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1. Introduction 

 
The compressive strength of concrete is an important 

indicator in civil engineering (Nigdeli and Bekdas 2013, 
Algaifi et al. 2021). It is considered a key parameter that 
reflects the consistency and material ingredients of a 
concrete mix. Moreover, the compressive strength test has a 
direct relationship with quality and properties (Valipour et 
al. 2014, Shahmansouri et al. 2019). In recent years, many 
predictive models of concrete strength have been developed 
which aimed to quickly provide insight into the influential 
factors affecting the concrete strength and thus save cost, 
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energy and time (Onat and Celik 2017, Nosrati et al. 2018, 
Sadowski et al. 2018, Muthuraj 2019, Shariati et al. 2020a, 
b, Zhao et al. 2020). Machine learning such as an artificial 
neural network (ANN) and adaptive neuro-fuzzy inference 
system (ANFIS) (Dutta et al. 2018, Shirkhani et al. 2019, 
Alabduljabbar et al. 2020, Ma et al. 2020, Perumal and 
Prabakaran 2020), Genetic expression programming (GEP) 
(Alkroosh and Sarker 2019, Nematzadeh et al. 2021, 
Shahmansouri et al. 2021a, b), metaheuristic algorithms 
(Zhao et al. 2021, 2021a, b), and response surface 
methodology (RSM) (Alshalif et al. 2021, Abubakar et al. 
2018) are the most commonly used models in the literature. 

For example, the compressive strength of fly ash-based 
concrete was predicted using ANN as the output parameter 
with a high degree of correlation (R2 = 0.96) in a study by 
Topcu and Sarıdemir (2008). In their study, cement, water, 
aggregate, admixture ratio and fly ash replacement ratio 
were used as input parameters. Next, the strength of a high 
volume of fly ash-based concrete was also predicted at 28 
days using ANN model in another study reported by Prasad 
et al. (2009). Similarly, an ANN model was also 
successfully constructed to predict geopolymer concrete 
with a root mean square error (RMSE) of 2.265 MPa and 
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Abstract.  In recent years, bacteria-based self-healing concrete has been widely exploited to improve the compressive strength 
of concrete using different bacterial species. However, both the identification of the optimal involved reaction parameters and 
theoretical framework information are still limited. In the present study, both experimentally and numerical modelling using 
machine learning (ANN and ANFIS) and response surface methodology (RSM) were implemented to evaluate and optimse the 
evolution of bacterial concrete strength. Therefore, a total of 58 compressive strength tests of the concrete incorporating new 
bacterial species were designed using different concentrations of urea, cells concentration, calcium, nutrient and time. Based on 
the results, the compressive strength of the bacterial concrete improved by 16% due to the decrement of the pore percentage in 
the concrete skin; specifically, 5 mm from the concrete surface, compared to that of the control concrete. In the same context, 
both machine the learning and RSM models indicated that the optimal range of urea, calcium, nutrient and bacterial cells were 
(18-23 g/L), (150-350 mM), (1-3 g/L) and 2×107 cells/mL, respectively. Based on the statistical analysis, RMSE, R2, MPE, RAE 
and RRSE were (0.793, 0.785), (0.985, 0.986), (1.508, 1.1), (0.11, 0.09) and (0.121, 0.12) from both the ANN and ANFIS 
models, respectively, while; the following values (0.839, 0.972, 1.678, 0.131 and 0.165) was obtained from RSM model, 
respectively. As such, it can be concluded that a high correlation and minimum error were obtained, however, machine learning 
models provided more accurate results compared to that of the RSM model. 
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535



 
Hassan Amer Algaifi et al. 

determination coefficient (R2) of 0.879 (Dao et al. 2019). 
Sodium silicate solution, water, sodium hydroxide and fly 
ash were used as input variables for modelling. In the same 
context, GEP has gained a great deal of interest for 
predicting the properties of concrete such as compressive 
strength. For example, the high performance concrete 
strength was successfully estimated using GEP with 
minimum error and a high degree of correlation (Mousavi et 
al. 2012). Other compressive strength of cementitious 
materials such as lightweight concrete (Jafari and Mahini 
2017) and normal concrete (Mahdinia et al. 2019) were also 
predicted using GEP method. On the other hand, RSM was 
also widely used in the design of concrete technology. For 
instance, Soto-Pérez et al. (2015) investigated the 
influential factors that affect the compressive strength such 
as water-to-binder ratio, nano-iron oxide content and fly ash 
content. In the same context, the evolution of compressive 
strength of recycled concrete aggregates with different 
range of slump and cement was also evaluated and 
compared using RMS and ANN models (Hammoudi et al. 
2019). According to their results, it was found that the 
developed ANN model shows better accuracy compared to 
that of the RSM model. 

From another point of view, mathematical models for 
compressive strength of bacteria concrete are very limited 
in the literature. In particular, there is not yet a predictive 
model or codal provisions for determining the bacterial 
concrete strength and their involved parameters such as 
urea, calcium and bacterial cells concentration. However, a 
lot of experimental works were carried out to obtain the 
compressive strength of bacterial concrete incorporating 
different bacterial species (Algaifi et al. 2018, 2020). For 
example, Nain et al. (2019) found an improvement in the 
concrete compressive strength by 14.36%, 22.58% with the 
incorporation of B. subtiltis and B. megaterium, 
respectively, compared to the conventional concrete 
specimens. The improvement in concrete strength was 
attributed to the production of microbial calcium carbonate, 
which acted as a sealant and led to better packing inside the 
cement-based matrix. Similar results were demonstrated by 
Reddy and Revathi (2019), who attained an increase of 20% 
in concrete strength with the incorporation of B. Sphaericus 
(105 cells/mL). Similarly, the maximum improvement value 
of concrete strength was found at 105 cells/mL using B. 
subtiltis (Jena et al. 2020). On the other hand, Su et al. 
(2019) indicated that concrete strength increased at a 
bacterial cell concentration of 1013 cells/mL. Furthermore, 
the authors also recorded a reduction in concrete strength at 
1014 cells/mL. Other published research, in terms of the 
effect of bacteria on concrete strength or durability aspect, 
are available in the present literature (Mondal and Ghosh 
2019, Nguyen et al. 2019, Shaheen et al. 2019, Jakubovskis 
et al. 2020, Nathaniel et al. 2020, Wu et al. 2020). 

Considering the above, it can be inferred that the 
theoretical modelling of compressive strength of bacterial 
concrete prediction is still limited. Hence, in the present 
study, machine learning and RSM were utilised to develop a 
new predictive model to assess the bacterial concrete 
strength and the involved parameters using new bacterial 
species. To achieve the goal of this study, 58 experimental 

tests were conducted to examine the compressive strength 
of bacterial concrete under different concentrations of 
bacterial cells (5×106 – 2×107 cells/mL), urea (5 - 30 g/L), 
calcium (100 – 500 mM), yeast extract (1 – 20 g/L) and 
time (7, 14 and 28 days). In addition, X-rays CT scan was 
utlised to assess the evolution of the bacterial concrete 
microstructure. Moreover, several statistics indicators were 
also used to evaluate and compare the accuracy between the 
developed models and experimental data. The present 
research would significantly contribute to the self-healing 
research progress in developing a guideline to optimize 
influencing parameters on the concrete strength. 
Furthermore, this study addressed and clarified how the 
bacteria could significantly improve the interfacial 
transition zone (ITZ) and pore structures to better 
understand the bacterial activity inside the concrete matrix 
in future studies before the real application in the industry. 
Moreover, the predicted models also helped the researchers 
to minimize both cost and time during the experimental 
works. 

 
 

2. Materials and methods 
 
2.1 Proportions of the control concrete mix 
 
Cement Portland type (I) comply with the specification 

of American Society for Testing and Materials C150 (2004) 
was used in the present study. In addition, natural sand was 
utilised as fine aggregate with a nominal size of 4 mm, 
while, the coarse aggregate was crushed from granite with a 
maximum size of 10 mm complying with BS 882: 1992 
specification. The specific gravity of both fine and coarse 
aggregate were 2.6 and 2.7 respectively. To enhance the 
workability of concrete, Rheobuild 1100 superplasticising 
was added (1% of cement weight) into the mixing water. 
The characteristic compressive strength of the concrete was 
30 MPa after 28 days. The mix proportions of the control 
concrete were designed and calculated according to the 
standard British method (DOE). In particular, the output of 
the concrete proportions was 235 L/m3 water, 425 kg/m3 
cement, 618 Kg/m3 granite type 10 mm aggregates and 
1098 kg/m3 natural sand. In addition, the target mean 
strength was found to be 36.5 MPa at water cement ratio of 
0.55 and a slump of 160 mm. 

 
2.2 Preparation of the bacterial concrete mix 
 
2.2.1 Bacterial strain and initial screening 
New bacterial species was used to achieve the aim of the 

present study. It was isolated from soil at Universiti 
Teknologi Malaysia (UTM) grounds. In addition, the partial 
sequence of the DNA (16S rRNA) of the isolate bacteria 
was identified and deposited in the National Centre for 
Biotechnology Information (NCBI) databases under name 
of Bacillus pseudomycoides strain HASS3 and accession 
numbers of MK357893. After that, the ability of the 
bacteria to hydrolyse urea and induce calcium carbonate 
was also tested to ensure that the isolate bacteria had the 
ability to induce ureases enzyme. Urease enzyme is 
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regarded as the main sole factor to hydrolyse urea into 
qhrqncarbonate. Such carbonate reacts with calcium to 
produce calcium carbonate. In particular, the hydrolysis of 
urea was evaluated using the Nessler Method 8038. This 
was achieved by culturing the isolate bacteria in a 100 mL 
flask, which was filled with 30 mL Lysogeny broth (LB), 6 
mM urea and 2 mM calcium chloride. Subsequently, it was 
incubated for 24 h at 37°C. In the next step, the bacterial 
culture (0.1 mL) was taken out and centrifuged to measure 
the concentration of ammonia (NH3). This process was 
carried out in the Centre for Water Security (IPASA-UTM) 
and Environmental Sustainability. Later, a 50 mL centrifuge 
tube was filled up with 25 mL distilled water to dilute the 
bacterial solution. Following that, three drops of polyvinyl 
and mineral stabiliser (each) were added into the solution. 
Later on, using a pipette, 1 mL Nessler reagent was taken 
and mixed into the solution for one minute. Subsequently, 
10 ml of the solution was transferred to the targeted cuvette 
in the UV-Vis spectrophotometer (Hach, DR5000 Model), 
which measured the amount of ammonia in the solution 
(mg/L). The amount of ammonia and its presence would 
indicate the isolate bacteria’s ability to produce urease 
enzyme. This is because urease enzyme is responsible for 
the decomposition of urea into ammonia and carbonate. It 
should be noted that the amount of ammonia was calculated 
using Eq. (1) (Wang et al. 2017). 

 𝑢𝑟𝑒𝑎ℎ𝑦𝑑𝑟𝑜𝑙𝑦𝑠𝑖𝑠(௠௚/௅) = 𝑁𝐻ଷା(௠௚/௅) × 60(௚/௠௢௟௘)2 × 17(௚/௠௢௟௘)  (1)

 
Finally, the precipitation of microbial calcium carbonate 

was identified using X-ray diffraction (XRD), while the 
morphology of the bacteria was examined, before and after 
precipitation, using variable pressure scanning electron 
microscope (VP-SEM). Several steps were taken to 
examine the morphology of the bacteria cell. Firstly, the 
bacterial culture (30 mL) was incubated overnight, followed 
by centrifuging. Then, the harvested bacterial cells were 
washed in a microcentrifuge tube (2 mL) filled with 
distilled water (dH2O). Later, the bacterial cells were 
transferred and added to a cover glass (Fisher Scientific). To 
facilitate the adhesion between the glass and cells, the glass 
was coated with poly-lysine, prior to the addition of the 

 
 

bacteria. In a similar concept, to fix the bacterial cells to the 
glass, 1 mL of 2.5% glutaraldehyde solution was also added 
to the glass. After that, the target spot was immersed in 
hexamethyldisilazane for 2 hours. Then, the glass was kept 
in a desiccator overnight to ensure the complete drying of 
the bacterial cells. Finally, the target spot was examined via 
VP-SEM after both coating and dehydrating in order to 
increase the quality of the image resolution. 

To identify the microbial precipitation product, 30 mL 
LB with the inclusion of urea-CaC12 was incubated (Infors 
HT Ecotron incubator) for 7 days, as described in Fig. 1(a). 
Next, the centrifugation (KUBOTA, 5922 Model) of the 
bacteria culture was carried out for 10 min. at 10000 rpm, 
as illustrated in Fig. 1(b). Subsequently, referring to Fig. 
1(c), the precipitated product was placed in an oven for 24 h 
at 60°C for drying purposes. Finally, based on Fig. 1(d), the 
precipitated crystal was collected and ground into fine 
powder. The said fine powder was then examined using 
XRD, which is commonly used to identify crystal material. 
This technique is executed by recognising both the atomic 
layer spacing (d) and atom arrangement (structure of 
crystals), which are distinctive for every solid material 
(Scrivener et al. 2004). In particular, the SmartLab X-rays 
diffractometer (Rigoku) was used to identify the microbial 
product. To produce intensive X-rays spectra (CuKa 
radiation = 1.5418Å), the test was operated at 40 kV and 30 
mA with Cu anode. In addition, D/teX Ultra 250 detector 
over Bragg angle (2 theta3 - 100), 8.2551 deg/min, 0.0200 
deg /step as continuous scans for 10 min.) were used to 
collect the diffracted patterns. 

 
2.2.2 Bacterial spore solution 
The isolate bacteria were overnight grown in a 100 mL 

flask filled with 30 mL of lysogeny broth under shaking 
(150 rpm) at 37°C. It is interesting to note that a 0.01 g/L of 
MnSO4.H2O was added into the bacterial culture in order to 
form the bacterial spores. Based on the recommendation of 
Wang et al. (2017), the bacterial culture should be incubated 
for two weeks to ensure that at least 90% of the vegetative 
cells are converted into spores. 

After that, the bacterial culture was centrifuged for 4 
mins at 5,000 rpm. Then, the deposited spores were 
suspended in saline solution and kept in a cooling room 
(4°C) for further use with a concentration of 109 cells/mL 

 

 
(a) Incubation (b) Centrifuging (c) Drying (d) Grinding

Fig. 1 Preparation process for the XRD
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It should be noted that the concentration of the bacteria was 
calculated using a spectrophotometer (Jenway 7305 
UV/Visible) at OD600 and Eq. (2). Where N was the value 
of the obtained optical density OD600 and Q denoted the 
bacterial cells. 

 𝑄 = 8.59 × 10଻𝑁ଵ.ଷ଺ଶ଻ (2)
 
2.2.3 Concrete strength test 
The bacterial concrete mix was designed in a similar 

manner of the control mix. However, different 
concentration of urea (5 g/L – 20 g/L), calcium nitrate 
tetrahydrate (100 mM – 500 Mm), bacterial cells (5×106 – 
2×107 cells/mL) and yeast extract as nutrient (1 – 20 g/L) 
were added during the concrete mixing in order to 
implement the ureolytic activity inside the concrete matrix. 
In particular, the bacterial spore solution was replaced by a 
part of mixing water using the dilution equation Eq. (3). 
Where C2 was the bacterial cells concentration of the new 
solution and V2 indicated the volume of the new solution. 
Moreover, C1 was the concentration of the stock solution 
and V1 represented the stock solution volume. On the other 
hand, the urea, calcium nitrate tetrahydrate and nutrient 
were added into the mixing water using the morality 
formula as shown in Eq. (4). 

 𝐶ଵ × 𝑉ଵ = 𝐶ଶ × 𝑉ଶ (3)
 Molarity(𝑀) = weight(௚)volume(௅) × molarmass(௚/ெ) (4)

 
After that, cubes of 100×100×100 mm in size were cast 

and cured in a water tank. Then, they were tested at 
different ages (7, 14 and 28 days), as per BS EN 12390-
3:2009. Both control and bacterial concrete specimens were 
assessed in triplicate. After 24 h of casting, the specimens 
were demoulded and cured in a water tank at room 
temperature (28 ± 2°C) until the specimens were tested. The 
compression testing machine (NL Scientific) with a 
capacity of 3000 kN was utilised to conduct the 
compressive strength test, as per BS 1881 part 116 (1983). 

 
2.2.4 Concrete microstructure 
In recent years, X‐rays micro-computed tomography (X-

rays µCT) has gained a positive standing in the applications 
of engineering, specifically, regarding material porosity 
(Snoeck et al. 2016, Mahmud et al. 2017, Sokhansefat et al. 
2020). In the present study, the the concrete microstructure 
was examined at Universiti Teknologi Petronas (UTP) using 
X-rays µCT (Inspexio SMX-225 CT, Shimadzu, Japan). To 
achieve the target resolution, a small mm-sized of the 
mortar was prepared and taken into account to represent the 
concrete matrix based on BS EN 196-1:1995. In particular, 
the ratio of cement to sand was 1:3 by mass and the water 
cement ratio was kept constant at 0.6. In addition, the 
optimum concentration of urea (20 g/L), calcium nitrate 
tetrahydrate (250 mM), nutrient (3g/L) and bacterial cells 
(2×107 cells/mL) were added during the mortar mixing. 
Then, mortar specimens (Φ10, 20 mm and Φ25× 40 mm) 
were cast. After 2h hours, the mortar specimens were cured 
in tap water and kept for 28 days in order to carry out the X-

rays test. 
After that, the target sample was placed between the X-

ray source and an X-ray detector. Then, the emitted X-rays 
travelled towards the detector through the cross-section of 
the sample, relying on the density of the material. In 
particular, the intensity of the pass X-rays was converted 
into the grey level from 0 to 255. The higher density was 
represented by light grey level value, whereas the higher 
value of grey level reflected the porous material. In the 
present study, the output voltage was raised up to 130 kV 
with the ampere of 100 mA to obtain high quality images. 
In addition, to improve details and resolution, the sample 
was rotated at 360o to create projections. Subsequently, 3D 
constructed slices were developed by VGStudio Max 3D 
rendering program. Finally, to observe and analyse the 
porosity and ITZ, myvgl33 reader software was used. 

 
2.3 Mathematical models 
 
2.3.1 Response surface methodology 
Response surface methodology (RSM) is one of the 

most commonly used predicted approach in the field of civil 
engineering (Kathirvel and Kaliyaperumal 2017, 
Shahmansouri et al. 2021a, b). It involves the combination 
of both statistical and mathematical methods to assess the 
relationship between the independent variables (influential 
factors) and dependent variables (response). In the present 
study, five influential factors (Xi) were represented by 
concentration of bacterial spores, urea, nutrient, calcium 
and time. While, the compressive strength of the bacterial 
concrete acted as one response (Y). In particular, forty-eight 
compressive strength tests were imported and analysed 
through the historical data tool of the Design expert 
software. In addition, the limit, codes and unit of the five 
influential factors are shown in Table 1. In other words, the 
maximum applicable limit of the involved parameters was  
adopted in the present study. For example, it is believed that 
improved bacterial concrete strength is achieved at an early 
age, specifically at the first four weeks (Algaifi et al. 2020). 
This is because the contribution of the bacteria to improve 
strength is very limited at a later age. In particular, the 
bacteria would not induce calcium carbonate later due to 
improved concrete microstructure over time, discussed in 
detail in section 3.2. 

In the same context, second order polynomial equation 
was taken into account to estimate the response as well as 
show the relationship of the influential factors as shown in 
Eq. (5). where, βo and βi are regarded as a constant and 
linear coefficient. In addition, βii and βij represented the 

 
 

Table 1 Codes and limit of the influential factors 

Influential factors Code Unit 
Limit 

Minimum Maximum
Bacterial cells X1 Cells/mL 5×106 2×107 

Urea concentration X2 g/L 5 30 
Calcium concentration X3 mM 100 500 
Nutrient concentration X4 g/L 1 20 

Time X4 days 7 28 
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quadratic and interactive coefficients. 
 𝑌 = 𝛽௢ + ෍ 𝛽௜௞

௜ 𝑋௜ + ෍ 𝛽௜௜௞
௜ 𝑋௜ଶ + ෍ 𝛽௜௝௞

௜௝ 𝑋௜௝ (5)

 
2.3.2 Adaptive neuro-fuzzy inference system 
Besides the fact that the ANN was recognised as an 

efficient and robust technique in many civil engineering 
application, Adaptive Neuro-Fuzzy Inference System 
(ANFIS) was also found to be a better method when the 
relationship between the input and output is very 
complicated (Golafshani et al. 2020, Naderpour and 
Mirrashid 2020, Huseien et al. 2021). This is because 
ANFIS combined the advantages of both fuzzy inference 
system (FIS) and ANN, which enable them to deal with 
nonlinear and complicated problems (Al-Mughanam et al. 
2020, Alabduljabbar et al. 2020, Golafshani et al. 2020, 
Shariati et al. 2020a, b). Therefore, in the present study, 
both ANN and ANFIS were, separately, utilised to predict 
the evolution of bacterial concrete strength and the involved 
parameters. The efficiency of the proposed ANFIS and 
ANN models were compared and evaluated using different 
statistical validation methods. 

In fact, ANFIS mimic the human behaviors of human by 
involving ‘If–then rules’. For simplicity, two input 
parameters (X1, X2) and one output (Y1) were taken into 
account in order to briefly explained the process of ANFIS. 
The framework and process of ANFIS consist of several 
steps or layers namely, input layer, fuzzifaction, rules, 
normalization, fuzzy inference and defuzzifaction layer. The 
input layer consists of fixed neurons which represent the 
value of the real data. Then, the second one is fuzzication 
layer which involves adapting neurons. In this layer, the 
fuzzy set of the input later is calculated using the suitable 
membership function as shown in Eqs. (6) and (7). 

 𝑂௜ଶ = 𝜇𝐴௜(𝑥ଵ) (6)
 𝑂௜ଶ = 𝜇𝐵௜(𝑥ଶ) (7)
 
Where, µAi and µBi are the target membership. Indeed, 

there are several membership functions such as Gaussian 
function, triangular, sigmoid, etc. For example, if a sigmoid 
function is considered, then µAi is measured by Eq. (8) in 

 
 

which a and b are parameter set. 
 𝜇𝐴௜ = 11 + 𝑒ି௔(௫ି௕) (8)
 
For the same regard, the firing layer represents the third 

layer in which the output firing strength (output) wi, is 
calculated by multiplied the output of the second layer as 
shown in Eq. (9). It is intestine to note that the neuron of 
this layer is fixed neurons. 

 𝑤௜ = 𝜇𝐴௜(𝑋ଵ) × 𝜇𝐵௜(𝑋ଶ) (9)
 
In addition, the fourth layer is known as the 

normalisation layer involving fixed neurons that receive the 
firing strength and normalize them. In particular, the firing 
strength for each node is divided by the sum of all the fire 
strength of the rule layer as shown in Eq. (10). 

 𝑤௜ = 𝑤௜∑ 𝑤௜ (10)
 
Moreover, the fifth layer represent the If-then rules in 

which the output of the normalization layer was multiplied 
by either zero or first order polynomial equation (fi) as 
shown in Eq. (11). This process is called the defuzzification 
layer. Where a, b and c are the parameters set in the 
consequence function. 

 𝑂௜ହ = 𝑤௜𝑓௜ (11)
 
For example, if first order polynomial (linear equation) 

was considered then, the If-then rules are represented as 
follows: 

 
Rule1: if X1 is A1 and X2 is B1 then f1=p1 X1+q1 X2+r1 
Rule2: if X1 is A2 and X2 is B2 then f1=p2 X1+q2 X2+r2 
 
Where pi, qi and ri are the obtained parameters during 

the training process. 
Finally, the sum of defuzzification output was calculated 

in the six layers as shown in Eq, (12). It is interesting to 
note that the neuron in this layer is fixed neurons. 

 𝑂௜଺ = ෍ 𝑤௜. 𝑓௜ (12)
 
From the viewpoint of the proposed ANFIS model, five 

 
Fig. 2 Structure of proposed ANFIS model
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input parameters (xi), including urea, calcium, nutrient, 
bacterial cell concentration and time, were considered to 
construct the model, as shown in Fig. 2. Then, a triangular 
membership function (trimf) was adopted for fuzzification 
of the target input parameters (inputmf) and the output of 
the fuzzy if-then rules (outputmf) was obtained using a 
zero-degree polynomial equation (constant). In particular, a 
total of 25 rules was constructed for the present ANFIS 
model. For example, Fig. 3 presents the diagram of the 
fuzzy inference approach for the input vector (20, 150, 2.5, 
2e07, 28). The vector represents the value of urea, calcium, 
nutrient, bacterial cell concentration and time, respectively. 
It is interesting to note that 48 and 10 experimental tests 
were carried out and taken for training and validation 
purposes. In addition, the MATLAB ANFIS toolbox was 
utlised to construct the model. 

 
2.3.3 Artificial neural network (ANN) Model 
Artificial Neural Network (ANN) is also one of the most 

biologically inspired computational models in civil 
engineering application (Shahmansouri et al. 2020, 
Nematzadeh et al. 2021). It simulates the information 
process of the human brain as shown in Fig. 4(a). The 
human brain contains billions of neurons which are 
interconnected by axons. The neuron processes the 
information in the form of an electrical signal in three steps 

 
 

 
 

receiving, processing and recognition. In the receiving step, 
neuron dendrites receive the external information and 
proceed it in the cell of neuron as a chemical signal. With a 
sufficient amount of chemical signals inside the neuron cell, 
an electrical signal is generated which is termed as the 
processing step. These electrical signals are then passed to 
the next neuron through an axon path. Then, in the 
recognition step, the next neuron has to decide (on its own) 
either to reject or accept them according to the strength of 
the electrical signal. Similarly, an ANN is composed of 
several artificial neurons to mimic the actual biological 
neuron function. First, the receiving information (input 
values) are weighted and combined via an activation 
function. Then, these input values are passed and processed 
inside the neuron through a mathematical transfer activation 
function. Subsequently, the output reflects the behaviour of 
the neuron in a manner similar to the electrical signal of the 
actual neuron. This is demonstrated in Fig. 4(b). 

In the present study, the developed model consists of 
three layers as shown in Fig. 4(c). The first layer namely 
input later (I) contains five neurons (parameters) which are 
represented by urea, calcium, yeast extract, bacterial cells 
concentration and time. Then, seven neurons of the hidden 
layer (H) were used to achieve the best performing model 
which is consistent with Bahiraei et al. (2020), who found 
that one hidden with seven neurons was the best case to 

Fig. 3 Fuzzy inference diagram for the developed ANFIS model 

(a) Function of human brain (b) Artificial neural network 

Fig. 4 Neural network processing
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develop an ANN model using 34 data samples. Similarly, 
Liu et al. (2021) stated that small numbers of hidden layers 
and neurons are good choices to avoid overfitting the data. 

 In addition, one neuron in the third layer was used to 
reflects the predicted compressive strength of bio-concrete 
namely output layer (O). It is interesting to note that a total 
of 58 experimental test (80% for training and 20% for 
validation purposes) were utilised to construct the proposed 
ANN model using JMP software. Moreover, the TanH 
sigmoid function was adopted to map the input with the 
target output using Eq. (13). 

 𝑓(௫) = 𝑒ଶ௫ − 1𝑒ଶ௫ + 1 (13)
 
2.4 Validation of the models 
 
In the present study, the performance of both techniques 

ANN and RSM were evaluated using different statistical 
indicators. For example, the residual, mean square error 
(MSE) and root mean square error (RMSE) were used as an 
estimator in the statistical terms. They were considered to 
quantify the degree of difference between the actual value 
of the experimental results and the predicted compressive 
strength of concrete. In particular, when the value was close 
to zero, the disparity between both the actual and predicted 
output achieved minimal. In addition, with a smaller value 
of error, a more efficient model can be achieved is obtained. 
The MSE and RMSE formula are expressed as shown in 
Eqs. (14) and (15). Where YA was the experimental result of 
the concrete strength and YP was the predicted concrete 
strength from the model. 

 𝑀𝐸𝑆 = 1𝑁 ෍(𝑌௉ − 𝑌஺)ଶே
௜ୀଵ  (14)

 
 

 

𝑅𝑀𝐸𝑆 = ඩ1𝑁 ෍(𝑌௉ − 𝑌஺)ଶே
௜ୀଵ  (15)

 
In the same context, determination coefficient (R2), 

adjusted R2 and R was also taken into account as a statically 
estimator. In particular, it was utilised to evaluate the 
strength of the results. In addition, both R2 and adjusted R2 
are able to provide insight into the degree of fitting between 
the network output and the collected experimental data as 
expressed in Eqs. (16) and (17). Where the average value of 
the predicted results was termed as YPmean, whereas, the 
number of experimental runs was represented by N. 
Moreover, the best fitting of actual compressive strength of 
the bio-concrete and the predicted results is accrued by 
increasing the value of the determination coefficient. Its 
value is also normally in the range of 0–1. Where N is the 
number of the experimental test and K is the number of the 
influential factors. 

 𝑅ଶ = ∑ ൫𝑌஺ − 𝑌஺೘೐ೌ೙൯ଶ − ∑ (𝑌஺ − 𝑌௉)ଶே௜ୀଵே௜ୀଵ ∑ ൫𝑌஺ − 𝑌஺೘೐ೌ೙൯ଶே௜ୀଵ  (16)

 𝑅௔ௗ௝ଶ = 1 − ൤(1 − 𝑅ଶ) × 𝑁 − 1𝑁 − 𝐾 − 1൨ (17)

 
In addition, the mean percentage error (MPE) (Awolusi 

et al. 2019) was used for analysing the efficiency of the 
developed model as shown in Eq. (18) receptively. MPE is 
also necessary in order to assess the accuracy of the 
proposed model. 

 

 
(a) Urease activity (b) Cell morphology before precipitation

 

 
(c) Cell morphology after CaCO3 precipitation (d) Identification of the microbial product by XRD

Fig. 5 Initial screening of the isolated bacteria
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𝑀𝑃𝐸 = ൭100𝑁 ෍ ቤ𝑌஺ − 𝑌௉𝑌௣ ቤே
௜ୀଵ ൱ (18)

 
Moreover, other statistical indicators were also utilised 

to prove the performance of the model such as Relative 
Absolute Error (RAE) Eq. (19), Mean Root Relative 
Squared error (RRSE) Eq. (20) and Correlation Coefficient 
(R) Eq. (21) (Altowayti et al. 2019). These indicators also 
aimed to assess the error, differences and correlation 
between the predicted and actual results. 

 𝑅𝐴𝐸 = ∑|(𝑌௉ − 𝑌஺)|∑ ቚቀ𝑌௉ − ଵே ∑ 𝑌஺ቁቚ (19)

 𝑅𝑅𝑆𝐸 = ඩ ∑(𝑌௉ − 𝑌஺)ଶ∑ ቀ𝑌௉ − ଵே ∑ 𝑌஺ቁଶ (20)

 𝑅 = (𝑁 ∑ 𝑌஺𝑌௉ − ∑ 𝑌஺ ∑ 𝑌௉)ଶ(𝑁 ∑ 𝑌஺ଶ − (∑ 𝑌஺)ଶ)(𝑁 ∑ 𝑌௉ଶ − (∑ 𝑌௉)ଶ) (21)

 
 

3. Results and discussion 
 
3.1 Initial screening of the isolate bacteria 
 
Based on the results, the isolate bacteria proved its 

ability to induce urease enzyme, which is the main sole 
parameter to hydrolyse urea into carbonate. As expressed in 
Eq. (22), carbonate ions would react with the calcium that is 
available inside the concrete matrix to produce calcium 
carbonate. 

 CO(NHଶ)ଶ + 2𝐻ଶ𝑂 + Caଶା  ௨௥௘௔௦௘ ሱ⎯⎯⎯⎯⎯⎯ሮ 2NHସା + CaCOଷ (22)
 
In addition, the hydrolysis efficiency of the isolate 

bacteria was evaluated by comparing its productivity 
 
 

with another bacterial species namely, S. pasteurii ATCC 
11859. S. pasteurii ATCC 11859 was obtained from Bio-
Focus Saintifik Sdn Bhd. in order to compare and assess the 
efficiency of the isolate bacteria as the S. pasteurii species 
has been regarded as one of the most commonly used 
bacterial species in the field of bio-based self-healing 
concrete (Bundur et al. 2017). Fig. 5(a) show that both 
bacterial species were able to hydrolyse urea into carbonate 
and ammonia at an almost similar rate. From the point of 
bacterial morphology, it could be seen that the isolate 
bacteria was rod shaped, in which its length and width were 
4 μm and 1 μm respectively as shown in Fig. 5(b). 

On the other hand, after the precipitation of calcium 
carbonate on the bacterial cells, its size was bigger which is 
also known as bacterial aggregate (40–50 μm) as illustrated 
in Fig. 5(c). Accordingly, the formation of bacterial 
aggregate required several steps. Firstly, the calcium ion 
stacked on the cells surface of the bacteria. After that, the 
chemical reaction between both the calcium and carbonate 
began to deposit as small crystals. Then, the small crystals 
bonded with each other to form a big crystal, which is also 
known as bacterial aggregate. In the same context, the 
microbial CaCO3 was identified as both vaterite and calcite, 
as shown in Fig. 5(d) in which the amount of vaterite was 
higher than calcite. This was in a good agreement with 
previous studies. For example, Qian et al. (2009) concluded 
that the microbial CaCO3 product induced by Bacillus 
Pasteurii was identified as calcite (predominantly) and 
small quantities of vaterite. 

 
3.2 The optimum concentration of the affected 

parameters 
 
The optimum value of the influential parameter on 

bacterial concrete strength were obtained and discussed. 
Based on the numerical optimization technique of RSM 
model (Fig. 6(a)), it can be seen that optimum compressive 
strength of bacterial concrete was achieved with urea 
concentration of almost 20 g/L, calcium concentration of 

 
 

 
(a) RSM model

 

 
(b) ANN model

Fig. 6 Optimization of the affecting parameters
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250 mM, low concentration of nutrient (close to 3 g/L) and 
maximum bacterial cells concentration (2×107 cells/mL). 
This finding is in line with the predicted optimum value 
using the neural network model, as shown in Fig. 6(b). 

In the same context, the optimum range of the affecting 
parameters can also be observed via 3D plot of ANN model. 
It can be seen that the maximum bacterial concrete strength 
was obtained at a concentration of urea (18 – 23 g/L) as 
shown in Fig. 7(a). In addition, Fig. 7(b) shows that calcium 
concentration from 200 mM to 250 Mm was found to be the 
optimum range to enhance the strength. In contrast, strength 
improvement was accompanied by low nutrient 
concentration (less than 3 g/L), as shown in Fig. 7(c). While 
increasing the bacterial cell concentration up to 2×10 
cell/mL leads to an increase in the compressive strength, as 
shown in Fig. 7(d). 

These outcomes are also consistent with the predicted 
results from RSM and ANFIS models. For example, Fig. 8 
presents the color distribution of the bacterial concrete 
strength gain using both response surface 3D plot (RSM 
model) and counter plot (ANFIS model). In particulate red 
color regain represents the highest compressive strength, 
while, the blue color zone represents the lowest strength 
gain. Based on the results, it can be seen that the highest 
strength was achieved at an optimum concentration of urea 
(333 mM), calcium (250 mM), yeast extract (3 g/L) and 
bacterial spores (2×107 cells/ml). 

For example, Figs. 8(a) and (b) show the evolution of 
bacterial compressive strength over time by varying urea 

 
 

concentration from 5 to 30 g/L and at a fixed concentration 
of calcium (250 mM), nutrient (3 g/L) and bacterial cells 
(2×107 cells/mL). It is observed that the strength improved 
with an increase in the urea concentration. This is because 
urea is regarded as a source of carbonate ions in which the 
bacterial cells decompose urea into carbonate and ammonia. 
With more carbonate ions, more calcium carbonate would 
precipitate. This fact is consistent with Balam et al. (2017) 
who linked the strength enhancement with the available 
amount of urea. In addition, it can be seen that the optimum 
value of urea concentration to obtain the maximum concrete 
strength was identified as 20 g/L. Beyond the said amount, 
no significant changes in concrete strength were observed. 
This was because the bacteria had a limited capacity to 
hydrolyse urea. Given that, the amount of urea 
concentration should be used prudently so as to not affect 
the cost. 

Similarly, the effect of calcium on the bacterial concrete 
strength was also investigated by varying calcium dosage 
from 20 to 500 mM and optimum concentration of urea, 
nutrient and bacterial cells as shown in Figs. 8(c) and (d). 
The enhancement of concrete strength regain is located 
where the calcium concentration ranges from 150-350 mM. 
However, it can be inferred that the optimum cost-effect 
concentration was 250 mm. Beyond this value, the strength 
enhancement is not significant. This is because the 
excessive amount of calcium is not important for bacterial 
activity, based to Zhang et al. (2016), when calcium 
concentration was greater than 60 mM, both ureolytic 

 
 

(a) Urea and time (b) Calcium and time 
 

(c) Nutrient and time (d) Bacterial cells and time 

Fig. 7 Evolution of the predicted bacterial concrete strength using ANN model as a function of time and any of 
the input parameters
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(a) Urea and time RSM model (b) Urea and time NAFIS model 
 

(c) Calcium and time RSM modeli (d) Calcium and time ANFIS model 
 

(e) Nutrient and time RSM model (f) Nutrient and time ANFIS model 
 

(g) Bacterial cells and time RSM model (h) Bacterial cells and time ANFIS model

Fig. 8 Evolution of the predicted bacterial concrete strength using RSM and ANFIS models as a function of 
time and any of the input parameters
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activity and bacterial growth were negatively affected. 
On the other hand, it is found that bacterial cell 

concentration plays a great role in the productivity rate of 
microbial calcium carbonate precipitation. It is interesting 
to note that the concomitant increase in bacterial cells 
concentration significantly enhanced the concrete strength 
as shown in Figs. 8(g) and (h). This owed to the presence of 
bacterial cells, which in turn, could have filled the pores or 
any defect in the cement-based environment due to several 
main reasons. In particular, the bacterial cells might fill any 
micro-voids inside the concrete matrix, even without any 
precipitation of calcium carbonate. This finding was 
consistent with a previous study by Su et al. (2019). In 
addition, the bacterial cells acted as a nucleation site for the 
deposition of microbial CaCO3 product. This was due to the 
differences in electrical charge between both the bacterial 
cells and calcium ions. As such, as more bacterial cells were 
present, more calcium carbonate formed. Moreover, the 
bacterial cells were essential for CaCO3 precipitation 
through the production of urease enzyme. Given that, 
without the bacteria cells, the urea could not be hydrolysed 
into carbonate ions, which would later react with calcium to 
form CaCO3 at the surface of the cell. Therefore, it could be 
concluded that the bacterial cells are important in order to 
create a bacterial aggregate, which is responsible for 
plugging the capillary pores or cracks in the matrix. This 
fact was in line with previous studies who used different 
bacterial species. For example, Okwadha and Li (2010) 
concluded that the amount of calcium carbonate deposition 
was linked to a higher concentration of bacteria cells. 
Another study stated that the precipitation of microbial 
calcium carbonate was found in enhanced concrete strength 
by filling the pores of the concrete as well as the 
microcracks in the concrete matrix using another Bacillus 

 
 

bacterial species (Siddique et al. 2017). 
In contrast, the nutrient concentration did not play a 

significant role in the enhancement of concrete strength. In 
addition, the excessive amount of calcium and yeast extract 
negatively affected the compressive strength of the 
concrete. This is because the concentration of yeast extract 
inside the concrete matrix might hinder and affect the 
process of hydration chemical reaction. Figs. 8(e) and (f) 
presents the relation between the yeast extract concentration 
value and concrete strength. It was demonstrated that there 
was a slight improvement in the compressive strength when 
the yeast extract concentration was lower than 3 g/L. 
Moreover, a significant decline in compressive strength was 
also observed when the yeast extract concentration was 
greater than 5 g/L. Similar findings were also observed by 
Bundur et al. (2015), who were on the view that the 
addition of 20 g/L yeast extract had a negative influence on 
concrete strength. 

In general, it can be inferred that the maximum bacterial 
concrete strength was found to be 41.85 MPa at the 
optimum concentration of the affecting parameters. In 
addition, it was 16% higher than the control mix (36.5 MPa) 
after 28 days. The increase in the compressive strength at 
all ages was attributed to the improvement of the concrete 
microstructure. In particular, the isolate bacteria 
decomposed the urea into carbonate, which then reacted 
with the available calcium to produce both vaterite and 
calcite as discussed earlier. As a result, both vaterite and 
calcite filled the pores and defects, which then densified the 
microstructure of the concrete. Fig. 9 shows a 2D cross-
section of the bacterial concrete specimen which was 
obtained using X-rays CT scan. It was aimed to observe and 
analyse the porosity of the concrete with and without 
bacteria. 

 
 

 
(a) Bacterial concrete specimen

 

 
(b) Control concrete specimen

Fig. 9 Distribution of the pores
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In general, the concrete specimen observed the 
generated X-rays according to its density and compositions 
in the form of digit numbers (i.e., pixel images). For 

 
 

 
 

example, the porous concrete absorbed less X-rays. As 
such, the detector received a high amount of the X-rays 
which was converted to the maximum grey level (dark 

 
 

 
 

(a) Bacterial concrete specimen (b) Control concrete specimen 

Fig. 10 Microstructure and ITZ

(a) Nutrient and urea RSM model (b) Nutrient and urea ANFIS model 
 

(c) Nutrient and calcium RSM model (d) Nutrient and calcium RSM model 
 

(e) Nutrient and bacterial cells RSM model (f) Nutrient and bacterial cells RSM model

Fig. 11 Evolution of concrete strength due to the interaction between nutrient and other input variables (urea, 
calcium and bacterial cells) 
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region- 255). In contrast, the generated X-rays were highly 
absorbed in a highly dense concrete, and thus, created a 
bright region in the CT image. According to the three 
phases of the concrete, the aggregate was denser than the 
others (C-S-H and ITZ). In addition, the porosity of the 
cement paste (gel) was lesser than that of the ITZ. 
Therefore, the high level of brightness represented the 
aggregate, while the dark colour represented the defect and 
pores in both the cement gel and ITZ. For simplification, 
the density of the concrete was represented by different 
colure counter according to its value in order to simply 
analyse the variation and location of the porosity in the 
present study. For example, Figs. 9(a) and (b) show the 
colour counter distribution of the porosity of both bacterial 
and control specimens in which the pink region represents 
the dense concrete and the porous reign was represented by 
the red colour. It can be seen that the majority of the pink 
colour is located and distributed in the bacterial concrete 
skin (5 mm from the concrete surface), while the pink area 
was limited in the control skin. Therefore, it can be inferred 
that the percentage of the pores significantly reduced in the 
bacterial concrete skin compared to that of the control skin 
which was attributed to the microbial precipitation of 
calcium carbonate that filled the pores and defects. 

 
 

 
 

In the same context, Figs. 10(a) and (b) illustrate the 
microstructure of both the bacterial and control specimens. 
It can be clearly seen that the area of the pores of the 
bacterial concrete, which was represented by red colour, 
was lesser than the control one specifically, at the cement 
gel. While, the pores of both bacterial and control concrete 
was almost close at the ITZ. This is because of the 
morphology and composition of the ITZ in which it differs 
in comparison to that of the cement paste. Specifically, the 
ITZ is distinguished by a high concentration of calcium 
hydroxide (Xu et al. 2017). Therefore, the ITZ of bacterial 
concrete was somewhat smaller than the control specimens 
due to the high pH that might hinder the bacterial activity. 
Specifically, the thickness of the ITZ of bacterial concrete 
was found to be within 40 µm compared to that of the 
control concrete (50 µm). This finding was consistent with a 
study by Mukharjee and Barai (2014) who stated that the 
ITZ could be found around the aggregate and had a 
thickness in the range of 30 to 50 µm. In addition, they 
concluded that the hardness value was constant and larger at 
the cement paste. 

From another point of view, it was also interesting to 
note that the size of the pores was classified according to 
their size. Based on the study of Zhang et al. (2018), three 

 
 

 
 

(a) ANN model (b) ANFIS model 
 

(c) RSM model

Fig. 12 Comparison between residual errors distribution obtained from the three developed models

Table 2 Statistical analysis results 
Model MSE RMSE R R2 𝑅௔ௗ௝ଶ  MPE% RAE RRSE 
RSM 0.704 0.839 0.973 0.972 0.970 1.678 0.131 0.165 
ANN 0.628 0.793 0.986 0.985 0.983 1.508 0.11 0.121 

ANFIS 0.616 0.785 0.986 0.986 0.984 1.1 0.09 0.12 
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levels represented the pores according to their diameter. Gel 
pores represent the smallest pores with a diameter of less 
than 10 nm. Gel pores are attributed to the hydration 
process and they are important, as they play a great role in 
regard to the porosity and durability aspects. The second 
level is capillary pores, which can range between 10 nm and 
1000 nm. Capillary pores are defined as the original water 
space, which are not filled by the hydrated cement product. 
Relatedly, capillary pores can be an important factor for 
concrete strength aspect. Finally, air voids are regarded as 
the third level, and they are greater than 1000 nm in size. 
The two main causes of air voids include inadequate 
compaction and deliberately entrained air. It should be 
noted that the resolution of X-rays CT reached up to 20 µm. 
Therefore, pores or voids, that are lesser than 25 µm, was 
neglected. 

 
3.3 The interaction parameter on concrete strength 
 
Based on the results, it is found that the nutrient 

concentration was found to be the main parameter that has 
interaction with other parameters. In other words, the 
strength significantly decreased with an increasing of yeast 
extract as illustrated in the distribution counter of the 
concrete strength even with increasing the concentration of 
the other parameters. For example, the evolution of the 
compressive strength of the bacterial concrete as a function 
of nutrient and urea concentration was represented by 
colour counter distribution as shown in Figs. 11(a) and (b). 
It can be seen that the strength decreased with an increase in 
nutrient concentration even with an increase the urea 
concentration. This result is very close to the relationship 
between calcium and nutrient concertation as shown in 
Figs. 11(c) and (d). In the same context, despite the great 
importance of bacterial cells concentration on the strength 
improvement, increasing nutrient negatively affect the 
strength gain (Figs. 11(e) and (f)). It can be concluded that 
nutrient does not have any positive role in the precipitation 
of calcium carbonate inside the concrete matrix. In this 
present study, this fact was also demonstrated by the X-rays 
CT images, in which the percentage of the bacterial 
concrete pores was lesser than that of the control specimen 
without bacteria. In particular, the decreasing of the 
concrete pores was observed near the concrete skin. Indeed, 
by improving the microstructure of the concrete, its strength 
would also increase. Another reason for strength 
improvement was that the bacterial cells acted as a 
nucleation site for calcium ions due to their negative charge. 
As a result, the bacteria cells themselves filled the 
micropores inside the concrete matrix. 

 
3.4 Comparison and validation of RSM, ANFIS and 

ANN models 
 
3.4.1 Comparison of RSM, ANFIS and ANN 

models 
In the present study, the accuracy and performance of 

the developed models were compared and evaluated using 
several statistical indicators after finding the best data 
parameters, as discussed in section 3.4.1. Based on the 
statistical analysis (Table 2), it is evident that the RSM, 

ANIFS and ANN models could efficiently predict the 
compressive strength of concrete. However, Machine 
learning models (ANN and ANFIS) showed a clear 
superiority compared to that of the RSM model. 

For example, according to Shahmansouri et al. (2019), 
both the actual and predicted results can be considered close 
results if R2 is greater than 0.7. In addition, the accuracy of 
the generated model is improved when it approaches 1. In 
the same context, when the correlation coefficients (R) was 
greater than 0.8, the accuracy between the actual and 
predicted results was achieved. Therefore, our proposed 
models could be regarded as an accurate model for 
predicting the compressive strength of bacterial concrete. 
This is because the R2, R and adj. R2 were found to be 
greater than 0.9 for all models. Such result is an important 
indicator in regard to the fitness level between the actual 
and predicted results of the proposed model. Similarly, 
MSE, RMSE, MPE, RAE and RRSE were also considered 
to evaluate the efficiency of the models. Based on the 
results, it can be inferred that the generated models had a 
minimum error. These indicators values are also regarded as 
a prove to value the models. 

In the same context, the distribution of the residuals 
error was also taken into account to check the adequacy of 
the models. This is because a high number of R2 does not 
always mean that the generated model is accurate 
(Hammoudi et al. 2019). Therefore, Fig. 12 present the 
residual error that obtained from the predicted and actual 
results. It is found that variations of the residuals are regular 
and small for ANN and ANFIS model compared to that of 
the RSM model. 

 
 

4. Conclusions 
 
Bacteria-based self-healing concrete has been 

recognised as a sustainable strategy to improve concrete 
properties. However, efforts to optimise the involved 
parameters are still in demand. In the present study, both 
experimentally and predictive models using machine 
learning and RSM were taken into account in order to 
assess the compressive strength of bacterial concrete 
incorporating new bacterial species. In particular, a 58 
experimental test data were considered under different 
concentrations of the influential factors. Moreover, the X-
rays computed microtomography (CT) technique was also 
utilised in order to examine and evaluate the micro-voids 
variation in the bacterial and control concrete 
microstructure. Based on both the predicted and actual 
results, the highest enhancement of bacterial concrete 
strength was 16% higher than the control specimen at 
optimum concentrations of urea (20 g/L), calcium nitrate 
tetrahydrate (250 mM), nutrient (3 g/L) and bacterial cells 
concentration (2×107 cells/mL). In addition, the 
improvement of the bacterial concrete microstructure was 
clearly observed at the concrete skin (i.e., 5 mm from the 
concrete surface). For the same regards, the ANFIS, ANN 
and RSM models proved their ability to accurately predict 
the compressive strength of bacterial concrete in which the 
percentage error RMSE and the adjusted determination 
coefficient were (0.616, 0.628, 0.704) and (0.984, 0.983, 
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0.97) respectively. 
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