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1. Introduction 
 

Conducting laboratory studies is directly related to 

progress in the field of geotechnical engineering (Dehghani 

and Larijani 2023, Esmaeili-choobar et al. 2013, 

Reihanisaransari et al. 2022, Rashidi Nasab and Elzarka 

2023). Regardless of whether the soil is granular or non-

granular, piles become stronger over time. The soil around 

the piles is disturbed radially and there is a lot of change in 

its shape. The extent of this disturbed region is proportional 

to the amount of soil that has been moved. The soil's 

effective shear power is also reduced by a substantial 

increase in excess pore water pressure (𝐸𝑃𝑊𝑃) (Esmaeili-

Falak and Hajialilue-Bonab 2012, Esmaeili-Falak et al. 

2018, Malmir et al. 2019, Jamil et al. 2023). So, the 

resistance of the piles diminishes. In the long run, disturbed 

soil's excess pore water pressure gradually breaks down 

after pile steer, and after that, stabilization and molding 

takes place again. It also improves the strength of the soil, 

thereby increasing the pile's resistance. The idiom "pile set-

up" shows the increase in resistance of the piles in a  
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variable state with time (Bullock 2008). It depends on 

several things, including: the specifications of the piles 

used, the soil characteristics in the desired region, and so 

forth, how long it will take to tune the piles. Vice versa, 

sometimes for high over-stabilized soils, negative pore 

water pressure could be continued where the surrounding 

soil is affected by the diminishing the general resistance 

causes to less pile resistance, which is named as 

“Relaxation” (Richardson 2011, Akbarzadeh et al. 2023). 

 
1.1 Mechanism 
 
A re-building area has progressed around the pile while 

it’s being steered in the soil; this area allows the pile 

steering with the least amount of resistance, like when the 

volume of soil undergoes this. After re-building, a 

transferred area with new soil characteristics is created. 

There is notable additional pore water pressure in the re-

building area (Haque 2015, Aghakhani et al. 2023, 

Kiannejad Amiri et al. 2023, Sadeghi et al. 2023). The 

additional 𝑃𝑊𝑃  vanishes over time and integrates the 

remolded area. The first method that will increase the power 

of the piles or help to install them is to re-assemble the 

molding area (Paikowsky and Chernauskas 1992). Due to 

soil ageing, the pile install does not end even after the entire 
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Abstract.  The undrained shear strength is widely acknowledged as a fundamental mechanical property of soil and is considered 

a critical engineering parameter. In recent years, researchers have employed various methodologies to evaluate the shear strength 

of soil under undrained conditions. These methods encompass both numerical analyses and empirical techniques, such as the 

cone penetration test (𝐶𝑃𝑇), to gain insights into the properties and behavior of soil. However, several of these methods rely on 

correlation assumptions, which can lead to inconsistent accuracy and precision. The study involved the development of 

innovative methods using extreme gradient boosting (𝑋𝐺𝐵) to predict the pile set-up component "𝐴" based on two distinct data 

sets. The first data set includes average modified cone point bearing capacity (𝑞𝑡), average wall friction (𝑓𝑠), and effective 

vertical stress (𝜎𝑣𝑜), while the second data set comprises plasticity index (PI), soil undrained shear cohesion (𝑆𝑢), and the over 

consolidation ratio (OCR). These data sets were utilized to develop 𝑋𝐺𝐵𝑜𝑜𝑠𝑡-based methods for predicting the pile set-up 

component "𝐴". To optimize the internal hyperparameters of the 𝑋𝐺𝐵𝑜𝑜𝑠𝑡 model, four optimization algorithms were employed: 

Particle Swarm Optimization (𝑃𝑆𝑂), Social Spider Optimization (𝑆𝑆𝑂), Arithmetic Optimization Algorithm (𝐴𝑂𝐴), and Sine 

Cosine Optimization Algorithm (𝑆𝐶𝑂𝐴). The results from the first data set indicate that the 𝑋𝐺𝐵𝑜𝑜𝑠𝑡 model optimized using 

the Arithmetic Optimization Algorithm (𝑋𝐺𝐵 − 𝐴𝑂𝐴) achieved the highest accuracy, with 𝑅2 values of 0.9962 for the training 

part and 0.9807 for the testing part. The performance of the developed models was further evaluated using the 𝑅𝑀𝑆𝐸, 𝑀𝐴𝐸, 

and 𝑉𝐴𝐹 indices. The results revealed that the 𝑋𝐺𝐵𝑜𝑜𝑠𝑡 model optimized using 𝑋𝐺𝐵𝑜𝑜𝑠𝑡 − 𝐴𝑂𝐴 outperformed other models 

in terms of accuracy, with 𝑅𝑀𝑆𝐸, 𝑀𝐴𝐸, and 𝑉𝐴𝐹 values of 0.0078, 0.0015, and 99.6189 for the training part and 0.0141, 

0.0112, and 98.0394 for the testing part, respectively. These findings suggest that 𝑋𝐺𝐵𝑜𝑜𝑠𝑡 − 𝐴𝑂𝐴 is the most accurate model 

for predicting the pile set-up component. 
 

Keywords:   arithmetic optimization algorithm; cone penetration test; extreme gradient boosting model; particle swarm 

optimization; pile set-up parameter 𝐴; social spider optimization 
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extended EPWP waste is gathered (Focht and Vijayvergiya 

1972, Schmertmann 1991, Komurka et al. 2003). Adjusting 

the piles has three steps (Komurka et al. 2003). 

Step 1: EPWP waste stage that is in a time and non-

linear way, 

Step 2: EPWP waste stage is in a time and linear way 

and 

Step 3: Soil aging 

In spite of this, soils at different depths along the pile 

shaft may go through different stages of building up due to 

uneven treatment. 

 

1.2 Empirical models 
 
In addition to experimental and analytical approaches, 

numerical techniques are also used to assess the launching 

of piles (Ng et al. 2013, Rosti and Abu-Farsakh 2015). To 

make an estimate of the adjusted value, an experimental 

technique was developed (Wang and Reese 1989). This 

formula was according to a DLT analysis result of clay soil 

given from Shanghai,Pei, China. By applying this formula, 

an approximate calculation can be made as follows for pile 

power after time t (day of launching) 

𝑅𝑡

𝑅𝑡0
= 0.263[1 + log(𝑡)]𝑅𝑚𝑎𝑥 (1) 

In this formula, 𝑡 expresses the interval after setting up 

and 𝑅𝑡 expresses the initial power of the piles. 

In the littoral zone of East China, 70 non-granular soils 

of test piles were analyzed for 20 different construction 

operations in order to evaluate the sensitivity 𝑆𝑡 related to 

pile adjustment (Guang-Yu 1988). He pointed out that 

growth of sensitivity 𝑆𝑡 increases the pile resistance re-take.  

The Eq. (2) shows the outcomes appraisal of SLT found 

in this essay. 

𝑅𝑡

𝑅14
= 0.375𝑆𝑡 + 1 (2) 

In spite of that, Gwizdała and Więcławski developed the 

formulas that are often used among the experimental 

formulas (Gwizdała and Więcławski 2013). They present a 

semi-logarithmic technique corresponding to data from four 

German and Danish file records. According to three kinds 

of soil (chalk, clay, and sand), the Eq. (3) was found. 

𝑅𝑡

𝑅𝑡0
= 1 + 𝐴 log10

𝑡

𝑡0
 (3) 

According to the formula above, 𝑅𝑡  expresses the power 

of pile at a time t, 𝑅𝑡0 expresses the power of the pile at the 

primary time t0, t expresses passed time from the finishing 

time of steering, t0 expresses the reference time, and A 

expresses the adjust parameter. 

In the early time, t0, is often known as the time after the 

steer has finished at that logarithmically linear pile adjust 

rate. So because of its relation to the size of the piles and 

the type of soil, it is difficult to assess. Generally, the huge 

diameter of a pile causes a larger t0 to come (Camp III and 

Parmar 1999). To accurately measure the value of t0, which 

is very difficult in reality, it is necessary to obtain the 

ultimate resistance of the pile at close and different 

distances. In consequence, to gain t0, the researchers used a 

returned calculation, made an assumption related to saved 

data, or maybe used an experimental formula. For PSC and 

H-piles, t0 was obtained as two days (Camp III and Parmar 

1999). Although, they said that one day is a suitable 

amount. In non-granular soil, a similar t0 =1day was 

obtained for 𝑃𝑆𝐶 piles (Axelsson 1998). Also, t0 =1 or 2 

days were used (Svinkin et al. 1994). A lot of studies have 

also shown that t0 =1 day is appropriate (Bullock 1999, 

McVay et al. 1999). The pile adjust variable A used in eq. 

(3) related to ingredients like pile material, pile size, pile 

type, pile resistance, and soil type (Svinkin et al. 1994, 

Camp III and Parmar 1999, Haque et al. 2014). A = 0.2 and 

0.6  was recommended for clay and sand (Skov and Denver 

1988). The amount of clay had t0 including one day, while 

sand had a value of 0.5 days. That predicted value is apart 

from both the depth and excess PWP waste, though 

(Bullock 1999, McVay et al. 1999). The researchers had to 

perform repeated calculations using field data and 

experimental formulas to obtain the variable A and gain an 

independent hypothesis. The range rate 0.27-0.75 (Chow et 

al. 1998), within 0.2-0.8 (Axelsson 1998), and average 

value of 0.20  (Komurka et al. 2003) was suggested for 

A using fully accurate literature research.  

 

1.3 Developed prediction models 
 
Nowadays, more than before, The artificial intelligence 

approach has been used in the field of civil engineering 

(Dehghan et al. 2023, Joushideh et al. 2023a, Khorshidi et 

al. 2023, Shi et al. 2023, Dawei et al. 2023), particular on 

the field of geotechnical engineering (Johari et al. 2011a, b, 

2016, Nazoktabar et al. 2014, Anbari et al. 2020, Hashemi 

2022, Sadeghi et al. 2022, Sarkhani Benemaran et al. 2022, 

Hashemi et al. 2023). Hence, by applying nonlinear 

artificial neural regressions, we may approximate the 

fundamental model of various materials at a considerable 

reduction in time and cost (Dehghani et al. 2020, 

Mahmoudabadi 2020, Faramarzi et al. 2021, Shakouri 

Mahmoudabadi 2021, Moqadam et al. 2022, Joushideh et 

al. 2023b, Larijani and Dehghani 2023, Moshtaghi Largani 

and Lee 2023). As well as, a number of studies have 

recorded using of artificially based techniques in many kind 

of engineering majors, such as additives in concrete, 

chloride diffusion in cement mortar (Stone 1974, Hoang et 

al. 2017, Motie et al. 2018, Ahmadi et al. 2020, Roudini et 

al. 2020, Murdoch et al. 2021, 2023b, a, Iraji et al. 2023), 

triaxial compressive strength and Young’s modulus of 

frozen sand (Esmaeili-Falak et al. 2019), so on. According 

to the descriptions, types of artificial neural networks 

(ANNs) are used to assess soil attributes adapted from CPT, 

such as pending ANNs to measure soil not-drained shear 

power (Abu-Farsakh and Mojumder 2020), and final pile 

capacity and pile adjust variable A (Mojumder 2020). Many 

other hybrid techniques, like the random forest model with 

optimization methods and Harris hawk optimization (HHO) 

for synchronized energy management (Abdelsalam et al. 

2021), creep index forecast according to PSO and RF(Zhang 

et al. 2020), landslide susceptibility mapping based on 

RF hyper-parameter optimization using bayes technique 
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(Sun et al. 2020), and grasshopper optimization algorithm 
(GOA) -based proceed forward to classify epileptic 

EEG signals (Singh et al. 2019), landslide susceptibility 

mapping (Sun et al. 2021a, b), permanence assessment of 

GFRPrebar (Iqbal et al. 2022), for heart diseases diagnosis 

(Asadi et al. 2021), prediction of proton-exchange 

membrane fuel cell (Huo et al. 2021), UHPFRC under 

ductility requirements for seismic retrofitting applications 

(Abellán-García and Guzmán-Guzmán 2021), smart meter 

data classification (Zakariazadeh 2022), rapid chloride 

permeability of self-compacting concrete (Ge et al. 2022), 

so on, have also been effectively and realistic used. In the 

most related studies, pile setup parameter has been 

predicted in the three papers. In the first one, optimized 

𝐺𝑂𝐴 -𝑅𝐹  model has been successfully employed for this 

purpose, so that the value of 𝑅2 obtained 0.918 (Zhao et al. 

2022). In another study, 𝑊𝑂𝐴-𝑅𝐹 and 𝐻𝐻𝑂-𝑅𝐹 approaches 

have been developed to predict the pile setup parameter so 

that 𝑅2  of the mentioned models obtained 0.87 and 0.89, 

respectively (Duan et al. 2022). In the last one which is the 

most recent study in this area, 𝑃𝑆𝑂 − 𝑅𝐹 has been utilized 

to forecast the pile setup parameter. The results showed the 

developed 𝑃𝑆𝑂 − 𝑅𝐹 model leads to the most accurate 

approach with 𝑅2  of 0.964 (Dawei et al. 2023). 

Investigating the literature review demonstrates that, often 

conventional models like 𝐴𝑁𝑁 and 𝑅𝐹 have been employed 

in this area, while in the present study, optimized 𝑋𝐺𝐵 

approach has been extended to predict the pile setup 

parameter.  

 
1.4 Main objective of study 
 
The main objective of the present study is to develop a 

novel hybrid XGB − based approach such as XGB − SCA , 

XGB − PSO , 𝑋𝐺𝐵 − 𝑆𝑆𝐴   and 𝑋𝐺𝐵 − 𝐴𝑂𝐴  to predict the 

pile-setup variable ( A ) using CPT variables in which 2 

various kinds of data for training and testing datasets. 

Dataset type I includes average modified cone point bearing 

capacity ( 𝑞𝑡 ), average wall friction ( 𝑓𝑠 ), and effective 

vertical stress ( 𝜎𝑣𝑜 ), and dataset type II consists of 

plasticity-Index (𝑃𝐼), undrained shear cohesion of soil (𝑆𝑢), 

and the ratio of over-consolidation (𝑂𝐶𝑅 ). The novelty 

perspective of the present study is that 4 XGB- based hybrid 

approaches were primarily proposed as an approach to 

estimate pile-setup parameters from field test results. For 

this purpose, cone penetration test dataset and 

corresponding borehole data were collected from seventy 

multiple positions from the Louisiana state. Statistical 

assessment diversity is considered while assessment of the 

successfulness of the developed approaches. 

 
 

2. Methodology  

 

2.1 Dataset description 
 

To estimate the pile adjustment variable from the CPT, 

70 CPT  data sets from various Louisiana positions were 

studied, as shown in Fig. 1 (Abu-Farsakh and Mojumder 

2020, Mojumder 2020). These studies done the early 

experimental experiments on samples of soil like grain size 

distribution (ASTM D422-63 2007), water content (ASTM 

D422-63 2007), Atterberg limits (ASTM D4318-17e1 

2018), and unit weight (ASTM D7263-21 2021) and in-situ 

CPT testing at mentioned positions in Louisiana. 

Undistributed Shelby tube samples corrected from 

various borehole depths at every position were part of the 

experimental experiment plan. Triaxial unconsolidated 

undrained experiments were done in correspondence to 

ASTM-D 2850-03a to assess the soil's not-drained shear 

power (ASTM D2850-03 2017). CPT (ASTM D3441-16 

2018) and also RCPT In the first place were used in the in-

situ testing that were done surrounding the boreholes that 

were bored using 10 cm2 and 15 cm2 piezocone 

penetrometers. If the RCPT also assessed excess pore 

pressure behind the cone (u2)  besides the prior defined 

factors, the cone penetration experiment may assess cone 

tip resistance ( qc ) and cone sleeve friction ( fs ). At a 

constant space of 2 cm in-depth, recordings were given 

whereas the cone was being excavated in a constant 

infiltrate level of 2cm/sec. 

The parameters used in the input data of the model have 

a considerable impact on creating the desired model. In 

order to optimize the model's performance, it is important to 

have the right variables selected. Increasing the number of 

variables will increase the size of the network, which will 

affect its speed. A look at the effect of different parameters 

on variable A has been conducted in this article by using 

two types of parameters that are correlated with the 

literature. Chosen variables for data type 1 were mean 

modified cone tip resistanceqt, mean skin friction ((fs)=, 

and efficient overburden pressure (σvo), and for data type 2 

were plasticity index (PI), not-drained soil’s shear power 

(Su), and over consolidation ratio (OCR) for train models to 

recognize the network that produces the huge results. In this 

study, the pile adjusted variable A was the result, with 

values for data types 1 and 2 ranging from 0.07 to 0.53 and 

from 0.12 to 0.53, respectively. The power of the various 

layers was assessed according to the strain gauge 

measurements of the load diffusion while the static load 

experiments. Then, the adjust space variable A was 

calculated using Eq. (3) where the resistance of the pile (Rt) 
at certain time (t) and the resistance of the pile (Rt0) at the 

beginning time (t0) had already been measured (Skov and 

Denver 1988). The value of A in this research is seriously 

related to the factors of the soil. CPT technique, which is 

very efficient and effective, has been used to measure soil 

resistance during research. Having determined the data set 

to be used, these input data are evaluated and refined to 

determine the best set of data to be used to predict variable 

A.  

Randomizing the order of the data can help reduce bias 

in the model. If the data is not randomized, the model might 

learn patterns based on the order of the data, leading to 

biased results. Randomizing the data ensures that the model 

is exposed to a diverse range of examples during training. 

This helps the model generalize better to new, unseen data. 

Randomizing the data can prevent the model from 

overfitting to specific patterns in the data. Overfitting 

occurs when the model learns to perform well on the  
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training data but fails to generalize to new data. By 

randomizing the data, the model becomes more robust and 

less sensitive to the order or structure of the input data. 

Randomizing data is essential for proper cross-validation 

and performance evaluation of the model. It ensures that 

each fold of the data contains a representative sample of the 

entire dataset. Overall, randomizing data before training AI 

models helps improve model performance, reduce bias, and 

enhance generalization to new data. For this purpose, 

 

 

 

𝑅𝑎𝑛𝑑_𝑝𝑒𝑟𝑚  code has been employed in MATLAB 

software. 

Training data (used to expand) and testing data (used to 

determine when the training should be stopped) are 

collected while the divide step is taking place. Various data 

set ratios in between these sub-groups were used (Stone 

1974, Hammerstrom 1993, Looney 1996). In this paper, the 

data collected from the Louisiana region were divided into 

two parts where 25% of them were grouped for testing and  

 

Fig. 1 Distribution of CPT locations in the Louisiana (Abu-Farsakh and Mojumder 2020) 

Table 1 The statistical characteristics of the inputs and outputs variables 

Category 

 

Property 

 

Data type 1 Data type 2 

Inputs Output Inputs Output 

𝑞𝑡 𝑓𝑠 𝜎𝑣𝑜 𝐴 𝑃𝐼 𝑆𝑢 𝑂𝐶𝑅 𝐴 

𝑡𝑠𝑓* 𝑡𝑠𝑓 𝑡𝑠𝑓 − % 𝑡𝑠𝑓 − − 

Train data 

𝑀𝑖𝑛 1.52 0.04 0.68 0.07 4 0.07 1 0.12 

𝑀𝑎𝑥 173.33 3.74 9.15 0.53 84 1.57 3 0.53 

𝑆𝑡. 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 28.690 0.616 2.099 0.128 20.952 0.461 0.651 0.124 

𝑀𝑒𝑑𝑖𝑎𝑛 14.89 0.46 2.915 0.34 34 0.54 1 0.29 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 23.647 0.653 3.583 0.303 38.481 0.716 1.477 0.289 

𝑆𝑘𝑒𝑤𝑛𝑒𝑠𝑠 3.529 2.766 0.726 -0.162 0.463 0.293 1.066 0.205 

Test data 

𝑀𝑖𝑛 5.64 0.1 0.55 0.08 16 0.07 1 0.15 

𝑀𝑎𝑥 174.62 3.74 10.27 0.48 84 1.45 3.05 0.53 

𝑆𝑡. 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 44.646 0.892 2.651 0.103 18.180 0.389 0.845 0.095 

𝑀𝑒𝑑𝑖𝑎𝑛 23.6 1.12 2.21 0.25 37 0.79 1.77 0.27 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 39.506 1.120 3.24 0.245 39.412 0.785 1.889 0.288 

𝑆𝑘𝑒𝑤𝑛𝑒𝑠𝑠 2.163 1.665 1.509 0.694 0.951 -0.082 0.266 0.861 

* 𝑡𝑠𝑓 = Tons Force per Square Foot 
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75% for training. The statistical value of input variables as 

well as output variables for training (75%) and testing 

(25%) data phases are presented in Table (Zhang et al. 

2020). 

Research methodology flowchart is presented in Fig. 2. 

All of the records available techniques are placed in the 

training data because it was given in this way. When a large 

amount of training data is removed, which causes unrelated 

states in the test data, instead of checking the model's 

interpolation power, check its extrapolation capacity. The 

statistical analysis of the input and output data used for the 

expansion of the model is shown in Table 1. In addition, 

Figs. 3 and 4 illustrate the histograms of inputs and outputs 

by their normal distributions.  

Figs. 3(a) to 3(d) demonstrate the histogram and 

distribution curve for 𝑞𝑡 , 𝑓𝑠 , 𝜎𝑣𝑜  and 𝐴 , respectively, in 

which the first 3 parameters are related to the input data and 

the fourth parameter is related to the output data. As can be 

seen there is no considerable discreteness of data series I as 

well as reasonable dividing between training and testing  

 

 

dataset. Distribution line of each parameter in the 

histograms are similar to a normal distribution line which 

may lead well-convergence of the developed models. 

Likewise Figs. 4(a) to 4(d) illustrate the 𝑃𝐼, 𝑆𝑢, 𝑂𝐶𝑅 and 𝐴, 

respectively, in which the first three parameters are related 

to the input data and the fourth parameter is related to the 

output data. Distribution line of each variable in the 

histograms are equivalent to a normal distribution line 

which may lead well-convergence of the developed models. 

In order to understand and accurately interpret the 

distribution of data, the 360-degree distribution circular 

diagrams for data type I are shown in Figs. 5(a) to 5(d). 

Correspondingly, the 360-degree distribution circular 

diagrams for data type II are shown in Figs. 6(a) to 6(d). 

360-degree distribution circular diagrams show that each 

parameter have a reasonable distribution which may lead 

well-convergence of the developed models. 

Then, the relation coefficients among the variables 

under consideration were calculated and compiled in Figs. 

6(a) and 6(b) for data types I and II, respectively. A large  

 

Fig. 2 Research methodology flowchart 
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(a) (b) 

  
(c) (d) 

Fig. 3 Train and test histogram of data type I; (a) 𝑞𝑡, (b) 𝑓𝑠, (c) 𝜎𝑣𝑜 and (d) 𝐴 (with their normal distribution) 

  
(a) (b) 

  
(c) (d) 

Fig. 4 Train and test histogram of data type II; (a) 𝑃𝐼, (b) 𝑆𝑢, (c) 𝑂𝐶𝑅 and (d) 𝐴 (with their normal distribution) 
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(a) (b) 

  
(c) (d) 

Fig. 5 Circular distribution of data type 1 for training and testing data set; (a) 𝑞𝑡, (b) 𝑓𝑠, (c) 𝜎𝑣𝑜 and (d) 𝐴 

  
(a) (b) 

  
(c) (d) 

Fig. 6 Circular distribution of data type 1 for training and testing data set; (a) 𝑃𝐼, (b) 𝑆𝑢, (c) 𝑂𝐶𝑅 and (d) 𝐴 
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positive or negative correlation coefficient between the 

parameters may indicate that the procedures have a low 

yield and that it is difficult to discern how the explanatory 

factors affect the result. As it can be obtained from Fig. 7(a) 

for data type I, there are moderate positive correlations 

between 𝑓𝑠 and 𝑞𝑡. 𝐴 and 𝑓𝑠 also have a moderately negative 

correlation. Additionally, there is no remarkable linear link 

among 𝜎𝑣𝑜 or any of the parameters. Turning to data type 2 

(Fig. 7(b)), there are moderate correlations between 𝑂𝐶𝑅 

and 𝑃𝐼 , as well as between 𝑂𝐶𝑅  and 𝑆𝑢 . Moreover, an 

almost high correlation is depicted between 𝐴 with 𝑃𝐼 and 

𝑆𝑢. 

 

2.2 Extreme gradient boosting (𝑋𝐺𝐵) 
 
In XGB , gradient boosting trees are used as a hybrid 

algorithm (Chen et al. 2015). Collection algorithms are 

reinforced using gradient reinforcement of agent 

algorithms. A very strong efficiency of the XGB algorithm is 

its gradient reinforcing. A dense graph with excessive GB is 

similar to a gradient-reinforced tree according to the 

retrogression and categorization method (Le et al. 2019, 

Yang et al. 2019, Zhou et al. 2019, Zhang et al. 2021). In 

order to analyze the data collection in multiple ways, it 

could summarize the modeling results from weak 

assessments. While simultaneously addressing 

categorization and regression errors, the XGB technique 

effectively produced a large output in place of multiple 

separate outputs (Zhou et al. 2019). The new algorithm 

could be described using the gradient reinforcement tree 

approach using a regular computational library. 

In the hybrid XGB technique, the fit conditions are 

diminished with multiple parts to generate the desired 

function (Chen and Guestrin 2016). The first part is used to 

obtain the difference between the predicted and measured 

values, and the second part is used for adjustment. The 

prediction authenticity of the algorithm could be measured 

by the deviation and the type of algorithm used. D =
 {(Xi, Yi)} is a series of data including m properties, n 

samples, and the predictor is an excess system created of k 

basic systems. Samples predicting outcomes could be 

shown as 

 

 

𝑦̂𝑖 = ∑ 𝑓𝑘(𝑥𝑖),

𝐾

𝑘=1

𝑓𝑘 ∈ 𝜑 (4) 

𝜑 = {𝑓(𝑥) = 𝑤𝑠(𝑥)}(𝑠: 𝑅𝑚 → 𝑇,𝑤𝑠 ∈ 𝑅𝑇) (5) 

 

𝑥𝑖 : The specimen 

𝑓𝑘(𝑥𝑖) : Estimation concession for a particular 

sample 

𝜑 : The set of regression trees  

𝑠 : principle parameter 

𝑤 : weighted leaf 

𝑇 : number of leaf 

𝐾 : Number of trees 

𝑦̂𝑖 : The forecasted label 

 

According to XGB , the algorithm's performance 

technique needs to be calculated with the greatest degree of 

difficulty in order to obtain the least loss in a collection tree, 

in other words optimized performance. According to this 

statement, the efficiency obtained includes the efficiency of 

loss and the hardness of the model. 

𝑂𝑏𝑗(𝑡) = ∑𝑙 (𝑦𝑖
𝑡 , 𝑦̂𝑖

(𝑡−1)
+ 𝑓𝑡(𝑥𝑖))

𝑚

𝑖=1

+ ∑ 𝛺(𝑓𝑘)

𝑡

𝑘=1

 (6) 

𝛺(𝑓𝑘) = 𝛾𝑇 +
1

2
𝜆‖𝑤‖2 (7) 

In this equation, i represents the number of samples in 

the database and m represents all the data entered in the kth 

tree. The first part of Eq. (7) gives the difference between 

the predicted and measured values and also shows the 

normal loss function. The second part of Eq. (7) shows the 

degree of difficulty of the mentioned algorithm. In addition, 

γ and λ are variables which could diminish the degree of 

difficulty of the tree, also, by adjusting the final weights, 

the arrangement point prevents over-compatibility. 

And finally, to simplify the goal term, Taylor's law is 

used 

  
(a) (b) 

Fig. 7 Pearson correlation coefficient heat-map for: (a) data category I and (b) data category II 
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𝑂𝑏𝑗(𝑡) = ∑[𝑓𝑡(𝑥𝑖)𝑔𝑖 +
1

2
(𝑓𝑡(𝑥𝑖))

2
ℎ𝑖] +

𝑚

𝑖=1

𝛾𝑇 + 0.5𝜆 ∑𝑤𝑗
2

𝑇

𝑗=1

 (8) 

That 𝑔𝑖  and ℎ𝑖  state the first and second derivatives 

gained on the loss function, respectively. 

 

2.3 Sine–cosine algorithm (𝑆𝐶𝐴) 
 

After a set of solutions is randomly collected, the 

SCA approach is a population technique to achieve the best 

result. In performing equations, defining sufficient solutions 

increases the likelihood of achieving outstanding results, 

and finally selecting the most appropriate result. As the 

exploration and exploitation phases of the algorithm's 

computing technique progress, the location of the solution 

is updated according to the given rules (Mirjalili 2016). 

𝑋𝑖
𝑡+1 = {

𝑋𝑖
𝑡 + 𝑟1 × sin 𝑟2 × |𝑟3𝑃𝑖

𝑡 − 𝑋𝑖
𝑡|     𝑟4 < 0.5

𝑋𝑖
𝑡 + 𝑟1 × cos 𝑟2 × |𝑟3𝑃𝑖

𝑡 − 𝑋𝑖
𝑡|     𝑟4 ≥ 0.5

} (9) 

Where 𝑋𝑡+1  expresses the solution’s location in the 

𝑖𝑡ℎ dimension and 𝑡𝑡ℎ repetition, and 𝑃𝑡 indicates the target 

point in the 𝑖𝑡ℎ  dimension. Also,  𝑟1  to 𝑟4  shows the 

random values. 

This optimization strategy accounts for the spread of 

sine and cosine by using the formula below to balance 

exploration and exploitation (Mirjalili 2016).  

𝑟1 = 𝑎 − 𝑡
𝑎

𝑇
 (10) 

That t indicates the repetitions’ maximum number, 

T expresses the present repetition and an Abbreviation for a 

constant. 

 

2.4 Particle swarm optimization (𝑃𝑆𝑂) 
 

A particle-based method for optimizing a specific 

subject is actually a computational method (Kennedy and 

Eberhart 1995). Every position vector of a particle is 

expressed by 𝑋𝑖
𝑘 , speed vector by 𝑉𝑖

𝑘 , and fit value, that 

i and k are the existing output and the 𝑖𝑡ℎ particle. Based on 

their respective premiere locations and local speeds, 

particles in the exploration region are directed to global 

premier locations. Hence, the location of the optimal value 

of fit depends on the smallest value of fit (Xue 2018). Eqs. 

(11) and (12) update the speed of every particle. 

𝑉𝑖
𝑘+1 = 𝜔𝑉𝑖

𝑘 + 𝑐1𝑟1𝑃𝑖
𝑘 − 𝑋𝑖

𝑘 + 𝑐2𝑟2𝑃𝑔
𝑘 − 𝑋𝑖

𝑘 (11) 

𝑋𝑖
𝑘+1 = 𝑋𝑖

𝑘 + 𝑉𝑖
𝑘+1 (12) 

C1 & C2 = Coefficients of Acceleration 

ω           = Inertia weight =1 

r1 & r2    = Accidental members (0,1) 

𝑃𝑖          = The best present location of 𝑖𝑡ℎ particles 

𝑃𝑗          = The best global 

The lowest and highest values of 𝑉𝑖
𝑘 are -1 and 1, 

respectively. In this technique, parameters of ω, c1 and c2 

must be corrected, because their values affect the isotopy 

speed. This increased optimization performance can be 

achieved by choosing different PSO parameters in the 

literature, so that the performance of this optimization 

could be improved by using variables (Shi and Eberhart 

1998, Trelea 2003, Khoshaim et al. 2021).  

 

2.5 Social spider optimization (𝑆𝑆𝑂) 
 
A collaborative approach to treating social spiders has 

led to  𝑆𝑆𝑂 . Both genders female and male spiders are 

shown by the optimization technique (Cuevas et al. 2013).  

The social spider community consists of two parts: its 

community network and its members. According to the 

different spiders’ genders, all members are divided into two 

variable groups and every factor is managed by a group of 

different operators to emulate the collaborative treatment in 

the group. They should be divided into categories of 

effective and ineffective people of the male gender. Spiders 

that are in the effective category show better adaptation 

than ineffective spiders. In the general network, these 

spiders are captured by the nearest female spider. Also, 

ineffective male spiders concentrate on using resources 

found by effective male spiders. Depending on the fit value 

of the solution represented by a social spider, every spider 

will carry a certain amount of weight 

𝑤𝑡 =
𝑓𝑖𝑡𝑛𝑒𝑠𝑠𝑡 − 𝑊𝑜𝑟𝑠𝑡

𝐵𝑒𝑠𝑡 − 𝑊𝑜𝑟𝑠𝑡
 (13) 

The proportional value of fit(t) was obtained by 

appraising the location of the 𝑡𝑡ℎ spider, t=1,2,…T There 

are two values in the population: best and worst. 

Social spiders interact with each other in a general web 

based on SSO assumptions. Every solution in the 

exploration region represents the spider's location in the 

general network.  

 

2.6 Arithmetic optimization algorithm (𝐴𝑂𝐴) 
 

In 2021, Abulaigah et al. Published the 𝐴𝑂𝐴, a math 

operator in science that was motivated by (means Division, 

Multiplication, Addition, and Subtraction) (Abualigah et al. 

2021). In the continuation of the discussion, you can see the 

𝐴𝑂𝐴 search terms. The Pseudo code of the original 𝐴𝑂𝐴 is 

shown.  

The matrix in Eq. (14) includes the primitive answers to 

the 𝐴𝑂𝐴. 

Xi =

[
 
 
 
x1

1 x1
1 … x1,D

1

x1
2 x2

2 … xD
2

⋮
x1

N
⋱
xD

N
⋱ ⋮

… xD
N ]

 
 
 

 (14) 

The Math Optimizer Accelerated (MOA) is used in Eq. 

(15) to select the searching operator for all repetition. 

MOA(CIter) = Min + CIter × (
Max − Min

MIter
) (15) 

Using these two values as a comparison, the Min and 

Max values of the accelerated function can be determined. 

That 𝑀𝐼𝑡𝑒𝑟 is all of the repetitions and MOA(𝐶𝐼𝑡𝑒𝑟 ) is the 

MOA defined for every repetition. The present repetition is 

𝐶𝐼𝑡𝑒𝑟 . 
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Exploration level: 

In the exploration phase of AOA, different locations are 

investigated using two search methods (𝐷 and 𝑀) which are 

mentioned in Eq. (16). This phase (M) is allowed while the 

accidental number r1 > MOA; otherwise, the other operator 

(M) is allowed. 

xi,j(CIter + 1)

= {
bset(xj) ÷ (MOP + ε) × ((UBj − LBj) × μ + LBj) , r2 < 0.5

best(xj) × MOP × ((UBj − LBj) × μ + LBj) ,             otherwise
 (16) 

In present equation, best (𝑥𝑗) defined the 𝑗𝑡ℎ location in 

the best gained location in the 𝑖𝑡ℎ answer, μ shows a control 

value equal to 0.5, and 𝑥𝑖,𝑗 (𝐶𝐼𝑡𝑒𝑟 + 1) show the 𝑗𝑡ℎ location 

of the 𝑖𝑡ℎ answer (Premkumar et al. 2021). 

MOP(CIter) = 1 −
CIter

(
1
α)

MIter
(
1
α)

 (17) 

According to this equation, α shows a control value 

equal to 0.5, MOP(𝐶𝐼𝑡𝑒𝑟 ) indicates the MOP’s value at the 

𝑡𝑡ℎ repetition. 

 

Exploitation level: 

Due to the Eq. (18), the S operator is using while r3 <
0.5  and the A operator using in other cases. 

xi,j(CIter + 1)

= {
best(xj) − MOP × ((UBj − LBj) × μ + LBj),           r3 < 0.5

best(xj) + MOP × ((UBj − LBj) × mu + LBj) ,   otherwise
 (18) 

 
1.   Initialization level 

2.   Initialize the algorithm parameters: N, Min, Max, 𝑀𝑖𝑡𝑒𝑟 , 𝜇, 𝞪 

3.   Generate the initial population of solution randomly 

4.   Identify the best solution of initial population 

5.   𝐶𝑖𝑡𝑒𝑟 = 1 

6.   While (𝐶𝑖𝑡𝑒𝑟 ≤ 𝑀𝑖𝑡𝑒𝑟) 𝒅𝒐  
7.   MOA(𝐶𝑖𝑡𝑒𝑟)= Min + 𝐶𝑖𝑡𝑒𝑟 * ((Max-Min)/ 𝑀𝑖𝑡𝑒𝑟) 

8.   MOP(𝐶𝑖𝑡𝑒𝑟) = 1 − (
𝐶𝑖𝑡𝑒𝑟

𝑀𝑖𝑡𝑒𝑟
)

1

𝛼  

9.   for i = 1 to N do  

10.   for j = 1 to n do 

11.    if MOA(𝐶𝑖𝑡𝑒𝑟)< r1 then 

12.     if r2>0.5 then (Exploration level) 

13.      𝑥𝑖,𝑗= 𝑥𝑏𝑒𝑠𝑡,𝑗 / (MOP* (UBj – LBj) * μ)+ LBj) 

14.     else 

15.      𝑥𝑖,𝑗= 𝑥𝑏𝑒𝑠𝑡,𝑗 / (MOP* (UBj – LBj) * μ)+ LBj) 

16.     end if 

17.    else 

18.     if r3> 0.5 then (Exploitation level) 

19.      𝑥𝑖,𝑗= 𝑥𝑏𝑒𝑠𝑡,𝑗 / (MOP* (UBj – LBj) * μ)+ LBj) 

20.     else 

21.      𝑥𝑖,𝑗= 𝑥𝑏𝑒𝑠𝑡,𝑗 / (MOP* (UBj – LBj) * μ)+ LBj) 

22.     end if 

23.    end if 

24.   end for 

25.   Enforce design variable constraints 

26.   if p(𝑥́𝑖)< p(𝑥𝑖) then 

27.      𝑥𝑖 = 𝑥́𝑖 

28.   end if 

29.   Update the best solution found so far: 𝑥𝑏𝑒𝑠𝑡 

30.  end for 

31.  𝐶𝑖𝑡𝑒𝑟= 𝐶𝑖𝑡𝑒𝑟 +1 

32. end while 

2.7 Model evaluator indices 
 
Model evaluation and rationalization are the primary 

levels of use. After the required model is built, it is 
necessary to determine whether the results are useful and 
sufficient for the purposes of prediction and simulation now. 
To evaluate the accuracy of the approaches used, the 
performance of training and testing data is examined. For 
the purpose of evaluating the model's accuracy and 
efficiency, six statistical criteria have been used. They are 
the coefficient of determination (𝑅2 ), root mean square 
error (RMSE), mean absolute error (MAE) and the variance 
accounted factor ( VAF ). There is a greater correlation 
between low RMSE andMAE and a larger  , indicating more 
reliable statistical analysis. The larger 𝑅2  indicates a 
stronger correlation between observed and simulated data. 

𝑅2 =

(

 
∑ (𝑡𝑃 − 𝑡̅)(𝑦𝑃 − 𝑦̅)𝑃

𝑝=1

√[∑ (𝑡𝑃 − 𝑡̅)2𝑃
𝑝=1 ][∑ (𝑦𝑃 − 𝑦̅)2𝑃

𝑝=1 ]
)

 

2

 (19) 

𝑅𝑀𝑆𝐸 = √
1

𝑃
∑(𝑦𝑝 − 𝑡𝑝)

2
𝑃

𝑝=1

 (20) 

𝑀𝐴𝐸 =
1

𝑃
∑|𝑦𝑝 − 𝑡𝑝|

𝑃

𝑝=1

 (21) 

𝑉𝐴𝐹 = (1 −
𝑣𝑎𝑟(𝑡𝑃 − 𝑦𝑃)

𝑣𝑎𝑟(𝑡𝑃)
) ∗ 100 (22) 

𝑂𝐵𝐽 =
𝑛𝑡𝑟𝑎𝑖𝑛

𝑁
∗ (

𝑅𝑀𝑆𝐸𝑡𝑟𝑎𝑖𝑛 + 𝑀𝐴𝐸𝑡𝑟𝑎𝑖𝑛

𝑅2
𝑡𝑟𝑎𝑖𝑛 + 1

) +
𝑛𝑡𝑒𝑠𝑡

𝑁

∗ (
𝑅𝑀𝑆𝐸𝑡𝑒𝑠𝑡 + 𝑀𝐴𝐸𝑡𝑒𝑠𝑡

𝑅2
𝑡𝑒𝑠𝑡 + 1

) 
(23) 

So the 𝑦𝑃 & 𝑡𝑃  are the simulated and observed values, 

𝑡̅ & 𝑦 ̅are the mean of the observed and simulated values, 

respectively. Also, M indicates the specimen number, and 

M10 is the number of records with a ratio of measured to 

predicted value among 0.9 and 1.1. 

To develop the mentioned optimized models, Matlab 

software, R2020B ver. 9.9 has been employed. 

Convergence curve against R2 is illustrated in Fig. 8. 

 

 

Fig. 8 Adjusting hyper-parameters utilizing hybrid models 
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3. Results and discussion 
 

3.1 Predictive capability of the models 
 
The results of XGB-based hybrid approaches which have 

been employed to predict "A" parameter, are presented in 

this section. As mentioned, four optimization algorithms 

(𝐴𝑂𝐴,𝑃𝑆𝑂, 𝑆𝐶𝐴, and 𝑆𝑆𝑂) have been utilized for tuning the 

internal hyper-𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 of the XGB approach. In order 

to achieve a comprehensive evaluation of the performance 

and accuracy of the developed models, five evaluation 

indexes 𝑅2, 𝑅𝑀𝑆𝐸, 𝑀𝐴𝐸, 𝑉𝐴𝐹 and 𝑂𝐵𝐽 have been used to 

ensure the accuracy of the predicted values.  

For data type I, considering the training dataset, the 

amounts of 𝑅2 for 𝑋𝐺𝐵 − 𝐴𝑂𝐴 , 𝑋𝐺𝐵 − 𝑃𝑆𝑂 , 𝑋𝐺𝐵 − 𝑆𝐶𝐴 

and 𝑋𝐺𝐵 − 𝑆𝑆𝑂approaches are 0.9962, 0.9811, 0.967 and 

0.9365, respectively. Similarly, these values for the testing 

dataset are 0.9807, 0.9745, 0.962 and 0.8967, respectively. 

For data type II, considering the training dataset, the 

amounts of 𝑅2 for 𝑋𝐺𝐵 − 𝐴𝑂𝐴, 𝑋𝐺𝐵 − 𝑃𝑆𝑂, 𝑋𝐺𝐵 − 𝑆𝐶𝐴, 

𝑋𝐺𝐵 − 𝑆𝑆𝑂  approaches are 0.9941, 0.9857, 0.9618 and 

0.9331, respectively. Similarly, these values for the testing 

dataset are 0.982, 0.9712, 0.9621 and 0.8934, respectively. 
Consequently, considering both data type I and II, the 

ranking of models based on the 𝑅2 index are 𝑋𝐺𝐵 − 𝐴𝑂𝐴, 

𝑋𝐺𝐵 − 𝑃𝑆𝑂 , 𝑋𝐺𝐵 − 𝑆𝐶𝐴  and 𝑋𝐺𝐵 − 𝑆𝑆𝑂    models, 

respectively, for training and testing data. 

Considering the fact that R2 is a linear and conventional 

index, it cannot reliably be employed. Another index that is 

more popular among data scientists and has a high ability to 

rank AI-based models is 𝑂𝐵𝐽. Considering the data type I,  

 

 

 

the amounts of 𝑂𝐵𝐽 for 𝑋𝐺𝐵 − 𝐴𝑂𝐴, 𝑋𝐺𝐵 − 𝑃𝑆𝑂, 𝑋𝐺𝐵 −
𝑆𝐶𝐴 , 𝑋𝐺𝐵 − 𝑆𝑆𝑂  approaches are 0.011003, 0.0178, 

0.02167, 0.0472 and 0.02963, respectively. Similarly, these 

values for data type II are 0.0067, 0.0174, 0.0472 and 

0.0319, respectively. 

In order to better understand the difference in accuracy 

and performance of the models developed in this study, the 

measured values of parameter A against the values predicted 

by these models are shown in Figs. 9 and 10. Figs. 7 𝐴1 to 

𝐴4 show the graph of the measured values of parameter A 

against the predicted values for 𝑋𝐺𝐵 − 𝐴𝑂𝐴, 𝑋𝐺𝐵 − 𝑃𝑆𝑂, 

𝑋𝐺𝐵 − 𝑆𝐶𝐴 and 𝑋𝐺𝐵 − 𝑆𝑆𝑂 models considering data type 

I for both training and testing dataset with different legends, 

respectively. As can be seen, for all models, the linear fit of 

training prediction has better agreement prediction with the 

best fitted line in comparison to the linear fit of testing 

prediction. According to Figs. 9, the XGB − AOA model 

provides the highest accuracy for both training and testing 

steps. 

Figs. 10(a) to 10(d) illustrate the graph of the measured 

amount of parameter A against the predicted amounts for 

the 𝑋𝐺𝐵 − 𝐴𝑂𝐴 , 𝑋𝐺𝐵 − 𝑃𝑆𝑂 , 𝑋𝐺𝐵 − 𝑆𝐶𝐴  and 𝑋𝐺𝐵 −
𝑆𝑆𝑂 approaches considering data type II for both training 

and testing dataset with different legends, respectively. As 

can be seen, for all approaches, the linear fit of training 

prediction has better agreement prediction with the best 

fitted line in comparison to the linear fit of testing 

prediction. According to Figs. 10, the XGB − AOA model 

provides the highest accuracy for both training and testing 

steps.   

Table 2 hybrid 𝑋𝐺𝐵 based approaches’ performance evaluation to estimate the 𝐴 parameter 

Model  𝐴𝑂𝐴 − 𝑋𝐺𝐵 

𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑑𝑎𝑡𝑎  𝑇𝑒𝑠𝑡𝑖𝑛𝑔 𝑑𝑎𝑡𝑎  

𝑂𝐵𝐽 𝑅2 𝑅𝑀𝑆𝐸 𝑀𝐴𝐸 𝑉𝐴𝐹 (%) 

 

𝑅2 𝑅𝑀𝑆𝐸 𝑀𝐴𝐸 𝑉𝐴𝐹 (%)  

Data type I 0.9962 0.0078 0.0015 99.6189 0.9807 0.0141 0.0112 98.0394 0.0067 

Data type II 0.9941 0.0105 0.0074 99.2795 0.982 0.0137 0.0126 97.8834 0.01 

Model  𝑃𝑆𝑂 − 𝑋𝐺𝐵 

𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑑𝑎𝑡𝑎  𝑇𝑒𝑠𝑡𝑖𝑛𝑔 𝑑𝑎𝑡𝑎  

𝑂𝐵𝐽 𝑅2 𝑅𝑀𝑆𝐸 𝑀𝐴𝐸 𝑉𝐴𝐹 (%) 

 

𝑅2 𝑅𝑀𝑆𝐸 𝑀𝐴𝐸 𝑉𝐴𝐹 (%)  

Data type I 0.9811 0.0195 0.0166 97.6494 0.9745 0.0166 0.0129 97.222 0.0174 

Data type II 0.9857 0.0196 0.0241 97.4588 0.9712 0.0173 0.0151 96.5321 0.0178 

Model  𝑆𝐶𝐴 − 𝑋𝐺𝐵 

𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑑𝑎𝑡𝑎  𝑇𝑒𝑠𝑡𝑖𝑛𝑔 𝑑𝑎𝑡𝑎  

𝑂𝐵𝐽 𝑅2 𝑅𝑀𝑆𝐸 𝑀𝐴𝐸 𝑉𝐴𝐹 (%) 

 

𝑅2 𝑅𝑀𝑆𝐸 𝑀𝐴𝐸 𝑉𝐴𝐹 (%)  

Data type I 0.967 0.0245 0.021 96.631 0.962 0.0231 0.0214 94.8507 0.0473 

Data type II 0.9618 0.0241 0.017 96.1663 0.9621 0.027 0.0198 95.5134 0.0217 

Model  𝑆𝑆𝑂 − 𝑋𝐺𝐵 

𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑑𝑎𝑡𝑎  𝑇𝑒𝑠𝑡𝑖𝑛𝑔 𝑑𝑎𝑡𝑎  

𝑂𝐵𝐽 𝑅2 𝑅𝑀𝑆𝐸 𝑀𝐴𝐸 𝑉𝐴𝐹 (%) 

 

𝑅2 𝑅𝑀𝑆𝐸 𝑀𝐴𝐸 𝑉𝐴𝐹 (%)  

Data type I 0.9365 0.0335 0.0277 93.65 0.8967 0.0351 0.027 87.7283 0.0319 

Data type II 0.9331 0.033 0.0243 92.9523 0.8934 0.0309 0.0251 89.3354 0.0296 
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Each study encounters various limitations and this study, 

similar to the others, has some limitations. The most 

important limitation of the present research is the dataset 

quantity. However two types of dataset have been utilized to 

extend the models of the present study, but the larger 

numbers of dataset may lead to more capable models. Also, 

this research is focused on the XGB optimized model. Other 

hybrid or optimized models may lead to more accurate 

results. 

 

3.2 Sensitivity analysis 
 
In order to specify the most influential input parameter, 

sensitivity analysis of the optimized model was conducted 

using the best fitted model. Various datasets from the 

training phase were developed by simultaneously removing 

one of the input parameters, and the testing dataset, together 

with the training dataset, prepared the amounts of two 

efficiency evaluation criteria, 𝑅𝑀𝑆𝐸, and 𝑉𝐴𝐹. Considering 

 

 

the last section of the present paper, the dataset is divided to 

75% and 25% for training and testing dataset, respectively. 

The outcomes illustrate that eliminating every variable 

leads to reducing the efficiency of the approach. The 

outcomes are in Table 3, which is presented that the 𝑆𝑢 is 

the most effective parameter to estimate the A parameter 

raised RMSE and VAF from 0.0305 to 0.0396, and 0.0231 to 

0.0309 for training dataset, and from 0.0415 to 0.0502, and 

from 0.0312 to 0.0379 for testing dataset, respectively. The 

lowermost influence is related to the OCR considering the 

model with all inputs. It is worth mentioning that removing 

inputs only leads to a small performance damage for 

models, but in the present study, because the approach was 

developed based upon empirical results, removing inputs 

may decrease the generalizability of the developed 

approaches. Considering that the being multi-linear problem 

has no essential effect on approach suitability and often 

does not influence a lot on estimations, the present study 

does not suggest removing any inputs. 

  
(a) (b) 

  
(c) (d) 

Fig. 9 The results of 𝑋𝐺𝐵 based approaches to estimate the 𝐴 using data category I – predicted against measured for: (a) 

𝐴𝑂𝐴 − 𝑋𝐺𝐵 model, (b) 𝑃𝑆𝑂 − 𝑋𝐺𝐵 model, (c) 𝑆𝐶𝐴 − 𝑋𝐺𝐵 model; and (d) 𝑆𝑆𝑂 − 𝑋𝐺𝐵 model 
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Table 3 sensitivity analysis using 𝑋𝐺𝐵 − 𝐴𝑂𝐴 approach for 

data category II  

Inputs 
Removed 

parameter 

𝑅𝑀𝑆𝐸 𝑉𝐴𝐹 

𝑇𝑟𝑎𝑖𝑛 𝑇𝑒𝑠𝑡 𝑇𝑟𝑎𝑖𝑛 𝑇𝑒𝑠𝑡 

𝑃𝐼  
𝑆𝑢 

  𝑂𝐶𝑅 

− 0.0105 0.0137 99.2795 97.8834 

𝑃𝐼 0.0195 0.0234 73.658 65.9211 

𝑆𝑢 0.0308 0.0392 41.9756 34.1495 

𝑂𝐶𝑅 0.0249 0.0293 69.5322 61.3843 

 

 

4. Conclusions 
 
The principal aim of the present study is to develop a 

novel AI-based approach called hybrid XGB which 

hybridizes the Arithmetic Optimization Algorithm (AOA),  

Particle Swarm Optimization (PSO), Sine-cosine Algorithm 

(SCA) and Social Spider Optimization (SSO) to superior 

predict the pile set-up parameter "A" CPT employing two 

 

 

different types of inputs. Data category I involves average 

developed cone head bearing 𝑞𝑡 , average wall friction 𝑓𝑠 , 

and effective vertical stress 𝜎𝑣𝑜 , and data category II 

contains the index of plasticity 𝑃𝐼, shear strength of soil in 

undrained state 𝑆𝑢) , and the ratio of over-consolidation 

𝑂𝐶𝑅. For this purpose, CPT data and relevant borehole log 

have been collected from 70 several positions on all parts of 

Louisiana. The results show that: 

The histogram and distribution curve analysis 

demonstrate that, there is no discontinuity in the input data 

for both type I and II.   

XGB − AOA has the best accuracy for both data type I 

and II so that 𝑅2 0.9962 and 0.9941 have been obtained for 

the training data, respectively. These values considering the 

𝑅𝑀𝑆𝐸 index are 0.0078 and 0.0105, respectively. 

XGB − AOA has the best accuracy for both data type I 

and II so that 𝑅2 0.9807 and 0.982 have been obtained for 

the testing data, respectively. These values considering the 

𝑅𝑀𝑆𝐸 index are 0.0141 and 0.0137, respectively. 

  
(a) (b) 

  
(c) (d) 

Fig. 10 The results of 𝑋𝐺𝐵 based approaches to estimate the 𝐴 using data category II – predicted against measured for: 

(a) 𝐴𝑂𝐴 − 𝑋𝐺𝐵 model, (b) 𝑃𝑆𝑂 − 𝑋𝐺𝐵 model, (c) 𝑆𝐶𝐴 − 𝑋𝐺𝐵 model; and (d) 𝑆𝑆𝑂 − 𝑋𝐺𝐵 model 
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XGB − SSO has the lowest accuracy for both data type I 

and II so that 𝑅2 0.9365 and 0.9331 have been obtained for 

the training data, respectively. These values considering the 

RMSE index are 0.0335 and 0.033, respectively. 

XGB − SSO has the lowest accuracy for both data type I 

and II so that 𝑅2 0.8967 and 0.8934 have been obtained for 

the testing data, respectively. These values considering the 

𝑅𝑀𝑆𝐸 index are 0.0351 and 0.0309, respectively. 

The 𝑆𝑢 is the most effective parameter to estimate the A 

parameter raised 𝑅𝑀𝑆𝐸  and 𝑉𝐴𝐹  from 0.0305 to 0.0396, 

and 0.0231 to 0.0309 for training dataset, and from 0.0415 

to 0.0502, and from 0.0312 to 0.0379 for testing dataset, 
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Nomenclature 
 

𝐴 Pile set-up parameter 

𝐶𝑃𝑇 Cone penetration test 

𝑋𝐺𝐵 Extreme gradient boosting 

𝑃𝑆𝑂 Particle swarm optimization 

𝑆𝑆𝑂 Social spider optimization 

𝑆𝐶𝐴 Sine–cosine algorithm 

𝐴𝑂𝐴 Arithmetic optimization algorithm 

𝑞𝑡 Mean corrected cone tip resistance 

𝑓𝑠 Mean skin friction 

𝜎𝑣𝑜 Effective overburden pressure 

𝑃𝐼 Plasticity index 

𝑆𝑢 Undrained shear strength of soil 

𝑂𝐶𝑅 Over consolidation ratio 

𝑅2 Determination coefficient 

𝑅𝑀𝑆𝐸 Root mean square error 

𝑀𝐴𝐸 Mean absolute error 

𝑉𝐴𝐹 The variance accounted factor 

𝑊𝑂𝐴 Whale optimizer algorithm 

𝐻𝐻𝑂 Harris hawks optimization 

𝐺𝑂𝐴 Grasshopper optimization algorithm 

𝑅𝐹 Random forest 

𝐴𝑁𝑁 Artificial neural network 
 

 

 

 

 

 

 

 

 

 

 

 

 

276




