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Abstract: This study investigated the combined effects of calcium carbide waste (CCW) and lateritic
soil (LS) on sustainable concrete’s fresh and mechanical properties as a construction material for
infrastructure development. The study will explore the possibility of using easily accessible materials,
such as lateritic soils and calcium carbide waste. Therefore, laterite soil was used to replace some
portions of fine aggregate at 0% to 40% (interval of 10%) by weight, while CCW substituted the cement
content at 0%, 5%, 10%, 15%, and 20% by weight. A response surface methodology/central composite
design (RSM/CCD) tool was applied to design and develop statistical models for predicting and
optimizing the properties of the sustainable concrete. The LS and CCW were input variables, and
compressive strength and splitting tensile properties are response variables. The results indicated that
the combined effects of CCW and LS improve workability by 18.2% compared to the control mixture.
Regarding the mechanical properties, the synergic effects of CCW as a cementitious material and LS
as a fine aggregate have improved the concrete’s compressive and splitting tensile strengths. The
contribution of LS is more pronounced than that of CCW. The established models have successfully
predicted the mechanical behavior and fresh properties of sustainable concrete utilizing LS and CCW
as the independent variables with high accuracy. The optimized responses can be achieved with 15%
CCW and 10% lateritic soil as a substitute for fine aggregate weight. These optimization outcomes
produced the most robust possible results, with a desirability of 81.3%.

Keywords: sustainable concrete; calcium carbide waste; laterite soil; mechanical properties; response
surface methodology

1. Introduction

The construction industry is currently struggling to incorporate sustainability into its
production processes. This includes pursuing new, environmentally friendly raw materials
and products that can help mitigate carbon dioxide emissions [1]. One viable approach is
the reuse of industrial and agricultural waste to create sustainable building materials, which
can also contribute to reducing CO2 emissions, reducing sand extraction, and conserving
natural resources [2–4]. Research trends in material development are increasingly focused
on finding alternatives due to the high costs associated with traditional materials and the
difficulties securing funding for construction projects. Some other options include using
pozzolana as a cement substitute or incorporating various agricultural waste products and
industrial by-products as additives or mixtures [3,5,6]. In countries with limited resources,
substituting readily accessible materials for typical aggregates in concrete for structural
purposes might be cost-effective, given the establishment of a reliable design database on
concrete made with these materials [7].
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Laterite, a naturally occurring soil found extensively throughout the tropics and sub-
tropics, is one of these minerals. This material has served as a base course for building
highways and a filling material for foundations with promising results [7,8]. Research
efforts have focused on using laterite as the primary aggregate in producing what are
known as lateritic blocks, which are building blocks. Using this easily accessible and
affordable material in concrete construction in areas with abundant deposits has the po-
tential to drastically lower concrete costs [2,9], and there are various studies on the impact
of laterite inclusion on the material’s mechanical and serviceability characteristics and
durability [10–12]. Udoeyo et al. [7] investigated the properties of concrete when laterite is
used in place of sand in either partial or total replacement. Their findings indicated that the
amount of laterite added to the concrete improved its workability and reduced mechanical
properties. However, they reported that compressive strength can reach up to 20 MPa when
the laterite soil is limited to 40% replacement. Ettu et al. [13] investigated the suitability
of employing laterite as the only fine aggregate in structural concrete production. The
result indicated that laterized concrete satisfied the minimum 25 MPa compressive strength
requirement for reinforced concrete. Raja et al. [14] produced high-strength concrete (HSC)
samples of M60 grade by substituting the manufactured sand with laterite at 25, 50, 75,
and 100 percent by weight to obtain suitable mixes to investigate its mechanical properties
and microstructural analysis. Moreover, 10% micro silica and 10% of fly ash (FA) were
incorporated into mixes. It was reported that the optimum mix was achieved with 25%
laterite replacement. The bending behavior of laterized beams is 11.3% higher than refer-
ence samples. Ukpata et al. [15] investigated the effects of varying aggregate sizes (12 mm,
20 mm, and 40 mm) on the strength of concrete substituted with 10% and 25% laterite for
fine aggregate. The result showed that the mechanical properties of concrete were affected
when laterite was used to replace fine aggregate; an increase in laterite percentage led to a
decrease in mechanical properties. However, 0% and 10% laterite substitution achieve the
required strength.

A byproduct of the process of producing acetylene gas (C2H2) is calcium carbide waste
(CCW). The main uses of acetylene gas are welding, agricultural fruit ripening, metal
cutting, and space heating. A chemical reaction between calcium carbide and water yields
CCW, as demonstrated by Equation (1).

CaC2 + 2H2O → C2H2 + Ca(OH)2 (1)

Calcium carbide waste is characterized by a high alkalinity (pH > 12) and consists of
approximately 92% calcium hydroxide (Ca(OH)2) by mass [1,16]. The CCW is a byproduct
of manufacturing compounds and building materials. The residual construction wastes
are stockpiles, which occupy land and contaminate water resources and the adjacent en-
vironment [17,18]. When combined with other pozzolanic materials containing siliceous
and aluminous compounds in cementitious mixtures, Ca(OH)2 reacts with silicon oxide or
silicon and aluminum oxides in the pozzolans. This reaction leads to additional calcium
silicate hydrates (C-S-H), which contribute to concrete strength development [3,19]. Further-
more, increasing amounts of calcium carbide in cement mortar yields favorable workability,
setting time, and flexural and compressive strength results. However, it was also observed
that water absorption increased as the proportion of CCW rose [20]. Obeng et al. [21]
investigated the feasibility of using calcium carbide residue (CCR) in metakaolin-based
geopolymer mortars with regard to their sulfate resistance. The results showed that when
compared to the geopolymer without CCR, the addition of CCR increased compressive
strength by 26.12%. The geopolymer material with CCR exhibited a decreased sulfate resis-
tance compared to those without CCR. Adamu et al. [5] examined the water absorption,
permeability, and hardened characteristics of pervious concrete modified with hybridized
rice husk ash (RHA) and CCW. The authors reported that both RHA and CCW negatively
affected the durability of Portland cement. Khongpermgoson et al. [22] studied the ef-
fect of ground coal bottom ash (GBC) and CCR on concrete’s compressive strength and
durability-related properties. The authors reported that the concrete made from GBC only
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showed increased compressive strength. The microstructure and residual performance
of self-compacting concrete incorporated with copper slag waste after high-temperature
exposure has been evaluated [23]. Gao et al. [24] investigated the stress–strain relationship
of low-carbon concrete stimulated with CCR subjected to uniaxial and triaxial stresses.
Chen et al. [25] developed CCR alkali-activated cement-based materials containing waste
glass powder to study the rheological and hardened properties. The authors reported that
the replacement of fly ash with glass powder facilitates the alkali-activated reaction at some
point. Jaramillo et al. [26] developed non-structural concrete elements from construction
and demolition waste (CDW) for sustainable building infrastructures. The authors utilize
recycled microplastic (RMP) and CDW for various contents. They showed that concrete
elements made from recyclable waste materials revealed an increase in acoustic and thermal
insulation behavior.

RSM is a robust methodology and a set of statistical techniques that are helpful for
modeling and problem analysis when optimizing a response influenced by several vari-
ables [27,28]. Statistical modeling, material property prediction, and optimization are the
main applications for the multivariable regression analysis approach. RSM is more appro-
priate for building and construction applications, particularly when multiple variables are
involved. The RSM technique aims to investigate the influence of one or more input features
on a response or behavior with fewer experiments, which will save time and resources.
It can also develop model equations to estimate the examined properties with the most
significant number of variables by optimizing the proportions of the variables that will pro-
duce the best results [29–31]. Over the decades, research has been conducted to formulate
models, experiment design, and optimize the properties [32–34]. Siamardi et al. [35] experi-
mented with and developed RSM models for estimating the characteristics of lightweight
self-compacting concrete superplasticizers and light-expanded clay as the input variables.
The concrete properties incorporating steel fiber and limestone powder were estimated
and optimized by Awolusi et al. [29] using the RSM model. Haruna et al. [32] developed
an RSM/CCD model for optimizing the impact resistance of fiber-reinforced concrete
modified with nanomaterials. Haque et al. [36] estimated and optimized the characteris-
tics of concrete containing rice husk ash and glass fiber. A previous study [31] reported
that the workability of the concrete is reduced by adding laterite to the concrete matrix.
Therefore, an appropriate laterized concrete mixture is required to achieve workable, eco-
friendly concrete. To promote sustainable construction materials and minimize waste,
this study investigates the synergic effects of lateritic soil and calcium carbide waste on
the fresh and mechanical properties of the concrete. Using central composite design, the
RSM technique was applied to estimate and optimize the laterite concrete mixtures. The
developed statistical models were validated for the mechanical properties. The findings
in this study could offer valuable insight into using CCW in laterite concrete mixtures for
structural applications.

2. Materials and Methods
2.1. Materials

The laterite concrete was prepared using ordinary Portland cement (Grade 42.5R) and
complied with ASTM C150-00 [37]. The chemical properties of the cement are summarized
in Table 1. The concrete constituents include cement, CCW, LS, fine aggregate, and coarse
aggregate. The clean river sand was used as the fine aggregate with a large sieve size of
4.75 mm. The sand has a fineness modulus of 2.82 and an apparent density of 2626 kg/m3.
The coarse aggregate was crushed granite with a nominal particle size of 20 mm with a
specific gravity of 2.69, a water absorption rate of 1.68%, and a bulk density of 1572 kg/m3.

The CCW was sourced from a commercial mechanical welding workshop. The Sample
CCW sample was treated at a high temperature (110 ◦C) to remove the moisture content
and then ground into a powder and sieved using a 75 µm sieve to obtain the desired particle
size retention. It has a lower specific gravity of 2.34. The chemical composition of CCW is
also portrayed in Table 1. The laterite soil used in this study is uniformly graded with a
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Cu of 9.48 (i.e., Cu < 40) with liquids and plastics limits of 40.91% and 30.67%, respectively,
and a plasticity index (PI) of 10.23%. The specific gravity of the LS is 2.54, and the natural
moisture content is 11.52%. The particle size gradation aggregate materials were obtained
following BS 882 [33], and the gradation curve is depicted in Figure 1.

Table 1. Chemical composition of cementitious materials.

Oxides
Chemical Composition (%)

OPC CCW

SiO2 20.76 3.76
Al2O3 5.54 1.46
Fe2O3 3.35 0.12
CaO 61.4 92.77
MgO 2.46 1.25
K2O 0.76 -
Na2O 0.19 -
SrO - 0.87
Nb2O5 - 0.11
SO2 - 0.75
TiO2 - 0.04
BaO - 1.00
Sb2O3 - 1.00
Loss of Ignition 2.24 -
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2.2. Specimen Preparation

The concrete mixture was prepared following the mixing procedure specified in BS
1881, P 125 [38]. The concrete mixtures were produced by replacing fine aggregate with
LS at 0, 10%, 20%, 30%, and 40%, and CCW was added at 0%, 5%, 10%, 15%, and 20%
by weight of cement. The process starts with a dry mixing of constituent materials such
as fine and coarse aggregate, LS, CCW, and cement for 2 min. Then, water was added to
the dried mix and continued mixing for another 4 min until a homogeneous mixture was
achieved. The freshly prepared laterite concrete was cast into the molds for compressive
and splitting tensile strength tests. Before specimen casting, the molds were cleaned and
oil-lubricated. The cast specimens were removed from the molds after 24 h and placed in
a standard curing room (T = 20 ± 2 ◦C, RH ≥ 98%) until the specified ages of 7, 24, and
28 days.

2.3. Mix Proportioning of Concrete Using RSM

RSM analysis was used to establish appropriate portions of cement, laterite soil,
waste calcium carbide, coarse aggregate, fine aggregate, and water to obtain the desirable
workability and mechanical properties. The w/c ratio of 0.55 was used to prepare laterized
concrete mixes in this study, and the concrete’s mix proportion was formulated using the
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principles specified in the building research establishment (BRE) [39] mix design method
(formerly known as the DOE method). In this study, RSM analysis was performed using
Design Expert version 13. To develop a statistical model of laterite concrete modified
with CCW, a central composite design with α ranging from −1.41 to 1.41 was used, with
CCW and laterite soil serving as independent variables. Five (5) levels correspond to
each parameter: 0% to 20% CCW in place of cement. Likewise, the percentages of fine
aggregate content substituted in laterite soils are 0%, 10%, 20%, 30%, and 40%, respectively.
Table 2 shows the mix proportion of the concrete materials used to prepare the laterite
concrete, and the 13 mixes generated by the RSM software (https://rsmus.com/services/
digital-transformation/enterprise-resource-planning.html accessed on 14 November 2024)
using various combinations of factors are summarized in Table 3. There are eight (8) axial
points and five (5) center points in the thirteen (13) mixes. The center points are mixed
combinations that are repeated. The repeated mixes, also known as duplicated design
points, are used to determine the model’s lack of fit. The “Lack of Fit Tests” chart contrasts
the “Pure Error” from duplicated design points with the residual error. The model should
not be utilized as a response predictor if there is a significant lack of fit, as shown by a low
probability value (“Prob > F”).

Table 2. Mix proportioning using RSM.

Std Run
Coded Values Actual Values

CCW (%) Lateritic Soil (%) CCW (%) LS (%)

5 1 −1.41421 0 0 20
13 2 0 0 10 20
1 3 −1 −1 5 10
9 4 0 0 10 20
7 5 0 −1.41421 10 0
10 6 0 0 10 20
11 7 0 0 10 20
12 8 0 0 10 20
2 9 1 −1 15 10
4 10 1 1 15 30
6 11 1.41421 0 20 20
8 12 0 1.41421 10 40
3 13 −1 1 5 30

Table 3. The mix proportion of concrete materials based on RSM analysis/kg/m3.

Mix ID Cement Sand Coarse Aggregate Water CCW LS

M1(5C10L) 327.75 423 1495 190 17.25 47
M2(15C10L) 293.25 423 1495 190 51.75 47
M3(5C30L) 327.75 329 1495 190 17.25 141
M4(15C30L) 293.25 329 1495 190 51.75 141
M5(0C20L) 345.00 376 1495 190 0 94
M6(20C20L) 276.00 376 1495 190 69 94
M7(10C0L) 310.50 470 1495 190 34.5 0
M8(10C40L) 310.50 282 1495 190 34.5 188
M9(10C20L) 310.50 376 1495 190 34.5 94
M10(10C20L) 310.50 376 1495 190 34.5 94
M11(10C20L) 310.50 376 1495 190 34.5 94
M12(10C20L) 310.50 376 1495 190 34.5 94
M13(10C20L) 310.50 376 1495 190 34.5 94
M14(0C0L) 345.00 470 1495 190 0 0

https://rsmus.com/services/digital-transformation/enterprise-resource-planning.html
https://rsmus.com/services/digital-transformation/enterprise-resource-planning.html
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2.4. Testing Methods
2.4.1. Slump Test

The workability of the freshly prepared laterite concrete was determined using a
slump test following the procedure described in British standards [40]. For each mix, a steel
slump cone filled in three layers with fresh concrete was used to measure the slump of the
laterite concrete. After compaction, the cone was gently taken off, and the height difference
between the cone’s top and freshly mixed concrete was measured and recorded, as shown
in Figure 2.
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2.4.2. Mechanical Properties Test

The hardened properties test of the laterite concrete was performed using the universal
testing machine, following British standards [41], as shown in Figure 3a,b for compressive
and splitting tensile tests, respectively. The compressive strength of the laterized concrete
was using cube specimens with dimensions of 100 mm × 100 mm × 100 mm, and splitting
tensile strength was obtained using cylindrical specimens measuring 100 mm × 200 mm.
For every laterite concrete mix, nine (9) specimens (three specimens on each testing date)
were produced and tested after 7, 14, and 28 days of curing, and the mean result was
recorded as strength value at the particular testing date. The compressive and splitting
tensile strength of laterite concrete can be determined using Equations (2) and (3).

f ′c =
Pc

A
(2)

Tavg =
2Pcy

πLD
(3)

where A is the cube’s cross-sectional area (mm2), P is the applied test load on cubes (kN),
Pcy is the applied test load on cylinders (kN), D is its diameter of concrete cylinders (mm),
and L is the cylinder specimen’s length (mm).
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2.5. Response Surface Methodology

RSM is the best tool for establishing the mathematical relationship between input
parameters and output variables [28]. It has enhanced usefulness in situations where
examining the impact of several parameters on one or more output variables is necessary
to reduce the number of trials needed. It can also be used to establish principles for each
independent variable to optimize some of the results. A further crucial component of
RSM analysis is the adequate interpretation of the experiments for the non-linear sur-
face of the experimental data [42,43]. The variables and responses in RSM models may
take the form of linear mathematical relationships, as shown in Equation (4). However,
since curvature is typically present in the data, linear models that relate the responses to
the input variables are inappropriate. The most appropriate polynomial model type in
this situation is one with greater degrees, as indicated by the second order function in
Equations (4) and (5) [28,30,42,44]

η = β0 + β1χ1 + β2χ2 + · · ·+ βkχk + ε (4)

η = β0 +
k

∑
j=1

β jχj +
k

∑
j=1

β jjχ
2
j + ∑

i<

k

∑
j=2

βijχiχj + ε (5)

where η represents the expected outcome (response model); β0 denotes the intercept
or regression coefficients; β1 and β2 denote the first and second variable coefficients,
respectively; and χ1 and χ2 are the first and second independent variables; βi, βjj, and βij
denote the linear, quadratic, and interaction coefficients; χi and χj represent the linear and
quadratic coded values for the variables, respectively; and E and n represent the residual
error and number of variables.

The mathematical expression relating the input and outcome parameters can be
developed utilizing various model types, including historical, one-factor, Box-Behnken,
Central Composite (CCD), etc. The choice of each model type relied on the quantity and
degree of variability of the independent variables. However, the CCD approach is the most
efficient and broadly utilized. This is due to its ability to estimate model responses using
fewer experimental findings while capturing every variable within the predetermined
ranges. The CCD model allows for the choice of α (the distance measured from the design
center to the axial run); the value of α is contingent upon the total points within the
factorial design section [45]. Each variable in CCD is adjusted at five different levels: +α,
−α, midpoints (central-level), and axial/factorial points (−1, +1) [28,36,43]. Therefore, CCD
was employed in this study to predict and optimize the responses. The figure shows the
CCD framework, according to four points revealing the factorial points (±1) and 4 central
points clarifying (±α) design points (see Figure 4).
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3. Results and Discussions
3.1. Slump Test Result

Figure 5 presents the slump values of a concrete mixture containing different CCW
and LS contents. From Figure 5, it can be noted that the combined effects of CCW and
LS increase the workability of a concrete mixture, as reflected in Mix 3 (5C30L), Mix 4
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(15C30L), Mix 6 (20C20L), and Mix 8 (10C40L), with slump values higher than that of the
control mix. Conversely, Mix 5 (0C20L), which included 20% laterite soil and 0% CCW,
had a slump value of 17 mm, whereas Mix 7 (10C0L), which contained 10% CCW and 0%
laterite soil, had a slump value of 16 mm, which was less than the control mix’s slump of
18 mm. The remarkable slump values of 22 mm were observed in Mix 4 (15C30L), and
Mix 8 (10C40L) is 18.2% higher than that of the control mix. Conversely, compared to the
control mix, the remaining mixes had lower slump values. The results clearly show that
compared to the control concrete mix, the laterite and CCW concrete mixes exhibited a
higher slump. The little increase in slump might be attributed to CCW’s particle packing
effect, which reduces the amount of water required for plasticization [46]. Furthermore, it
was proven by [20] that the CCW particle parking effect of voids in the hydration product
is perhaps the primary influencing factor.
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Figure 5. Slump test result of laterite concrete containing CCW.

3.2. Mechanical Properties
3.2.1. Compressive Strength

The compressive strengths of concrete containing various portions of LS and CCW
tested at 7, 14, and 28 d curing ages are shown in Figure 6. The results indicated that all
concrete samples experience an increase in compressive strength with age, regardless of
their replacement amount. The compressive strength of the control sample (Mix 14: 0C0L)
at the 7, 14, and 28 d are found to be 11.4, 16, and 20 MPa, respectively. Mix 6 concrete
samples with 20% CCW and 20% laterite soil had the highest compressive strength at 7, 14,
and 28 days, which were 12.0 MPa, 16.5 MPa, and 22.5 MPa, respectively. Conversely, Mix
12, which contains 10% CCW and 20%, revealed the lowest compressive strength of 9 MPa,
11.5 MPa, and 13.5 MPa at 7, 14, and 28 d of curing age, respectively. The lower strength
of Mix 12 is attributed to the negative effect of LS, which had decreased compressive
and lower CCW content and was unable to mitigate the loss of strength in the mix. The
compressive strength was significantly increased by adding CCW. This might be explained
by the pozzolanic reaction between the SiO2 from the laterite and the Ca(OH)2 from cement
hydration products and CCW. This reaction produces additional C-S-H gels, the primary
constituents in concrete that develop strength. This is consistent with the research done
by [47]. An increased water need was also due to increased CCW and laterite soil added.
This could be attributed to the mix’s greater surface area and lower water content. As
a result, the laterized concrete mix’s particle agglomeration and insufficient uniformity
decrease compressive strength [5]. A study by Ukpata et al. [15] reported a decrease in the
compressive strength of concrete due to the high content of laterite soil. However, 10%
laterite substitution achieves the required strength. This agreed with the finding of this
study, where the compressive strength of some laterized concrete contusing CCW was
lower than that of the control mix (Mix 14) at all curing ages, except for Mixes 3, 5, and 11
only at 7 days compared to the control, which may be attributed to the pozzolanic reaction
at earlier ages. The low rate of pozzolanic reaction of silicon dioxide (SiO2) and calcium
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hydroxide of CCW in the mixes might cause the lowering of strength values, especially at
an early age. Additionally, it can be shown from the results that the compressive strength
increases when CCW replaces cement by more than 10%. As a result, laterized concrete
with sufficient compressive strength appropriate for structural application is produced
when CCW and laterite soil are properly balanced.
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Figure 6. Compressive strength of laterite concrete modified with CCW.

3.2.2. Splitting Tensile Strength

Figure 7 shows the splitting tensile of laterite concrete modified with different CCW
content tested at 7, 14, and 28 d. As seen in Figure 7, it can be noted that splitting tensile
strength properties follow a similar behavior to compressive strength. The persistent
cement hydration reaction during curing causes the splitting tensile strength to increase
with curing age gradually. Mix 6 (20C20L) demonstrated the highest splitting tensile
strength at 7, 14, and 28 days, 1.42 MPa, and 2.40 MPa, compared to other mixes. However,
the tensile strength decreased in splitting tensile strength with increased LS content. This
could be because of the weak link between the soil particles and the matrix of solidified
concrete paste, which causes tiny cracks and a sudden loss of strength. The cement paste
and aggregate bond failure consequently resulted in a reduction in the splitting tensile
strength. Furthermore, this is consistent with the findings of past studies [48]. Moreover,
the large surface area of CCW, which fortifies the bond between the aggregate particles and
the cement matrix, causes the splitting tensile strength to decrease.
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3.3. Statistical Analysis of Responses
3.3.1. RSM Model for Compressive Strength

The interaction between the input factors (CCW and LS) and the responses (com-
pressive strength) was evaluated using ANOVA. The coefficient of determination (R2)
assessed the validity of the quadratic function of the CCD model, which was evaluated
and validated using the probability function (p-value) at a 95% confidence level. The model
was developed according to the coded factors. The 7, 14, and 28-day compressive strength
responses were utilized to generate the prediction model. The following second-order
polynomial Equations (6)–(8) represent the empirical relationship between the variables
and the compressive strength:

FC−7 = 10.50 − 0.1509A − 0.1143B − 0.6250AB + 0.8750A2 − 0.7500B2 (6)

FC−14 = 13.20 − 0.1509A + 0.5777B − 0.3750AB + 0.4312A2 − 0.5687B2 (7)

FC−28 = 16.0 + 0.7803A + 0.0884B − 0.2500AB + 1.3300A2 − 0.5437B2 (8)

where A and B stand for the corresponding percentages of the CCW and lateritic soil
components, and FC-7, FC-14, and FC-28 indicate the concrete’s 7, 14, and 28-day compressive
strengths (MPa), respectively.

It can be seen in Equations (6) to (8) the parameters and interactions considerably
impacted the compressive strength. Table 4 summarizes the ANOVA result of quadratic
models for estimating compressive strength at different curing ages. It can be noted that
most of the model’s terms revealed p-values less than 0.05, for instance, the terms A2, B2,
and AB for the 7-day responses, which are significant. Generally, the model terms in both
cases have p-values of less than 0.05, showing they are significant. However, the 28-day
model terms showed non-significance for terms B and AB, with p values > 0.05. The model
terms with p-values higher than 0.05 indicate no significant lack of fit, resulting in 40.67%,
37.63%, and 65.57% probability for noise to produce F-values of 1.24, 1.35, and 0.67 for the
compressive strength for 7, 14, and 28 days, respectively.

Table 4. ANOVA result of compressive strength models.

Response Source Sum of Squares Mean Square F-Value p-Value Significance

FC-7 (MPa)

Model 12.46 2.49 18.11 0.0007 significant
A-CCW 0.1821 0.1821 1.32 0.2878
B-LS 0.1045 0.1045 0.7591 0.4125
AB 1.56 1.56 11.35 0.0119
A2 5.33 5.33 38.70 0.0004
B2 3.91 3.91 28.43 0.0011
Lack of Fit 0.4634 0.1545 1.24 0.4067 insignificant

FC-14 (MPa)

Model 7.47 1.49 17.30 0.0008 significant
A-CCW 0.1821 0.1821 2.11 0.1897
B-LS 2.67 2.67 30.91 0.0009
AB 0.5625 0.5625 6.51 0.0380
A2 1.29 1.29 14.98 0.0061
B2 2.25 2.25 26.06 0.0014
Lack of Fit 0.3045 0.1015 1.35 0.3763 insignificant

FC-28 (MPa)

Model 21.15 4.23 12.23 0.0024 significant
A-CCW 4.87 4.87 14.08 0.0072
B-LS 0.0625 0.0625 0.1806 0.6836
AB 0.2500 0.2500 0.7224 0.4235
A2 12.33 12.33 35.63 0.0006
B2 2.06 2.06 5.94 0.0449

Lack of Fit 0.7224 0.2408 0.5666 0.6657 not
significant

where A and B indicate the percentage of CCW and lateritic soil, AB denotes the interaction effects, A2 and B2

represent the second-order effect, p values denote probability values, and F-values represent Fisher statistical
test values.
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Table 5 presents the performance evaluation of the compressive strength model. The
coefficient of regression is the main statistical indicator to assess the performance of the
developed model. The 7-day compressive strength model has the highest R2 value, which
clarifies and validates its greater significance than the other models. The difference between
each model’s predicted and adjusted R2 values was lower than 0.2, indicating that the
model terms substantially agreed. Moreover, a lower standard deviation indicates the
model’s fitness and suitability with their mean values. The adequate precision (AP) was
also applied to assess the model performance. The values anticipated at the design point
are compared to the average predicted error. The model’s AP values for this investigation’s
7, 14, and 28-day compressive strengths were 14.38, 15.19, and 12.46, respectively. As all
the AP values were more than 4, the model is suitable for predicting compressive strength.
The scatter plot between the predicted and observed values of compressive strength at the
different curing ages is depicted in Figure 8.

Table 5. Performance indicators for compressive strength models.

Factors FC-7 (MPa) FC-14 (MPa) FC-28 (MPa)

Std. Dev. 0.3710 0.2939 0.5883
Mean 10.54 13.12 16.88
CoV. (%) 3.51 2.24 3.48
R2 0.9282 0.9252 0.8973
Adjusted R2 0.8770 0.8717 0.8239
Predicted R2 0.6963 0.6738 0.6694
Adeq Precision 14.3831 15.1783 12.4573
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Figure 8. Predicted FC vs. experimental values at (a) 7 days, (b) 14 days, and (c) 28 days ages.

The influence of LS and CCW on the concrete compressive strength is diagrammatically
presented using 2D and 3D plots, as depicted in Figure 9. The relationship between the
input variables is observed using contour and three-dimensional (3D) form. The contour
and three-dimensional plots of compressive strength showed a strong correlation between
lateritic soil and CCW. The compressive strength response to lateritic soil is comparatively
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higher and more positively impacted than CCW’s. This outcome matched the findings of
the experiment.
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3.3.2. RSM Model for Splitting Tensile Strength

The ANOVA result of the developed model for estimating the laterite concrete splitting
tensile strengths is presented in Table 6. Table 6 shows that all model terms were statistically
significant, with p-values < 0.05, except model term B for the 7-day splitting tensile strength
models and model term B and AB for the 14-day tensile strength. In contrast, 28-day
splitting tensile model terms have p-values > 0.05, except term A, which is significant with
p-value < 0.05. Therefore, the generated models are denoted as Equations (9)–(11), respec-
tively, for the 7-day, 14-day, and 28-day splitting tensile strength of the concrete, which
incorporates lateritic soil and CCW, may be employed for prediction with high precision.

FS−7 = 0.8022 + 0.1351A − 0.0594B − 0.2768AB + 0.1154A2 + 0.0719B2 (9)

FS−14 = 1.11 + 0.3181A + 0.0452B + 0.0324AB + 0.2933A2 + 0.1947B2 (10)

FS−28 = 1.86 + 0.3065A + 0.0633B + 0.0006AB + 0.0438A2 + 0.0575B2 (11)
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where FS-7, FS-14 and FS-28 are the 7, 14, and 28-day splitting tensile strengths (MPa),
respectively; and A and B denote CCW and LS (%), respectively.

The performance indicators of the developed RSM model for predicting laterite soil
concrete splitting tensile strength are summarized in Table 7. The models achieved an
R2 value greater than 90% for both splitting tensile strengths at the three curing ages.
The 28-day splitting tensile strength model revealed the highest estimation accuracy with
R2 = 0.9455, followed by R2 = 0.9409 and 0.9404 for the 7-day and 14-day splitting tensile
strength model, respectively. Furthermore, as all of the splitting tensile strength model’s
discrepancies are less than 0.2, there was a strong agreement between the adjusted and
predicted R2 values. As a result, there should be no issues or significant block impact
when using the generated model equations in Equations (9)–(11). The models have a
strong predictive capacity with reduced variation between the estimated and experimental
findings, as seen by their smaller standard deviations compared to their respective mean
values. The scatter plot between the predicted and observed values of splitting tensile
strength at the different curing ages is depicted in Figure 10.

Figure 11 shows the 2D and 3D plot describing the correlation between the input
variables (LS and CCW) and the splitting tensile strengths. The tensile strength dropped
at 7, 14, and 28 days as the proportion of lateritic soil addition increased. These statistical
findings are consistent with the test results’ outcomes.
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Table 6. ANOVA results for splitting tensile strength models.

Response Source Sum of Squares Mean Square F-Value p-Value Significance

FS−7 (MPa)

Model 0.5962 0.1192 22.28 0.0004 significant
A-CCW 0.1459 0.1459 27.27 0.0012
B-LS 0.0283 0.0283 5.28 0.0551
AB 0.3065 0.3065 57.27 0.0001
A2 0.0927 0.0927 17.32 0.0042
B2 0.0359 0.0359 6.71 0.0359
Lack of Fit 0.0184 0.0061 1.29 0.3914 insignificant
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Table 6. Cont.

Response Source Sum of Squares Mean Square F-Value p-Value Significance

FS−14 (MPa)

Model 1.60 0.3204 22.10 0.0004 significant
A-CCW 0.8097 0.8097 55.84 0.0001
B-LS 0.0163 0.0163 1.13 0.3237
AB 0.0042 0.0042 0.2889 0.6076
A2 0.5986 0.5986 41.28 0.0004
B2 0.2637 0.2637 18.19 0.0037
Lack of Fit 0.0382 0.0127 0.8053 0.5529 insignificant

FS−28 (MPa)

Model 0.8159 0.1632 24.28 0.0003 significant
A-CCW 0.7515 0.7515 111.82 <0.0001
B-LS 0.0321 0.0321 4.77 0.0652
AB 1.434E-06 1.434E-06 0.0002 0.9888
A2 0.0134 0.0134 1.99 0.2014
B2 0.0230 0.0230 3.42 0.1068
Lack of Fit 0.0019 0.0006 0.0571 0.9797 insignificantInfrastructures 2024, 9, 206  17  of  23 
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Table 7. Performance indicators for splitting tensile strength models.

Factors FS−7 (MPa) FS−14 (MPa) FS−28 (MPa)

Std Dev 0.0732 0.1204 0.0820
Mean 0.9175 1.41 1.92
CoV.(%) 7.97 8.56 4.26
R2 0.9409 0.9404 0.9455
Adjusted R2 0.8986 0.8979 0.9065
Predicted R2 0.7461 0.7824 0.9024
Adeq Precision 16.5739 12.6716 15.5653

3.4. Diagnostic Plots for Mechanical Properties Models

The diagnostic diagram of the developed model for predicting the mechanical proper-
ties is shown in Figures 12 and 13. The observed value strongly agrees with the predicted
value, as indicated by the diagnostic plots, showing that the residuals have a normal distri-
bution. The displayed normal plots for each model showed that the plotted data points
were strikingly consistent with the straight regular lines. It was thus verified that each
model fits neatly into the normal probability distribution. Models 9, 10, and 11, quadratic
models for splitting tensile strength, exhibited the highest R2 values of 0.9409, 0.9404, and
0.9455, respectively, suggesting they possess the most predictive potential. Additionally,
the R2 values of 0.9282, 0.9252, and 0.8973 were attained by the quadratic models for
compressive strength (models 6, 7, and 8), demonstrating good predictive potential. The
majority of the measured responses were in proximity to the reference standard. This
demonstrates unequivocally how excellent the computed quadratic models were in esti-
mating the observed responses. Only the properties of raw materials and the experimental
range of mixing parameters are covered by the suggested derived models with sufficient
predictions. The best correlation and prediction are found in quadratic structured models
for splitting tensile strength, which also have the highest fitness.
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3.5. Optimization

A concrete mix design that will be advantageous for each examined response was
achieved by considering all responses simultaneously throughout the optimization oper-
ation. When there are several responses, it is critical to identify the acceptable optimum
that does not only maximize one, as suggested by Oehlert [49]. While the response was in-
tended to be maximal, the optimization was carried out to obtain the greatest performance
of laterite concrete in compressive strength and splitting tensile strength. Range, minimum,
maximum, and goal are examples of input optimizations. They are used to establish the
parameters that optimize the output value under particular circumstances. The solution
variable with the highest desired function value was carefully chosen through optimization.
Conversely, advance optimization techniques have been emerged to optimize concrete
mixture. For instance, Shigi et al. [50] developed multi objective optimization for evalu-
ating the mixture of recycled aggregate concrete utilizing explainable machine learning
algorithms. This optimization technique had yielded a promising result by improving the
efficiency of mixture proportion, which resulted a better mechanical and durability-related
properties. Similarly, evaluating sustainable concrete based on mixture ratio, static per-
formance and durability were reported using advance artificial intelligent (AI) models in
the past literature [51]. Table 8 presents the multi-objective optimization findings. The
RSM program selects optimal mixture proportions based on the optimization goals. This
involves replacing 10% of the fine aggregate with lateritic soil and using 15% of CCW
in cement replacement to achieve the maximum responses and combined desirability of
81.3%. The optimization process’s desired outcome is revealed in Figure 14, using the
three-dimensional surface graph.
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Table 8. Multi-objective criteria and outcomes of optimization.

Variables and
Responses Units Goal Lower Limit Upper Limit Solution

A: CCW % In range 0.00 20.00 15.00
B: LS % „ 0.00 40.00 10.00
FC-7 MPa Maximize 8.50 12.50 11.21
FC-14 „ „ 11.50 14.50 13.24
FC-28 „ „ 15.00 20.50 18.23
FS-7 „ „ 0.70 1.48 1.46
FS-14 „ „ 0.99 2.13 1.93
FS-28 „ „ 1.50 2.40 2.17
Desirability % - - - 81.3
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4. Conclusions

The main goal of this investigation was to investigate the effects of lateritic soil
and CCW on the mechanical characteristics of concrete. CCW and lateritic soil hybrid
integration in concrete was optimized using RSM. The splitting tensile strength and the
compressive strength at 7, 14, and 28 days were optimized using six prediction models that
were developed. It is feasible to draw the following conclusions:

1. A higher replacement amount of CCW and laterite results in a more workable concrete
mix. The remarkable rise in slump might perhaps be ascribed to the particle packing
effect of CCW, which decreases the water content needed for plasticization.

2. Regardless of the replacement level, samples produced with CCW and laterite exhibit
increasing compressive and splitting tensile strength with age. Nevertheless, it does
not appear that the curing medium has a bigger impact on their strength at an early
age. The compressive and splitting tensile strength of lateralized concrete has been
greatly increased compared to the control sample by incorporating CCW and laterite,
up to a 20% substitution of the cement and fine aggregate content.

3. Utilizing RSM, the newly established models were extremely significant in corre-
lation and prediction for the compressive and splitting tensile strength of concrete
incorporating lateritic soil and CCW.

4. The best combinations of variables, as determined by the RSM design and analysis,
are 15% CCW in place of cement and 10% lateritic soil in substitute of fine aggregate
weight. These optimization outcomes produced the most robust possible results, with
a desirability of 81.3%.

5. This study indicated that adding CCW to laterite-based concrete significantly im-
proves its mechanical properties. In addition to calcium carbide waste (CCW), other
eco-friendly ingredients might be investigated to improve the mechanical properties
of laterized concrete. To increase durability and compressive strength, CCW can
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be used with other pozzolanic materials like fly ash or silica fume. Investigating
further CCW–laterite concrete qualities, especially regarding resilience to fire and
acid, requires a future study. Furthermore, long-term research, including lifetime
evaluations, should be done on the sustainability and environmental effects of CCW
in laterite-based concrete construction. These paths might maximize the qualities of
concrete while making a substantial contribution to sustainable building methods.
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