 17(a), Figure 17(c), and Figure 17(d). SVM model exhibits
comparatively larger prediction errors and higher variability, reflecting its
relatively lower predictive capability, as illustrated in Figure 17(e).

GPR model demonstrates superior performance, characterized by close
alignment between experimental and predicted values and consistently
smaller error magnitudes across samples, as shown in Figure 17(b). A key
advantage of GPR is its ability to quantify predictive uncertainty through the



confidence interval (CI). The CI was constructed from the predictive mean (11)
and standard deviation (0) obtained from the GPR posterior, such that p =1
O, u £ 20, and p £ 30, representing approximately 68%, 95%, and 99.7% CI,
respectively, assuming a Gaussian predictive distribution.
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Figure 17. Comparison of experimental and prediction values with error
quantification.




Most experimental data points fall within this interval, indicating reliable
uncertainty estimation. This feature allows GPR not only to provide point
predictions but also to assess associated uncertainties in experimental data.
This makes it unique from other ML techniques and is particularly valuable
for engineering applications involving material design and performance
assessment [71]. Overall, the results highlight the robustness and reliability
of GPR, while also confirming the effectiveness of other methods, such as RF
and XGBoost, and comparatively limited performance of SVM for the present
dataset.

3.2. Importance feature analysis and physical interpretation

The permutation-based feature importance results for compressive and
flexural strength prediction were obtained using ANN, GPR, RF, XGBoost,
and SVM models are presented in Figure 18. Across GPR, RF, and XGBoost
for both mechanical properties, gypsum strength consistently emerged as the
most influential parameter, exhibiting the highest importance scores.
However, in the ANN model, wheat straw emerged as the most influential
parameter for both mechanical properties, while in tiie SVM model, CaCl,
was the most influential parameter for compressive strength and gypsum
strength for flexural strength. This highlights the dominant role of the
different parameters in models in governing both compressive and flexural
performance.
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Figure 18. Comparison of feature importance of models.

For compressive strength, gypsum quantity ranked as the next most
influential parameter in all models, indicating that binder content can affect
load-bearing capacity, as concluded in [47-51]. In contrast, wheat straw and
water-related parameters (water quantity and water-to-gypsum ratio) showed
moderate importance, reflecting their possible indirect influence of fiber
addition and porosity, respectively. Chemiceal additives such as CaCl; and
Ca(OH), generally exhibited lower importance values, suggesting a minor
role in strength development under the studied dosage ranges, as shown in
Figure 18.

For flexural strength, each model behaves differently from the others in
its predictions. ANN model identifies gypsum quantity as a major contributor
after wheat straw, as shown in Figure 18(a), indicating the possible effect of
binding provided by gypsum quantity in enhancing flexural performance.
Gypsum strength shows a moderate influence, whereas chemical additives
and water-related parameters contribute marginally. For GPR model, CaCl;
and Ca(OH), content show relatively high importance after gypsum strength,
compared to other models, as illustrated in Figure 18(b). This suggests that
GPR possibly captures the influence of chemical activation on microstructural
development. Additionally, wheat straw quantity, gypsum quantity, and
water-to-gypsum ratio also show a relatively less contribution compared to
other parameters. In RF model, the water-to-gypsum ratio ranks second after
gypsum strength, as shown in Figure 18(c). This indicates that RF likely
emphasizes mixture proportioning effects corresponding to water and
gypsum, particularly the balance between workability, which directly affects
flexural strength. Whereas the other parameters show the minor rule in
contribution to predictions. XGBoost model ranks water-to-gypsum ratio as a
major contributor after gypsum strength, as shown in Figure 18(d),
suggesting a similar interpretation as RF model. The water and gypsum
quantity shows a moderate contribution after the water-to-gypsum ratio.
Whereas the other parameters show the minor rule in contribution to



predictions. For SVM model, although the model shows relatively less
accuracy compared to other models, feature importance analysis shows a
meaningful interpretation of input parameters for predictions. CaCl,,
Ca(OH),, gypsum quantity, and wheat straw exhibit comparable secondary
importance after gypsum strength, as presented in Figure 18(e), reflecting
the possible influence of chemical activation and fiber reinforcement effects
on microstructural development as discussed above.

Overall, despite differences in relative rankings, all models consistently
confirm that gypsum strength is the governing factor. These findings provide
possible physical interpretability and validate the reliability of ML models in
capturing the underlying material behavior of gypsum composites. It is
important to note that certain input parameters exhibit strong
multicollinearity, particularly between water content and the water-to-
gypsum ratio, as well as between water and gypsum quantities. While the
employed ML models are capable of handling correlated inputs in terms of
predictive accuracy, multicollinearity may influence feature importance
attribution. In permutation-based analyses and SHAP-based interpretations
(section 3.4.1 and section 3.4.2), predictive contributions may be
redistributed among correlated variables, potentially affecting their relative
rankings. Therefore, feature importance results should be interpreted with
consideration of underlying correlations.

3.3. Interpretation of Taylor diagrains ior model performance

Taylor diagrams illustrating the comparative performance of ANN, GPR,
RF, XGBoost, and SVM models in predicting compressive strength and
flexural strength are presented in Figure 19. The Taylor diagram provides a
compact statistical summary by simultaneously displaying the correlation
coefficient, standard deviation of RMSE difference between model
predictions and experimental reference data. In these diagrams, the
reference point represents experimental measurements, while model
performance improves as points approach the reference with higher
correlation and closer standard deviation to the reference point.

For compressive strength prediction, GPR and XGBoost models are
located closest to the reference point, indicating high correlation coefficients
(approaching 0.95-0.99) and standard deviations comparable to the
experimental data, as shown in Figure 19(a). This confirms their superior
ability to reproduce both the variability and trend of the compressive strength
measurements. RF and ANN models exhibit slightly lower correlation and
moderate deviations in standard deviation, suggesting reasonable but
comparatively less accurate predictions. In contrast, SVM model lies farther
from the reference, characterized by lower correlation and substantially
higher standard deviation, reflecting larger prediction variability and
reduced reliability for compressive strength estimation.

For flexural strength prediction, all models show improved clustering near
the reference point, indicating generally higher predictive consistency
compared to compressive strength. Among them, GPR model again



demonstrates the closest agreement with the experimental data, exhibiting
high correlation and minimal deviation in standard deviation, as illustrated in
Figure 19(b). RF and XGBoost models also perform well, with strong
correlations and slightly higher dispersion. ANN model shows moderate
agreement, while SVM model displays relatively lower correlation and larger
deviation, although its performance improves compared to the compressive
strength case.

Overall, Taylor diagrams confirm that GPR provides a relatively balanced
and accurate representation of both compressive and flexural strength,
capturing not only the trend but also the statistical variability of experimental
data. XGBoost and RF follow as possible alternatives, whereas ANN and
particularly SVM exhibit comparatively lower predictive consistency. These
observations are consistent with the quantitative performance metrics and
further validate the performance of ML models for predicting the mechanical
properties of gypsum composites.
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Figure 19. Taylor diagrams comparing the performance of models.

3.4. SHAP interpretability of GPR model predictions

To further enhance the interpretability of GPR model as the best-
performing approach, SHapley Additive exPlanations (SHAP) [72] were
employed to quantify the contribution of individual input parameters to the
prediction of compressive and flexural strength. SHAP analysis provides both
global explanations, through summary plot and mean SHAP-based feature
importance, and local explanations, through waterfall and force plots, by
assigning each feature a contribution value. In SHAP summary plots, red-
colored points represent higher feature values, while blue-colored points
correspond to lower feature values. The horizontal position of each point
indicates the magnitude and direction of its impact on the predicted response,
where positive SHAP values increase the predicted output value and negative



values decrease it. The feature importance plots present the mean absolute
SHAP values, offering a global ranking of parameters according to their
overall influence on model predictions across the dataset. In contrast, the
waterfall and force plots provide instance-level explanations, illustrating how
individual features cumulatively shift the prediction from the model’s
baseline value to the final output for a specific sample. Here, the baseline

value E[f(X)] represents the average model prediction over all training
samples when there is no specific information about a sample, while the final
output f(x) corresponds to the predicted value after accounting for the
combined contributions of all features. Together, these SHAP visualizations
enable a comprehensive understanding of both the dominant predictors that
govern the global behavior and the sample-specific predictions of the model,
thereby strengthening the explainability of the GPR model.

3.4.1. SHAP values for compressive strength prediction

Figure 20 presents the SHAP summary plots, mean SHAP-based features
importance, waterfall, and force plots for compressive strength. CaCl;
exhibits the highest mean SHAP value, confirming its dominant negative
influence on the global predicted response. Gypsum strength, gypsum
quantity, and wheat straw content show substantial SHAP contributions, as
shown in Figure 20(a), suggesting possible roles, such as binder strength and
content and fiber addition, to affect the load-carrying capacity through
reinforcement. Ca(OH); exhibits a moderate negative effect with SHAP
values, suggesting that higher amounts of these additives tend to reduce the
predicted compressive strength. Water-related parameters show a minor
positive SHAP influence on compressive strength within the investigated
range.
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Figure 20. SHAP analysis and interpretation for compressive strength of
GPR prediction

The local interpretability of the miodel for compressive strength prediction
using SHAP waterfall and force plots in Figure 20(b) and Figure 20(c). The
waterfall plot explains a single prediction by showing how each input
parameter incrementally shifts the model output from the baseline value

E[f(x)] = 4.653 MPa to the final predicted value f(x) = 0.524 MPa. Features
shown in blue contribute negatively to the prediction, reducing compressive
strength, whereas red bars indicate positive contributions. For this specific
sample, CaCl; (—3.15 MPa), gypsum strength (—1.03 MPa), gypsum quantity
(—0.52 MPa), and wheat straw (—0.52 MPa), with corresponding SHAP value
in grey, exert a negative influence, indicating that higher values of these
parameters reduce the predicted compressive strength for this sample. In
contrast, Ca(OH), (+0.83 MPa), water quantity (+0.14 MPa), and the water-
to-gypsum ratio (+0.12 MPa), with corresponding SHAP value, provide
positive contributions.

The corresponding force plot provides a complementary visualization by
showing how features push the prediction away from the baseline value. Red
arrows represent parameters that increase compressive strength, while blue
arrows indicate parameters that decrease it. The length of each arrow
reflects the magnitude of influence. Consistent with the waterfall plot, CaCl,
and gypsum strength dominate the downward shift in the predicted value,
while Ca(OH), and water quantity contribute positively. Together, these plots
demonstrate the capability of the GPR model to quantify both the direction



(positive or negative) and magnitude of individual feature effects on
compressive strength at the sample level.

3.4.2. SHAP values for flexural strength prediction

For flexural strength prediction, the global and local interpretability of the
model, as shown in Figure 21, reveals a different contribution pattern.
Although gypsum strength remains the most influential parameter on global
prediction response, showing the higher SHAP values with positive influence,
with a possible reason of directly affecting the mechanical properties of
gypsum composites. CaCl,, Ca(OH),, and wheat straw content demonstrate a
negative influence with higher SHAP contributions, as shown in Figure 21(a),
indicating that the increasing chemical additives and fiber addition can cause
a decrease in the flexural strength globally in the studied ranges. The gypsum
quantity and water-to-gypsum ratio exhibit a relatively higher SHAP value
with a positive influence, indicating that, within the studied range, binder
content and water availability can promote bonding, thereby enhancing
flexural strength. The negative SHAP contribution of water quantity suggests
that excessive quantity may introduce weak bonding, thereby reducing
flexural strength.

The local interpretability for flexural strength prediction is illustrated in
Figure 21(b) and Figure 21(c). For the selected sample, the prediction shifts
from the baseline value E[f(x)] = 2.195 MPa to the final output f(x) = 5.809
MPa. The waterfall plot shows that wheat straw (+0.9 MPa) with the
corresponding SHAP value contributes to the largest positive shift. Similarly,
gypsum quantity (+0.9 MPa), CaCl, (+0.65 MPa), Ca(OH), (+0.47 MPa),
gypsum strength (+0.4 MPa), waier quantity (+0.18 MPa), and wheat straw
(+0.12 MPa) exert additional positive influences.

The force plot, as shown in Figure 21(c), complements the waterfall plot
by visually summarizing these effects along a single axis, clearly highlighting
how negatively contributing variables (blue) dominate the prediction shift,
while positively contributing variables (red) provide partial recovery toward
higher flexural strength as discussed in Section 3.4.1. SHAP explanations
highlight the complex, nonlinear interactions captured by the GPR model and
provide insight into the decision-making process underlying individual
predictions, which cannot be captured by permutation importance alone.
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Figure 21. SHAP analysis and interpretation for flexural strength of GPR
prediction.

4. Conclusions

This study developed and evaluated a comprehensive ML framework for
predicting the compressive and flexural strength of wheat straw reinforced
gypsum composites using a collected dataset of 161 experimental mixtures.
Five ML models, ANN, GPR, RF, XGBoost, and SVM, were systematically
trained, validated, and compared under 10-fold cross-validation to ensure
reliable and unbiased performance assessment.

0 Based on quantitative evaluation metrics, GPR model consistently
demonstrated the highest predictive accuracy for both compressive and
flexural strength, achieving the highest R? values and lowest RMSE,
MAE, and MSE. XGBoost ranked as the second-best model for



compressive strength prediction, exhibiting performance close to GPR,
while RF emerged as the second-best model for flexural strength
estimation, whereas SVM exhibited comparatively lower predictive
performance and higher variability. The performance comparison is
further confirmed by the Taylor diagram analysis, where GPR exhibits
the closest agreement with the reference point, characterized by a high
correlation coefficient and minimal standard deviation error.

0 Experimental versus predicted comparisons further highlighted the
relatively strong agreement of GPR predictions with measured values,
accompanied by predicted uncertainty. A key advantage of GPR is its
inherent capability to quantify prediction uncertainty, which is
particularly valuable for engineering decision-making and material
design under uncertainty.

0 Features importance analysis revealed that gypsum strength is the
dominant parameter governing both compressive and flexural
performance across most of models. Water-related parameters, wheat
straw content, and gypsum quantity exhibited secondary but
meaningful influence, while chemical additives showed variable
contributions depending on the mechanical response.

[0 SHAP analysis provided valuable insights into both global and local
prediction behavior of the best-performing GPR model. Globally, CaCl,
was identified as the most influential parameter governing compressive
and gypsum strength for flexural strength, while water-related
parameters and chemical additives exhibited varying degrees of
positive and negative influence depending on the response type. Locally,
SHAP waterfall and force plots revealed how individual input
parameters interact to shift predictions from the baseline to the final
output, highlighting sample-specific mechanisms. SHAP provides
deeper insight by linking data-driven predictions with physically
meaningful material behavior.

Overall, this study demonstrates that ML, particularly GPR, can serve as
a reliable, interpretable, and efficient tool for predicting the mechanical
properties of sustainable gypsum composites. The proposed framework
reduces experimental research efforts and enhances the understanding of
material behavior. Accordingly, the findings of this study support the
development of low-cost and sustainable gypsum-based construction
products incorporating agricultural waste for practical use in both newly
constructed and existing buildings. Although external validation using a
completely independent dataset would further strengthen the generalization
assessment, such data were not available in this study.

Future research should focus on expanding the experimental database to
include additional parameters, such as water absorption and drying
shrinkage, to further improve model generalization. Moreover, integrating
advanced hybrid and physics-informed machine learning models could
support the sustainable design of gypsum composites. Notably, the datasets



were compiled from previously published experimental investigations, the
differences in specimen preparation procedures, mixing protocol, and curing
regimes may introduce inherent variability that could influence model
predictions. Establishing a standardized and fully controlled experimental
database is recommended for future investigations to further improve model
accuracy and generalization. Finally, to support practical implementation,
the trained models and prediction scripts have been made publicly accessible
as mentioned in the availability of data and material section. The repository
includes data preprocessing, trained model parameters, hyperparameter
optimization and prediction scripts.
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Appendix. Test database for gypsum wheat-straw reinforced
composite specimens experiencing flexure and compression tests.
Table Al: Database of gypsum composites incorporating wheat straw.

Gypsu Water-  Whe Flexure Compressi
Sourc Sampl ™ Gypsu Wate to- at CaCl Ca(OH Strenat  ve
Pl Strengt m r su Stra ) g
e e ID b g gyp 2 2 h Strength
() (@ m wo ) B vpa Mba)
(MPa) Ratio (g)
1 6.1 1000 550 0.55 0 0 0 3.913 5.567
2 6.1 1000 550 0.55 0 0 0 3.786 6.787
3 6.1 1000 550 0.55 0 0 0 3.623 5.953
4 6.1 975 536 0.55 25 0 0 2.738 3.164
5 6.1 975 536 0.55 25 0 0 2.896 3.587
6 6.1 975 536 0.55 25 0 0 2.404 3.719
7 6.1 975 536 0.55 25 0 0 - 3.740
8 6.1 950 523 0.55 50 0 0 2.867 3.397
9 6.1 950 523 0.55 50 0 0 2.279 3.587
[47] 10 6.1 950 523 0.55 50 0 0 2.301 3.090
11 6.1 950 523 0.55 50 0 0 - 3.164
12 6.1 925 509 0.55 75 0 0 2.839 3.397
13 6.1 925 509 0.55 75 0 0 2.494 3.624
14 6.1 925 509 0.55 75 0 0 2.344 3.317
15 6.1 925 509 0.55 75 0 0 - 3.397
16 6.1 900 720 0.8 100 0 0 0.940 1.373
17 6.1 900 720 0.8 100 0 0 0.722 1.300
18 6.1 900 720 0.8 100 0 0 0.777 1.300
19 6.1 900 720 0.8 100 0 0 - 1.337
20 2 1000 750 0.75 0 0 0 3.23 11.23
21 2 1000 750 0.75 0 0 0 3.87 10.10
22 2 1000 750 0.75 0 0 0 3.19 8.36
23 2 1000 750 0.75 0 0 0 3.91 7.23
24 2 975 730 0.75 25 0 0 2.41 6.17
25 2 975 730 0.75 25 0 0 2.61 5.91
26 2 975 730 0.75 25 0 0 2.81 5.53
27 2 950 760 0.8 50 0 0 1.99 3.29
28 2 950 760 0.8 50 0 0 2.09 3.23
29 2 950 760 0.8 50 0 0 2.19 2.75
30 5 1000 750 0.75 0 0 0 4.94 23.57
[48] 31 5 1000 750 0.75 0 0 0 4.93 20.72
32 5 1000 750 0.75 0 0 0 6.55 21.47
33 5 1000 750 0.75 0 0 0 6.54 24.32
34 5 975 730 0.75 25 0 0 3.85 8.25
35 5 975 730 0.75 25 0 0 4.45 10.25
36 5 975 730 0.75 25 0 0 3.90 8.45
37 5 975 730 0.75 25 0 0 4.40 10.05
38 5 975 730 0.75 25 0 0 3.78 8.17
39 5 975 730 0.75 25 0 0 4.52 10.33
40 5 950 760 0.8 50 0 0 2.28 4.47
41 5 950 760 0.8 50 0 0 2.72 5.07
42 5 950 760 0.8 50 0 0 2.29 4.57




43 5 950 760 0.8 50 0 0 2.71 4.97
44 5 950 760 0.8 50 0 0 2.30 4.65
45 5 950 760 0.8 50 0 0 2.70 4.89
46 16 1000 750 0.75 0 0 0 7.11 41.62
47 16 1000 750 0.75 0 0 0 7.19 39.72
48 16 1000 750 0.75 0 0 0 7.57 38.82
49 16 1000 750 0.75 0 0 0 7.65 39.74
50 16 975 730 0.75 25 0 0 5.21 16.15
51 16 975 730 0.75 25 0 0 5.31 14.93
52 16 975 730 0.75 25 0 0 5.39 15.81
53 16 975 730 0.75 25 0 0 5.63 14.05
54 16 975 730 0.75 25 0 0 5.71 14.05
55 16 975 730 0.75 25 0 0 5.81 14.97
56 16 950 760 0.8 50 0 0 3.71 9.10
57 16 950 760 0.8 50 0 0 3.73 7.84
58 16 950 760 0.8 50 0 0 3.83 8.60
59 16 950 760 0.8 50 0 0 4.03 7.10
60 16 950 760 0.8 50 0 0 4.13 7.10
61 16 950 760 0.8 50 0 0 4.15 8.26
62 10.24 1000 600 0.6 0 0 0 3.64 10.24
63 10.24 975 600 0.6 25 0 0 2.46 5.693
[49] 64 10.24 950 600 0.6 50 0 0 1.26 3.765
65 10.24 925 600 0.6 75 0 0 1.26 3.811
66 10.24 900 600 0.6 100 0 0 1.26 3.352
67 7.18 1000 600 0.6 0 0 0 - 7.18
68 7.18 990 600 0.6 10 0 0 - 5
[50] 69 7.18 980 600 0.6 20 0 0 - 3.18
70 7.18 970 600 0.6 30 0 0 - 3.03
71 7.18 960 600 0.6 40 0 0 - 2.89
72 3 980 784 0.8 20 5 0 1 1.4
73 3 980 784 0.8 20 5 0 1.21 1.5
74 3 980 784 0.8 20 5 0 1.26 1.5
75 3 970 776 0.8 30 5 0 1.31 1.7
76 3 970 776 0.8 30 5 0 1.25 1.8
77 3 970 776 0.8 30 5 0 1.45 1.7
78 3 960 768 0.8 40 5 0 1.38 1.6
79 3 960 768 0.8 40 5 0 1.48 1.7
80 3 960 768 0.8 40 5 0 1.6 1.7
81 3 950 760 0.8 50 5 0 1.27 1.4
82 3 950 760 0.8 50 5 0 1.39 1
83 3 950 760 0.8 50 5 0 1.75 1.8
[51] 84 3 940 752 0.8 60 5 0 1.65 1.9
85 3 940 752 0.8 60 5 0 1.48 1.4
86 3 940 752 0.8 60 5 0 1.99 1.8
87 3 980 882 0.9 20 5 0 0.49 0.6
88 3 980 882 0.9 20 5 0 0.78 0.8
89 3 980 882 0.9 20 5 0 0.67 0.5
90 3 970 873 0.9 30 5 0 0.54 0.5
91 3 970 873 0.9 30 5 0 0.7 0.6
92 3 970 873 0.9 30 5 0 0.77 0.6
93 3 960 864 0.9 40 5 0 0.76 1
94 3 960 864 0.9 40 5 0 1.05 0.8
95 3 960 864 0.9 40 5 0 1.21 1
96 3 950 855 0.9 50 5 0 0.92 1
97 3 950 855 0.9 50 5 0 0.98 1.1




98 3 950 855 0.9 50 5 0 1.17 0.9
99 3 940 846 0.9 60 5 0 0.92 1

100 3 940 846 0.9 60 5 0 1.09 1

101 3 940 846 0.9 60 5 0 1.09 1

102 3 980 980 1.0 20 5 0 0.49 0.6
103 3 980 980 1.0 20 5 0 0.49 0.4
104 3 980 980 1.0 20 5 0 0.49 0.4
105 3 970 970 1.0 30 5 0 0.49 0.8
106 3 970 970 1.0 30 5 0 0.49 0.5
107 3 970 970 1.0 30 5 0 0.73 0.4
108 3 960 960 1.0 40 5 0 0.75 0.6
109 3 960 960 1.0 40 5 0 0.78 0.5
110 3 960 960 1.0 40 5 0 0.74 0.5
111 3 950 950 1.0 50 5 0 0.68 0.6
112 3 950 950 1.0 50 5 0 0.49 0.6
113 3 950 950 1.0 50 5 0 0.91 0.5
114 3 940 940 1.0 60 5 0 0.69 0.5
115 3 940 940 1.0 60 5 0 0.93 0.8
116 3 940 940 1.0 60 5 0 1.4 0.8
117 3 980 784 0.8 20 0 5 1.78 3.9
118 3 980 784 0.8 20 0 5 1.81 3.3
119 3 980 784 0.8 20 0 5 1.54 2.9
120 3 970 776 0.8 30 0 5 1.51 2.7
121 3 970 776 0.8 30 0 S 1.77 2.9
122 3 970 776 0.8 30 0 5 1.52 3

123 3 960 768 0.8 40 0 5 1.59 2.5
124 3 960 768 0.8 40 0 5 1.22 2.7
125 3 960 768 0.8 40 0 5 1.27 2.4
126 3 950 760 0.8 50 0 5 1.25 2.2
127 3 950 760 0.8 50 0 5 1.4 2.3
128 3 950 760 0.8 50 0 5 1.41 2

129 3 940 752 0.8 60 0 5 0.93 1.8
130 3 940 752 0.8 60 0 5 1.47 2

131 3 940 752 0.8 60 0 5 1.29 1.7
132 3 980 882 0.9 20 0 5 1.51 2.5
133 3 980 882 0.9 20 0 5 1.56 2.5
134 3 980 882 0.9 20 0 5 1.4 2.4
135 3 970 873 0.9 30 0 5 1.23 1.7
136 3 970 873 0.9 30 0 5 1.26 2.3
137 3 970 873 0.9 30 0 5 1.27 2

138 3 960 864 0.9 40 0 5 1.03 2.1
139 3 960 864 0.9 40 0 5 1.04 1.9
140 3 960 864 0.9 40 0 5 1.17 1.8
141 3 950 855 0.9 50 0 5 0.86 1.4
142 3 950 855 0.9 50 0 5 1.03 1.7
143 3 950 855 0.9 50 0 5 1.23 1.8
144 3 940 846 0.9 60 0 5 1.25 1.8
145 3 940 846 0.9 60 0 5 0.87 1.7
146 3 940 846 0.9 60 0 5 1.03 1.7
147 3 980 980 1.0 20 0 5 1.23 1.9
148 3 980 980 1.0 20 0 5 1.71 2.8
149 3 980 980 1.0 20 0 5 1.17 2.1
150 3 970 970 1.0 30 0 5 1.19 2

151 3 970 970 1.0 30 0 5 1.23 2.1
152 3 970 970 1.0 30 0 5 1.24 2




153 3 960 960 1.0 40 0 5 1.08 1.2
154 3 960 960 1.0 40 0 5 1.14 1.6
155 3 960 960 1.0 40 0 5 0.19 1.8
156 3 950 950 1.0 50 0 5 0.69 1.2
157 3 950 950 1.0 50 0 5 1.01 1.7
158 3 950 950 1.0 50 0 5 0.83 1.5
159 3 940 940 1.0 60 0 5 0.54 1.1
160 3 940 940 1.0 60 0 5 0.94 1.4
161 3 940 940 1.0 60 0 5 1.01 1.6
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