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1. Introduction 
 

The varied and complicated character of soil makes it an 

ideal medium. Owing to the intricacy and ambiguity of the 

situation, variations in the soil's properties are unavoidable. 

The large inherent uncertainty in the soil attributes relies on 

the site situation because of the inherent randomness of the 

soil creation mechanism. Therefore, all of the changes in 

the soil's qualities must be taken into account before 

building any construction on it (Sarkhani Benemaran et al. 

2022, Esmaeili-Falak et al. 2018). Common constructions 

that are built on the earth's surface and through which the 

weight of other structures is transferred to the ground are 

shallow foundations. The soil carrying capacity and 

foundation settling are the two key factors that influence 

shallow foundation design. In addition, settlement instead 

of bearing capacity governs the design of shallow 

foundations (Schmertmann 1970). 

Empirical equations according to permitted bearing 

capacity and settlement requirements are often utilized in 

the traditional design of shallow foundations built on 

cohesive soil (Esmaeili-Choobar et al. 2013). The final 

bearing capacity must be reduced by the factor of safety to 

get the allowed bearing capacity of the shallow foundation 

(Sarkhani Benemaran et al. 2020). Additionally, the factor 

of safety technique is often employed to determine footing  
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settlement since it is straightforward and directly related to 

the settlement. Nevertheless, it disregards the unknowns 

around the factors influencing the soil qualities (Duncan 

2000, Peschl et al. 2002, Wang et al. 2020, Whitman 2000, 

Zhang and Goh 2012). Phoon demonstrated that the 

variability in test results is caused by both testing errors and 

variations in the soil deposits (Phoon 2002). When input 

variables are treated as random variables, and the impacts of 

the input data on outcomes are examined by various 

models, reliability analysis has been conducted to account 

for changes in soil qualities. Many academics have 

conducted their study utilizing the probabilistic method, 

developing models employing probabilistic ideas for the 

estimation of the total settlement utilizing either 

conventional penetration test data or consolidation test data 

(Krizek et al. 1978). A probabilistic technique was then 

suggested for the use of an efficient frictional angle solution 

for the final bearing capacity for a shallow foundation 

footing on cohesionless soil (Cherubini 2000). In order to 

provide a probabilistic remedy to evaluate the bearing 

capacity of a shallow foundation placed on cohesionless 

soil, it was utilized two variables (effective frictional angle 

and soil unit weight). This study also demonstrated that unit 

weight variation has a significant impact on the bearing 

capacity of shallow foundations (Easa 1992). 

Numerous scholars used various techniques to perform 

reliability analysis. Various studies using experimental. 

datasets have been developed for solving different problems 

of engineering (Esmaeili-Falak et al. 2019, Zhu, et al. 2022, 

Aghayari Hir et al. 2022, Shi et al. 2023, Yuan et al. 2022, 

Yang et al. 2022). In order to calculate settlement and 
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Abstract.  Settlement estimation in cohesion materials is a crucial topic to tackle because of the complexity of the cohesion soil 

texture, which could be solved roughly by substituted solutions. The goal of this research was to implement recently developed 

machine learning features as effective methods to predict settlement (𝑆𝑚) of shallow foundations over cohesion soil properties. 

These models include hybridized support vector regression (𝑆𝑉𝑅), random forests (𝑅𝐹), and coot optimization algorithm 

(𝐶𝑂𝑀), and black widow optimization algorithm (𝐵𝑊𝑂𝐴). The results indicate that all created systems accurately simulated the 

𝑆𝑚, with an 𝑅2 of better than 0.979 and 0.9765 for the train and test data phases, respectively. This indicates extraordinary 

efficiency and a good correlation between the experimental and simulated 𝑆𝑚 . The model's results outperformed those of 

𝐴𝑁𝐹𝐼𝑆 − 𝑃𝑆𝑂, and 𝐶𝑂𝑀 − 𝑅𝐹 findings were much outstanding to those of the literature. By analyzing established designs 

utilizing different analysis aspects, such as various error criteria, Taylor diagrams, uncertainty analyses, and error distribution, it 

was feasible to arrive at the final result that the recommended 𝐶𝑂𝑀 − 𝑅𝐹 was the outperformed approach in the forecasting 

process of 𝑆𝑚 of shallow foundation, while other techniques were also reliable. 
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bearing capacity, Babu and Srivastava employed the 

response surface method (𝑅𝑆𝑀) to create an approximation 

polynomial function utilizing a valid range of soil properties 

as input (Babu and Srivastava 2007). Multi-layer perceptron 

( 𝑀𝐿𝑃 ) and B-spline Neuro-fuzzy networks are two 

modeling types that Shahin et al. developed and 

implemented for predicting shallow foundation settling on 

granular soil (Shahin et al. 2003b). Karimi investigated the 

behavior of a vaalley that had been filled with silt using 

neuro-fuzzy systems (Karimi 2003). Hasanipanah et al. 

employed the particle swarm optimization-artificial neural 

network (𝑃𝑆𝑂 − 𝐴𝑁𝑁) approach to forecast the maximum 

surface settlement brought on by tunneling, demonstrating 

that this model is more accurate than 𝐴𝑁𝑁  in predicting 

maximum surface settlement (Hasanipanah et al. 2016). 

According to Tarawneh, 𝐴𝑁𝑁  has great accuracy (𝑅2  = 

0.95, 𝑀𝐴𝐸  = 2.88) when predicting the 𝑁60 -value using 

𝐶𝑃𝑇 data and a back propagation neural network (𝐵𝑃𝑁𝑁) 

(Tarawneh 2017). The shear strength of squat reinforced 

concrete walls was predicted by Chen et al. using the 

𝑃𝑆𝑂 − 𝐴𝑁𝑁  modeling approach, and the algorithm 

demonstrated great forecasting reliability (Chen et al. 

2018). 

The geotechnical literature describes a number of 

theoretical and experimental techniques for predicting the 

settling of shallow foundations on various kinds of soil 

(Bungenstab and Bicalho 2016, Fattah et al. 2013, Lehane 

and Cosgrove 2000 Maugeri et al. 1998, Tarawneh et al. 

2013, Tsai et al. 2013). As shown in Fig. 1, a number of 

factors, including net applied pressure, the soil's Poisson's 

ratio, its average modulus of elasticity, and the dimensions 

of the foundation, are often taken into account when 

determining the amount of soil settlement. Due to the 

relationship with various variations, the settlement behavior 

is a very challenging geotechnical engineering issue. 

Many methodologies for settlement forecasting have 

focused on the correlations between in situ investigations, 

such as the standard penetration test (𝑆𝑃𝑇) (Standard 2008), 

cone penetration test (𝐶𝑃𝑇) (Robertson and Cabal 2014), 

 

 

 

Fig. 1 Some of the related variables on foundation-soil 

settlement 

dilatometer test (Mayne 2007), plate load test (Consoli et al. 

1998), and screw plate load test, because of the difficulty in 

acquiring specimens for cohesionless soils. Most of the 

solutions that are now in use simplify the issue by making a 

number of assumptions about the variables that influence 

settlement. These approaches, which range from being 

essentially empirical to using complicated nonlinear finite 

elements, are thus unable to provide a reliable and precise 

settlement forecast (Jebur et al. 2018). Numerous 

comparison research employing machine learning models 

across the literature showed conflicting settlement forecast 

magnitudes. Therefore, the motivation for geotechnical 

scientists to seek and examine is always a trustworthy 

alternative model (Mohamed A Shahin et al. 2001). A new 

age of modeling approaches for many engineering 

applications was shown by machine learning frameworks 

(Al-Musawi et al. 2020, Alwanas et al. 2019, Ashrafian et 

al. 2020, Naderpour et al. 2019, 2020, Sharafati et al. 2021, 

Yaseen et al. 2018), especially in geotechnical problems 

(Alzabeebee et al. 2022, Kamran et al. 2022, Kidega et al. 

2022; Mahmoodzadeh et al., 2022, Mirzaeiabdolyousefi et 

al. 2022). 𝐴𝑁𝑁 models for settlement assessment have been 

used in this sector for almost three decades (Chen et al. 

2019, Moayedi and Jahed Armaghani 2018, Shi et al. 1998, 

Sivakugan et al. 1998, Teh et al. 1997). Several 

implementations employing various 𝐴𝐼  models, such as 

gene expression programming (Armaghani et al. 2018, 

Soleimani et al. 2018), support vector machines (Samui 

2008), least square support vector machines (Samui and 

Sitharam 2008), neuro-fuzzy networks (Luo et al. 2018, 

Shahin et al. 2003a), and recently Random Forests (𝑅𝐹) 

analysis (Chen et al. 2022, Ghosh et al. 2022), followed this 

during the course of the previous 20 years. Nevertheless, 

the primary issue of standalone 𝐴𝐼 techniqus is the internal 

hyperparameter adjustment; as a result, the era of modeling 

techniques for simulating complex engineering problems 

now involves combining these models with optimization 

methods to create what is known as a hybrid model 

(Benemaran and Esmaeili-Falak 2020a, Kar 2016, Pham et 

al. 2019, Sarkhani Benemaran et al. 2022, Yaseen et al. 

2018). The solar radiation and wind speed were predicted 

using combined 𝑅𝐹  with coot optimization algorithm 

(𝐶𝑂𝑀) and particle swarm optimization (𝑃𝑆𝑂) (Islam et al. 

2021), daily reference evapotranspiration was estimated by 

hybrid 𝐶𝑂𝑂𝑇 − 𝐴𝑁𝑁  (Mirzania et al. 2022), seasonal 

maximum wave height for unevenly spaced time serieswas 

forecasted by hybridized adaptive nuro fuzzy inference 

system (𝐴𝑁𝐹𝐼𝑆) and support vector regression (𝑆𝑉𝑅) with 

black widow optimization algorithm (𝐵𝑊𝑂𝐴 ), and 𝑃𝑆𝑂 

(Memar et al. 2021), dissolved oxygen concentration 

predictions for running waters was performed by hybrid 

𝐵𝑊𝑂𝐴 − 𝑆𝑉𝑅  method (Dehghani et al. 2022), 𝐵𝑊𝑂 −
𝑆𝑉𝑅 analysis was developed for simulating the precipitation 

runoff process (Dehghani et al. 2022), so on. 

In the present study, the prediction of shallow 

foundation settlement applying data mining methods was 

considered as the principal goal in order to decrease the 

supplied works and costs. Among various machine learning 

methods employed for estimation purposes, 𝑆𝑉𝑅  and 𝑅𝐹 

were considered because of their applicability and  
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powerfulness. Within the 𝑆𝑉𝑅  and 𝑅𝐹  models exist some 

determinative parameters that control the performance and 

accuracy of final outputs. These determinative variables 

could be specified by trial and test methods or hybridizing 

with optimization algorithms. In this study, two newly 

developed optimization algorithms named 𝐶𝑂𝑀 and 𝐵𝑊𝑂𝐴 

were considered for this purpose. On the basis of shallow 

foundation settlement, which was taken into consideration 

throughout the literature review, the viability of the 

examined hybridization models was validated. The key 

benefit of the recommended networks is their ability to 

reproduce the nonlinearity relationship between the inputs 

(related qualities) and the outputs (target parameters) 

without the need for a predetermined formulation. 

 

 

2. Dataset explanation 
 

As previously indicated, a variety of hybrid techniques 

are used to create prediction models that predict settlements 

of shallow footings (𝑆𝑚). In order to do this, a complete 

collection of in-situ measurements of elastic foundation 

settlement, including 190 data rows, was gathered from the 

literature (Shahin 2003). The database includes the 

necessary data on the footing and soil, which were 

measured during in-situ settlements of shallow footings 

under various circumstances. The requirements listed 

include a wide variety of adjustments to the footing's 

geometric specifications as well as soil classification and  

 

 

soil properties. It should be noted that the reliability of the 

built algorithms will rise with broad data collection. The 

collected database was divided into two sections, the 

training component and the testing portion, with a 

percentage of ¾ (142) and ¼ (47), respectively, in 

accordance with the literature and research (Benemaran and 

Esmaeili-Falak 2020b, Sarkhani Benemaran et al. 2022). 

Significant variables were chosen as input data  (Shahin 

2003), such as footing width (𝐵) (𝑚), footing net applied 

pressure (𝑞)  (𝑘𝑝𝑎) , the average 𝑆𝑃𝑇  blow count (𝑁) , 

footing embedment ration (𝐷𝑓/𝐻), and footing geometry 

(𝐿/𝐵) in order to estimate 𝑆𝑚. The statistical characteristics 

of the gathered collection for components are listed in Table 

1. The distribution of each input parameter was presented in 

Fig. 2 with the intention of highlighting the dataset's 

breadth. 

The Pearson Correlation Coefficient (𝑃𝐶𝐶) was used by 

the authors to describe the relationship between two 

variables in the dataset that were computed using Eq (1). 

𝑅𝑋,𝑌 =
𝑐𝑜𝑣(𝑋, 𝑌)

𝜎𝑋𝜎𝑌
 (1) 

𝑐𝑜𝑣(𝑋, 𝑌) : Covariance between 𝑋 and 𝑌 

𝜎𝑋 : The standard deviation of 𝑋 

𝜎𝑌 : The standard deviation of 𝑌 

 

Table 1 Statistical characteristics of the variables to create the analysis 

Data 
Index 

𝑀𝑎𝑥. 𝑀𝑖𝑛. 𝑆𝑡. 𝑑. 𝐴𝑣𝑔. 𝑚𝑒𝑑𝑖𝑎𝑛 𝑆𝑘𝑒𝑤. 𝑉𝑎𝑟. 𝐾𝑢𝑟. 

Inputs 

Footing width (𝐵) (𝑚) 

Train 60 0.8 9.0428 7.99 4.55 2.4351 81.771 7.867 

Test 55 0.9 12.587 11.15 5.1 1.647 158.45 2.564 

Footing net applied pressure (𝑞) (𝑘𝑝𝑎) 

Train 697 18.32 123.401 186.13 151.6 2.0062 15227.81 4.555 

Test 584 25 121.4229 190.01 162 1.41 14743.52 2.619 

The average SPT blow count (𝑁) 

Train 60 4 13.09 24.58 20 0.847 171.3 0.158 

Test 60 4 14.66 24.55 20 0.672 215.013 -0.304 

Footing embedment ration (𝐷𝑓/𝐻) 

Train 3.44 0 0.5286 0.51 0.47 2.5254 0.2794 8.7215 

Test 3 0 0.70183 0.61 0.4 1.9967 0.4925 4.184 

Footing geometry (𝐿/𝐵) 

Train 10.6 1 1.731 2.22 1.6 2.005 2.997 4.623 

Test 9.9 1 1.9676 2.11 1.1 2.588 3.871 6.755 

Output 

Average settlement (𝑆𝑚) (𝑚𝑚) 

Train 121 0.6 25.4178 19.43 11 2.435 646.06 5.0631 

Test 120 1.3 29.456 23.51 10.9 2.05446 867.656 3.681 
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Fig. 3 Pearson Correlation Coefficient ( 𝑃𝐶𝐶 ) 

between variables 

 

 

The values of 𝑃𝐶𝐶 s between input parameters and 

outcome are displayed in Fig. 3. A sign of inadequate 

methods might be completely big positive or negative 𝑃𝐶𝐶, 

which makes it impossible to determine how the 

explanatory variables have influenced the conclusions in the 

model. Since a significant number of 𝑃𝐶𝐶s were below -

0.4065, these items are probably not the root cause of 

multicollinearity problems (Farrar and Glauber 1967). As it 

is clear, high correlations between variables exist, such as 

between 𝐵  and 𝑆𝑚  as positive correlation at 0.541. Along 

with this, the highest negative correlations belonged to 

between 𝑁 and 𝑆𝑚 by -0.754. 

 

 

3. Applied analysis and optimizers 
 
3.1 Optimization algorithms 

  
(a) (b) 

  
(c) (d) 

 
 

(e) (f) 

Fig. 2 Distribution of input variables, (a)-(e) inputs, (f) output 
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3.1.1 𝐶𝑂𝑂𝑇 optimization method (𝐶𝑂𝑀) 
The Coot optimization algorithm is constructed on 

various flow behaviors of coot groups that are moving on 

the water surface (Figs. 4 and 5). Small water birds called 

coots move mostly in the direction of food or a particular 

site to reach their target. They engage in a variety of group 

activities on the water's surface. As a result, as these birds 

travel on the water's surface, four various sorts of motions 

result, including chain movement, leader movement, 

random movement, and position adjustment in accordance 

with the leader (Naruei and Keynia 2021). According to 

(Naruei and Keynia 2021), Eqs. (2) and (3) implement the 

unique method of the 𝐶𝑂𝑀.  

The population's random initialization is constructed 

using Eq. (2) 

𝑐𝑜𝑜𝑡𝑝𝑜𝑠(𝑖) = 𝑟𝑎𝑛𝑑(1, 𝑑) × (𝑢𝑏 − 𝑙𝑏) + 𝑙𝑏 (2) 

The coot position is represented by 𝑐𝑜𝑜𝑡𝑝𝑜𝑠(𝑖) , the 

number of variables or dimensions of the problem is 

represented by 𝑑, and the upper and lower bounds of the 

search space are represented by 𝑢𝑏 and 𝑙𝑏, respectively. The 

𝑢𝑏 and 𝑙𝑏 in Eq. (8) may vary from those mentioned in Eq. 

(7). 

𝑙𝑏 = [𝑙𝑏1, 𝑙𝑏2, … , 𝑙𝑏𝑑], 𝑢𝑏 = [𝑢𝑏1, 𝑢𝑏2, … , 𝑢𝑏𝑑] (3) 

Following the random initialization of the population 

and the location of each coot, the objective function is used  

 

 

 

to address the problem of the fitness of computed data to 

observed data. The number of coots needed to do that when 

group leaders were picked at random is equal to 𝑁𝐿. The 

coots' four motions on the water's surface will thus be put 

into practice. 

 
Random movement 
The search space for the coots' random location, which 

is being recommended as a search space, is constrained by 

Eq. (4) (Fig. 6) 

𝑄(𝑖) = 𝑟𝑎𝑛𝑑(1, 𝑑) × (𝑢𝑏 − 𝑙𝑏) + 𝑙𝑏 (4) 

The coots' mobility allows them to investigate various 

regions of the search space, which increases the likelihood 

that the algorithm may get stuck at a local ideal. Since the 

algorithm in this instance moved away from this local, Eq. 

(5) will be utilized to determine the coot's new location. 

𝑐𝑜𝑜𝑡𝑝𝑜𝑠(𝑖) = 𝑐𝑜𝑜𝑡𝑝𝑜𝑠(𝑖) + 𝐴 × 𝑅2 × (𝑄 − 𝑐𝑜𝑜𝑡𝑝𝑜𝑠(𝑖))  (5) 

Where 𝐴 is determined using Eq. (6), and 𝑅2 represents 

a random integer in the range [0, 1] 

𝐴 = 1 − 𝐿 × (1 𝐼𝑡𝑒𝑟⁄ ) (6) 

𝐼𝑡𝑒𝑟  indicates the maximum number of iterations, 

whereas 𝐿 denotes the current iteration. 

 
Chain movement 

 

Fig. 4 (a) Disordered stage and (b) Synchronized stage (Trenchard 2012) 

 

Fig. 5 Moving the coots’ chain on the water (Trenchard 2012) 
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The average location and the distance vector are the two 

methods for determining the chain movement for two coots 

(Fig. 7). By using the two routes, one coot is going in a 

direction that is equal to the distance in half between the 

two coots. In this investigation, the coot's new location was 

calculated using the average mathematical position and is 

shown in Eq. (7) 

𝑐𝑜𝑜𝑡𝑝𝑜𝑠(𝑖) = 0.5 × (𝑐𝑜𝑜𝑡𝑝𝑜𝑠(𝑖 − 1) + 𝑐𝑜𝑜𝑡𝑝𝑜𝑠(𝑖)) (7) 

where 𝑐𝑜𝑜𝑡𝑝𝑜𝑠(𝑖 − 1) denotes the second coot's placement. 

 
Adjustment of the position 
The coot advances in this manner toward the group 

leader, opening up several opportunities for each coot to 

follow various leaders in various places (Fig. 8). As a result, 

it is challenging to predict how one coot would move in 

relation to numerous leaders. In order to tackle this 

difficulty, an average position for multiple leaders must be 

taken into account. Where 𝐼𝑡𝑒𝑟  denotes the maximum 

iteration, and 𝐿 denotes the current iteration. In conclusion, 

as shown by Algorithm 1, the 𝐶𝑂𝑀 has implemented the 

general issue. As a result, each coot may adjust its location 

in accordance with the average placement (Fig. 9), and the 

leader could be chosen using Eq. (8). 

𝐾 = 1 + (𝑖 𝑀𝑂𝐷 𝑁𝐿) (8) 

Based on Eq. (8), the current coot is shown as 𝑖, and the 

number of leaders is depicted as 𝑁𝐿 where 𝐾 is indicated as 

the number of the leader index. 𝐶𝑜𝑜𝑡(𝑖) must thus alter its 

location in accordance with the leader's 𝐾. The following 

location of the 𝑐𝑜𝑜𝑡(𝑖) may be computed depending on the 

chosen leader, and Eq. (9) will then be tried to apply: 

𝑐𝑜𝑜𝑡𝑝𝑜𝑠(𝑖) = 𝑙𝑒𝑎𝑑𝑒𝑟𝑝𝑜𝑠(𝑘) + 2 × 𝑅1 × cos(2𝑅𝜋) ×

(𝑙𝑒𝑎𝑑𝑒𝑟𝑝𝑜𝑠(𝑘) − 𝑐𝑜𝑜𝑡𝑝𝑜𝑠(𝑖))  
(9) 

𝑐𝑜𝑜𝑡𝑝𝑜𝑠(𝑖) : Current location of the coot 

𝑙𝑒𝑎𝑑𝑒𝑟𝑝𝑜𝑠(𝑘) : The chosen leader's location 

𝑅1, and 𝑅 : A random number between the interval  

[0, 1] and [ –1, 1] 

 

 

 

Fig. 6 Coots’ random movement (Naruei and Keynia 2021) 

 

Fig. 7 Coots’ chain movement (Naruei and Keynia 2021) 

 

 
Fig. 8 Coots’ leader selection mechanism (Naruei and 

Keynia 2021) 

 

 
Fig. 9 Readjust the leaders’ locations relative to the 

proper location (Naruei and Keynia 2021) 

 

 

The leading movement to the optimal area 
Coots in this movement must adjust their locations to 

the primary location that the leaders are in, and leaders in 

this movement must also move about to find the best 

location from which the coots will follow them. In order to 

determine where leaders should be most effective, Eq. (10) 

will be used 
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𝑙𝑒𝑎𝑑𝑒𝑟𝑝𝑜𝑠(𝑖)

=

{
 
 

 
 𝐵 × 𝑅3 × cos(2𝑅𝜋) × (𝑔𝐵𝑒𝑠𝑡 − 𝑙𝑒𝑎𝑑𝑒𝑟𝑝𝑜𝑠(𝑖))

+𝑔𝐵𝑒𝑠𝑡)                                 𝑅4 < 0.5

𝐵 × 𝑅3 × cos(2𝑅𝜋) × (𝑔𝐵𝑒𝑠𝑡 − 𝑙𝑒𝑎𝑑𝑒𝑟𝑝𝑜𝑠(𝑖))

−𝑔𝐵𝑒𝑠𝑡)                                 𝑅4 ≥ 0.5 }
 
 

 
 

 (10) 

 

 

𝑔𝐵𝑒𝑠𝑡 :  The best position ever found 

𝑅3 and 𝑅4 :  Random numbers in the interval [0, 1] 

𝐵 is calculated by Eq. (11) 

𝐵 = 2 − 𝐿 × (1 𝐼𝑡𝑒𝑟⁄ ) 

Algorithm 1 The pseudo-code of COM (Naruei and Keynia 2021) 

1. Initialize the first population of coots randomly by Eqs. (2) and (3) 

2. Initialize the parameters of P=0.5, NL (number of leaders), NCOOT (Number of coots) 

3. NCOOT = Npop − NL 

4. Random selection of leaders from the coots 

5. Calculate the fitness of coots and leaders 

6. Find the best coot or leader as the Global optimum (gBest) 

7. while the end criterion is not satisfied 

8. Calculate A and B parameters by Eqs. (6) and (11) 

9.    if rand <  P 

10.       R, R1, and R3 are random vectors along the dimensions of the problem 

11.       else  

12.       R, R1, and R3 are random number 

13.       end  

14.       for i = 1 to the number of coots 

15.          Calculate the parameter of k by Eq. (8) 

16.          if rand >  0.5 

17.             Update the position of the coot by Eq. (9) 

18.          else 

19.             if rand <  0.5  i ≅ 1 

20.                Update the position of the coot by Eq. (7) 

21.             else 

22.                Update the position of the coot by Eq. (5) 

23.             end 

24.          end 

25.          Calculate the fitness of the coot 

26.          if the fitness of coot < the fitness of leader (k) 

27.          Temp=leader (k); leader (k)=coot; coot=Temp 

28.          end 

29.       end 

30.       for the number of Leaders 

31.          if rand <  0.5 

32.             Update the position of the Leader by Eq. (10.1) 

33.          else 

34.             Update the position of the Leader by Eq. (10.2) 

35.          end 

36.          if the fitness of leader < gBest 

37.          Temp=gBest; gBest=leader; leader=Temp; (Update Global optimum) 

38.          end 

39.    end 

40. Iter = Iter + 1 

41. end 
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3.1.2 Black widow optimization algorithm (𝐵𝑊𝑂𝐴) 
Hayyolalam and Kazem first presented the black widow 

optimization algorithm ( 𝐵𝑊𝑂𝐴 ), a brand-new meta-

heuristic optimizer based on population, to address single 

target and continual optimization issues (Hayyolalam and 

Kazem 2020). The 𝐵𝑊𝑂𝐴 begins with a starting population 

made up of black widow spiders (i.e., particulars), and 

every spider indicates a potential answer to an optimization 

issue (Figs. 10-12). This is similar to various meta-heuristic 

algorithms based on population. The 𝐵𝑊𝑂𝐴  splits the 

development procedure into three stages, namely 

procreation, cannibalism, and mutation. This division of the 

evolution procedure is inspired by the black widow spiders' 

distinctive mating behavior and their peculiar qualities in 

procreating novel generations.  

The 𝐵𝑊𝑂𝐴  calculates the appropriate number of 

participants in procreation during the reproduction stage 

using a procreation rate (𝑃𝑃), and therefore several pairs of 

parents are chosen randomly to engage in the reproduction 

operation to generate the next generation. 

Three cannibalism strategies are used during the 

cannibalism stage. First, the female spider consumes the 

male one in a process known as sexual cannibalism. The 

target function values are used to distinguish between the  

 

 

 

male and female spiders, with the female being considered 

to be the superior specimen. The second method, or 

cannibalism rate (𝐶𝑅), involves sibling cannibalism, which 

is carried out with a specified possibility. It means that the 

superior generation will consume the inferior one. The third 

technique seeks to explain a circumstance in which young 

spiders consume their parents. The third technique seeks to 

explain a circumstance in which young spiders consume 

their parents.  

By modifying their features with a certain possibility, or 

mutation rate (𝑀𝑃 ), black widow spiders adapt to their 

natural habitat during the mutation stage. The goal of the 

mutation stage is to increase population variety, and the 

answer's structure is altered randomly. Once a specified 

stopping condition is met, the three previously indicated 

stages (i.e., searching operators) are repeated. The 

following sections list the key elements of a typical 𝐵𝑊𝑂𝐴. 

 

Population initialization 
The progeny is created using Eq. (12) during the 

procreation stage, where 𝛼 is an arrangement of randomly 

generated values from the range [0, 1], 𝜔1 and 𝜔2 are two 

spider parent particulars, and 𝜔1
′  and 𝜔2

′  are two freshly 

created particulars. We may create 𝑛  novel people by  

 

Fig. 10 Black Widow Spider’s Life Cycle 

 

Fig. 11 (a) Female Black Widow on Her Web and (b) Female Black Widow with Her Egg Sac on Her Web 
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Fig. 12 Baby spiders leave their Egg Sac 

 

 
Fig. 13 Mutation 

 

 

redoing Eq. (12) 𝑛/2 times, as seen below 

𝜔1
′ = 𝛼 × 𝜔1 + (1 − 𝛼) × 𝜔2 

𝜔2
′ = 𝛼 × 𝜔2 + (1 − 𝛼) × 𝜔1 

(12) 

 
Cannibalism stage 
During the cannibalism stage, superior participants from 

the freshly formed population are chosen and stored through  

 

 

sexual cannibalism, sibling cannibalism, and specific 

cannibalism.  

 

Mutation phase 
To improve the 𝐵𝑊𝑂𝐴 's search capabilities, the 

mutation stage tries to increase population variety (Fig. 13). 
To do this, a specific mutation technique is used with a 
possibility 𝑀𝑃  above a selection of individuals. The 
pseudo-code and flowchart of 𝐵𝑊𝑂𝐴  are provided in 
Algorithm 2 and Fig. 14. 
 

3.2 Applied analysis 
 
3.2.1 Support vector regression (𝑆𝑉𝑅) 
A supervised machine learning method that contains two 

kinds of presentation, for Classification and Regression, is 

known as Support vector regression. For time sequence 

analysis, 𝑆𝑉𝑅  is confirmed to improve. The input data's 

dimensionality does not affect the calculational intricacy, 

which is the main advantage of utilizing the 𝑆𝑉𝑅 . For 

forecast usages, 𝑆𝑉𝑅  prevails over the Neural Networks' 

faults. Su et al. suggest an additive Support vector 

regression methodology which performs better than a Back 

diffusion neural network (Su et al. 2007). 

The 𝑆𝑉𝑅  variables' choice is a fundamental part that 

specifies the forecast's precision while using the time 

sequence analysis utilizing support vector regression. The 

following formula shows the traffic flow data utilized for 

training data collection. 

Algorithm 2 Pseudo-code of 𝐵𝑊𝑂𝐴 (Hayyolalam and Kazem 2020) 

Inputs:  

 Maximum number of iterations 

 Rate of procreating 

 Rate of cannibalism 

 Rate of mutation 

Output: Near-optimal solution for the objective function 

1.   Initialization  

2. The initial population of black widow spiders 

3. Each pop is a D-dimensional array of chromosomes for a D-dimensional problem 

4.  Loop until the terminal condition  

5. Based on procreating rate, calculate the number of reproductions nr 
6. Select the best nr solutions in pop and save them in pop 

7.  Procreating and cannibalism 

8. for i = 1: nr 
9. Randomly select two solutions as parents from pop 1 

10. Generate D children using Eq. (12) 

11. Destroy father 

12. Based on the cannibalism rate, destroy some of the children (new achieved solutions) 

13. Save the remain solutions into pop 2 

14. end for 

15.  Mutation  

16. Based on the mutation rate, calculate the number of mutation children nm 

17.  for i = 1: nm do 
18. Select a solution from pop 1 

19. Mutate randomly one chromosome of the solution and generate a new solution 

20. Save the new one into pop 3 

21. end for 
22.  Updating  

23. Update pop=pop 2+ pop 3 

24. Returning the best solution 

25. Return the best solution from pop 
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𝑆 = {(𝑥𝑘 , 𝑦𝑘)}𝑘=1,2,3,…,𝑃 (13) 

In this equation, 𝑃  shows the training data samples' 

number. 𝑦𝑘  and 𝑥𝑘  are created in a multi-dimensional area 

as below 

𝑓(𝑥) = 𝑊∅𝑥 + 𝑏 (14) 

Based on the equation above, the training data is 

mapped by the bias value 𝑏 , the weight vector 𝑤 , and a 

nonlinear function ∅𝑥 . The target function (𝐹) 's 

minimization is able to appraise the bias vector (𝑏)  and 

weight vector (𝑤).  

𝐹 =
1

2
𝑊2 + 𝐶

1

𝑁
∑𝐿𝜀(𝑦𝑘 , 𝑓(𝑥𝑘))

𝑃

𝑘=1

 (15) 

Where 𝑦𝑘  recognizes as the main value, 𝑓(𝑥𝑘)  shows 

the forecasted or appraised value, 𝐶  stands for a constant 

and 𝐿𝜀 shows as training fault's measure, which is called 𝜀-

insensitive loss function.  

𝐿𝜀 = {
|𝑓(𝑥) − 𝑦| − 𝜀(𝑓(𝑥) − 𝑦) ≥ 𝜀
0                              𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

 (16) 

Our suggested work's main target is to decrease the 

training fault. 

𝑚𝑖𝑛
1

2
𝑤2 + 𝐶∑(𝛽 + 𝛽̅)

𝑃

𝑘=1

 (17) 

Such that {

𝑦𝑘 − 𝑓(𝑥𝑘) ≤ 𝛽 + 𝛽̅

𝑓(𝑥𝑘) − 𝑦𝑘 ≤ 𝛽 + 𝛽̅

𝛽̅ ≥ 0𝛽 ≥ 0𝑘 = 1,2,3, … , 𝑃

 

The non-negative parameters which denote the 

forecasted value's deflection and fundamental data samples 

are called 𝛽  and 𝛽̅ . The forecast function is able to be 

presented below, utilizing Karush Kuhn Tucker's situation. 

 
 

𝑓(𝑥) = ∑ (𝑎𝑘 , 𝑎𝑘
∗)𝐾(𝑥, 𝑥𝑘)

𝑃
𝑘=1   (18) 

Such that 0 ≤ 𝑎𝑘
∗ ≤ 𝐶 

0 ≤ 𝑎𝑘 ≤ 𝐶  

𝑎𝑘
∗ , and 𝑎𝑘 are the Lagrange multipliers. 

A function which maps nonlinear data to its linear form 

is the kernel function. Every function which pleases the 

situation of Mercer is able to operate as a kernel function. 

Hither kernel function 𝐾(𝑥, 𝑥𝑘) is described by the familiar 

Radial Bias function as follows with a parameter 𝛾. 

𝐾(𝑥, 𝑥𝑘) = exp (−
𝑥 − 𝑥𝑘
2𝛾2

) (19) 

The variables 𝐶 , 𝜀 , 𝛾  have an influence on the 

predicting's precision in 𝑆𝑉𝑅 . Fig. 15 defines the one-

dimensional 𝑆𝑉𝑅. 
 
3.2.2 Random Forests analysis (𝑅𝐹) 
To address problems with classification, unsupervised 

learning, and regression, Breiman developed the 𝑅𝐹 

technique (Breiman 2001, Liaw and Wiener 2002). This 

strategy has been successfully utilized in several contexts 

with positive results (Nhu et al. 2020). The 𝑅𝐹 

methodology is superior to many other methods in a 

number of crucial ways, notably high precision and 

thorough data recorders with minimal gradation and 

parameters. The bagging strategy is employed to selectively 

select feature alternatives for system gradation in 

classification case problems from the whole collection of 

data (Ge et al. 2022). An Out-of-Bag (𝑂𝑂𝐵 ) item was 

produced throughout the research coupled with two 

different kinds of errors: To score and select parameters, 

one may utilize a loss in accuracy and a decrease in 𝐺𝑖𝑛𝑖 
(Eq. (20)) (Archer and Kimes 2008, Scornet et al. 2015). 

When the variable quantities are changed due to 𝑂𝑂𝐵 data, 

the function assesses the design defects for each parameter.  

 

Fig. 14 Flowchart of 𝐵𝑊𝑂𝐴 
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Fig. 16 depicts the steps involved in producing an 𝑅𝐹. 

𝐺𝐼(𝑡𝑋(𝑥𝑖)) = 1 −∑𝑓(𝑡𝑋(𝑥𝑖),𝑗)
2

𝑚

𝑗=1

 (20) 

The 𝐶𝑂𝑀  and 𝐵𝑊𝑂𝐴  metaheuristic optimization 

algorithms were used to fine-tune the five critical 𝑅𝐹 

architectural hyperparameters, which are crucial to the 

learning process. Table 2 displays the pertinent tuning 

hyperparameters and their meanings. For each set of 

parameters, eight 𝑅𝐹  versions were built to reduce the 

random splitting's unpredictability. All variable 

modifications of the optimization algorithms were created 

via a trial-and-error procedure. The training effectiveness 

from the 10-fold cross-validation was employed as an 

appropriate function of the 𝐶𝑂𝑀  and 𝐵𝑊𝑂𝐴  during the 

variables tuning phase. Within the optimization methods, 

each subset of the hyperparameters was represented by a 

particle. The locations that were changed to get the highest 

 

 

Table 2 Pivotal hyperparameters specifying in 𝑅𝐹 (Qi et al. 

2018) 

Hyperparameters Description 

𝑀𝐷* The highest depth of 𝐷𝑇s 

𝑀𝑆𝑆 The lowest number of samples for the split 

𝑀𝑆𝐿 The lowest number of samples at the leaf node 

𝑀𝐷𝑇 
The highest number of 𝑅𝑇 models in the 

ensemble 

𝑀𝐹 
The number of features selected during the 

choosing of the proper dividing 

*𝑀𝐷 = 𝑀𝑎𝑥𝐷𝑒𝑝𝑡ℎ;  𝑀𝑆𝑆 = 𝑀𝑖𝑛𝑆𝑎𝑚𝑝𝑙𝑒𝑠𝑆𝑝𝑙𝑖𝑡;  

𝑀𝑆𝐿 = 𝑀𝑖𝑛𝑆𝑎𝑚𝑝𝑙𝑒𝑠𝐿𝑒𝑎𝑓;  𝑀𝐷𝑇 = 𝑀𝑎𝑥𝐷𝑇;  𝑀𝐹 = 𝑀𝑎𝑥_𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑠 

 

 

fitness value, as well as the taken into consideration 

hyperparameters changed when the optimization processes 

were repeated. In the testing stage, the 𝑅𝐹 construction with 

the ideal hyperparameters was verified. 

 

Fig. 15 A 1D linear 𝑆𝑉𝑅 with an intense bandwidth (Smola and Schölkopf 2004) 

 

Fig. 16 𝑅𝐹 model’s creation flowchart (Breiman 2001, Liaw and Wiener 2002) 
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3.3 Workability metrics 
 
One of the most important stages in the modeling 

process is the confirmation and evaluation of the given 

model. It's crucial to admit that the simulations have given 

accurate, adequate results for the set objectives once they 

have been created. In this study, eight modeling 

performance statistical criteria were used to evaluate the 

exactness and accuracy of the methodologies (Table 3). 

 

 

4. Development, analysis, and discussion 
 
As was already indicated, the major goal of the article 

was to offer new 𝑅𝐹  and 𝑆𝑉𝑅  networks that could be 

integrated with various optimization techniques to estimate 

the settlement of a shallow foundation. Additionally, it was 

suggested that the most appropriate (optimal) values of the 

𝑆𝑉𝑅  determinative parameters (i.e., 𝛾 , 𝐶 , and 𝜀 ) and 𝑅𝐹 

determinative components (𝑀𝐷,𝑀𝑆𝑆,𝑀𝑆𝐿,𝑀𝐷𝑇, and 𝑀𝐹) 

should be identified, where 𝐶𝑂𝑀  and 𝐵𝑊𝑂𝐴  approaches 

were used for this goal. Table 4 lists the 𝑅𝐹  and 𝑆𝑉𝑅 

networks' parameters that were taken into consideration, as 

well as the optimum values that were indicated. 

For the goal of estimating the 𝑆𝑚 , the results of  

 

 

recommended hybridization networks called 𝐶𝑂𝑀 − 𝑆𝑉𝑅 , 

𝐶𝑂𝑀 − 𝑅𝐹 , 𝐵𝑊𝑂𝐴 − 𝑅𝐹 , and 𝐵𝑊𝑂𝐴 − 𝑆𝑉𝑅  were 

collated and analyzed as follows. The training and 

examining portions of the considered dataset were divided 

at random by 75 and 25%, respectively. Fig. 17 shows the 

correlation between the predicted and measured 𝑆𝑚  in the 

logarithmic dimensions for the 𝐶𝑂𝑀 − 𝑆𝑉𝑅 , 𝐶𝑂𝑀 − 𝑅𝐹 , 

𝐵𝑊𝑂𝐴 − 𝑅𝐹 , and 𝐵𝑊𝑂𝐴 − 𝑆𝑉𝑅 . Different buildability 

measures were calculated and evaluated in data mining 

studies to describe the resilience and dependability of built 

networks. To achieve this goal, a number of measures, 

including 𝑅2 , 𝑅𝑀𝑆𝐸 , 𝑅𝐴𝐸 , 𝑅𝑅𝑆𝐸 , 𝑀𝐴𝐸 , 𝑃𝐼 , 𝑉𝐴𝐹 , and 

𝐴10−𝐼, were computed and compared in Table 5. Along with 

this, a score-based analysis was designed by assigning 

scores to models from 1 (weak value) to 4 (best value), and 

finally, the total summation score depicts the outperformed 

model. The correctness and thoroughness of simulations 

may also be improved by comparing the findings of one 

research with those of earlier studies in order to validate the 

models, where an appropriate comparison with the hybrid 

𝐴𝑁𝐹𝐼𝑆 − 𝑃𝑆𝑂  system was attempted (Mohammed et al., 

2020).  

The results indicate that all created systems accurately 

simulated the 𝑆𝑚 , with an 𝑅2 of better than 0.979 and 

0.9765 for the train and test data phases, respectively. This  

Table 3 Calculated performance criteria 

Index Quality Formulation Eq. 

𝐶𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑜𝑓 𝑑𝑒𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑡𝑖𝑜𝑛 Larger is good 𝑅2 =

(

 
∑ (𝑝𝑠 − 𝑝̅)(𝑧𝑠 − 𝑡̅)
𝑆
𝑠=1

√[∑ (𝑝𝑆 − 𝑝)
2𝑆

𝑠=1 ][∑ (𝑡𝑠 − 𝑡̅)
2𝑆

𝑠=1 ]
)

 

2

 (21) 

𝑅𝑜𝑜𝑡 𝑚𝑒𝑎𝑛 𝑠𝑞𝑢𝑎𝑟𝑒𝑑 𝑒𝑟𝑟𝑜𝑟 Lower is good 𝑅𝑀𝑆𝐸 = √
1

𝑆
∑(𝑡𝑠 − 𝑝𝑠)

2

𝑆

𝑠=1

 (22) 

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒 𝐸𝑟𝑟𝑜𝑟 Lower is good 𝑅𝐴𝐸 =
∑ |𝑝𝑠 − 𝑡𝑠|
𝑆
𝑠=1

∑ |𝑝𝑠 − 𝑝̅|
𝑆
𝑠=1

 (23) 

𝑅𝑜𝑜𝑡 𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑆𝑞𝑢𝑎𝑟𝑒𝑑 𝐸𝑟𝑟𝑜𝑟 Lower is good 𝑅𝑅𝑆𝐸 = √
∑ (𝑝𝑠 − 𝑡𝑆)

2𝑆
𝑠=1

∑ (𝑝𝑠 − 𝑝̅)
2𝑆

𝑠=1

 (24) 

𝑀𝑒𝑎𝑛 𝑎𝑏𝑠𝑜𝑙𝑢𝑡𝑒 𝑒𝑟𝑟𝑜𝑟 Lower is good 𝑀𝐴𝐸 =
1

𝑆
∑|𝑡𝑠 − 𝑝𝑠|

𝑆

𝑠=1

 (25) 

𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 𝑖𝑛𝑑𝑒𝑥 Lower is good 𝑃𝐼 =
1

𝑝̅

𝑅𝑀𝑆𝐸

√𝑅2 + 1
 (26) 

𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑎𝑐𝑐𝑜𝑢𝑛𝑡 𝑓𝑎𝑐𝑡𝑜𝑟 Larger is good 𝑉𝐴𝐹 = (1 −
𝑣𝑎𝑟(𝑝𝑠 − 𝑡𝑠)

𝑣𝑎𝑟(𝑝𝑠)
) ∗ 100 (27) 

𝐴10−𝐼𝑛𝑑𝑒𝑥 Larger is good 𝐴10−𝐼𝑛𝑑𝑒𝑥 =
𝑠10
𝑆

 (28) 

Uncertainty with a 95% confidence level (𝑈95) 

(Behar et al. 2015, Gueymard 2014) 
Lower is good 𝑈95 = 1.96√(𝑆𝐷2 + 𝑅𝑀𝑆𝐸2) (29) 

Term:  

𝑝𝑠 and 𝑝̅  : The observations and average of them 

𝑡𝑠 and 𝑡̅  : The simulations and average of them 

𝑆 : The total number of data 

𝑠10 : The specimens’ number with a rate of records per simulated one in the interval of 0.9 and 1.1 

𝑆𝐷 : Standard deviation 
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Table 4 Selected parameter context to evaluate the largest precision of the methods 

Optimizer Parameter Value Hybrid method Parameter Value 

𝐵𝑊𝑂𝐴 𝑝𝑟𝑜𝑐𝑟𝑒𝑎𝑡𝑒 𝑟𝑎𝑡𝑒 0.3 𝐵𝑊𝑂𝐴 − 𝑆𝑉𝑅 𝐾𝑒𝑟𝑛𝑒𝑙 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑅𝐵𝐹 

𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒 0.5 𝛾 0.102 

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 300 𝐶 49.367 

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑢𝑛𝑠 30 𝜀 0.248 

𝐵𝑊𝑂𝐴–𝑅𝐹 𝑀𝐷 17 

𝑀𝑆𝑆 3 

𝑀𝑆𝐿 1 

𝑀𝐷𝑇 507 

𝑀𝐹 0.925 

𝐶𝑂𝑀 𝑅 [−1, 1] 𝐶𝑂𝑀 − 𝑆𝑉𝑅 𝐾𝑒𝑟𝑛𝑒𝑙 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑅𝐵𝐹 

𝑅1  [0, 1] 𝛾 0.1 

𝑅2 [0, 1] 𝐶 34.367 

𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑠𝑖𝑧𝑒 30 𝜀 0.2048 

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 300 𝐶𝑂𝑀–𝑅𝐹 𝑀𝐷 16 

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑢𝑛𝑠 30 𝑀𝑆𝑆 3 

𝑀𝑆𝐿 1 

𝑀𝐷𝑇 652 

𝑀𝐹 0.847 

Table 5 The findings of produced regression networks and comparison with the literature 

Model 
𝑅2 𝑅𝑀𝑆𝐸 𝑅𝐴𝐸 𝑅𝑅𝑆𝐸 𝑀𝐴𝐸 𝑃𝐼 𝑉𝐴𝐹 𝐴10−𝐼 

𝑅𝑎𝑛𝑘 
Training data  

𝐵𝑊𝑂𝐴 − 𝑅𝐹 0.9854 3.1354 0.1042 0.1234 1.6925 0.081 98.481 0.5493  

Rank score 2 2 2 2 2 2 2 2 16 

𝐵𝑊𝑂𝐴 − 𝑆𝑉𝑅 0.979 3.7598 0.1347 0.1479 2.1868 0.0973 97.8156 0.4718  

Rank score 1 1 1 1 1 1 1 1 8 

𝐶𝑂𝑀 − 𝑆𝑉𝑅 0.9924 2.2913 0.0558 0.0901 0.9059 0.0591 99.1943 0.7606  

Rank score 3 3 3 3 3 3 3 3 24 

𝐶𝑂𝑀 − 𝑅𝐹 0.9945 1.9658 0.0391 0.0773 0.6355 0.0507 99.4079 0.8099  

Rank score 4 4 4 4 4 4 4 4 32 

𝐴𝑁𝐹𝐼𝑆 − 𝑃𝑆𝑂  

(Mohammed et al. 2020) 
0.9025 8.09        

 Testing data   

𝐵𝑊𝑂𝐴 − 𝑅𝐹 0.9799 4.3075 0.0821 0.1462 1.6857 0.0921 97.8931 0.8085  

Rank score 2 2 2 2 2 2 2 2 16 

𝐵𝑊𝑂𝐴 − 𝑆𝑉𝑅 0.9765 4.6608 0.1019 0.1582 2.0942 0.0997 97.5379 0.6596  

Rank score 1 1 1 1 1 1 1 1 8 

𝐶𝑂𝑀 − 𝑆𝑉𝑅 0.9831 4.0496 0.0579 0.1375 1.1889 0.0865 98.1571 0.8723  

Rank score 3 3 3 3 3 3 3 3 24 

𝐶𝑂𝑀 − 𝑅𝐹 0.993 2.7805 0.0322 0.0944 0.6609 0.0592 99.1501 0.9362  

Rank score 4 4 4 4 4 4 4 4 32 

𝐴𝑁𝐹𝐼𝑆 − 𝑃𝑆𝑂  

(Mohammed et al. 2020) 
0.739 14.10        
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indicates extraordinary efficiency and a good correlation 

between the experimental and simulated 𝑆𝑚. The advantage 

of 𝐶𝑂𝑀 − 𝑅𝐹  over 𝐵𝑊𝑂𝐴 − 𝑅𝐹 , 𝐵𝑊𝑂𝐴 − 𝑆𝑉𝑅  and 

𝐶𝑂𝑀 − 𝑆𝑉𝑅  is shown in considered two training and 

testing stages. In the training phase, the values of 𝑅2, 𝑉𝐴𝐹 

and 𝐴10−𝐼  for 𝐶𝑂𝑀 − 𝑅𝐹  are extremely better than other 

hybrid algorithms -the higher these values, the more reliable 

are-, with accounting for 0.9945, 99.40779, and 0.8099, 

respectively. 𝐶𝑂𝑀 − 𝑆𝑉𝑅  could gain the second-highest 

performance by receiving 0.9924, 99.1943, and 0.7606, 

respectively, higher than values related to 𝐵𝑊𝑂𝐴 − 𝑅𝐹 , 

followed by 𝐵𝑊𝑂𝐴 − 𝑆𝑉𝑅 . Other indices which 

concentrated on the values of errors (i.e., 𝑅𝑀𝑆𝐸 , 𝑅𝐴𝐸 , 

𝑅𝑅𝑆𝐸, 𝑀𝐴𝐸, and 𝑃𝐼) also depicts the superiority of 𝐶𝑂𝑀 −
𝑅𝐹 model respect to other hybrid ones, which depicts the 

powerfulness of 𝑅𝐹  machine learning method optimized 

with 𝐶𝑂𝑀 in the prediction procedure of 𝑆𝑚. Moreover, the 

exact trend is valid for the analysis with the testing dataset, 

with the powerfulness of 𝐶𝑂𝑀 − 𝑅𝐹  model as confirmed 

by the aggregate ranking scores. When taking into account 

the two-phase outputs, the accumulated ranking scores 

show that 𝐶𝑂𝑀 − 𝑅𝐹 could acquire a score of 32, followed 

by 𝐶𝑂𝑀 − 𝑆𝑉𝑅 with a score of 24, then 𝐵𝑊𝑂𝐴 − 𝑅𝐹 at 16, 

and finally 𝐵𝑊𝑂𝐴 − 𝑆𝑉𝑅 with a score of 8. 

 
 
As was previously mentioned, the literature produced by 

𝐴𝑁𝐹𝐼𝑆 − 𝑃𝑆𝑂 (Mohammed et al., 2020) has been used to 

compare the results of this work. The model's results 

outperformed those of 𝐴𝑁𝐹𝐼𝑆 − 𝑃𝑆𝑂 (Mohammed et al., 

2020), and 𝐶𝑂𝑀 − 𝑅𝐹 findings were much outstanding to 

those of the literature. 𝑅2 values rose from 0.9025 

(𝐴𝑁𝐹𝐼𝑆 − 𝑃𝑆𝑂 (Mohammed et al., 2020)) to 0.9945 (Train 

phase) and from 0.739 (𝐴𝑁𝐹𝐼𝑆 − 𝑃𝑆𝑂 (Mohammed et al., 

2020)) to 0.993 (Test phase). 𝑅𝑀𝑆𝐸  values showed a 

significant decrease, reducing from 8.09 (𝐴𝑁𝐹𝐼𝑆 − 𝑃𝑆𝑂 

(Mohammed et al. 2020)) to 1.9658 in the training stage, 

and from 14.10 (𝐴𝑁𝐹𝐼𝑆 − 𝑃𝑆𝑂 (Mohammed et al. 2020)) 

to 2.7805 in the testing portion. From the aforementioned 

justifications, as well as the information in Table 5 and Fig. 

17, it can be concluded that, although other techniques were 

equally reliable in simulating the 𝑆𝑚  of the shallow 

foundation, the suggested 𝐶𝑂𝑀 − 𝑅𝐹  strategy excelled 

them all. 

The dispersion of errors during the training and testing 

stages, where the result of the 𝐶𝑂𝑀 − 𝑅𝐹 , 𝐶𝑂𝑀 − 𝑆𝑉𝑅 , 

𝐵𝑊𝑂𝐴 − 𝑅𝐹 , and 𝐵𝑊𝑂𝐴 − 𝑆𝑉𝑅  frameworks is supplied, 

is shown in the plotted Fig. 18. The system's reliability rises 

as error distribution around the zero line, and shaper 

distribution curve grows. Due to its flattest distribution  

  
(a) (b) 

  
(c) (d) 

Fig. 17 The correlation scatter plot for 𝑆𝑚 
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Fig. 19 The findings of 𝑈95 analysis 

 

 

across both the training and testing, 𝐵𝑊𝑂𝐴 − 𝑆𝑉𝑅 

underperforms. The performance of 𝐶𝑂𝑀 − 𝑅𝐹  was better 

than 𝐶𝑂𝑀 − 𝑆𝑉𝑅 , and it was followed by 𝐵𝑊𝑂𝐴 − 𝑅𝐹 , 

which had a sharper distribution throughout both the 

training and testing phases, along with its limited upper and 

lower bounds. As a result, when error distribution curves 

are considered, the 𝐶𝑂𝑀 − 𝑅𝐹  could be found to be the 

platform with the greatest performance, followed by the 

𝐶𝑂𝑀 − 𝑆𝑉𝑅, 𝐵𝑊𝑂𝐴 − 𝑅𝐹, and 𝐵𝑊𝑂𝐴 − 𝑆𝑉𝑅. 

The values of 𝑈95 as robustness evaluators are shown in 

Fig. 19, where the generalization capacity rises as the 

uncertainty value falls. The 𝐶𝑂𝑀 − 𝑅𝐹  scenario 

specifically has the smallest levels of uncertainty when 

compared to other approaches, with 𝑈95−𝑇𝑟𝑎𝑖𝑛  equal to 5.4 

and 𝑈95−𝑇𝑒𝑠𝑡  equal to 7.66, demonstrating its greater 

generalization capabilities. The second, third, and last ranks 

belonged to 𝐶𝑂𝑀 − 𝑆𝑉𝑅  (𝑈95−𝑇𝑟𝑎𝑖𝑛  at 6.35, and 𝑈95−𝑇𝑒𝑠𝑡  
11.22), 𝐵𝑊𝑂𝐴 − 𝑅𝐹  (𝑈95−𝑇𝑟𝑎𝑖𝑛 by 8.7, and 𝑈95−𝑇𝑒𝑠𝑡  by 

11.96), and BWOA-RF (𝑈95−𝑇𝑟𝑎𝑖𝑛  at 10.44, and 𝑈95−𝑇𝑒𝑠𝑡  
12.94) models, respectively. The descriptions and 

comparisons provide that 𝐶𝑂𝑀 − 𝑅𝐹 could carry out better 

than other frameworks. 

This section includes a Taylor diagram (𝑇𝐷) to help you  

 

 

more easily judge how well the recommended idea’s 

function. Values for standard deviation (𝑆𝐷) are displayed 

on the 𝑇𝐷's vertical and horizontal axes, which are linked 

by red elliptical lines in Fig. 20. Wine lines represent the 

𝑅𝑀𝑆𝐸  values, while red radial lines drawn from the 

coordinate origin represent the correlation coefficient (𝑅). 

The data in this figure are intended to represent a 

benchmark with an 𝑆𝐷 value, 𝑅𝑀𝑆𝐸 of 0, and 𝑅 equals 1. 

The performance of recommended methods, including 𝑆𝐷, 

𝑅𝑀𝑆𝐸 , and 𝑅  is then evaluated in comparison to the 

reference record. In the training stage, the location of 

𝐶𝑂𝑀 − 𝑅𝐹  is closer to the benchmark, with smaller 

superiority to 𝐶𝑂𝑀 − 𝑆𝑉𝑅 . While 𝐵𝑊𝑂𝐴 − 𝑅𝐹  and 

𝐵𝑊𝑂𝐴 − 𝑆𝑉𝑅  located in the next performance rank, 

respectively. The same trend is also obvious for the testing 

stage; however, the performance of COM-RF as the 

outperformed model is clearer with respect to training data. 

After analyzing the 𝑇𝐷 data, it was possible to come to the 

conclusion that the 𝐶𝑂𝑀 − 𝑅𝐹 framework was better than 

others. 

 
4.1 Limitations 
 

This study uses artificial intelligence to evaluate the 

shallow foundation settling, which is affected by a number 

of factors. The kind and number of parameters are highly 

significant and useful when developing the framework of 

algorithms. These limits on future works may easily be 

addressed by expanding the amount of data from diverse 

projects, and it will also become more evident how adaptive 

the models built to analyses the shallow foundation settling 

are. A novel generation or direction of concepts that could 

be applied in many contexts is produced by the notion of 

employing new optimization approaches to enhance the 

output of computer models and artificial intelligence. 

 

4.2 Sensitivity analysis 
 
To determine the most important input variables to 

calculate the settlement, a sensitivity analysis of the models  

  
(a) Train (b) Test 

Fig. 18 Error distribution of models in simulating 𝑆𝑚 

285



 

Yi Han, Xingliang Jiang, Ye Wang and Hui Wang 

 

 

 

Table 6 Sensitivity analysis by 𝐶𝑂𝑀 − 𝑅𝐹 

Inputs Input parameters 
𝑅𝑀𝑆𝐸 

Train Test 

𝐵, 

𝑞, 

𝑁, 

𝐷𝑓/𝐻, 

and 𝐿/𝐵 

− 1.9658 2.7805 

𝑞, 𝑁, 𝐷𝑓/𝐻, and 𝐿/𝐵 3.3245 4.0944 

𝐵, 𝑁, 𝐷𝑓/𝐻, and 𝐿/𝐵 2.9425 4.9059 

𝐵, 𝑞, 𝐷𝑓/𝐻, and 𝐿/𝐵 2.4056 4.3643 

𝐵, 𝑞, 𝑁, and 𝐿/𝐵 3.4211 3.2101 

𝐵, 𝑞, 𝑁, and 𝐷𝑓/𝐻 2.0849 3.0596 

 

 

was performed. By concurrently eliminating one input 

parameter, different training data were created, and the test 

data set indicated the quantities of statistical performance 

index (𝑅𝑀𝑆𝐸). The statistical performance criteria are used 

to choose the ideal model for the sensitivity analysis. The 

𝐶𝑂𝑀 − 𝑅𝐹 model was chosen for the current investigation 

because of its exceptional performance. The findings are 

presented in Table 7, which demonstrates that 𝐷𝑓/𝐻, is the 

most important parameter for predicting settlement in the 

train phase, but 𝑞 in the test phase. It is important to keep in 

mind that removing input variables may only result in a 

negligible performance loss for the model, but in the case of 

the current study, where the analysis was based on the 

findings of experimental measurements in order to pinpoint 

the effects of inputs on the settlement, doing so may reduce 

the model's generalizability. The current study does not 

favour eliminating any variables because the 

multicollinearity problem does not significantly affect a 

model's fit and frequently does not have a noticeable 

influence on predictions. 
 
 

5. Conclusions 

 

In the present study, the prediction of shallow  

 

 

foundation settlement applying data mining methods was 

considered as the principal goal. Support Vector Regression 

(𝑆𝑉𝑅) and Random Forests (𝑅𝐹) were considered because 

of their applicability and powerfulness. In this study, two 

newly developed optimization algorithms named the COOT 

optimization method ( 𝐶𝑂𝑀 ) and the black widow 

optimization algorithm ( 𝐵𝑊𝑂𝐴 ) were considered for 

finding the determinative variables of models. The accuracy 

and thoroughness of models may be improved by 

comparing the findings of one research with those of earlier 

studies in order to validate the models, where it was 

attempted to produce a reasonable comparison using the 

hybrid 𝐴𝑁𝐹𝐼𝑆 − 𝑃𝑆𝑂 model (Mohammed et al. 2020). The 

following are the key findings: 

• The results indicate that all created systems accurately 

simulated the 𝑆𝑚 , with an 𝑅2 of better than 0.979 and 

0.9765 for the train and test data phases, respectively. 

This indicates extraordinary efficiency and a good 

correlation between the experimental and simulated 𝑆𝑚.  

• The advantage of 𝐶𝑂𝑀 − 𝑅𝐹  over 𝐵𝑊𝑂𝐴 − 𝑅𝐹 , 

𝐵𝑊𝑂𝐴 − 𝑆𝑉𝑅  and 𝐶𝑂𝑀 − 𝑆𝑉𝑅  is shown in considered 

two training and testing stages. In the training phase, the 

values of 𝑅2 , 𝑉𝐴𝐹  and 𝐴10−𝐼  for 𝐶𝑂𝑀 − 𝑅𝐹  were 

extremely better than other hybrid algorithms, accounting 

for 0.9945, 99.40779, and 0.8099, respectively. 𝐶𝑂𝑀 −
𝑆𝑉𝑅 could gain the second-highest performance, higher 

than values related to 𝐵𝑊𝑂𝐴 − 𝑅𝐹 , followed by 

𝐵𝑊𝑂𝐴 − 𝑆𝑉𝑅. Other indices which concentrated on the 

values of errors also depicted the superiority of 𝐶𝑂𝑀 −
𝑅𝐹 model with respect to other hybrid ones.  

• The model's results outperformed those of 𝐴𝑁𝐹𝐼𝑆 −

𝑃𝑆𝑂 (Mohammed et al., 2020), and 𝐶𝑂𝑀 − 𝑅𝐹 findings 

were much outstanding to those of the literature. 

𝑅2 values rose from 0.9025 (Mohammed et al. 2020) to 

0.9945 (Train phase), and from 0.739 (Mohammed et al., 

2020) to 0.993 (Test phase). 𝑅𝑀𝑆𝐸  values showed a 

significant decrease. 

  
(a) Train (b) Test 

Fig. 20 Frameworks’ performance comparison via Taylor diagram 
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• The 𝐶𝑂𝑀 − 𝑅𝐹  scenario specifically has the smallest 

levels of uncertainty when compared to other approaches, 

with 𝑈95−𝑇𝑟𝑎𝑖𝑛  equal to 5.4 and 𝑈95−𝑇𝑒𝑠𝑡  equal to 7.66, 

demonstrating its greater generalization capabilities. The 

second, third, and last ranks belonged to 𝐶𝑂𝑀 − 𝑆𝑉𝑅 , 

𝐵𝑊𝑂𝐴 − 𝑅𝐹, and 𝐵𝑊𝑂𝐴 − 𝑅𝐹 models, respectively.  

• The results of Taylor diagram analysis showed that, in the 

training stage, the location of 𝐶𝑂𝑀 − 𝑅𝐹 is closer to the 

benchmark, with smaller superiority to 𝐶𝑂𝑀 − 𝑆𝑉𝑅 . 

While 𝐵𝑊𝑂𝐴 − 𝑅𝐹  and 𝐵𝑊𝑂𝐴 − 𝑆𝑉𝑅  located in the 

next performance rank, respectively. The same trend was 

also obvious for the testing stage; however, the 

performance of 𝐶𝑂𝑀 − 𝑅𝐹 as the outperformed model is 

clearer with respect to training data.  

• Finally, by analyzing established designs utilizing 

different analysis aspects, such as various error criteria, 

Taylor diagrams, uncertainty analyses, and error 

distribution, it was feasible to arrive at the final result 

that the recommended 𝐶𝑂𝑀 − 𝑅𝐹 was the outperformed 

approach in the forecasting process of 𝑆𝑚  of shallow 

foundation, while other techniques were also reliable. 
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Usage of coot optimization-based random forests analysis for determining the shallow foundation settlement 

 

Notation 
 

𝑆𝑚 settlement of shallow foundations 

𝑆𝑉𝑅 support vector regression  

𝑅𝐹 random forests  

𝐶𝑂𝑀 coot optimization algorithm 

𝐵𝑊𝑂𝐴 black widow optimization algorithm 

𝑀𝐿𝑃 Multi-layer perceptron 

𝐶𝑃𝑇 cone penetration test 

𝐴𝑁𝑁 Artificial neural network 

𝐵 footing width 

𝑞 footing net applied pressure 

𝑁 the average SPT blow count 

𝐷𝑓/𝐻 footing embedment ration 

𝐿/𝐵 footing geometry  

𝑅2 Coefficient of determination 

𝑅𝑀𝑆𝐸 Root mean squared error 

𝑅𝐴𝐸 Relative Absolute Error 

𝑅𝑅𝑆𝐸 Root Relative Squared Error 

𝑀𝐴𝐸 Mean absolute error 

𝑃𝐼 Performance index 

𝑉𝐴𝐹 Variance account factor 

𝑈95 Uncertainty with a 95% confidence level 

𝑅𝐵𝐹 Radial basis function 

𝐴𝑁𝐹𝐼𝑆 Adaptive neuro-fuzzy inference system 

𝑃𝑆𝑂 Particle swarm optimization 
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