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Abstract
The study explores the potential of machine learning (ML) in predicting the thermal and mechanical properties of earth-based 
composites reinforced with natural Borassus fruit fiber. The limited availability of large datasets for accurate predictions 
is a challenge in material science research, which this study addresses. The authors collected data on thermal conductiv-
ity, compressive and flexural strength through experiments and employed four ML techniques suitable for small datasets: 
linear regression (LR), random forest (RF), decision tree regressor (DTR), and gradient boosting (GB). Evaluation metrics 
were used to assess the performance of the ML techniques. Linear regression emerged as the most efficient, exhibiting sig-
nificantly lower error values compared to the others (e.g., RMSE of 0.066 for thermal conductivity, 0.119 for compressive 
strength, and 0.04 for flexural strength), followed by random forest and decision tree. However, gradient boosting showed 
relatively poor predictive accuracy. This study demonstrates the successful application of ML for predicting the properties 
of earth-based composites with limited data, which could significantly reduce the cost and time associated with develop-
ing new building materials and products. Manufacturers can gain a competitive edge by using ML to streamline material 
development, leading to lower costs, faster innovation, and the creation of more environmentally friendly building materials 
for a greener construction sector.
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Statement of Novelty

With a focus on creating models suitable for minimal 
datasets, this study presents a potentially novel way to use 
machine learning techniques to predict the thermos-mechan-
ical properties of earth-based composites. Important ele-
ments fostering novelty include: (i) Lower material costs: 
Using naturally occurring fibres like Borassus that are easily 
accessible locally can significantly lower the cost of building 
materials when compared to more traditional options like 
steel or concrete. This could lead to less expensive hous-
ing and  infrastructure construction. Particularly in low-
income areas, earth-based composites may make homes and 
other essentials more accessible. (ii) Supporting local econ-
omies: Obtaining and processing natural fibres, especially 
inrural areas, can result in the development of new jobs and 
a boost local economy. (iii) Improved construction perfor-
mance: earth-based composites outperform conventional 
materials in several ways, including thermal  insulation 

Highlights
• Natural fiber (agro-waste) was extracted via chemical-free and 

manual process to ensure its eco-friendliness and to reinforce the 
excavated earth matrix.

• The composite was manufactured through geo-polymerization 
to have low energy requiring process when reproducing at larger 
scale.

• Thermal, mechanical, physical, morphological, and 
microstructural experiments were carried out on the composite 
to create a primary database from the results obtained.

• 4 different machine learning techniques were used on the 
primary data to determine the appropriate model for this novel 
composite during its properties prediction.

• This investigation pioneers the thermal conductivity, flexural and 
compressive strength prediction via machine learning for this 
type of composite.
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(these materials can function as a natural insulation, reduc-
ing the amount of energy used for heating and cooling while 
also benefiting the environment). (iv) Environmental impact: 
Although most people agree that these materials are sus-
tainable, there are certain issues with their transportation 
and processing reducing the environmental impact of the 
materials.

Introduction

Earthen materials have been used traditionally in construc-
tion since time immemorial [1], due to their valuable char-
acteristics. They possess good durability properties [2], low 
thermal conductivity [3] and low energy requirement during 
manufacture. In addition, they are easy to access and release 
no greenhouse gas during production or service life [4]. These 
materials are attractive in remedying the sustainability prob-
lems posed by the extensive utilization of Portland cement in 
which its production results in CO2 emission and destabiliza-
tion of the ecosystem [5]. The environmental concerns raised 
by the plethoric production and utilization of cement (among 
the most used conventional material) in the construction field 
have been felt since the past two decades. Those concerns 
can be translated by the climate change [6], raw materials 
resources depletion [7], eco-system destabilization, etc.… 
Subsequently, in the last decades research have been directed 
towards discovering/developing “green” alternatives in the 
construction industry. Per contra, most of the “green” alterna-
tives [8] do not possess the required properties to perform ade-
quately under a specific application. Therefore, during their 
processing they are combined with additives [9], admixtures 
[10], etc.… to obtain improvement in targeted performances 
required for their application. The most favored additives are 
by-products or agro-industrial waste [11–13] because their 
disposal is very hard to manage and economically inefficient. 
As a result, they are unproperly handled, and they contribute 
enormously to the environmental pollution and the ecosys-
tem’s destabilization. The utilization of the waste in construc-
tion will add value to the waste, knock off their management 
cost, step down environmental pollution, contribute to local 
economy by creating jobs [14]. More than that, the use of 
waste in construction will adhere to the Sustainability Devel-
opment Goal 11 (SDG11) as part of the United Nations (UN) 
Sustainable Development Goals (SDGs) for 2030.

In the last decades, reuse of waste has attracted a lot 
of interest in all the fields due to the potential use for fuel 
generation or fiber reinforcement. Nonetheless, agro-waste 
attracted singular interests in the construction industry due 
to the beneficial compounds, different percentages of cel-
lulose, hemicellulose, lignin, proteins wax and mineral 
contents thus heterogenous nature [15]. The palm industry 
is one of the important waste producers as 20% of waste 

(nutshell) plus 30% of fibers/empty bunches are produced 
from the total amount of fresh fruits [16] and coconut fib-
ers or coir have been used in automobile and construction 
industry [17]. Based on the familiarities of coir and Borassus 
fruit fibers (BFF), BFF represents a valuable candidate for 
fiber reinforcement in earthen composite for construction 
purpose. Earthen matrices from various sources have been 
toughened and strengthened via vegetal natural fiber rein-
forcement to improve the mechanical properties at certain 
percent. Incorporation of BFF in composites was reported 
to affect the tensile strength by 4.5%, flexural and impact 
strength by 17.2% and 10% respectively [18]. The incorpora-
tion of BFF in earthen materials improved the mechanical 
properties of the composite because of the satisfying BFF’s 
adhesion to the matrix by displaying a pull-out behavior 
before mechanical failure of the composite. The use of BFF 
in an earthen matrix creates an unconventional building 
material, but existing testing standards can be adapted to 
assess its performance. On that account, the accuracy of test-
ing unconventional building materials based on those stand-
ards is inconclusive, Assia et al. [19] applied support vector 
machine (SVM) and linear regression (LR) during the pre-
diction of compressive strength of an alkali activated termite 
mound soil composite. They found out that the efficiency 
was 26% and 70% for LR and SVM respectively showing 
the large difference between the algorithms. Taking that into 
consideration, Artificial Intelligence (AI) have been used 
to conduct some predictions to investigate the thermal and 
mechanical properties of the composite [20]. Determination 
of thermal properties constitutes an important factor in con-
struction material because it governs the thermal comfort of 
the structure built from that composite while the mechanical 
properties define the bearing capacity of the composite.

Artificial Intelligence (AI) is the simulation of machine 
to perceive, synthesize, rationalize information similarly to 
human intelligence [21]. Artificial Intelligence (AI) enables 
scientists and engineers to develop sustainable construction 
materials through the available data to analysis their eco-
friendliness. Some investigations revealed the potential of 
AI-driven sustainable construction materials to reduce the 
environmental impact of construction [22]. The algorithms 
used during the use of AI techniques suggests and design 
energy- efficient materials to improve the comfort and indoor 
quality of the construction. Machine Learning (ML) is defined 
as a set of algorithmic structures enabling computer systems 
to learn and train their performances through established pat-
terns [23]. Machine Learning is a subset of Artificial Intelli-
gence (AI) that has been substantially used in different fields, 
especially in civil engineering to resolve complex problems 
related to materials science, structural engineering, geotechni-
cal engineering etc.… [24]. Predictions of mechanical proper-
ties using ML techniques for different concretes constituted 
the main subject of many studies because the utilization of 
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such prediction tools can save money-, time- and materials-
consuming experiments [25]. It also requires minimal inter-
ference with human during the training and decision mak-
ing. Selection of the relevant features needed for training and 
testing the ML algorithms is the key in characterizing their 
performances. And the selection of the most suitable criteria 
requires experience, human intelligence, and computational 
skills. Supervised and unsupervised learning constitutes the 
two main categories of ML approaches. Supervised ML is 
widely used because it consists of computer algorithms 
capable of generating patterns and hypotheses through pro-
vided dataset to forecast future values [25]. For supervised 
ML approach the target for the algorithms is defined by the 
user and the algorithms model the relationship between the 
input and output. Because of that, regression and classifica-
tion problem are easily handled using supervised ML tech-
niques. However, some of the widely used ML models in the 
construction field are: Artificial Neural Network (ANN) [26], 
support vector machine (SVM) [19], decision trees (DT) [27].

Linear regression (LR) is a supervised machine learn-
ing model/algorithm that establishes linear relationships 
between two variables (predictor and predicted value) [28]. 
Linear Regression depends on the predictors for an output 
and to what extend all the predictions are accurate [29]. If 
the predictions are done with only one single variable, then it 
is designated as simple linear regression [30]. In this model 
the best choice of coefficients is made to assess the linear 
relationship existing between the predictor (input) and pre-
dicted value (output) [28].

Decision tree (DT) algorithm uses training data to create 
a model in the shape of a tree in which each internal node 
represents a test, the outcome of the test is represented by the 
branches and the decisions are represented by the leaves [31]. 
This type of modeling consists of two steps: tree building and 
tree pruning. The first step or building tree step consists of 
dividing the training dataset zone into well-defined sections. 
The resulting tree from this step may have many branches. 
Tree pruning is the second step where branches from the built 
tree are selected to be removed to reduce the size of the deci-
sion trees sections that are non-critical or insignificant [32].

Random Forest (RF) is a supervised ML model that uses 
classification and regression trees (CART) for prediction. In 
Random Forest, an upper bound can be derived for the gener-
alization error in terms of two parameters that are measures on 
the accuracy of the individual classifiers and the dependence 
between them. It consists of using randomly selected inputs at 
each node to grow each tree. The simplest random forest with 
random features is formed by selecting at random, at each 
node, a small group of input variables to split on [33]. Ran-
dom Forest can handle large features with small samples, this 
characteristic makes RF a suitable option for this study where 
the primary data set are not large. Hammad et al. [34]. used 
RF model to predict and compare the experimental results of 

concrete incorporated Metakaolin. The predicted properties 
were compressive, splitting tensile, and flexural strengths of 
concrete with metakaolin. For the predicted values, R2 (Coef-
ficient of determination) which is used as one of the evalua-
tion metrics, was 0.99, 0.98 and 0.99 for compressive strength, 
splitting tensile strength and flexural strength respectively. 
Those value are closer to 1, showing the excellent correlation 
between the selected inputs and predicted values. Thus, RF 
is a potential candidate for predicting compressive strength, 
splitting tensile strength and flexural strength of concrete with 
metakaolin with high accuracy.

Gradient Boost (GBoost) is a boosting ML algorithm 
consisting of combining decision trees considered as weak 
training set (slightly better than random) into stronger ones 
by minimizing overall model error [31]. It is an iterative 
ensemble algorithm that introduces and examines a weak 
training data set then reduces the model’s overall error by 
applying the regression on the gradient vector function at 
the different iterations [35]. Munir et al. [36] used GBoost 
to predict the compressive strength of natural and recycled 
aggregate concrete. The inputs parameters used in their 
investigation were water absorption, replacement ratio of 
recycled coarse aggregate (ranging from 0–100%), water/
cement ratio (ranging from 0.29–0.87) and coarse aggre-
gate to cement ratio (ca/c) (ranging from 1.7 to 6.5). the 
output or predicted parameter is the cubic compressive 
strength (fcu) (ranging from 16.9 to 108.5 MPa). During 
their investigation, the database was secondary database 
because they were gathered from existing literature. The 
assessment criteria used to evaluate the performance of 
GBoost were the mean square error (MSE), root mean 
square error (RMSE), mean absolute error (MAE), coef-
ficient of determination (R2), mean (µ) and standard devia-
tion (σ) to normalize the input parameters. In their results, 
they found out that GBoost was the most effective model 
compared to the other models they used for predicting 
compressive strength of recycled aggregate concrete. In 
Mangalathu et al. [31] work they discovered that trees-
based models had better performances as an indication 
of the complex non-linear decision limits that divide the 
failure modes of their specimen. Thus, the choice of the 
trees-based models in the present study.

Recently some pioneer studies have used Borassus fruit 
fiber to reinforce alkali activated earth-based composite in 
construction [37]. According to the authors, the inclusion of 
the Borassus fruit fiber increased the thermal conductivity and 
improved the compressive and flexural strength of the com-
posite. Nevertheless, the use of Machine Learning techniques 
for predictions of the properties has not been explore in the 
best knowledge of the authors. This research, for the first time, 
focuses on using Machine Learning techniques to predict the 
thermal and mechanical properties of Borassus fruit fiber 
reinforced earth-based composite in construction application. 
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Earth-based matrix is considered during this study due to the 
significant concerns raised using cement in construction [38].

During this study, the compiled data set consists of meas-
urements from the experimental results for the compressive 
strength, flexural strength, and thermal conductivity. The 
data set is primary data because it was experimentally per-
formed during this study and not collected from existing 
literature. The choice of using primary dataset was dictated 
firstly by the concern of reducing error that would be gener-
ated from the mapping relation of existing literature and sec-
ondly due to scarce published literature on similar earthen 
composite (almost inexistent to the author’s knowledge). 
Henceforth, the data set was not collected from any exist-
ing literature but experimentally performed. The size of the 
dataset influenced greatly the selection of Machine Learn-
ing techniques. Linear regression (LR), random forest (RF), 
decision tree regressor (DTR) and gradient boost (GB) were 
selected during this investigation because they can efficiently 
predict the different variables with small data set.

The following are the ways in which the current study 
closes research gaps: (i) Use of ensemble regression models 
to predict the thermo-mechanical properties of a “green” 
composite produced from earth matrix reinforced with agro-
waste based on primary dataset, (ii) Establish an accuracy/
efficiency comparison of the 4 models used to determine 
the appropriate model to serve as guide for future work in 
predicting similar properties, (iii) Ease the assessment and 
prediction of this novel composite's properties easier by pro-
viding the right standard for testing.

Materials & Methods

Raw Materials and Composite Preparation

The materials used to manufacture the composite are exca-
vated earth (soil) used as matrix or alumino-silicate pre-
cursor, Borassus fruit fiber (BFF) (Fig. 1) used as fiber 
reinforcement and synthetic potash (KCO3) used as alkali 
activator. The alkali activator content was 3wt% [39] and 
didn’t vary, while the BFF content varied from 0, 0.5wt% 
to 0.75wt%. Table 4 shows the properties of the precursor 
(soil), activator (KCO3) and the natural fiber.

In the composite production order, the soil and untreated 
BFF (at 0.5wt% and 0.75wt%) were stirred in a laboratory 
mixer for 5 min before addition of potash. The required 
quantity of distilled water was added at room tempera-
ture (27˚C) to the dry ingredients and mixed for 5 min in 
the laboratory mixer, the paste was let on to cool for few 
minutes due to the exothermic reaction before being trans-
ferred into metallic moulds for compression and bending 
testing. The samples were oven dried at 60˚C for 24 h prior 
to demolding. After demolding the sample were left in the 
oven at 60˚C to cure for 7-, 14- and 90 days for thermo-
mechanical experiments. A replication of 6 specimen with 
different composition were produced for each test at each 
curing days as seen in Table 1. It’s noteworthy to recall that, 
unreinforced samples were produced as reference. Figure 2 
display the different materials used during the composite 
production.

Fig. 1   a borassus fruit, b sliced borassus fruit and c oven-dried manually extracted borassus fuit fiber

Table 1   Summary of the bio-composites production, composition and curing conditions

A total of 240 specimens was produced for the thermo-mechanical properties testing at the various curing days

Bio-composite Testing/ Number of samples per mix Curing age/temperature

Unreinforced
Reinforced with 0.5wt%
Reinforced with 0.75wt%

Morphology & chemical composition/6samples Bending test/6samples
Compressive strength/6samples
Thermal conductivity/6samples

7 days/60˚C
14 days/60˚C
90 days/60˚C
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Test Methods

Thermal Capacity Analysis

Thermal conductivity of the composite was assessed accord-
ing to the ASTM C177 [40]. The specimens were wrapped in 
a polymeric foil from polystyrene and kept within the labora-
tory environment to avoid moisture exchange between the 
specimens and the surrounding environment. To accurately 
predict the thermal conductivity, six (6) inputs were used, 
namely they are the alkali activator concentration, natural 
BFF content, curing days of the samples, the density, the 
specific heat, and the thermal diffusivity.

Mechanical Behavior Experiment

The compressive loading and three-point bending tests were 
conducted according to ASTM D2166-16(2016) [41] and 
ASTM D1635 [42] respectively. The sample were oven cured 
at 60˚C, they were removed from the oven and left at room 
temperature for few hours before mechanical testing. The 
samples were tested at 7-, 14- and 90-days for the mechani-
cal testing. The variables used to appropriately predict the 
compressive strength are alkali activator concentration, 
natural BFF content, curing days of the samples, the cross-
sectional area, and the maximum applied load (see Table 2). 
The variables used to predict suitably the flexural strength are 
natural BFF content, maximum applied load, displacement 
of maximum applied load, specimens’ width, curing days of 
the samples and alkali activator concentration (see Table 3).

Morphological and Chemical Component Characterization

To understand the intrinsic characteristics that governs the 
mechanical trends displayed by the specimens, morpho-
logical and chemical characterization of the specimen after 

failure were carried out. The aim of these characterizations 
is to correlate the mechanical behavior to the intrinsic char-
acteristics of the materials. These characterizations were 
carried out on the samples after mechanical failure at 7-, 14- 
and 90-days. The characterization consisted of investigating 
the morphology of the specimen to apprehend the binding/
adhesion of the natural fiber to the earthen matrix through 
Scanning Electron Microscope (SEM). Energy- dispersive 
X-ray spectroscopy (EDX) was performed to examine the 
chemical composition of the various samples to assess their 
variation throughout the curing process. That examination 
will ease understanding the factors affecting the mechanical 
behavior displayed by the samples.

Machine Learning Models

Linear Regression (LR)

Linear regression is a statistical model or statistical approach 
which establishes a relationship between a dependent varia-
ble and one or more independent variables [30], it is the sim-
plest regression model. If a dataset, usually the experimental 
matrix has n number of samples then the linear regression 
model equation can be written as follows:

From the equation, b
o
 is the intercept, b

1
…,b

n
 are coeffi-

cients or slopes of the independent variables x
1
…,x

n
 and y is 

the dependent variable. LR aims to find the best hypothesis 
to establish the relationship between outcome and variables 
[43].

The experimental procedure is presented so that it can be 
reproduced easily:

1.	 Data: X (matrix), y (vector)
2.	 Split: X_train, y_train, X_test, y_test

(1)Y = b
o
+ b

1
x
1
+ b

2
x
2
+… b

n
x
n

Fig. 2   The different materials 
used during the bio-composite 
production
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3.	 Model: β0 (intercept), β (coefficients)
4.	 Cost: MSE = 1/(2 m) Σ(ŷ—y)2

5.	 Optimize: Gradient descent on J(β0, β)
6.	 Evaluate: Metrics on X_test
7.	 Predict: ŷ_new = β0+ βT * x_new

Decision Tree Regression (DTR)

A decision tree classifier is a type of supervised machine 
learning method that can be used in both regression and 
classification tasks. It is a tree-structured classifier in which 
the features of the given dataset are represented by internal 
nodes in the decision tree. The decision tree's branches indi-
cate the decision rules, while the leaf represents the classi-
fier's final output [44].

The experimental protocol is provided in a way that facili-
tates easy replication as the following:

1.	 Data: X (matrix), y (vector)
2.	 Split: X_train, y_train, X_test, y_test
3.	 Tree: T = DecisionTree()

•	 T.build(X_train, y_train)
•	 Recursively split nodes:
•	 Find best feature f using a splitting criterion 

(e.g., Giniimpurity, information gain)
•	 Split node into child nodes based on f
•	 Stop splitting when criteria met

4.	 Prediction:

•	 ŷ = T.predict(x)

5.	 Evaluation:

•	 Metrics on X_test

Random Forest Regressor (RFR)

A random forest is a meta-estimator that employs averag-
ing to increase predicted accuracy and control over-fitting 
by fitting several classification decisions trees on different 
sub-samples of the dataset. The Random Forest “algorithm 

Table 2   Experimental inputs used as training dataset for the ML models to predict compressive strength ƒc

*Fmax: maximum applied loading, 1ƒc: compressive strength

Inputs Output Inputs Output

KCO3 Fiber content Curing days Area *Fmax (kN) 1ƒc (MPa) KCO3 Fiber content Curing days Fmax (kN) Area ƒc (MPa)

0.03 0 7 1600 17.04 10.65 0.03 0.75 14 117.4 1600 73.37
0 7 15.06 9.41 0.75 14 16.59 10.37
0 7 18.72 11.7 0.75 14 13.99 8.75
0 7 13.93 8.71 0.75 14 94.92 59.33
0.5 7 14.29 8.93 0.75 14 7.06 4.41
0.5 7 13.08 8.18 0.75 14 7.96 4.97
0.5 7 7.37 4.61 0 90 9.93 6.21
0.5 7 7.84 4.9 0 90 9.15 5.72
0.75 7 6.79 4.24 0 90 9.65 6.03
0.75 7 19.25 12.03 0 90 8.63 5.39
0.75 7 8.91 5.57 0 90 5.9 3.69
0.75 7 12.06 7.54 0 90 6.71 4.19
0 14 14.51 9.07 0.5 90 11.01 6.88
0 14 12.82 8.01 0.5 90 10.44 6.52
0 14 15.69 9.81 0.5 90 6.94 4.34
0 14 13.55 8.47 0.5 90 7.51 4.69
0 14 13.24 8.28 0.5 90 3.92 2.45
0 14 14.24 9.28 0.5 90 3.33 2.08
0.5 14 15.04 9.4 0.75 90 12.66 7.91
0.5 14 15.22 9.51 0.75 90 11.34 7.09
0.5 14 15.47 9.67 0.75 90 11.37 7.11
0.5 14 14.78 9.24 0.75 90 11.87 7.42
0.5 14 12.96 8.1 0.75 90 11.46 7.16
0.5 14 12.57 7.86 0.75 90 10.15 6.35
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combines ensemble learning methods with the decision tree 
framework to generate numerous randomly generated deci-
sion trees from the data, then averages the results to get a 
new result that frequently leads to excellent predictions [32].

The following is the experimental process for the RFR 
model:

1.	 Data: X (matrix), y (vector)
2.	 Split: X_train, y_train, X_test, y_test
3.	 Ensemble:

•	 T = number of trees
•	 For each tree t = 1 to T:
•	 Ft= randomly selected subset of features
•	 X_b = bootstrap sample from X_train
•	 Train decision tree ht(x) on X_b, Ft

4.	 Prediction:

•	 ŷ = 1/T * Σ[ht(x)]

5.	 Evaluation:

•	 Metrics on X_tes

Gradient Boost (GB)

Gradient boosting is a machine learning technique that 
provides a prediction model in the form of an ensemble of 
weak prediction models, often decision trees, for regression 
and classification tasks. It constructs the model in a stage-
wise manner, similar to previous boosting approaches, 
then generalizes them by allowing optimization of any 
differentiable loss functions [32]. One of the most effi-
cient machine learning methods is the gradient boosting 
algorithm. As is well knowledge, bias error and variance 
error being the two primary categories in which machine 
learning algorithm faults fall. It is utilized to reduce the 
model's bias error since gradient boosting is one of the 
boosting strategies [35].

The experimental procedure for the GB model is pre-
sented as follows:

Table 3   Summary of the Inputs 
used as dataset to train the ML 
models to predict the flexural 
strength

*dL: displacement, 1a: specimen’s width

Inputs Output

Fiber content Fmax (N) *dL for 
Fmax (mm)

1a width (mm) Curing days KCO3 Flexural 
Strength 
(MPa)

0 1190 2.5 40 7 0.03 2.79
0 1510 1.3 40 7 3.54
0.5 1700 2.7 40 7 3.98
0.5 1600 2.3 40 7 3.75
0.75 1930 0.9 40 7 4.52
0.75 1340 1.8 40 7 3.14
0 1560 1.3 40 14 3.66
0 1500 1.2 40 14 3.52
0 2100 1 40 14 4.92
0.5 2060 1.5 40 14 4.83
0.5 1260 1.2 40 14 2.95
0.5 1280 1 40 14 3.00
0.75 1750 1.1 40 14 4.10
0.75 1590 1.2 40 14 3.73
0.75 2320 0.5 40 14 5.44
0 1330 1.3 40 90 3.12
0 1590 1.2 40 90 3.73
0 721 1 40 90 1.69
0.5 1325 1.5 40 90 3.11
0.5 1282 1.2 40 90 3.01
0.5 293 1 40 90 0.69
0.75 1427 1.1 40 90 3.35
0.75 1659 1.2 40 90 3.89
0.75 1613 0.5 40 90 3.78



5452	 Waste and Biomass Valorization (2024) 15:5445–5461

1.	 Initialization:

•	 ŷ0= initial model prediction (e.g.,  average target 
value)

•	 M = ensemble of weak learners

2.	 Boosting iterations:

•	 For m = 1 to M:
•	 Calculate residuals: ri = yi—ŷi-1
•	 Train weak learner hm(x) on (X, r)
•	 Update ensemble: ŷi = ŷi-1 + α * hm(xi)

3.	 Prediction:

•	 ŷ = Σ[αm * hm(x)]

4.	 Evaluation:

•	 Metrics on X_test

Quality Assessment of Results

To evaluate the performance of different ML models in this 
study, four performance indicators are used: mean square 
error (MSE), root mean square error (RMSE) [25], coeffi-
cient of determination (R2) [44], mean absolute error (MAE) 
[45] and cross validation Score (CV Score) [46].

Experimental Framework

The hardware framework used for the execution environ-
ment was Intel Core (TM) i5-4790 CPU, 3.60 GHz and 4 GB 
RAM and the experiments were implemented in Python 
2.7.12. Figure 3 shows the diverse approaches performed 
during this investigation.

Results and Discussions

Morphological and Chemical Analysis of Borassus 
Fruit Fiber Reinforced Earth‑based Composites: 
Implications for Various Performance

The various sizes of the Borassus fruit fibers extracted are 
seen in Fig. 4a, it shows that extracted fibers are coarse and 
thin with uniform diameter. The fibers displayed surficial 
pores with negligeable dept. While Fig. 4b shows the annu-
lar, flaky, and curved shapes of the soil particles. Regarding 
the chemical composition of the samples, variation occurs 
at different curing ages as more reaction take place within 
the composite during its ageing process. Figure 4c shows 
the bonding mechanism of the Borassus fruit fiber with 
the earthen matrix. Full adhesion of the natural fiber to the 
matrix is observed as the fiber served to bridge the cracks 
during mechanical failure of the samples (from the morpho-
logical analysis). During mechanical failure of the earthen 
composite, the fibers displayed some cracks/hollows while 
disconnecting from the matrix and this is demonstrated 

Fig. 3   Flow diagram summariz-
ing the experimental framework 
of this investigation from the 
production of samples until the 
ML models comparison
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by the separation line seen on the matrix generated by the 
detached fiber. The insignificant variation in chemical com-
ponent of the samples, proves that the mechanical behavior 
could also be affected by the fiber content, fiber adhesion to 
matrix and fiber’s failure mode (Table 4).

Outcomes of Thermal Conductivity Prediction

The results obtained from the training of the thermal con-
ductivity displayed in Fig. 5 shows that the LR model pre-
vailed over the other ML models in terms of performance 
indicators. It demonstrated values of R2, RMSE, MSE and 
MAE of 0.7, 0.066, 0.004 and 0.055 respectively (Fig. 8c) 
these values imply that the model has very low error level. 

When the coefficient of determination (R2) is higher than 0.5 
and closer to 1, it indicates that the inputs chosen to train the 
model have great significance on the output. Thus, the good 
correlation between the input and output. Linear Regression 
is a statistical model that predicts linear relationship between 
input and the output. As a result of the low errors values 
displayed during the forecast of the thermal conductivity; 
highest values of R2 (0.7), the lowest RMSE (0.066) and the 
lowest MAE (0.055) proving the linearity between the input 
parameters and the thermal conductivity [20].

The model comparisons for the thermal conductivity’s 
prediction corroborates that the error values to assess the 
models exhibited R2 = -0.26, RMSE = 0.077, MSE = 0.006 
and MAE = 0.05 for the DTR model, R2 = -17.7, 

Fig. 4   SEM micrographs of (a) Types of naturally extracted Borassus fruit fiber, (b) adhesion of the fiber to the matrix and (c) the different 
chemical component present in the specimens

Table 4   Raw materials characteristics

Soil Borassus fruit fiber Potash

Moisture content: 3.80%
Optimum moisture content: 15%
Particle size distribution: + 80% < 85 µm
Chemical composition (main elements): Al2O3 (17%), SiO2 (25%) & Fe3O4 (13%)

Length: 15 cm
Modulus (GPa): 8.5
Elongation (%): 32.5
Diameter: 100 µm-365 µm

Purity: + 99%
State: Powder
Percentage: 3wt%
Class: synthetic
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a) Linear Regression

b) Decision tree regressor

c) Random forest Regression

d) Gradient boosting

Fig. 5   Predicted vs experimental values of the thermal conductivity via the various ML methods used
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RMSE = 0.197, MSE = 0.039 and MAE = 0.119 for RFR 
model and R2 = -0.26, RMSE = 0.12, MSE = 0.014 and 
MAE = 0.078 for GB model. The negative error obtained 
from the thermal conductivity’s prediction by the DTR, RFR 
and GB is that the DTR takes all possible consequences 
into account before the ultimate prediction based on a com-
prehensive analysis [47]. Those possible consequences can 
vary negatively with the variation of heat capacity and the 
thermal resistivity. However, RFR reinforces the diversity 
of the basic model and improve the prediction by variance 
reduction [48, 49] because the model can handle noise and 
outliers very well. Thus, LR exhibited the highest perfor-
mance compared to the other models due to its high self-
learning capacity.

In order to forecast the thermal conductivity of adobe 
bricks based on their density and porosity, Gandia R. et al. 
[50] used linear regression. The model's high degree of 
accuracy shows how useful linear regression can be in their 
investigation similarly to the present findings. Although 
simple, LR proves highly effective for predicting thermal 
conductivity in this specific case. This finding highlights the 
importance of understanding the data's underlying behavior 
before choosing complex models [30]. Despite their skills, 
DTR, RFR, and GB are unsuitable for this dataset because 
they have a propensity to overfit or consider unimportant 
aspects. This highlights the necessity of carefully choosing 
a model depending on the properties of the data [51].

Comparative Analysis of ML Models for Compressive 
Strength Prediction

Figure 6 shows the results for the compressive strength 
prediction. From the results, it is observed that LR model 
recorded the values of 0.99, 0.119, 0.014 and 0.041 for R2, 
RMSE, MSE and MAE respectively. Meanwhile the results 
for DTR model were R2 = 0.98, RMSE = 0.004, MSE = 1.818 
and MAE = 0.002 and for the RFR model the performance 
indicators were R2 = 0.96, RMSE = 0.389, MSE = 0.152 
and MAE = 0.337. Lastly the test set for the GB model 
exhibited results of R2 = 0.91, RMSE = 0.746, MSE = 0.557 
and MAE = 0.537. For the prediction of the compressive 
strength, the LR model exhibited again the foremost per-
formance with high value of R2 = 0.99 and RMSE = 0.119. 
A study carried out by Kang et al., analyzed comparatively 
different ML for the prediction of compressive and flexural 
strengths of concrete. From their study it was discovered that 
GB and DTR models displayed the best performances based 
on the R2, RMSE and MAE evaluated [45]. The R2 results of 
the GB and DTR obtained from the present study aligns with 
theirs as both values were higher than 0.90. While the RMSE 
and MAE results obtained from the DTR were the small-
est compared to the other models, thus the low error level 
for DTR model during the prediction of the compressive 

strength. Our present results are similar to Yousef et al. study 
where they discovered that RFR exhibited the best perfor-
mance followed by the DTR [52] during the prediction of 
the compressive strength of self-compacting concrete. The 
compressive strength development’s is greatly influenced 
by the alkali activator content, curing time [53], and cur-
ing medium [54]. Chopra et al. found similar results when 
predicting compressive strength of concrete for varying 
workability using regression models [55]. These similarities 
in the prediction of the compressive strength results show 
the efficiency of the models. The fiber content too plays a 
significant role in the compressive strength development, 
because at the early curing days the bonding of the fibers 
to the matrix may be partial therefore the strength may not 
be maximal. However, with curing days the fiber’s bonding 
to the matrix is fully achieved therefore the increase of the 
strength with curing days [19].

Linear regression (LR) model likely captures the linear 
relationships between compressive strength and input vari-
ables well. While DTR model could be useful for capturing 
interactions and non-linear correlations between variables. 
However, in RFR both linear and non-linear interactions 
were recorded, but with a trade-off between complexity and 
accuracy. Gradient boosting regression (GB) captured some 
complex relationships not captured by other models but at 
the cost of slightly decreased overall correlation.

Findings from Examining ML Models for Predicting 
Flexural Strength

The results (Fig. 7) show that the error values (R2) for all 
the ML models was higher than 0.94 except the GB model 
which displayed the lowest value of R2 = 0.77. This implies 
that the regression-based and tree-based models performed 
better than the boost-based model during the prediction of the 
flexural strength in terms of higher R2 value. The errors val-
ues in term of RMSE and MAE were below or equal to 0.04 
and 0.03 respectively with the exclusion of the GB model 
were RMSE and MAE were 0.329 and 0.259. Lower value 
of RMSE and MAE are desirable for better performance of 
the model meaning low level of error displayed by the model. 
GB model displayed the highest RMSE and MAE proving its 
inefficiency in predicting the flexural strength compared to 
LR, RFR and DTR. For the prediction of the flexural strength 
of the bio-composite the results showed that the regression-
based and tree-based models were appropriate more than the 
boost-based model. However, in previous studies, Kang et al. 
predicted the flexural strength of steel fiber reinforced con-
crete via different ML models. They found out that GB algo-
rithm displayed the best performance followed by the RF and 
DTR with high similarity in their performances [45]. These 
findings are inconsistent with our present findings. That 
can be explained by the veracity that in their investigation 
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b) Decision tree regressor

a) Linear Regression

c) Random forest regression

d) Gradient boosting

Fig. 6   Predicted vs experimental values of the compressive strength through the various ML models
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a) Linear Regression

b) Decision tree regression

c) Random Forest regression

d) Gradient boosting

Fig. 7   Predicted vs experimental values of the flexural strength via the various ML models
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the significant differences from actual flexural strengths 
resulted from the complexity of the concrete mix (influence 
of the W/C, coarse aggregate size, superplasticizer, fly ash, 
and fiber aspect ratio on the concrete). It’s noteworthy to 
recall that the inclusion of fiber significantly influenced the 
development of flexural strength. During mechanical load-
ing, the fiber plays the role of bridging the cracks [37], thus 
allowing the specimens to undergo more plastic deformation. 
This aligns with the results obtained by Jose et al., where the 
inclusion of jute fiber in adobe mix increases the flexural 
toughness by reducing the cracks’ width [56]. The incorpo-
ration of fiber is expected to improve the energy absorbing 
capacity. Figure 8 displays the results of the analysis of the 
various ML models based on their performance metrics.

The main driving mechanisms behind the results high-
lights the model Differences: Regression-based (LR) and 
tree-based (RFR, DTR) models excelled over the boost-based 
(GB) model in predicting flexural strength. This suggests:

•	 LR and RFR/DTR captured linear and non-linear rela-
tionships in the data more effectively than GB.

•	 GB might not have enough complexity to handle the 
interactions between features in this specific dataset

Fiber inclusion plays a crucial role in enhancing flexural 
strength. Fibers bridge cracks during loading, allowing for 
more plastic deformation and energy absorption. This rein-
forces the importance of fiber content and interactions in 
influencing flexural strength [37]. The model's performance 
validates the effects of alkali activator content, curing time, 
and curing medium on the development of compressive 
strength. This aligns with the state of knowledge today and 
bolsters the reliability of the chosen models. The role of 
fiber content is highlighted. The study highlights the time-
dependent relationship between fiber content and strength, 
underscoring the necessity of accounting for curing time to 
provide accurate estimates [54].

Fig. 8   Evaluation metrics and efficiency comparison of the 4 ML models for the prediction of: a thermal conductivity, b flexural strength and c 
compressive strength
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Conclusion

Earthen materials are a great alternative to conventional 
construction materials because they are renewable and eco-
friendly throughout their life cycle. This study used natural 
Borassus fruit fiber to reinforce earthen composites, which 
also helps to reduce agricultural waste. The one-part alkali 
activation technique was used to stabilize the composites 
because it is eco-friendly and requires low energy. The 
authors created an experimental database of the thermal 
conductivity, compressive and flexural strengths of unre-
inforced and reinforced composite specimens cured for dif-
ferent times. They also analyzed the physico-morpholog-
ical features and chemical composition of the specimens. 
The inclusion of natural Borassus fruit fiber improved the 
mechanical properties of the specimens. The experimental 
results were used to create a primary dataset to train and 
test four machine learning (ML) models: linear regression 
(LR), decision tree regression (DTR), random forest regres-
sor (RF), and gradient boosting (GB). The performance of 
these models was evaluated using four evaluation metrics: 
coefficient of determination (R2), mean square error (MSE), 
root mean square error (RMSE), and mean absolute error 
(MAE). The results showed that:

•	 Linear regression (LR) outperformed the other ML mod-
els with its high accuracy and low error level during the 
prediction of both thermal and mechanical properties of 
the bio-composite.

•	 Linear Regression is followed by the RF and DTR mod-
els in terms of performance.

•	 This shows that regression-based and tree-based models 
are better for predicting the thermo-mechanical proper-
ties of the bio-composite than boost-based models, such 
as GB, which performed poorly.

•	 The authors varied the input parameters for each pre-
dicted value based on their importance to the output 
parameters.

This study shows that ML models can be used to predict 
the properties of novel eco-friendly composites made from 
earthen materials, reinforced with natural Borassus fruit fiber, 
and produced using the one-part alkali activation technique. 
The results can be used to consider the following points:

•	 The long-term durability and performance of these bio-
composites need to be evaluated through further research 
and field testing.

•	 Investigating the thermal and mechanical properties of 
these materials would be valuable for assessing their suit-
ability for various building applications.

•	 Exploring the potential use of other natural fibers or rein-
forcements in combination with earthen materials could 
lead to the development of even more diverse and adapt-
able bio-composites.

The authors also recommend that the challenges in work-
ing with an earth-based composite reinforced with natural 
fiber should be considered because the properties of both 
the earthen matrix and natural fibers can vary significantly 
depending on source, processing, and weather conditions. 
This can lead to inconsistencies in the final composite mate-
rial. For earth-based composites to avoid shrinking and 
cracking, drying must be done slowly and carefully. This 
may result in longer construction periods and more intricate 
project schedules. The following points are also highlighted 
by the authors for further study: expand the dataset (gather-
ing more data can further improve the accuracy and general-
izability of the models), explore advanced machine learning 
techniques (such as deep learning or hybrid approaches), 
develop practical applications, promote sustainability and 
accessibility (focus on locally available natural fibers, 
develop low-cost production methods).

Author Contribution  Material preparation, data collection and analy-
sis were performed by Assia Aboubakar Mahamat, Moussa Mahamat 
Boukar, Nordine Leklou, Ifeyinwa Ijeoma Obianyo, Numfor Linda Bih, 
Holmer Savastano Jr, Tido Tiwa Stanislas, Nurudeen Mahmud Ibrahim 
and Olugbenga Ayeni. The first draft of the manuscript was written by 
Assia Aboubakar Mahamat and all authors commented on previous 
versions of the manuscript. All authors read and approved the final 
manuscript.

Funding  This investigation is funded by the L’Oréal-UNESCO for 
women in science, sub-Saharan Africa young talents postdoctoral fel-
lowship 2022.

Data Availability  The data that support the findings of this study are 
available on request from the corresponding authors.

Declarations 

Competing Interests  The authors have no relevant financial or non-
financial interests to disclose.

References

	 1.	 Mahamat, A.A., et  al.: Dimensionnal stability and strength 
appraisal of termite hill soil stabilisation using hybrid bio-waste 
and cement for eco-friendly housing. Heliyon 8(5), e09406 
(2022). https://​doi.​org/​10.​1016/j.​heliy​on.​2022.​e09406

	 2.	 Medvey, B., Dobszay, G.: Durability of stabilized earthen con-
structions: a review. Geotech. Geol. Eng. 38(3), 2403–2425 
(2020). https://​doi.​org/​10.​1007/​s10706-​020-​01208-6. Springer

	 3.	 Lamrani, M., Mansour, M., Laaroussi, N., Khalfaoui, M.: “Ther-
mal study of clay bricks reinforced by three ecological materials 

https://doi.org/10.1016/j.heliyon.2022.e09406
https://doi.org/10.1007/s10706-020-01208-6


5460	 Waste and Biomass Valorization (2024) 15:5445–5461

in south of Morocco,” in Energy Procedia, pp 273–277. Elsevier 
Ltd (2019). https://​doi.​org/​10.​1016/j.​egypro.​2018.​11.​141

	 4.	 Mahamat, A.A., Linda Bih, N., Ayeni, O., AzikiweOnwualu, P., 
Savastano, H., OluwoleSoboyejo, W.: Development of sustainable 
and eco-friendly materials from termite hill soil stabilized with 
cement for low-cost housing in Chad. Buildings 11(3), 86 (2021). 
https://​doi.​org/​10.​3390/​build​ings1​10300​86

	 5.	 Zhang, J., Liu, G., Chen, B., Song, D., Qi, J., Liu, X.: “Analysis 
of CO2 emission for the cement manufacturing with alternative 
raw materials: a LCA-based framework,” In Energy Procedia, pp 
2541–2545. Elsevier Ltd (2014). https://​doi.​org/​10.​1016/j.​egypro.​
2014.​12.​041

	 6.	 Farmer, G.T., Cook, J.: Scientific principles and the  scien-
tific method. In: Climate Change Science: A Modern Synthesis, 
vol. 1. Springer, Ed., New York (2012)

	 7.	 Amin, M.N., Murtaza, T., Shahzada, K., Khan, K., Adil, M.: 
Pozzolanic potential and mechanical performance of wheat straw 
ash incorporated sustainable concrete. Sustainability (Switzer-
land) 11(2), 519 (2019). https://​doi.​org/​10.​3390/​su110​20519

	 8.	 Patra, D., Patra, B.R., Pattnaik, F., Hans, N., Kushwaha, A.: 
“Recent evolution in green technologies for effective valoriza-
tion of food and agricultural wastes,” In Emerging Trends to 
Approaching Zero Waste, pp 103–132. Elsevier (2022). https://​
doi.​org/​10.​1016/​b978-0-​323-​85403-0.​00001-3

	 9.	 Silva, G., Kim, S., Aguilar, R., Nakamatsu, J.: “Natural fibers as 
reinforcement additives for geopolymers – a review of potential 
eco-friendly applications to the construction industry,” Sustain-
able materials and technologies, vol. 23. Elsevier B.V (2020). 
https://​doi.​org/​10.​1016/j.​susmat.​2019.​e00132

	10.	 Stazi, F., Nacci, A., Tittarelli, F., Pasqualini, E., Munafò, P.: An 
experimental study on earth plasters for earthen building protection: 
The effects of different admixtures and surface treatments. J. Cult. 
Herit. 17, 27–41 (2016). https://​doi.​org/​10.​1016/j.​culher.​2015.​07.​009

	11	 Memon, S.A., Wahid, I., Khan, M.K., Tanoli, M.A., Bimaganbe-
tova, M.: Environmentally friendly utilization of wheat straw ash 
in cement-based composites. Sustainability (Switzerland) 10(5), 
1322 (2018). https://​doi.​org/​10.​3390/​su100​51322

	12	 Pode, R.: Potential applications of rice husk ash waste from rice husk 
biomass power plant. Renew. Sustain. Energy Rev. 53, 1468–1485 
(2016). https://​doi.​org/​10.​1016/j.​rser.​2015.​09.​051. Elsevier Ltd

	13	 Bih, N.L., et al.: The effect of bone ash on the physio-chemical 
and mechanical properties of clay ceramic bricks. Buildings 12(3), 
336 (2022). https://​doi.​org/​10.​3390/​build​ings1​20303​36

	14	 Chen, X., et al.: Valorization of construction waste materials 
for pavements of sponge cities: a review. Construct Build Mater 
356, 129247 (2022). https://​doi.​org/​10.​1016/j.​conbu​ildmat.​2022.​
129247. Elsevier Ltd

	15.	 Dhamodharan, K., Konduru, T., Kannan, M., Malyan, S.K.: 
“Techno-economic feasibility and hurdles on agricultural waste 
management,” In Emerging Trends to Approaching Zero Waste, 
pp 243–264. Elsevier (2022). https://​doi.​org/​10.​1016/​b978-0-​323-​
85403-0.​00011-6

	16	 Mohammadhosseini, H., Ngian, S.P., Alyousef, R., Tahir, M.M.: 
Synergistic effects of waste plastic food tray as low-cost fibrous 
materials and palm oil fuel ash on transport properties and drying 
shrinkage of concrete. J. Build. Eng. 42, 102826 (2021). https://​
doi.​org/​10.​1016/j.​jobe.​2021.​102826

	17	 Ayeni, O., et al.: Effect of coir fiber reinforcement on properties 
of metakaolin-based geopolymer composite. Appl. Sci. (Switzer-
land) 12(11), 5478 (2022). https://​doi.​org/​10.​3390/​app12​115478

	18.	 Sudhakara, P., et al.: Studies on Borassus fruit fiber and its com-
posites with Polypropylene. Composit. Res. 26(1), 48–53 (2013). 
https://​doi.​org/​10.​7234/​kscm.​2013.​26.1.​48

	19.	 Mahamat, A.A., et al.: Machine learning approaches for prediction of 
the compressive strength of alkali activated termite mound soil. Appl. 
Sci. 11(11), 4754 (2021). https://​doi.​org/​10.​3390/​app11​114754

	20	 Sargam, Y., Wang, K., Cho, I.H.: Machine learning based predic-
tion model for thermal conductivity of concrete. J. Build. Eng. 34, 
101956 (2021). https://​doi.​org/​10.​1016/j.​jobe.​2020.​101956

	21.	 Boers, E.J.W., Kosters, W.A., van der Putten, P., Poel, M., Kok, 
J.N.: Artificial intelligence: definition, trends, techniques and 
cases. In: UNESCO-Encyclopedia of Life Support Systems 
(EOLSS), vol. 1 (2002)

	22.	 Koyamparambath, A., Adibi, N., Szablewski, C., Adibi, S. A., Sonne-
mann, G.: Implementing artificial intelligence techniques to predict 
environmental impacts: case of construction products. Sustainability 
(Switzerland) 14(6) (2022). https://​doi.​org/​10.​3390/​su140​63699

	23	 Shoar, S., Chileshe, N., Edwards, J.D.: Machine learning-aided 
engineering services’ cost overruns prediction in high-rise resi-
dential building projects: application of random forest regression. 
J. Build. Eng. 50, 104102 (2022). https://​doi.​org/​10.​1016/j.​jobe.​
2022.​104102

	24.	 Xie, J., Huang, J., Zeng, C., Huang, S., Burton, G.J.: A generic 
framework for geotechnical subsurface modeling with machine 
learning. J. Rock Mech. Geotech. Eng. (2022). https://​doi.​org/​10.​
1016/j.​jrmge.​2022.​08.​001

	25	 Ben Chaabene, W., Flah, M., Nehdi, M.L.: Machine learning pre-
diction of mechanical properties of concrete: critical review. Con-
str. Build. Mater. 260, 119889 (2020). https://​doi.​org/​10.​1016/j.​
conbu​ildmat.​2020.​119889

	26.	 Tosee, S.V.R., et al.: Metaheuristic prediction of the compressive 
strength of environmentally friendly concrete modified with eggshell 
powder using the hybrid ANN-SFL optimization algorithm. Materi-
als 14(20), 6172 (2021). https://​doi.​org/​10.​3390/​ma142​06172

	27	 Khan, K., Ahmad, W., Amin, M.N., Ahmad, A.: A systematic 
review of the research development on the application of machine 
learning for concrete. Materials 15(13), 4512 (2022). https://​doi.​
org/​10.​3390/​ma151​34512

	28.	 Spiegel, M.R., Stephens, L.J.: “Theory and problems of statistics, 
Schaum’s outline series McGraw-Hill,” (2008). https://​doi.​org/​10.​
1036/​00714​85848

	29.	 Mohanraj, T., Yerchuru, J., Krishnan, H., NithinAravind, R.S., 
Yameni, R.: Development of tool condition monitoring system in 
end milling process using wavelet features and Hoelder’s expo-
nent with machine learning algorithms. Measurement (Lond) 173, 
108671 (2021). https://​doi.​org/​10.​1016/j.​measu​rement.​2020.​108671

	30.	 Priya, K.S.: Linear regression algorithm in machine learning 
through MATLAB. Int. J. Res. Appl. Sci. Eng. Technol. 9(12), 
989–995 (2021). https://​doi.​org/​10.​22214/​ijras​et.​2021.​39410

	31	 Mangalathu, S., Jang, H., Hwang, S.H., Jeon, J.S.: Data-driven 
machine-learning-based seismic failure mode identification of 
reinforced concrete shear walls. Eng. Struct. 208, 110331 (2020). 
https://​doi.​org/​10.​1016/j.​engst​ruct.​2020.​110331

	32.	 Breiman, L.: “Classification and regression trees,” In Classifica-
tion and Regression Trees. Routledge, 1st ed., Routledge, New 
York (1984). https://​doi.​org/​10.​1201/​97813​15139​470

	33.	 Breiman, L.: Random forests. In: Schapire, R.E. (ed.) Machine 
learning, vol. 45, pp. 5–32. Kluwer Academic, Netherlands (2001)

	34.	 Shah, H.A., et al.: Application of machine learning techniques for 
predicting compressive, splitting tensile, and flexural strengths of 
concrete with Metakaolin. Materials 15(15), 5435 (2022). https://​
doi.​org/​10.​3390/​ma151​55435

	35.	 Bentéjac, C., Csörgő, A., Martínez-Muñoz, G.: A comparative 
analysis of gradient boosting algorithms. Artif. Intell. Rev. 54(3), 
1937–1967 (2021). https://​doi.​org/​10.​1007/​s10462-​020-​09896-5

	36	 Munir, M.J., Kazmi, S.M.S., Wu, Y.F., Lin, X., Ahmad, M.R.: 
Development of a novel compressive strength design equation for 
natural and recycled aggregate concrete through advanced compu-
tational modeling. J. Build. Eng. 55, 104690 (2022). https://​doi.​
org/​10.​1016/j.​jobe.​2022.​104690

	37.	 Mahamat, A.A., et al.: Assessment of hygrothermal and mechani-
cal performance of alkali activated Borassus fiber reinforced 

https://doi.org/10.1016/j.egypro.2018.11.141
https://doi.org/10.3390/buildings11030086
https://doi.org/10.1016/j.egypro.2014.12.041
https://doi.org/10.1016/j.egypro.2014.12.041
https://doi.org/10.3390/su11020519
https://doi.org/10.1016/b978-0-323-85403-0.00001-3
https://doi.org/10.1016/b978-0-323-85403-0.00001-3
https://doi.org/10.1016/j.susmat.2019.e00132
https://doi.org/10.1016/j.culher.2015.07.009
https://doi.org/10.3390/su10051322
https://doi.org/10.1016/j.rser.2015.09.051
https://doi.org/10.3390/buildings12030336
https://doi.org/10.1016/j.conbuildmat.2022.129247
https://doi.org/10.1016/j.conbuildmat.2022.129247
https://doi.org/10.1016/b978-0-323-85403-0.00011-6
https://doi.org/10.1016/b978-0-323-85403-0.00011-6
https://doi.org/10.1016/j.jobe.2021.102826
https://doi.org/10.1016/j.jobe.2021.102826
https://doi.org/10.3390/app12115478
https://doi.org/10.7234/kscm.2013.26.1.48
https://doi.org/10.3390/app11114754
https://doi.org/10.1016/j.jobe.2020.101956
https://doi.org/10.3390/su14063699
https://doi.org/10.1016/j.jobe.2022.104102
https://doi.org/10.1016/j.jobe.2022.104102
https://doi.org/10.1016/j.jrmge.2022.08.001
https://doi.org/10.1016/j.jrmge.2022.08.001
https://doi.org/10.1016/j.conbuildmat.2020.119889
https://doi.org/10.1016/j.conbuildmat.2020.119889
https://doi.org/10.3390/ma14206172
https://doi.org/10.3390/ma15134512
https://doi.org/10.3390/ma15134512
https://doi.org/10.1036/0071485848
https://doi.org/10.1036/0071485848
https://doi.org/10.1016/j.measurement.2020.108671
https://doi.org/10.22214/ijraset.2021.39410
https://doi.org/10.1016/j.engstruct.2020.110331
https://doi.org/10.1201/9781315139470
https://doi.org/10.3390/ma15155435
https://doi.org/10.3390/ma15155435
https://doi.org/10.1007/s10462-020-09896-5
https://doi.org/10.1016/j.jobe.2022.104690
https://doi.org/10.1016/j.jobe.2022.104690


5461Waste and Biomass Valorization (2024) 15:5445–5461	

Authors and Affiliations

Assia Aboubakar Mahamat1,2   · Moussa Mahamat Boukar3 · Nordine Leklou4 · Ifeyinwa Ijeoma Obianyo2 · 
Tido Tiwa Stanislas2 · Numfor Linda Bih2 · Olugbenga Ayeni2,5 · Nurudeen Mahmud Ibrahim3 · Holmer Savastano Jr6

 *	 Assia Aboubakar Mahamat 
	 aassia@aust.edu.ng

1	 Department of Civil Engineering, Nile University of Nigeria, 
Abuja, Federal Capital Territory, Nigeria

2	 Department of Materials Science and Engineering, 
African University of Science and Technology, Abuja, 
Federal Capital Territory, Nigeria

3	 Department of Computer Science, Faculty of Natural 
and Applied Sciences, Nile University of Nigeria, Abuja, 
Federal Capital Territory, Nigeria

4	 Nantes Université, École Centrale Nantes, CNRS, GeM, 
UMR 6183, 44600 Saint‑Nazaire, France

5	 Department of Building, Faculty of Environmental Design, 
Ahmadu Bello University, Zaria, Nigeria

6	 Department of Biosystems Engineering, University of Sao 
Paulo, Pirassununga, Sao Paulo, Brazil

earth-based bio-composite. J. Build. Eng. 62, 105411 (2022). 
https://​doi.​org/​10.​1016/j.​jobe.​2022.​105411

	38	 Manikandan, P., et al.: An artificial neural network based predic-
tion of mechanical and durability characteristics of sustainable 
geopolymer composite. Adv. Civil Eng. 2022, 15 (2022). https://​
doi.​org/​10.​1155/​2022/​93433​30

	39.	 Mahamat, A.A., et al.: Alkali activation of compacted termite 
mound soil for eco-friendly construction materials. Heliyon 7(3), 
e06597 (2021). https://​doi.​org/​10.​1016/j.​heliy​on.​2021.​e06597

	40.	 American Society for Testing Materials.: Standard test method 
for steady-state heat flux measurements and thermal transmis-
sion properties by means of the guarded-hot-plate apparatus high-
light, ASTM C177-19. Available: https://​www.​astm.​org/​c0177-​19.​
html. Accessed 10 May 2023

	41.	 ASTMD2166/D2166M-16 and ASTM.: Standard Test method for 
unconfined compressive strength of cohesive soil, American Soci-
ety for Testing Materials International. Available: https://​www.​
astm.​org/​d2166_​d2166m-​16.​html. Accessed 10 May 2023

	42.	 A. ASTMD1635–00, “Standard test method for flexural strength of 
soil-cement using simple beam with third-point loading,” https://​
www.​astm.​org/​d1635-​00r06.​html (2006). Accessed 10 May 2023

	43.	 Sun, Y., Li, G., Zhang, J.: Developing hybrid machine learning 
models for estimating the unconfined compressive strength of jet 
grouting composite: a comparative study. Appl. Sci. (Switzerland) 
10(5), 1–14 (2020). https://​doi.​org/​10.​3390/​app10​051612

	44.	 Anysz, H., Brzozowski, Ł, Kretowicz, W., Narloch, P.: Feature impor-
tance of stabilised rammed earth components affecting the compres-
sive strength calculated with explainable artificial intelligence tools. 
Materials 13(10), 2317 (2020). https://​doi.​org/​10.​3390/​ma131​02317

	45	 Kang, M.C., Yoo, D.Y., Gupta, R.: Machine learning-based 
prediction for compressive and flexural strengths of steel fiber-
reinforced concrete. Constr. Build. Mater. 266, 121117 (2021). 
https://​doi.​org/​10.​1016/j.​conbu​ildmat.​2020.​121117

	46.	 Chou, J.-S., Chiu, C.-K., Farfoura, M., Al-Taharwa, I.: Optimizing 
the prediction accuracy of concrete compressive strength based 
on a comparison of data-mining techniques. J. Comput. Civ. Eng. 
25(3), 242–253 (2011). https://​doi.​org/​10.​1061/​(asce)​cp.​1943-​
5487.​00000​88

	47	 Chen, L., Tran, H., Batra, R., Kim, C., Ramprasad, R.: Machine 
learning models for the lattice thermal conductivity prediction 
of inorganic materials. Comput. Mater. Sci. 170, 109155 (2019). 
https://​doi.​org/​10.​1016/j.​comma​tsci.​2019.​109155

	48	 Bang, H.T., Yoon, S., Jeon, H.: Application of machine learning 
methods to predict a thermal conductivity model for compacted 

bentonite. Ann. Nucl. Energy 142, 107395 (Jul.2020). https://​doi.​
org/​10.​1016/j.​anuce​ne.​2020.​107395

	49	 Li, K.Q., Liu, Y., Kang, Q.: Estimating the thermal conductivity 
of soils using six machine learning algorithms. Int. Commun. Heat 
Mass Transfer 136, 106139 (2022). https://​doi.​org/​10.​1016/j.​ichea​
tmass​trans​fer.​2022.​106139

	50.	 Gandia, R.M., Gomes, F.C., Corrêa, A.A.R., Rodrigues, M.C., 
Mendes, R.F.: Physical, mechanical and thermal behavior of 
adobe stabilized with glass fiber reinforced polymer waste. Con-
str. Build. Mater. 222, 168–182 (2019). https://​doi.​org/​10.​1016/j.​
conbu​ildmat.​2019.​06.​107

	51.	 Alghamdi, S.J.: Classifying high strength concrete mix design 
methods using decision trees. Materials 15(5), 1950 (2022). 
https://​doi.​org/​10.​3390/​ma150​51950

	52.	 Yousef, E.A., Mouhcine, B.A., Mounir, Z., Adil, H.A.: Prediction 
of compressive strength of self-compacting concrete using four 
machine learning technics. Mater. Today Proc. (2022). https://​doi.​
org/​10.​1016/j.​matpr.​2022.​02.​487

	53	 Zhang, J., Niu, W., Yang, Y., Hou, D., Dong, B.: Machine learning 
prediction models for compressive strength of calcined sludge-
cement composites. Constr. Build. Mater. 346, 128442 (2022). 
https://​doi.​org/​10.​1016/j.​conbu​ildmat.​2022.​128442

	54	 Feng, D.C., et al.: Machine learning-based compressive strength 
prediction for concrete: an adaptive boosting approach. Constr. 
Build. Mater. 230, 117000 (Jan.2020). https://​doi.​org/​10.​1016/j.​
conbu​ildmat.​2019.​117000

	55.	 Chopra, P., Kumar Sharma, R., Kumar, M.: Predicting compres-
sive strength of concrete for varying workability using regression 
models. IJEAS. 6(4), 10–22 (2014)

	56.	 Concha-Riedel, J., Araya-Letelier, G., Antico, F.C., Reidel, U., 
Glade, A.: “Influence of Jute fibers to improve flexural toughness, 
impact resistance and drying shrinkage cracking in adobe mixes,” 
pp 269–278. (2019). https://​doi.​org/​10.​1007/​978-​981-​13-​5883-8_​
24

Publisher's Note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds 
exclusive rights to this article under a publishing agreement with the 
author(s) or other rightsholder(s); author self-archiving of the accepted 
manuscript version of this article is solely governed by the terms of 
such publishing agreement and applicable law.

http://orcid.org/0000-0001-8546-9569
https://doi.org/10.1016/j.jobe.2022.105411
https://doi.org/10.1155/2022/9343330
https://doi.org/10.1155/2022/9343330
https://doi.org/10.1016/j.heliyon.2021.e06597
https://www.astm.org/c0177-19.html
https://www.astm.org/c0177-19.html
https://www.astm.org/d2166_d2166m-16.html
https://www.astm.org/d2166_d2166m-16.html
https://www.astm.org/d1635-00r06.html
https://www.astm.org/d1635-00r06.html
https://doi.org/10.3390/app10051612
https://doi.org/10.3390/ma13102317
https://doi.org/10.1016/j.conbuildmat.2020.121117
https://doi.org/10.1061/(asce)cp.1943-5487.0000088
https://doi.org/10.1061/(asce)cp.1943-5487.0000088
https://doi.org/10.1016/j.commatsci.2019.109155
https://doi.org/10.1016/j.anucene.2020.107395
https://doi.org/10.1016/j.anucene.2020.107395
https://doi.org/10.1016/j.icheatmasstransfer.2022.106139
https://doi.org/10.1016/j.icheatmasstransfer.2022.106139
https://doi.org/10.1016/j.conbuildmat.2019.06.107
https://doi.org/10.1016/j.conbuildmat.2019.06.107
https://doi.org/10.3390/ma15051950
https://doi.org/10.1016/j.matpr.2022.02.487
https://doi.org/10.1016/j.matpr.2022.02.487
https://doi.org/10.1016/j.conbuildmat.2022.128442
https://doi.org/10.1016/j.conbuildmat.2019.117000
https://doi.org/10.1016/j.conbuildmat.2019.117000
https://doi.org/10.1007/978-981-13-5883-8_24
https://doi.org/10.1007/978-981-13-5883-8_24

	A Machine Learning Led Investigation Predicting the Thermos-mechanical Properties of Novel Waste-based Composite in Construction
	Abstract
	Statement of Novelty
	Introduction
	Materials & Methods
	Raw Materials and Composite Preparation
	Test Methods
	Thermal Capacity Analysis
	Mechanical Behavior Experiment
	Morphological and Chemical Component Characterization

	Machine Learning Models
	Linear Regression (LR)
	Decision Tree Regression (DTR)
	Random Forest Regressor (RFR)
	Gradient Boost (GB)
	Quality Assessment of Results
	Experimental Framework


	Results and Discussions
	Morphological and Chemical Analysis of Borassus Fruit Fiber Reinforced Earth-based Composites: Implications for Various Performance
	Outcomes of Thermal Conductivity Prediction
	Comparative Analysis of ML Models for Compressive Strength Prediction
	Findings from Examining ML Models for Predicting Flexural Strength

	Conclusion
	References




