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Abstract: Innovative and creative solutions are needed to reduce the substantial carbon
footprint of the concrete industry using low-carbon materials. Biochar has been recognised
as an environmentally efficient material for concrete production. Also, it is required to build
interpretable predictive models to advance modelling-based mix design optimisation. This
study uses biochar as a cement substitute in concrete and assesses the mechanical strength
using lab tests followed by predictive modelling approaches. Two types of biochar derived
from olive pits and wood were used in 2.5 and 5 wt.% of cement. Cubes, cylinders, and
beams were cast to test biochar concrete’s compressive, tensile, and flexural strength. The
test data were used to develop and validate prediction models for the compressive strength
(CS) using linear regression and gene expression programming (GEP) techniques. Moreover,
SHapley Additive exPlanation (SHAP) analysis was performed to evaluate the influence
of parameters on the CS. The results showed that olive pit biochar was more effective in
enhancing the concrete strength than wood biochar due to the reduced particle size. The
optimal replacement levels for olive pit biochar were 2.5 wt.% for the CS and 5 wt.% for
the split tensile and flexural strength. The GEP model effectively captured the non-linear
behaviour of biochar concrete and was more accurate than the linear regression model for
the CS. The approach adopted in this study can be used to optimise mix design formulations
for biochar concrete. These findings highlight the potential of biochar as a sustainable
and effective cement substitute, contributing to the development of greener concrete with
improved mechanical performance. Integrating biochar into concrete production can
significantly lower the industry’s carbon footprint, promoting environmentally responsible
construction practices while maintaining structural integrity.

Keywords: biochar; sustainable concrete; cement replacement; mechanical strength; prediction
models

1. Introduction
The increasing human population and its activities have resulted in numerous harm-

ful environmental effects. Climate action is a key Sustainable Development Goal (SDG)
highlighted by the United Nations. Carbon sequestration as a means of reducing global
emissions has been emphasised by all nations as requiring attention in the forthcoming
decades [1]. CO2 is the primary component of greenhouse gases (GHGs), with its releases
predominantly stemming from human-caused activity [2]. It is a critical component in-
fluencing global climate change, necessitating immediate and significant measures. Even
though industries associated with mineral-derived construction materials have improved

Sustainability 2025, 17, 2516 https://doi.org/10.3390/su17062516

https://doi.org/10.3390/su17062516
https://doi.org/10.3390/su17062516
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://orcid.org/0009-0008-4049-2747
https://doi.org/10.3390/su17062516
https://www.mdpi.com/article/10.3390/su17062516?type=check_update&version=2


Sustainability 2025, 17, 2516 2 of 20

their manufacturing processes, reducing CO2 release continues to be a challenge [3]. Prob-
lems will persist unless these challenges are resolved through the implementation of
multifaceted strategies. One of these critical areas is the transition to alternative construc-
tion materials that have low carbon footprints, as this can considerably reduce the effects of
climate change [4–6].

The Intergovernmental Panel on Climate Change (IPCC) has reported that the use of
biochar is a promising and safe approach for promoting carbon neutrality [7]. A single tonne
of biochar has the potential to capture 2.0–2.6 tonnes of CO2 [8]. Carbon can be stabilised
and stored after biochar is produced through the pyrolysis of diverse waste biomass,
including rice straw, food waste, wood, sludge, and manure, in the presence of a restricted
oxygen supply [9–13]. Biochar is primarily used in the agricultural sector [14]. Nevertheless,
it is challenging for biochar to exhibit its maximum ability in densely populated regions
with restricted farmland. Additionally, concerns regarding soil contamination may arise
with respect to certain biochar that has been pyrolysed from contaminated waste [15].
It is essential to explore new sectors to expand and diversify the large-scale application
of biochar.

Significant efforts are being made to decarbonise cement-based composites in the
building industry. Concrete is one of the most prolific construction materials because of
its affordability and durability in structural applications. The manufacture of 1 tonne of
Portland cement generates 0.98 tonnes of CO2 from fuel combustion and calcination [16],
accounting for roughly 6–7% of total world CO2 releases [17,18]. Innovations and creative
solutions are essential to decrease the significant carbon footprint of the concrete sector by
using low-carbon materials [7,19]. Biochar has been identified as an eco-efficient material
for concrete manufacturing, potentially enhancing its mechanical strength [20]. Biochar has
been used to substitute cement at varying weight proportions in concrete, where it remains
stable. This results in reduced embodied carbon of the concrete mix and the greater carbon
sequestering capability of the final concrete product [21–23]. The formulation of biochar-
modified concrete must reconcile environmental advantages with mechanical properties.
Compressive, flexural, and tensile strengths are fundamental mechanical properties that are
crucial metrics for assessing the performance of concrete. The literature indicates that the
optimum percentage of biochar for concrete strength is highly dependent on other details
of the mix design. Qin et al. [24] indicated that using biochar concrete exhibited superior
compressive and tensile strengths compared to normal concrete when less than 6.5 wt.%
of cement was substituted with biochar. Sirico et al. [25] discovered that the compressive
strength (CS) of concrete slightly increases with 2 wt.% biochar as a cement substitute, while
5 wt.% biochar caused a decrease in the CS. However, the flexural strength (FS) of concrete
increased at both 2 and 5 wt.% biochar substitution levels with 2 wt.% biochar yielding the
maximum FS. The integration of biochar enhances the strength of concrete by filling its
pores and increasing compactness [24]. Also, the reinforcing impact was significant when a
smaller quantity of cement was substituted with biochar [26]. An increased substitution of
biochar for cement enhances carbon sequestration in concrete but has a detrimental impact
on the material’s strength [23].

The development and refinement of prediction models for the material’s properties
are reducing the effort and time required for testing. The intrinsic behaviour of concrete
may not be accurately predicted by conventional regression analysis because of the non-
linear behaviour of concrete [27]. Machine learning (ML)-based methods are among the
advanced prediction techniques used for developing prediction models. Various ML
models, including neural networks, gene expression programming (GEP), support vector
regression, random forest, and decision trees, have been effectively employed to predict
material properties [28,29]. GEP is a valuable multiphysics model as it disregards previously
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established relationships during the model development process [30,31]. It has the potential
to provide a mathematical formula for predicting behaviour that can be implemented in
real-world scenarios [32–34]. In contrast to neural networks, GEP offers numerous benefits.
There is a lack of practical utility in the discussion of artificial neural network (ANN)
algorithms as they are incapable of establishing a functional relationship or framework.
GEP, on the other hand, generates output in the form of an expression tree that can be
decoded to determine a mathematical relationship. The provision of dependable models
is a testament to the novelty of GEP’s unique capability of establishing frameworks [35].
This attribute improves the precision of GEP’s future predictions. Neural networks are
classified as black box algorithms due to their limitations, which restrict their practical
application. GEP, as a consequence, is a viable alternative to these methods, superseding
other approaches in addressing technical and complex problems [36–38]. Some ML methods
have been used previously to estimate the properties of biochar concrete [39–41]; however,
no study was found in the literature that developed interpretable ML models that yield
model equations for future predictions using experimental test findings.

Despite the growing emphasis on reducing the carbon footprint of the concrete in-
dustry, the integration of low-carbon materials such as biochar remains underexplored in
terms of its mechanical performance and predictive modelling applications. While previous
studies have investigated the use of biochar in cementitious composites, a comprehensive
understanding of how different biochar sources (e.g., olive pits versus wood) influence the
mechanical properties of concrete is still lacking. Additionally, traditional experimental
methods for mix design optimisation are time-consuming and costly, necessitating the
development of efficient, interpretable predictive models. Existing models often fail to
capture complex, non-linear relationships governing the compressive strength of biochar
concrete, limiting their practical utility in material design. In this study, experimental
testing was performed using olive pit and wood-derived biochar at 2.5 and 5 wt.% as
cement substitutes in concrete to examine the compressive, tensile, and flexural strengths.
Thereafter, the test findings were used to develop linear regression and MEP prediction
models for the CS of biochar concrete. The purpose was to compare the performance of
both models based on predictability performance. The reason for choosing the GEP ML
technique is because it provides complex mathematical expressions that are expected to
interpret the real non-linear nature of concrete compared to the linear regression technique.
The developed prediction models were assessed via performance indicators like the coeffi-
cient of determination (R2) and error analysis. The impact of input parameters on the model
outcomes was studied using SHapley Additive exPlanation (SHAP) analysis. This study is
limited to developing prediction models for the CS only as it is the crucial concrete property,
and various mechanical and durability characteristics are directly or indirectly associated
with the CS of concrete [42]. Also, the correlation of FS and split tensile strength (STS)
with the CS of biochar concrete was studied. The prediction models resulting from this
research are expected to be used for CS predictions of biochar concrete, thereby advancing
modelling-based mix design optimisation.

2. Research Methods
2.1. Experimental Study

Cement was procured from Irish Cement “CEM I 42.5 R Portland Cement, EN 197-1”.
Biochar was acquired from Germany, of which the particle size of olive pit biochar was
D90 < 35 µm and that of wood biochar was D90 < 125 µm, indicating comparatively coarser
particles of wood biochar. Biochar was used to replace cement by weight in proportions of
2.5% and 5.0% to prepare biochar concrete mix. Locally available fine and coarse aggregates
were used. The mix design for the control mix (CM) and biochar concrete are provided
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in Table 1. The water-to-binder ratio was kept at 0.47 to achieve a slump between 60 and
180 mm. All the ingredients were put into a mechanical mixer and mixed for around five
minutes. Additionally, 100 mm cubes for the CS, 100 mm cylinders with 200 heights for
STS, and 100 × 100 × 500 mm beams for FS were cast. After casting, specimens were kept
in moulds for 24 h at room temperature and then demoulded. All the specimens were kept
in water for 7 and 28 days of curing before testing. Five mix proportions were chosen for
the experimental programme, and three samples for each mix were cast to test at 7 and
28 days.

Table 1. Mix proportions used for the experimental programme.

Mix ID Biochar
Type

Biochar Content
(wt.% of Cement)

Cement
(kg/m3)

Biochar
(kg/m3)

Water
(kg/m3)

Fine Aggregate
(kg/m3)

Coarse Aggregate
(kg/m3)

CM - 0 479 0 225 603 1073
OB-2.5 Olive pits 2.5 467 12.0 225 603 1073
OB-5.0 Olive pits 5.0 455 24.0 225 603 1073
WB-2.5 Wood 2.5 467 12.0 225 603 1073
WB-5.0 Wood 5.0 455 24.0 225 603 1073

The concrete CS test was conducted in compliance with I.S. EN 12390-3:2019 [43]
using a standard cube specimen. The test was conducted using a compression testing
machine in accordance with I.S. EN 12390-4:2019 [44] at a constant loading rate. The STS
test on concrete was conducted as per I.S. EN 12390-6:2023 [45]. The STS was evaluated
using an indirect testing approach, wherein a standard cylindrical specimen was subjected
to a horizontal compressive load, resulting in tensile failure. The collapse manifested as
a vertical fracture along its diameter. The FS test was conducted conforming to I.S. EN
12390-5:2019 [46]. In this test, the FS of concrete was evaluated by measuring its bending
capability under load until failure occurred. The four-point bend test configuration had two
roller supports and two rollers for applying load. The procedure requires positioning beam
specimens within the testing apparatus, ensuring that the longitudinal axis is perpendicular
to the rollers. The failure load of beam specimens is ascertained by applying a continuous
load. Equations (1)–(3) were used to calculate CS, STS, and FS, respectively.

CS =
F

Ac
(1)

STS =
2F

πLd
(2)

FS =
Fl

d1d2
2

(3)

where

F = maximum load in N.
Ac = cross-sectional area of the contact specimen in mm2 (10,000 mm2 in this study).
L = height of the cylinder specimen in mm (200 mm in this study).
d = diameter of the cylinder specimen in mm (100 mm in this study).
l = distance between the support rollers in mm (300 mm in this study).
d1 and d2 = cross-sectional dimensions of beams (100 mm in this study).

2.2. Modelling Study

A set of input variables is necessary for developing prediction models for a desired
outcome [47]. The ML model may exhibit inferior performance if a constant value or input
with less variation is used in the dataset [48]. The experimental data were employed to
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calculate the CS of biochar concrete. The data were arranged in a comma-separated values
(CSV) file with each parameter in columns and output in the last column. The modelling
techniques involved cement quantity, biochar quantity, and curing days as input features,
with CS serving as the output. Two techniques, including linear regression and GEP, were
used for modelling. Linear regression yields a linear model equation, while the GEP can
yield a complex model equation for more accurate prediction. This modelling study was
performed to assess the predictability of both models for the CS of biochar concrete. The
impact of input parameters on the model outcomes was studied using SHAP analysis. A
flow diagram of the research strategy followed for experiment and modelling is provided
in Figure 1.
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2.2.1. Model Development with GEP

Spyder tool (version: 5.5.1) from Anaconda Navigator (freely accessible) was used to
develop the GEP model using Python code. The gplearn library was exploited to build
a symbolic model for predicting the CS of biochar concrete. Mathematical functions,
including addition, multiplication, subtraction, square root, and division, were defined
and incorporated into the model to enhance its predictive capabilities. The input data
were preprocessed using standard scaling, and a random train/test split of 20 points for
training and 10 points for testing was applied. The symbolic regressor was trained with a
population size of 1000 and 8 generations, using an extensive function set and a parsimony
coefficient to balance model complexity and accuracy. Performance evaluation included K-
fold cross-validation (5-fold) to compute the mean squared error (MSE), which was further
validated on test data. The use of 5-fold cross-validation was based on prior studies [49,50].
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Results, including the predicted versus experimental results for both training and test
sets and the final generated equation, were exported for further analysis. This approach
demonstrated the utility of GEP in deriving interpretable, data-driven equations with high
predictive accuracy for engineering materials. The list of hyperparameters based on the
trial-and-error method used during GEP modelling is provided in Table 2.

Table 2. Hyperparameters selected for GEP modelling.

Hyperparameter Value

population_size 1000
generations 8
stopping_criteria 0.00001
function_set ‘add’, ‘sub’, ‘mul’, ‘div’, ‘sqrt’
parsimony_coefficient 0.001
max_samples 0.9
metric MSE
verbose 1
random_state 42
n_jobs −1
K-fold splits 5

2.2.2. Models’ Validation Strategy

The statistical parameters R2, MAE, root mean square error (RMSE), scatter index
(SI), mean absolute percentage error (MAPE), and the objective function (OBJ) were used
to assess the efficacy of the prediction models generated. The R2 value of the model’s
predicted result reflects its accuracy and quantifies the degree of deviation between the
model results and the test values [51]. A numerical value of R2 near zero signifies a greater
degree of divergence, whereas a value close to one implies less divergence. The developed
model’s predictability was also measured by statistical errors (MAPE, RMSE, MAE), OBJ,
and SI, with lower values indicating a higher precision [52]. The statistical valuation of the
exactness of prediction models was conducted using Equations (4)–(6) from [53,54] and
Equations (7) and (8) from [55]. A similar approach to ML model validation has been used
by researchers in prior studies [52,56].

MAPE =
100%

n ∑n
i=1

|Pi − Ei|
Ei

, (4)

RMSE =

√
∑

(Pi − Ei)
2

n
, (5)

MAE =
1
n∑n

i=1|Pi − Ei|, (6)

SI =
RMSE

y′
(7)

OBJ =
RMSE + MAE

R2 + 1
(8)

where n = data points (numbers), Pi = predicted model result, Ei = experimental result,
and y′ = mean of predicted results.

2.2.3. SHAP Analysis Method

SHAP analysis, developed by Lundberg and Lee [57], is a comprehensive method for
understanding ML-based modelling. The Shapley value is a number used to demonstrate
the relative contribution and impact of input variables in yielding the final outcome. The
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approach closely resembles parametric analysis, wherein other variables remain constant
while one variable is altered to see its impact on the target feature [58]. This section
examines the significance of each variable in the findings of biochar concrete CS values,
thereby explaining the influence of input variables on the CS. A SHAP summary plot is
generated to visualise feature importance, aiding in understanding the factors influencing
CS and their relative significance in the predictive model.

3. Results and Discussion
3.1. Experimental Results
3.1.1. Compressive Strength

The CS results after 7 and 28 days of curing are shown in Figure 2. Figure 3 was
generated to illustrate the percentage variation in CS with respect to the CM for biochar
concrete specimens. At the age of 7 days, the CM achieved a maximum CS of 41.27 MPa,
while the CS was decreased notably by around 2.8%, 14.0%, 19.4%, and 25.0% in the OB-2.5,
OB-5.0, WB-2.5, and WB-5.0 mixes compared to the CM at 7 days. At the age of 28 days,
the OB-2.5 mix (2.5 wt.% olive pit biochar) achieved the maximum CS of 53.87 MPa with
around 20.1% increase in the CS in comparison with the CM (CS = 44.88 MPa). The OB-2.5
mix exhibited an increased CS gain of 34.3% compared to its 7-day CS. Other biochar
concretes, OB-5.0, WB-2.5, and WB-5.0, had an increase in CS of 2.5%, 4.1%, and 1.6% with
respect to the CM. The outcomes showed that the incorporation of 2.5 wt.% olive pit biochar
was more effective in increasing the CS of concrete. Though the use of wood biochar did not
indicate a substantial impact, a gain in CS of around 40.3% in WB-2.5 and 47.5% in WB-5.0
compared to their 7-day CS is a noteworthy gain. The higher strength gain in concrete at
28 days compared to 7 days with wood biochar was also noted by Sirico et al. [25].
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The higher replacements of 5% olive pit biochar in the OB-5.0 mix led to a reduction
in CS by around 14.6% when compared to OB-2.5. A similar pattern was found in wood
biochar concrete with 5 wt.% content in the WB-5.0 mix, resulting in a drop in the CS by
2.4% compared to the WB-2.5 mix. These findings clearly indicated a decrease in CS when
the ratio of biochar was increased and are aligned with the previous studies [25,59,60]. A
key reason for the lower CS at 7 days is that biochar can delay early hydration. Its porous
structure may absorb some of the mixing water, reducing the amount immediately available
for cement hydration in the first few days. However, over time, the absorbed water can be
gradually released (internal curing), and the filler effect of finer biochar particles becomes
more pronounced, leading to improved CS gains at a later age [61]. Compared to the wood
biochar concrete, olive pit biochar concrete exhibited increased CS due to the finer particle
size of olive pit biochar (D90 < 35 µm) compared to the wood biochar (D90 < 120 µm). Finer
particles can efficiently occupy the voids between cement particles and produce a more
compact concrete mixture, hence improving its strength [62]. Therefore, a finer particle size
biochar in lower replacement levels around 2.5 wt.% of cement was found to achieve the
maximum CS of biochar concrete in this study.

3.1.2. Split Tensile Strength

The results of STS for all mixes are shown in Figure 4, and the percentage variation
in STS of biochar concrete compared to the CS is illustrated in Figure 5. At the age of
7 days, the OB-2.5 mix achieved the maximum STS of 3.87 MPa, which was slightly higher
than the CM with 3.72 MPa. The other biochar concrete mixes did not show meaningful
improvements. The STS of OB-5.0 was the same as the CM, and decreases in the STS of
around 4.3% and 15.2% were observed in the WB-2.5 and WB-5.0 mixes compared to the
CM. At the age of 28 days, the highest STS of 4.68 MPa was noted in the OB-5.0 mix with
about a 7.8% rise in the STS than the CM, and an increased STS gain of 24.8% was found
compared to its 7 days STS. The OB-2.5 mix showed an increase in STS of around 1.3% over
the CM with a strength gain of 13.4% over its 7-day STS. Likewise, an increase in STS at
28 days compared to 7 days for biochar concrete is also noted in previous studies [20,24].
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Lower STS values were observed in wood biochar concrete mixes, with declines in the
STS of 16.6% and 6.9% in the WB-2.5 and WB-5.0 mixes when compared to the CM. These
findings showed that the use of olive pit biochar at 5 wt.% of cement increased 28 days
STS while 2.5 wt.% olive pit biochar yielded better STS at 7 days. Another important
observation was an increase in STS when the ratio of biochar increased from 2.5 to 5 wt.%.
An improvement in STS of about 11.9% in wood biochar and 6.6% in olive pit biochar was
noted. However, mixes containing wood biochar exhibited lower STS values compared
to olive pit biochar mixes and the CM due to higher particle size, as discussed in the
previous section.
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3.1.3. Flexural Strength

Figure 6 displays the results of the FS of biochar concrete at two testing ages, whereas
Figure 7 depicts the variation in percentage for the FS compared to the CM. At the age of
7 days, the maximum FS of 5.27 MPa was noted in the CM, whereas the FS was reduced
by around 5.5%, 1.6%, 8.4%, and 1.1% in the OB-2.5, OB-5.0, WB-2.5, and OB-5.0 mixes,
respectively. At 28 days, the maximum FS of 6.26 MPa was noted in the OB-5.0 mix, which
is nearly the same as the CM in which 6.23 MPa FS was achieved. The other mixes showed
a lower FS by 6.6% in OB-2.5, 18.0% in WB-2.5, and 12.4% in WB-5.0 compared to the CM
at 28 days. The gain in STS compared to 7 days STS was more prominent in specimens
containing olive pit biochar, resulting in around a 16.9% rise in OB-2.5 and 20.9% in OB-
5.0, and less prominent in specimens containing wood biochar, resulting in about a 5.8%
increase in WB-2.5 and 4.8% in WB-5.0. It can be interpreted from these findings that the
use of 5 wt.% olive pit biochar improved the FS of concrete at 28 days, whereas a 2.5 wt.%
content of the same biochar led to diminished FS. The results of Jia et al. [61] also showed a
reduction in FS than the CM when 2% municipal solid waste biochar was used as a cement
replacement in concrete, while 3% biochar samples had a higher FS than the CM.
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3.1.4. Relationship Between Mechanical Strengths

The 3D scatter plot in Figure 8 illustrates the relationships between the CS (X-axis),
STS (Y-axis), and FS (Z-axis) of the material, with a colour gradient representing variations
in FS. Data points demonstrate a positive correlation, indicating that increases in CS and
STS are generally associated with higher FS. The colour gradient, ranging from dark to
light, highlights the distribution of FS values across the dataset, providing a clear visual-
isation of how this property depends on the other two. This plot aids in understanding
the interdependencies of these mechanical properties and their combined influence on
material performance.
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The 3D scatter plot in Figure 9 illustrates a similar relationship between properties
with STS as a dependent variable. The plot shows a positive correlation, where higher CS
and FS correspond to higher STS, although some variability is observed at higher values.
Compared to the previous plot (Figure 8), where FS was the dependent variable, this plot
exhibits more clustering and minor deviations, suggesting STS may depend on additional
factors or have a slightly non-linear relationship. The previous plot showed a smoother
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trend, indicating FS is more directly influenced by CS and STS. Both plots confirm the
interdependence of these properties, with FS serving as a composite property while STS
reflects variations in the material’s ability to handle combined loads. Figures 8 and 9 exhibit
the strong interdependence of mechanical strengths in biochar concrete, emphasising the
need to consider all three properties for holistic material performance evaluation. While FS
appears to follow a more predictable relationship with CS and STS, STS exhibits some vari-
ability, requiring further analysis to understand its dependencies fully. These insights are
crucial for optimising material formulations for structural applications, ensuring durability
and resilience in real-world conditions.
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3.2. Modelling Results
3.2.1. Linear Regression CS Model

The linear regression model for the CS of biochar concrete was developed using three
variables, including cement, biochar, and curing time, as the other variables (water, coarse
and fine aggregate) in the experimental setup were constant for all mixes. The model’s
mathematical expression is provided in Equation (9), which can be used for the calculation
of CS. Further evaluation of the model was performed for its predictability performance by
plotting the experimental and predicted outcomes, as displayed in Figure 10. The closer
the data points are to the diagonal line (y = x), the higher the predictive precision, implying
that the model correctly shows the inherent relationships among the input variables. The
R2 value of 0.73 implies a moderate degree of accuracy for the linear regression model for
the CS of biochar concrete. It is evident that the behaviour of concrete in compression is
not linear; therefore, linear equations are unable to predict its real nature. Figure 11 was
generated to plot the experimental model predicted (shown in vertical bars with values on
the primary axis) and the absolute error (shown in line with values on the secondary axis)
between the experimental and predicted results. The absolute errors were from 0.124 MPa
to 7.08 MPa, with an average value of 3.0 MPa. The distribution of absolute errors was
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5 values below 1.0 MPa, 10 between 1.0 and 3.0 MPa, and 15 above 3.0 MPa. These values
further confirm the moderate level of accuracy for the linear regression model in estimating
the CS of biochar concrete.

CSp = −46.70 + 0.176 C − 0.165 B + 0.553 CT (9)

where CSp is the predicted CS from the regression model in MPa, C is the quantity of
cement in kg/m3, B is the quantity of biochar in kg/m3, and CT is the curing time in days.
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3.2.2. GEP CS Model

In order to more accurately interpret the non-linear nature of biochar concrete in
compression, a GEP model with additional mathematical functions was developed, as
shown in Equation (10). The GEP equation encapsulates both linear and non-linear terms,
which may include polynomial relationships, interactions between variables, or other
mathematical functions that reflect the influence of each factor (cement, biochar, and curing
time) on the predicted CS. By balancing simplicity and accuracy, the GEP equation offers a
valuable expression for mix design and curing optimisation in biochar concrete production.
The relationship between the experimental CS and GEP-derived predicted CS was plotted
and displayed in Figure 12. As the GEP technique splits data in training and testing, both
results are shown in the figure. This data splitting, in combination with the K-fold method,
resulted in a model with a higher level of precision. The R2 value of 0.96 for the training set
and 0.93 for the test set confirms the better accuracy of the GEP model, as the data points
are close to diagonal lines. The dispersal of the experimental GEP model’s predicted and
absolute error values for both the train and test set are shown in Figure 13. The absolute
errors were from 0.07 MPa to 3.92 MPa, with an average value of 1.28 MPa. The distribution
of absolute errors was 15 values below 1.0 MPa, 13 between 1.0 and 3.0 MPa, and only
2 above 3.0 MPa. These error values further confirm the superior level of accuracy for the
GEP model in calculating the CS of biochar concrete.

CSp (MPa) =

√√√√CT +

(√
0.670
CT

+

(
CT2 +

√
B + C +

√
CT

)
+

C√
0.103

)
(10)

where CSp is the predicted CS from the GEP model in MPa, C is the quantity of cement in
kg/m3, B is the quantity of biochar in kg/m3, and CT is the curing time in days.
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The GEP prediction model for the CS of biochar concrete may be used for computations
employing the input variables from the present investigation. This model is confined to
using cement, biochar, and curing age as inputs and will not operate if fewer or additional
variables are employed. Additionally, attention needs to be paid to the consistency of
units, as altering the units of input variables will impact the models’ results. Consequently,
the constructed model is suitable for future applications, but it possesses limitations.
The implementation of these predictive models will obviate the necessity for repetitive
laboratory testing in biochar concrete mix design optimisation.

3.2.3. Models’ Comparison with Validation Metrics

The statistical performance indicators in Table 3 validate and compare the precision of
the linear regression model and the GEP model for estimating the CS of biochar concrete.
These matrices were calculated using the test set results. The GEP model demonstrates
superior performance across all metrics, achieving a higher R2 value (0.932) compared to the
linear regression model (0.735), indicating a better fit and ability to explain data variance.
It also has a lower MAE (1.794 vs. 3.009) and RMSE (2.079 vs. 3.551), reflecting greater
accuracy and reduced prediction errors. The GEP model’s lower MAPE (4.30% vs. 7.30%)
highlights its robustness across varying scales, while its OBJ of 2.005 vs. 3.781 and SI of
0.051 vs. 0.085 confirm its reliability and stability. These results establish the GEP model as
a more effective approach for capturing complex non-linear relationships in CS prediction
compared to the linear regression model. Although the data points used for modelling
were considerably fewer in number, the model outcomes and validation metrics confirmed
the suitability of these techniques. This might be due to the generation of the dataset from
the experimental setup where testing conditions were constant for all specimens.
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Table 3. Statistical parameters for the developed models for the CS of biochar concrete.

Parameter Linear Regression Model GEP Model

R2 0.735 0.932
MAE 3.009 1.794
MAPE 7.30 4.30
RMSE 3.551 2.079
OBJ 3.781 2.005
SI 0.085 0.051

3.2.4. SHAP Analysis Results

The intent of the SHAP analysis was to calculate the influence of input parameters
on ML model outcome, i.e., the CS of biochar concrete. The SHAP tree explainer was
implemented on experimental data to provide a comprehensive representation of the
collective influence of input features and localised SHAP. The results of the SHAP analysis
are depicted in Figure 14. The plot illustrates the evaluation of individual input factors
across a range of shades, with the SHAP value on the X-axis representing the influence
of each input. The curing time was identified as the primary factor that influenced the
CS of biochar concrete, demonstrating a significant positive correlation, as red dots on
the positive side are shown in the plot. This is proportional to experimental findings, as
strength gain was greater at the age of 28 days than at 7 days. Regarding the impact of
biochar content, SHAP values in Figure 14 indicate a more negative effect on the CS, which
indicates that higher biochar quantity in the mix can cause a decrease in CS. Some positive
Shapley values for biochar content are also identified, implying a favourable influence
on the CS at certain levels. The SHAP results also indicate a more positive correlation
between the CS and the quantity of cement in the mix. This suggests that the higher the
cement quantity in the mix, the more CS is increased. The present study’s findings were
determined by the input types and data points that were employed in the SHAP analysis.
There is a potential for obtaining more accurate relationships by expanding the range of
input parameters in the database, which can be performed in future studies.

Sustainability 2025, 17, x FOR PEER REVIEW  17  of  21 
 

 

Figure 14. SHAP values indicating the impact of inputs on the model outcomes. 

4. Conclusions 

In this study, olive pit and wood biochar are used as cement substrates with 2.5 and 

5 wt.% in concrete. Compressive strength (CS), split tensile strength (STS), and flexural 

strength (FS) tests were carried out on 7 and 28 days. The test data were arranged to de-

velop linear regression and gene expression programming (GEP) prediction models for 

the CS of biochar concrete. SHapley Additive exPlanation (SHAP) analysis was performed 

to study the impact of inputs on the target outcome. The following are the conclusions of 

this research: 

 At 7 days of testing, the CS, STS, and FS of biochar concrete were mostly lower than 

the control mix (CM), but at 28 days of testing, a significant strength gain was ob-

served. This might be due to the water-absorbing nature of biochar delaying cement 

hydration, but by 28 days, the slow release of this absorbed water (internal curing) 

and the filler effect of finer biochar particles can enhance overall strength. 

 Olive pit biochar of 2.5 wt.% increased the CS by approximately 20% compared to 

the CM  at  28 days, whereas  2.5 wt.% wood  biochar  increased  the  28-day CS  by 

around 4% due to relatively larger particles compared to olive pit biochar. The finer 

particles of olive pits  result  in a more compact matrix,  thereby  resulting  in an  in-

creased CS. However, the 5 wt.% biochar (both olive pits and wood) caused a de-

crease in CS but was comparable to the CM. 

 The maximum STS and FS were noted at 5 wt.% olive pit biochar. There was an in-

crease in the STS of around 8% compared to the CM, and FS was like the CM with 

olive pit biochar of 5 wt.% at 28 days. Wood biochar concrete mixes showed a re-

duced STS of around 16.6% and 6.8% and FS of around 18% and 14.4% compared to 

the CM at 28 days with 2.5 and 5 wt.% biochar, respectively. 

 The  optimal  biochar  replacement  percentage  is  highly dependent  on  the  biochar 

source and particle size, and its incorporation affects CS, STS, and FS differently, in-

dicating that not all strength characteristics examined in this study respond equally 

to biochar addition. 

Figure 14. SHAP values indicating the impact of inputs on the model outcomes.



Sustainability 2025, 17, 2516 17 of 20

4. Conclusions
In this study, olive pit and wood biochar are used as cement substrates with 2.5 and

5 wt.% in concrete. Compressive strength (CS), split tensile strength (STS), and flexural
strength (FS) tests were carried out on 7 and 28 days. The test data were arranged to
develop linear regression and gene expression programming (GEP) prediction models for
the CS of biochar concrete. SHapley Additive exPlanation (SHAP) analysis was performed
to study the impact of inputs on the target outcome. The following are the conclusions of
this research:

• At 7 days of testing, the CS, STS, and FS of biochar concrete were mostly lower than the
control mix (CM), but at 28 days of testing, a significant strength gain was observed.
This might be due to the water-absorbing nature of biochar delaying cement hydration,
but by 28 days, the slow release of this absorbed water (internal curing) and the filler
effect of finer biochar particles can enhance overall strength.

• Olive pit biochar of 2.5 wt.% increased the CS by approximately 20% compared to the
CM at 28 days, whereas 2.5 wt.% wood biochar increased the 28-day CS by around
4% due to relatively larger particles compared to olive pit biochar. The finer particles
of olive pits result in a more compact matrix, thereby resulting in an increased CS.
However, the 5 wt.% biochar (both olive pits and wood) caused a decrease in CS but
was comparable to the CM.

• The maximum STS and FS were noted at 5 wt.% olive pit biochar. There was an
increase in the STS of around 8% compared to the CM, and FS was like the CM with
olive pit biochar of 5 wt.% at 28 days. Wood biochar concrete mixes showed a reduced
STS of around 16.6% and 6.8% and FS of around 18% and 14.4% compared to the CM
at 28 days with 2.5 and 5 wt.% biochar, respectively.

• The optimal biochar replacement percentage is highly dependent on the biochar
source and particle size, and its incorporation affects CS, STS, and FS differently,
indicating that not all strength characteristics examined in this study respond equally
to biochar addition.

• The linear regression model with R2 of 0.73 for the CS of biochar concrete showed
moderate accuracy, while the GEP model effectively captured the non-linear behaviour
of biochar concrete, achieving a higher R2 of 0.93 and lower error values. This indicates
a superior predictive capability of GEP for CS, reflecting the complex interaction
among cement, biochar, and curing time. This approach has been provisionally shown
to be acceptable for small data sizes used in this study; however, further research on
multiple datasets is required before this can be stated definitively.

• SHAP analysis showed that curing time exerts a more positive influence on CS, align-
ing with experimental findings of higher strength at later ages. While biochar content
generally demonstrated a negative impact, certain levels showed favourable effects.
Higher cement content correlated positively with CS, emphasising the need for bal-
anced mix proportions.

The outcomes highlight that biochar can effectively enhance later-age strength in con-
crete, especially when the finer-grained olive pit biochar is used at lower replacement levels.
The GEP model can be used to calculate the CS of biochar concrete with higher accuracy
using the input variables employed in the current study with similar units. The application
of these predictive models will allow for more targeted and predictable laboratory testing
in the optimisation of biochar concrete mix design. The future implementation of biochar
in concrete requires scaling up production, standardisation, and long-term durability as-
sessments to ensure consistency and reliability. Further research may focus on using higher
biochar contents, economic feasibility, and carbon sequestration potential to promote its
adoption in sustainable construction.
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