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1. Introduction 
 

The formation of the failure mechanism and 

consequently the ultimate bearing capacity of shallow 

foundations resting on a sand layer overlying clay are 

significantly affected by the relative strengths (cu and ) of 

the sand and clay layers, the thickness of the upper sand 

layer (H) and surcharge pressure (q0). The conventional 

bearing capacity theories can successfully estimate the 

ultimate bearing capacity in the homogeneous soil 

conditions while they cannot be applied such types of 

problems where soil properties vary with depth. An exact 

analytical bearing capacity model with a comprehensive 

understanding of the footing-soil interaction is still not 

available due to the complexity of the problem. 

Geotechnical engineers mainly estimate the ultimate 

bearing capacity of the foundations on a sand layer 

overlying clay using either the semi-empirical bearing 

capacity models based on limit equilibrium method or 

numerical analysis methods. The majority of the more 

recently studies on the bearing capacity of the shallow 

foundations have focused on the predicting the bearing 

capacity in layered soils (Uncuoğlu 2015, Mosallanezhad  
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and Moayedi 2017, Tang et al. 2017, Eshkavari 2018, 

Eshkavari et al. 2019, Zheng et al. 2019, Zheng et al. 2019, 

Askari et al. 2021, Pham and Ohtsuka 2021). In these 

studies, analytical approaches based on limit equilibrium 

method, different numerical solutions (e.g. finite element 

method, finite element limit analysis, rigid-plastic finite 

element method etc.), statistical analysis methods and 

artificial intelligence techniques have been used. It is aimed 

to overcome the shortcomings existing in the semi-

empirical conventional bearing capacity models by 

improving the simplified failure mechanisms, modifying the 

model and eliminating the uncertainties. 

In practice, the ultimate bearing capacity of a rigid 

footing on a sand layer overlying clay is estimated using the 

Projection Area Method (PAM) (Terzaghi and Peck 1948), 

Punching Shear Method (PSM) (Meyerhof 1974, Hanna and 

Meyerhof 1980) and Okamura et al. (1998) model (OM). 

The solution is obtained based on the assumed simplified 

failure mechanism and the equilibrium of forces. The 

failure mechanisms assumed in these methods have been 

defined based on the results obtained from 1g and ng 

laboratory model tests. It is generally assumed that an 

imaginary rigid sand block between the footing base and the 

interface of the sand and clay is pushed into the clay 

together with the footing, a punching shear failure in upper 

sand layer and a general shear failure in the lower clay 

layer. The vertical stress on the base of the sand block is 

assumed as equal to the bearing capacity of a rigid footing 

with rough base on the lower clay subjected to a surcharge 

pressure. The ultimate bearing capacity is calculated using 

the equilibrium of the forces acting on the sand block.  

These methods can produce different bearing capacity 
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values from each other due to the assumptions made in the 

methods, the contribution of the shearing resistance along 

the side surface of the sand block and the uncertainties 

arising from the experimental coefficients used. In the 

PAM, it is assumed that the load spreading angle, , is 

constant independent of the relative strength of the two soil 

layers and geometrical conditions (H/B). Moreover, there is 

doubt on the failure mechanism since the contribution of the 

sand layer to the bearing capacity is not taken into account. 

Meyerhof (1974), Hanna and Meyerhof (1980) and Hanna 

(1981) proposed the PSM in which the value of  is equal 

to 0. The shearing resistance along the vertical side surface 

of the block is taken into account using the punching shear 

coefficient, Ks. The Ks coefficient is defined from the charts 

as a function of the strength ratio of the sand and clay layers 

and the internal friction angle of the sand. But, there is an 

obligation to make the interpolation or extrapolation for 

values out of the values defined in the design charts. In 

addition, the use of Ks coefficient which is valid only for a 

limited range of material properties causes uncertainties on 

the estimated bearing capacity values. Okamura et al. 

(1998) developed a model considering that the load 

spreading angle  changes with both the strength of the 

lower clay layer and the thickness of the upper sand layer. 

However, the shearing resistance along the side surfaces of 

the sand block was also taken into account using the passive 

earth pressure coefficient, Kp. Okamura et al. (1998) stated 

that the proposed bearing capacity model is applicable for 

certain value ranges of the normalized bearing capacity of 

the lower clay layer, c and surcharge pressure, p (c≤26 

and p≤4.8). The mentioned analytical bearing capacity 

methods based on limit equilibrium approach have been 

developed interpreting the results of laboratory model tests 

where the material properties were in limited range. It is 

generally accepted that these methods can be applied for the 

problems having different geometries and soil properties 

out of the experimentally tested ranges. But there are doubts 

about the failure mechanisms how valid for these cases. 

Predictions of the bearing capacity by such semi-empirical 

analytical models should be considered as the first estimate 

of the failure load. In these methods the deformation 

behavior of the system and the developing of the 

deformations are not taken into account. Therefore, it is 

needed to know at which displacement value the estimated 

bearing capacity obtained. On the other hand, the 

characteristics of load-settlement curves depend on the 

failure mode cannot be evaluated considering the 

progressive failure process. It cannot be known how the 

relative strength of the two layers and geometrical 

conditions of the problem change the failure mechanism.   

There is still no a bearing capacity model considering 

the behavior of layered soils for the cases that can be 

encountered in practice having material properties in a wide 

range and different problem geometries with a well-

understood footing-soil interaction. 

In the analyses carried out by Finite Element Method 

(FEM), the problem geometry is evaluated as a whole. The 

failure condition is reached by the resulting deformation 

behavior depending on the various factors such as the 

thickness of the sand layer, relative density of the sand, the 

undrained shear strength of the clay, groundwater level, 

loading conditions, material models, mesh size etc. 

However, the different deformation characteristics of the 

two layer and the undrained shear strength of the lower clay 

will affect the value of mobilized internal friction angle 

(mobilized) in the upper sand layer and therefore the bearing 

capacity of the layered soil. Hence, there is no a certain 

failure mechanism. In FEM analyses, if the failure condition 

is not reached under the applied load, the ultimate bearing 

capacity is defined using the load corresponding a 

displacement criterion. 

Artificial Intelligence (AI) techniques are efficient and 

powerful tools to process of datasets including large 

amounts of data and to find complex and highly non-linear 

relationships among different parameters. Machine 

Learning (ML) is a branch of the AI able to learn through 

data analysis, sample perceptions and allows machines to 

develop human-like intelligence without need for special 

programming. In recent years, ML techniques are so 

popular in solving geotechnical engineering problems such 

as soil classification (Bhattacharya and Solomatine 2006, 

Kovacevic et al. 2010, Bonini et al. 2017, Carvalho and 

Riberio 2019), soil profiling (Arel 2012), soil liquefaction 

(Juang and Chen 1999, Hanna et al. 2007, Goh and Goh 

2007, Livingston et al. 2008, Kohestani et al. 2015), slope 

stability (Ferentinou and Sakellariou 2007, Bui et al. 2019, 

Maxwell et al. 2020), foundation settlement (Samui 2008, 

Nejad et al. 2009, Nejad and Jaksa 2017, Vu Luat et al. 

2020, Sasmal and Behera 2021), bearing capacity (Laman 

and Uncuoğlu 2009, Gomes et al. 2021, Uncuoğlu et al. 

2022), the coefficient of lateral earth pressure at rest 

(Uncuoğlu et al. 2008, Uncuoğlu et al. 2021). The studies 

mentioned above achieved reasonable results for the 

proposed problems. 

In geotechnical engineering problems, it is very 

important to make realistic predictions of the behavior of a 

prototype. But it is so difficult and expensive to obtain data 

from the loading tests performed in-situ conditions in 

prototype scale. On the other hand, laboratory model studies 

have a number of disadvantages due to the loading and 

drainage conditions, initial stress state, sampling and errors 

meeting during the experiments.  

In the present study, an equation has been developed to 

predict the ultimate bearing capacity of a square footing on 

a sand layer overlying clay. In the proposed bearing 

capacity equation, the footing-soil interaction, load-

settlement relationship, the entire of the soil profile are 

considered and it does not require the use of any charts or 

graphic. The steps followed are summarized in the below. 

 The full-scale loading tests conducted by Briaud and 

Gibbens (1997) on square footings resting on sand soil 

have been modelled and analyzed using the FEM. With 

this way, a calibrated and validated finite element model 

has been created to be used in the generation of the data 

set.  

 A data set has been created using the results obtained 

from a total of 192 three-dimensional finite element 

analyses performed for different footing sizes, different 

sand densities, different undrained shear strengths and 

different H/B ratios. It can be said that the value ranges 
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used belonging to the parameters in the data set represent 

the many situations that can be encountered in practice. 

 The created data set has been modelled by Multi-Gene 

Genetic Programming (MGGP) method which is a ML 

technique to develop a bearing capacity equation that 

predicts the ultimate bearing capacity of a square footing 

on a sand layer overlying clay. 

 The reliability of the proposed equation was tried by a 

data set consisting of 20 data independent of the total data 

set used in MGGP modelling. The estimated ultimate 

bearing capacity values by proposed bearing capacity 

equation using the data in the validation data set were 

compared to the bearing capacity values calculated using 

the semi-empirical equations proposed by Meyerhof 

(1974), Hanna and Meyerhof (1980) and Okamura et al. 

(1998). 

The methodology used in the study and proposed 

bearing capacity equation represent the innovative aspect of 

the study. The proposed equation provides reasonable 

predictions and efficient enough to be used in practice. 

 
 
2. Finite element modelling 
 

In this study, numerical analyses have been carried out with 

commercial Finite Element (FE) code Plaxis 3D. The analyses 

have been performed in two stages named as validation 

analyses and layered soil analyses. In the validation analyses, 

the full-scale loading tests conducted by Briaud and Gibbens 

(1997) have been modelled to obtain a model that produces 

reliable results for the layered soil analyses. The layered soil 

analyses have been carried out to investigate the effects of 

various parameters on the bearing capacity of square footings 

on a sand layer overlying clay. A data set including results 

obtained from layered soil analyses has been created to be used 

in ML modelling.    

Briaud and Gibbens (1997) conducted loading tests on 

square spread footings ranging in size from 1.0 m to 3.0 m to 

investigate the effects of footing size on bearing capacity and 

settlement behavior. The embedment depth of footings was 

0.76 m. The load value causing 150 mm of settlement was 

accepted as the failure load. The test site soil profile consists of 

silty sand layer to a depth of 11.0 m followed by a stiff clay 

layer which extends until a depth of at least 33.0 m. The 

groundwater level was a depth of 4.9 m from the ground 

surface. Sandy soil has been evaluated as lightly 

overconsolidated due to the dessication of the fines and 

removal of about 1.0 m of overburden at the location of test 

site.   

Accuracy of the finite element model to be used in the 

layered soil analyses was demonstrated minimizing the 

difference between the load-settlement curves obtained from 

analyses with experimental ones. Boundaries and depth of the 

model geometry, mesh density, type of loading and generation 

of initial stress state to be used in FE analyses were taken into 

consideration during the validation process. The properties of 

the sand soil (BG-Sand) used in validation analyses were 

obtained from the site characterization and laboratory tests 

provided in Briaud and Gibbens (1997). Thereafter, this sand 

also used in the layered soil analyses to model the relatively  

Table 1 HS model parameters for BG-Sand soil used in 

validation analyses 

Parameter Value 

Unit weight, γn (kN/m³) 15.65 

Friction angle, ϕ (°) 36.40 

Cohesion, c (kN/m²) 0.30 

Dilatancy angle, ψ (°) 4.00 

Secant stiffness, E50
ref. (kN/m²) 14600 

Unloading/reloading stiffness, Eur
ref. (kN/m²) 43800 

Oedometer stiffness, Eoed.
ref. (kN/m²) 14600 

Unloading/reloading poission ratio, νur 0.20 

Reference stress for stiffness, pref. (kN/m²) 100 

Power, m 0.50 

Failure ratio, Rf 0.90 

The coeficient of lateral earth pressure at rest, K0
nc 0.407 

Preoverburden pressure, POP (kN/m²) 362.50 

Over Consolidation Ratio, OCR 1 

 

 

loose sand condition while the relatively dense sand condition 

was simulated using the properties of Seyhan River Sand (LY-

Sand) obtained from the study done by Laman and Yildiz 

(2007). It was assumed that both sand and clay layer are 

normally consolidated in the analyses performed in layered 

conditions.  

The deformation characteristics of soils are functions of 

effective stress state, relative density, strain level and stress-

strain history. Mechanical properties of sand soils involving 

stress-strain-dilatancy behaviour are affected significantly by 

the variation of confining pressure. The real soil behaviour is 

non-linear. In other words, the soil stiffness is not constant and 

changes depending on the stress level within the soil mass. In 

the Hardening Soil (HS) model, the soil behaviour can be 

modelled much more accurately using three different soil 

stiffness moduli. HS model also takes into account the 

stress dependency state of soil stiffness moduli and 

dilatancy behaviour of sand soil. The yield surface can 

expand due to plastic strains. In advanced soil models such 

as HS model, loading history could be taken into account by 

using overconsolidation ratio (OCR) or pre-overburden 

pressure (POP). The HS model uses non-associated flow 

rule together with a plastic potential function that takes into 

account the difference between the internal friction angle 

and the dilation angle (Lo Presti et al. 1995, Maeda and 

Miura 1999, Plaxis 3D 2012, Tjie-Liong 2014). The 

nonlinear behavior of sand soil was modelled using the HS 

model due to the reasons mentioned above. The HS model 

parameters used in the finite element analyses are shown in 

Tables 1 and 2. 

The drained condition was assumed for the sands. 

Reference confining pressure is used as equal to pref.=100 

kN/m². The actual stiffness depends on minor principal 

stress σ 3. The stiffness modules used in HS model are 

stress-dependent and the magnitude of stress dependence is 

taken into account using the m exponent value. The E50
ref., 

Eur
ref. and Eoed

ref. are the stiffness parameters corresponding 

to reference pressure. The E50ref. is used to model the plastic 

deformations occurred during the primary deviatoric  
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loading. Eur

ref. is used to model the elastic behavior in 
unloading and reloading and for many practical 
applications, it can be calculated by the equation of 
Eur

ref.=3xE50
ref.. The Eoed

ref. is used to model plastic straining 
due to primary compression and it can be taken as 
Eoed.

ref.=E50
ref.. The value of the failure ratio Rf is between 

0.75-1.00 for most soils (ZSoil 2018). In Plaxis, a value of 
0.9 is usually used for Rf as an average default value. The 
elastic unloading-reloading poisson's ratio is selected as 0.2 
for most soils. In advanced soil models, loading history 
could be taken into account by using overconsolidation ratio 
(OCR) or pre-overburden pressure (POP). K0 coefficient 
calculated by K0-procedure is a stress-dependent value and 
affected from the K0-nc, νur, OCR and POP parameters. The 
value of K0 coefficient should be arranged using OCR or 
POP in overconsolidated soils. In validation analyses, load-
settlement curves obtained for different POP values were 
compared to experimental load-settlement curves and 
suitable POP value was selected to account for the lightly 
overconsolidated state of sand. On the other hand, for 
normally consolidated state assumed in the analyses 
performed in layered conditions, the initial stresses were 
generated by K0-procedure considering as OCR=1 and POP=0.  

The value of K0 coefficient was calculated by Jaky’s 

empirical equation, K0
nc=1-sin. Dilatancy angles were 

estimated by the following equation proposed by Bolton 

(1986) using the laboratory test results. Peak dilatancy 

angle can be calculated from ψpeak=3.75IR under triaxial 

conditions for 0<IR<4. IR, ID and p΄ can be defined as 

relative dilatancy index, relative density and mean effective 

stress at failure, respectively. 

IR = ID (10 - lnp΄) – 1 (1) 

Plaxis offers three different options to model the 

undrained behaviour of clay soil such as Undrained (A), 

Undrained (B) and Undrained (C). Since the soil behaviour 

is governed by effective stresses, Undrained (A) method is 

preferred to model the undrained behaviour of clay soil. 

But, in this case, the development of the pore pressure plays 

an important role in providing the right effective stress path 

that leads to failure at a realistic value of undrained shear 

strength. However, the right effective stress path in  
undrained loading can not be provided in most soil models.  

 
 

As a result, these soil models will produce the wrong 

undrained shear strength if the material strength has been 

specified on the basis of effective strength parameters. It is 

so difficult to obtain accurate and reliable test results related 

to the effective shear strength parameters in projects on soft 

soils. Although the field and laboratory tests often carried 

out under undrained conditions it is not easy to determine 

the effective shear strength parameters through the 

experimental results obtained undrained conditions. The 

experimentally measured undrained Young's modulus can 

be converted into effective Young's modulus based on 

Hooke's law. But the advanced soil models do not include 

such a direct conversion. In Undrained (B) option, a direct 

control can be achieved on shear strength since undrained 

shear strength value is directly specified as an input 

parameter. Undrained effective stress analysis can be 

performed setting the =u=0, c=su=cu and using effective 

stiffness parameters (E and ). The value of m coefficient 

is usually taken as equal to zero in the undrained behaviour 

of fine grained soils. When the HS model is used with 

Undrained (B) option, the stiffness moduli in the model are 

no longer stress-dependent and the model exhibits no 

compression hardening. In this case, a constant stiffness 

value is used as such in Mohr-Coulomb (MC) model. MC 

model is usually preferred in the cases where the number of 

soil tests and the parameter database are limited (Plaxis 3D 

2012, Dustin 2013, ZSoil 2018). Therefore, undrained 

behavior of clay was modeled with Mohr-Coulomb (MC) 

material model using the Undrained (B) option. In order to 

ensure realistic analysis results, the bulk modulus of the 

water must be higher than the bulk modulus of the soil 

skeleton. This condition can be satisfied by taking ≤0.35.  

For elastic behavior of clay, the value of =0.33 was 

selected and undrained Young's modulus was calculated by 

Eu=500xcu. It was assumed that the deformation modulus 

and undrained shear strength of clay were constant 

throughout the depth. Poulos and Small (2000) stated that 

the Emodulus could be obtained by multiplying the Eu 

modulus with β correction coefficient. The β coefficient is 

suggested as 0.4 for soft clay and 0.6 for stiff clay. In this 

study, the β coefficient was selected 0.5 considering the 

different consistencies of clay. 

Table 2 HS model parameters for sand soils used in layered soil analyses 

Parameter BG-Sand LY-Sand 

Unit weight, γn (kN/m³) 15.65 17.10 

Friction angle, ϕ (°) 36.40 41.00 

Cohesion, c (kN/m²) 0.30 0.30 

Dilatancy angle, ψ (°) 4.00 10.00 

Secant stiffness, E50
ref. (kN/m²) 14600 28000 

Unloading/reloading stiffness, Eur
ref. (kN/m²) 43800 72500 

Oedometer stiffness, Eoed.
ref. (kN/m²) 14600 28000 

Unloading/reloading poission ratio, νur 0.20 0.20 

Reference stress for stiffness, pref. (kN/m²) 100 100 

Power, m 0.50 0.50 

Failure ratio, Rf 0.90 0.90 

The coeficient of lateral earth pressure at rest, K0
nc 0.407 0.343 
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Table 3 MC model parameters for clay soil in layered soil 

analyses 

Parameter 

Friction angle,  ()  = u = 0 

Undrained Shear Strength, cu (kPa) 10, 20, 40, 60 

Unit weight, clay (kN/m3) 21.00 

Dilation angle,  () 0 

Poisson’s ratio,  0.33 

 

 

(a) The load-displacement curves obtained for different 

mesh densities 
 

(b) Mesh densities which no further improvement observed 
Fig. 1 Load-settlement curves obtained from the 

validation analyses performed to define the suitable mesh 

density 

 
 

E=β x Eu (2) 

Apart from heavily overconsolidated clay layers, 

dilatancy behavior is not seen in clays. Dilatancy angle is 

accepted as =0 in clay soils. (Bowles 1997, Plaxis 3D 

2012, Briaud 2013, Dustin 2013, ZSoil 2018, Amornfa et 

al. 2022). The properties of clay soil are summarized in 

Table 3. 
In validation analyses, the square footing has been 

modelled using both non-porous volume element and plate 

element. It was assumed that footing behavior is linear 

elastic. The thickness of the footing has been chosen 76 cm 

as equal to that one used in the experimental studies. The 

footing was considered as very rigid and perfectly rough 

therefore the value of Rinter coefficient representing the 

interface behavior was selected as 1.0. Young’s modulus, 

Poisson’s ratio and unit weight for the footing were chosen 

as 32x106 kN/m², 0.2 and 24.0 kN/m³, respectively. The 

load-settlement curves obtained from the analyses where 

the footing was modeled as non-porous volume element 

showed much better agreement with the experimental 

curves. Due to the symmetry existing both in x and y axes 

of the footing, only a quarter of the model geometry was 

employed to carry out the analyses. In layered soil analyses, 

footing thickness was selected as t=0.50 m and loading was 

applied as uniformly distributed pressure. Also, the depth of 

footing was equal to footing thickness. The validation 

analyses were performed for the 3.0 m x 3.0 m square 

footing on sand. To eliminate the boundary effect due to 

loading, the lateral distances were taken as the three times 

the footing width from the footing edge in both directions 

and the vertical distance was taken as the five times the 

width of footing from the footing base. Consequently, the 

dimensions of the model geometry were defined as 10.50 m 

x 10.50 m x 15.00 m. Plaxis generates full fixity at the base 

of the geometry whereas the vertical side boundaries were 

free vertically and constrained laterally. The Plaxis allows a 

fully automatic mesh generation considering the soil layers, 

structural members, boundary and loading conditions. The 

soil medium within the chosen domain was modelled using 

the 10-noded tetrahedral elements. Validation analyses have 

been performed with varying mesh densities to investigate 

the effect of mesh density on the results. Mesh was refined 

around the footing considering the different distances from 

the footing base and footing edges. The load-settlement 

curves obtained from a series of analyses performed at 

different mesh densities for a 3.0 m square footing were 

compared to the experimental load-settlement curve in Fig. 

1. 
In the analyses, the number of elements was changed 

from 1197 to 82287. As seen in Fig. 1, no significant 

changes were observed after a certain mesh density. At this 

point, the load-settlement curves overlap with each other 

and show good agreement with the experimental load-

settlement curve. However, increasing mesh density 

requires longer computational time due to the large number 

of elements involved. Therefore, the mesh density yielding 

the closest results to the experimental one in the most 

convenient calculation time was selected. It was observed 

that average element sizes were compatible with each other 

for the analyses although there were minor differences in 

finite element number and node number depending on 

layering conditions, footing widths and the dimensions of 

the zone where mesh refined. Fig. 2 compares the load-

settlement curves predicted by FE analyses with those 

measured in footing loading tests. As seen in Fig. 2, the 

load-settlement curves obtained from the FE analyses show 

good agreement with the experimental load-settlement 

curves. However, experimental load-settlement curves 

exhibit more stiff behaviour especially in the initial parts of 

the curves compared to load-settlement curves obtained 

from FE analyses. The differences between the initial parts 

of the curves may be attributed to the underestimation of the  
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preconsolidation pressure in the upper part of subsoil 

depending on the disturbance effects. 

 

 

3. Multigene genetic programming 
 

Genetic programming (GP) is a symbolic optimization 

technique that uses Darwinian natural selection principle 

(Koza and Poli 2005). And also, GP is an extension of the 

Genetic Algorithm (GA) and is also called tree-based GP. At 

the end of the 1980s, GP developed further on the symbolic 

regression studies using a tree population (Koza 1992). One 

of them is Multigene Genetic Programming (MGGP) 

introduced by Searson et al. (2007) which is a robust 

version of GP. MGGP creates one or more traditional GP 

trees for each individual. These trees might all be thought of 

as "genes". The output of the MGGP model is obtained by a 

weighted linear combination of genes, and typically the 

MGGP model provides a mathematical expression for 

estimating an output variable using corresponding input 

variables as defined in Eq. (3). 

𝑦𝑝 = 𝑓(𝑋1, 𝑋2, … , 𝑋𝑁) (3) 

Where 𝑦𝑝  shows the output response, f shows the 

symbolic nonlinear function or collection of nonlinear 

functions and 𝑋1, 𝑋2, … , 𝑋𝑁  shows input variables (N is 

number of input variable). 

An illustration for the symbolic regression process in the 

MGGP model consisting of two genes and four inputs is 

shown in Fig. 3(a). Here, yp represents the model output, x1, 

x2, x3 and x4 are the input variables, c0 is the bias, b1 and b2 

are the weight variables. Crossover and mutation operations  

 

 
are two major genetic recombination processes in MGGP. 
An illustration for the crossover operation is shown in Fig. 
3(b). The crossover operation is performed for obtaining of 
a new child tree by exchanging randomly selected sub-trees 
over the two parent trees. The mutation process is 
performed on a single parent tree and is shown in Fig. 3(c). 
(Golap et al. 2021). Although the impressive modeling and 
prediction skill, MGGP method has not found much usage 
in solving the civil engineering problems. 

 
 

4. Multigene genetic programming application 
 

Authors tried to develop a model to estimate the reliable 
ultimate bearing capacity value based on the physical and 
strength properties of soil layers which can be easily 
quantified by any conventional laboratory and field tests 
together with geometrical dimensions in the problem 
considered. The main objective of this paper is to propose a 
bearing capacity equation for square footings resting on a 
strong sand layer overlying a weak clay layer using the 
MGGP modelling which is a machine learning technique. 
An extensive data set that represents the problem well 
enough is needed to do this. But it is so difficult to create a 
data set having these features due to the rarity of loading 
tests in prototype scale performed in the field, the few in 
number of laboratory model tests, inconsistencies between 
the test conditions, disadvantages of the laboratory model 
tests etc. Therefore, the data used in MGGP modelling was 
produced by FE analyses. However, parametric values used 
for material models in FE analyses should be realistic 
values obtained experimentally. This condition limits the 
number of data and scenarios to be evaluated especially in 
terms of the soil layers.   

  

  

Fig. 2 Comparison of measured and predicted load-settlement curves 
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In the FE analyses carried out to produce the data, 

considered values of H/B ranged from 0.50 to 3.00. Since 

the homogeneous sand condition is an upper limit for the 

bearing capacity of layered soil, this condition was also 

evaluated in the analyses. The values of the undrained shear 

strength for weak clay layer were chosen as 10, 20, 40 and 

60 kPa considering the different consistencies of clay such 

as very soft, soft, medium and stiff that might be expected 

in practice (BSI Standards Publication 2015). The FE 

analyses have been conducted for three different footing 

widths of 1.0 m, 2.0 m and 3.0 m. Two values of friction 

angle were adopted as 36.4 and 41 for the sand in FE 

analyses. These values were thought to be appropriate to 

model the medium-dense and dense sand conditions, 

respectively. It is well known that the effective internal 

friction angle,  is a stress dependent parameter and has 

significant effects on the bearing capacity, load-settlement 

behavior and development of failure mechanism in layered 

soil condition. In the analytical methods used to estimate 

the bearing capacity of layered soils, the shearing resistance 

arising from punching effect along the side surfaces of the 

sand block between the base of the footing and the surface 

of clay layer is taken into account by K coefficient. 

Although the chosen value of lateral earth pressure 

coefficient (K) can have an important influence on the 

calculated bearing capacity there is not a consensus on how 

its value should be defined. Every method has its own K 

coefficient assumption. K coefficient can take a value 

between the values of the active lateral earth pressure 

coefficient, Ka and passive lateral earth pressure coefficient,  

 

 

Kp or can be equal to K0 or Kp. On the other hand, Meyerhof 

(1974) and Hanna and Meyerhof (1980) use the punching 

shear coefficient defined through the chart developed by the 

authors while Okamura et al. (1998) uses the Kp coefficient 

for this purpose. In this study, KE coefficient obtained 

following the items defined below was used as an input 

parameter to consider the effect of  on the bearing 

capacity behavior of layered soils. 

 The average vertical effective stress was 

calculated in the upper sand layer of H thickness by the 

expression that v-average = (sand x H) / 2.  

 The KE coefficient was obtained as the mean 

value of the Ka and Kp coefficients, KE=(Ka+Kp)/2.   

 Lateral effective stress was calculated by the 

equation that h = v-average x KE. 

 The h was multiplied by friction coefficient, 

tan and then divided by the atmospheric pressure Pa, to 

obtain the normalized normal pressure, PE = (h x tan) / 
Pa.     

Unit weight of the sands used for the medium-dense and 

dense conditions were =15.65 kN/m³ and 17.10 kN/m³, 

respectively. Since it was assumed that clay layer exhibited 

undrained behavior, obtained bearing capacity values are 

independent of clay unit weight (Michalowski and Shi 1995, 

Merifield et al. 1999, Shiau et al. 2003). There are different 

approaches in the literature for defining the ultimate bearing 

capacity from load-settlement curves. One of them is the 

0.1B method proposed by Briaud and JeanJean (1994). 

According to this approach, the load value  

  
(a) (b) 

 
(c) 

Fig. 3 An illustration for (a) tree structure of symbolic regression model, (b) crossover operation and (c) mutation operation 
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resulting in settlement of 10% of the footing width is 

accepted as the failure load (Vesic 1973, Amar et al. 1994, 

Briaud and Jeanjean 1994, Lutenegger and Adams 1998, 

Cerato 2005, Cerato and Lutenegger 2007, Lavasan and 

Ghazavi 2012). In this study, the ultimate bearing capacity, 

qu, was defined as the failure load or the unit load, qu-s/B=0.1, 

causing a displacement equal to 10% of the footing width 

under the footing center. 

An extensive data set covering the problems that can be 

encountered frequently in practice (with respect to the 

parametric value ranges) has been used. The ranges of the 

parameters also show good agreement with the study of 

Okamura et al. (1998). A total of 192 3D FE analyses have 

been performed to create a data set for MGGP modelling. 

The problem was modeled by 5 input and 1 output 

parameters using the GPTIPS toolbox written in MATLAB 

(Searson et al. 2010). Input parameters used in the model 

study include the width of the footing (B), the ratio of the 

thickness of upper sand layer to the footing width (H/B), 

undrained shear strength of lower clay (cu), unit weight of 

upper sand layer () and normalized normal stress (PE). The 

failure load or the unit load causing a settlement of 10% of 

the footing width (qu-s/B=0.1) was estimated as the output 

value. 

Before to perform modeling with MGGP method, 

definitive statistics of the data were evaluated and resulting 

findings are summarized in Table 4. 
As can be seen from Table 4, the kurtosis coefficients 

(Ck) belonging to the H/B, cu, PE and qu-s/B=0.1 parameters 

are greater than zero and exhibit platokurtic distribution. 

Since skewness coefficients (Cs) for the H/B, PE and qu-

s/B=0.1 parameters are greater than zero, they show a right 

skewed (positive skewness) distribution. On the other hand, 

the Cs coefficient of the B, cu and γsand parameters are 

smaller than zero and the distribution of them is left 

skewed. The probability density function of the H/B 

parameter is the most variable due to the highest value of 

the Cv coefficient. γsand parameter which has the smallest Cv 

coefficient exhibits homogeneous distribution around the 

arithmetic mean. In other words, γsand parameter has the 

least variable property compared to other parameters. 

The available data set which consists of total 192 data 

was divided into three data subsets as training, testing and 

validation. The number of the data in the training, testing 

 

Table 5 Control parameters for MGGP 

Parameter Value 

Population Size 100 

Fitness function Mean square error 

Maximum Generation 2000 

Function Set +,-,x, square, log, exp, power, rdvide 

Maximum tree depth 6 

Number of gene 6 

Probability of Crossover 0.85 

Probability of Mutation 0.10 

 

 

and validation data sets were the 68%, 16% and %16 of the 

total data, respectively. The data subsets with specified 

numbers were created selecting the data randomly from 

total data for each of the trial. Determining the values of the 

appropriate control parameters before construction of the 

model is an important issue that affects the realization 

capability of the model. Model complexity directly depends 

on the number of correct populations, maximum tree depth, 

and number of generations. The control parameters applied 

for the modeling of the qu-s/B=0.1 data in this study are shown 

in Table 5. These parameters were obtained by trial and 

error and after several preparatory studies. 

Before the modeling study, random permutation was 

performed to prevent overfitting. The validation data set 

was used for the parameter calibration during the 

determination of hyper parameters of MGGP model trained 

by training data. The performance of the MGGP model of 

which parameters were defined with respect to the 

performance of validation data set was tried on the testing 

data set. Five random trials were performed in this way. The 

final model was determined according to the best result in 

the test stage comparing the performance criteria obtained 

in the training and testing phases. The flow chart of the 

study is shown in Fig. 4. 
The Mean Absolute Error (MAE), Mean Square Error 

(MSE), Correlation Coefficient (R), and Determination 

Coefficient (R2) metrics are used to evaluate the 

performance of the suggested model. Table 6 lists the 

formulae for the performance metrics that are utilized. The 

degree, direction, and significance of the relationship 

between the modeled and produced data are displayed by 

the correlation coefficient. The coefficient of determination  

Table 4 Statistical parameters of input and output variables 

Statistical parameters B (m) H/B cu (kN/m²) γsand (kN/m³) PE qu-s/B=0.1 (kN/m²) 

Mean 2.00 2.55 32.50 16.38 0.72 835.19 

SD 0.82 3.03 19.25 0.73 0.72 486.55 

Cv (%) 40.93 118.91 59.24 4.44 99.62 58.26 

Cs -1.51 9.57 -1.43 -2.02 2.12 0.14 

Ck 0 3.04 0.28 0 1.67 1.00 

Max. 3.00 15.00 60.00 17.10 2.80 2094.41 

Min. 1.00 0.50 10.00 15.65 0.06 160.11 

Medyan 2.00 1.75 30.00 16.38 0.44 677.67 

Mod 1.00 0.50 10.00 15.65 0.18 560.90 

Cv: Coefficient of variation, SD: Standard deviation, Cs: Coefficient of skewness, Ck: Coefficient of kurtosis 
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Fig. 4 Flow chart for application of the model 

 

 

is the proportion of the variance of the dependent variable 

that can be predicted from the independent variables. It 

demonstrates that when the R2 value gets closer to 1, the 

modeled and produced data become more correlated. The 

results obtained for each of the trials were demonstrated in 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5. It is seen that the best results considering the 

performance criteria were obtained for the third random 

trial in both training and testing data sets. Therefore, the 

equation proposed in the third random trial was chosen to 

predict the ultimate bearing capacity and was applied whole 

data set. The comparison of the modeled and produced data 

for whole data set was showed in Fig. 6. The performance 

values of each random trial have been summarized in Table 

7. 
The most successful results have been obtained for the 

third random trial. The ultimate bearing capacity values 

calculated using the equation obtained in the third trial 

show fairly good agreement those of obtained from FE 

analyses. The results show that the R2 values obtained for 

both training and testing stages are greater than 0.99. The 

other performance criteria also have the smallest values in 

this trial for both training and testing. The R² value between 

the modelled and produced data was obtained as 0.99 when 

the formula obtained in the third trial is applied the whole 

data. 

 

5. Comparison of MGGP model results with existing 
formulae 

 
The ultimate bearing capacity values estimated from the 

proposed equation have been compared to the bearing 

capacities calculated using the experimental methods  

Table 6 Performance evaluation parameters used in this study 

Metric Description Formula 

MAE Mean Absolute Error 𝑀𝐴𝐸 =
1

𝑁
∑|𝑋𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑,𝑖 − 𝑋𝑚𝑜𝑑𝑒𝑙𝑒𝑑,𝑖|

𝑁

𝑖=1

 

MSE Mean Square Error 𝑀𝑆𝐸 =
1

𝑁
∑(𝑋𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑,𝑖 − 𝑋𝑚𝑜𝑑𝑒𝑙𝑒𝑑,𝑖)2

𝑁

𝑖=1

 

R Correlation Coefficient 𝑅 =
1

𝑁 − 1
∑ (

𝑋𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑,𝑖 − 𝜇𝑋

𝜎𝑋
) (

𝑋𝑚𝑜𝑑𝑒𝑙𝑒𝑑,𝑖 − 𝜇𝑋𝑚𝑜𝑑𝑒𝑙𝑒𝑑

𝜎𝑋𝑚𝑜𝑑𝑒𝑙𝑒𝑑
)

𝑁

𝑖=1

 

R2 Determination Coefficient 𝑅2 = 1 −
∑ [𝑋𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑,𝑖 − 𝑋𝑚𝑜𝑑𝑒𝑙𝑒𝑑,𝑖]2𝑁

𝑖=1

∑ [𝑋𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑,𝑖 − 𝜇𝑋]2𝑁
𝑖=1

 

Table 7 Performance criteria for training and testing stages of five random trials 

Random 

Trials 
 MSE MAE R R2 

1 
Train 5.4307762e+03 5.7783719e+01 9.8828298e-01 9.7670325e-01 

Test 1.1143628e+04 8.1419459e+01 9.6641787e-01 9.3396350e-01 

2 
Train 6.1128839e+03 6.0557811e+01 9.8529964e-01 9.7081538e-01 

Test 6.8924523e+03 6.7719280e+01 9.9044126e-01 9.8097389e-01 

3 
Train 1.9446018e+03 3.5297166e+01 9.9552794e-01 9.9107588e-01 

Test 2.7138745e+03 3.9606714e+01 9.9609811e-01 9.9221144e-01 

4 
Train 4.9583867e+03 5.9082424e+01 9.8732868e-01 9.7481791e-01 

Test 6.8337381e+03 6.9040452e+01 9.8993934e-01 9.7997990e-01 

5 
Train 3.6130520e+03 4.6197348e+01 9.9267814e-01 9.8540988e-01 

Test 6.3448990e+03 5.7736029e+01 9.8899279e-01 9.7810673e-01 

Whole Data  2.2391030e+03 3.7604002e+01 1.0000000e+00 9.9050500e-01 
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Fig. 5 Scatter-comparison graphs for modeled and produced qu values in training and testing datasets 

 

Fig. 6 The comparison of the modeled and produced data for whole data set 
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proposed by Meyerhof (1974) and Hanna and Meyerhof 

(1980) and Okamura et al. (1998) to evaluate the suitability 

of the formula. 

The calculated ultimate bearing capacities using the 

semi-empirical analytical methods are different from each 

other because of the assumptions made in the methods are 

not the same. The shape of the sand block and description 

of shearing resistance acting along the side of the block are 

the most significant parameters affecting the bearing 

capacity values obtained. In PSM proposed by Meyerhof 

(1974) and Hanna and Meyerhof (1980) it is assumed that 

the ultimate bearing capacity of upper sand layer is much 

more than that of the underlying clay layer. Because the 

bearing capacity obtained in the cases of where both layers 

have similar individual bearing capacities will not be 

represent completely the bearing capacity of layered 

condition. At the time of failure deformation of the sand 

layer is less than that of the clay layer since the 

simultaneous occurrence of the failure in both layers will 

not be take place. The vertical displacement of sand column 

is much more than that of the lateral movements due to the 

weak clay layer. This lateral movement is not sufficient for 

the maximum mobilization of the passive pressure acting on 

the assumed vertical planes. Therefore, the mobilized angle 

of friction in the sand layer could be less than the peak 

value and shearing resistance along the side of the sand 

block is taken into account using the punching shear 

coefficient Ks. In this method, Ks is given in charts as a 

function of the friction angle of sand layer (1) and the ratio 

of the bearing capacity of uniform clay to that of uniform 

sand (q2/q1). It is assumed that Ks coefficient is independent 

of footing depth. Hanna and Meyerhof (1980) proposed the 

following equations for ultimate bearing capacity of 

rectangular footings resting on a strong sand layer overlying 

saturated weak clay (ϕ2=0) layer. The smaller of the qu and 

qt values is chosen as the ultimate bearing capacity. qu and 

qt are defined as ultimate bearing capacity in layered state 

and ultimate bearing capacity of upper sand layer, 

respectively. 

𝑞𝑢 = 5.14𝑐2 [1 + 0.2 (
𝐵

𝐿
)] + (1 +

𝐵

𝐿
) 𝛾1𝐻2 (1 +

2𝐷𝑓

𝐻
) (

𝐾𝑠𝑡𝑎𝑛∅1

𝐵
) ƛ𝑠

+  𝛾1𝐷𝑓 ≤ 𝑞𝑡 
(4) 

𝑞𝑡 =  𝛾1𝐷𝑓𝑁𝑞(1) [1 + 0.1 (
𝐵

𝐿
) 𝑡𝑎𝑛2 (45 +

∅1

2
)]

+
1

2
𝛾1𝐵𝑁𝛾(1) [1 + 0.1 (

𝐵

𝐿
) 𝑡𝑎𝑛2 (45 +

∅1

2
)] 

(5) 

Both load spreading angle in the sand layer and shearing 

resistance along the side of the block are considered in the 

calculations proposed by Okamura et al. (1998). It is 

assumed that load spreading angle changes depending on 

the strength parameters of both layers and H/B ratio. The 

normal stress acting on the side of the sand block is equal to 

the Kp times the vertical stress. In the centrifuge tests 

conducted by Okamura et al. (1998), it was observed that 

the Rankine’s passive coefficient Kp is a lower limit. Also, 

the horizontal stress on the side of the sand block was 

affected from both the strength of lower clay layer and 

depth of footing. In this method, the angle of shearing 

resistance mobilized on the side surfaces of the sand block 

is adopted as equal to . Okamura et al. (1998) yields the 

following formulae for ultimate bearing capacity of a 

circular footing on a sand layer overlying clay layer. 

𝑞𝑓 = (1 + 2
𝐻

𝐵
𝑡𝑎𝑛𝛼𝑐)

2

(𝑐𝑢𝑁𝑐𝑠𝑐 + 𝑝0
 + 𝛾 𝐻)

+
4𝐾𝑝𝑠𝑖𝑛( − 𝛼𝑐)

𝑐𝑜𝑠𝑐𝑜𝑠𝛼𝑐

{(𝑝0
 +

𝛾 𝐻

2
)

𝐻

𝐵

+ 𝑝0
 𝑡𝑎𝑛𝛼𝑐 (

𝐻

𝐵
)

2

+
2

3
𝛾 𝐻𝑡𝑎𝑛𝛼𝑐 (

𝐻

𝐵
)

2

}

−
𝛾 𝐻

3
{4 (

𝐻

𝐵
)

2

𝑡𝑎𝑛2𝛼𝑐 + 6
𝐻

𝐵
𝑡𝑎𝑛𝛼𝑐 + 3} 

(6) 

The data produced by FE analyses carried out on 

prototype scale footings were modeled by MGGP method 

and then a bearing capacity equation given below was 

obtained. 

qu=(5.1e+15*x4*x5*(x4-

1.8)*(x4+x5)^2)/((2.9e+17*(x4+5.0))/x3^(1.0*x2)+4.1e+17)- 

160.0*exp(x5)-63.0*log((x2*x5^x1*x5^2)/(x3*(x1+x4)))-4.7*(-

1.6)^x1-4.7*x3*x5- 160.0*x2* exp(-1.0*x5)-(19.0*x1)/x5-4.7*x4*(x2-

1.0*x3)-(3.3e+14*x5)/(7.0e+13*x5^x1- 2.0e+14)-

(160.0*log(x2)^x1)/(log(x4-1.0*x2)*(x1+x5))-

68.0*x3+(5.5e+15*x4*log(x2)*(x4-5.0)*            (x4-5.9)*(x1+x4-

(1.0*(x3-1.0*x4))/(x3+x4)))/(7.0e+17/x3^(1.0*x2)+3.6e+17)- 

(0.075*x5^x1*x5^2*log(x5)*(x1-1.0*x4)^2*(x2-2.0*x1+x4)*(2.0*x1-

1.0*x4+4.9))/x2^4+ 73.0  

(7) 

In this equation, x1, x2, x3, x4 and x5 variables represent 

the B, H/B, cu, sand and PE parameters, respectively. 
The reliability of the proposed equation was tried by a 

data set consisting of 20 data independent of the total data 
set used in MGGP modelling. These data are shown in 
Table 8. 

The ultimate bearing capacity values obtained from the 

proposed equation for 20 independent data were compared 

to the ultimate bearing capacity values calculated using the 

semi-empirical analytical approaches proposed by 

Meyerhof (1974) and Hanna and Meyerhof (1980) and 

Okamura et al. (1998). The comparison of the results is 

demonstrated in Fig. 7. It can be seen from Fig. 7 that the 

bearing capacity values obtained from MGGP and PSM 

show a similar pattern. Although the ultimate bearing 

capacity values predicted using the formula produced by 

MGGP model are in good agreement with those calculated 

using the PSM, they are less than the values calculated by 

OM. The highest bearing capacities for all the 20 data have 

been obtained from the OM. The bearing capacity values 

estimated by MGGP are either a value between the bearing 

capacity values calculated using these two methods or the 

lowest bearing capacity value. This result indicates that the 

proposed equation yields the bearing capacity values which 

are on the safe side for all the data.  

The Absolute Percentage Errors (APE) between the 

PSM and OM, MGGP and PSM and MGGP and OM have 

been calculated. The results are illustrated in Fig. 8. It is 

observed that the APE between the bearing capacities 

calculated using PSM and OM vary between the 26% and 

155%. On the other hand, while the APE varies between 4% 

and 48% for the bearing capacities obtained from PSM and 

MGGP this range is equal to 3%-59% for those obtained  
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Table 8 The independent data set used to confirm reliability 

of the proposed bearing capacity equation 

B 

(m) 
H/B 

cu 

(kN/m²) 

γsand 

(kN/m³) 
PE 

2.80 0.75 27 15.65 0.253 

1.75 1.00 33 15.65 0.211 

2.25 1.40 17 15.65 0.379 

1.50 0.50 22 15.65 0.090 

1.60 1.25 33 15.65 0.241 

2.10 1.35 37 15.65 0.341 

2.60 1.80 15 15.65 0.564 

1.20 1.00 25 17.10 0.224 

1.70 0.85 51 17.10 0.270 

2.35 1.40 23 17.10 0.614 

2.40 0.70 13 17.10 0.314 

1.65 0.80 36 17.10 0.246 

2.30 0.90 16 15.65 0.249 

1.40 1.50 52 15.65 0.253 

2.90 1.35 22 15.65 0.471 

1.90 0.30 31 17.10 0.106 

2.10 0.40 34 15.65 0.101 

2.20 0.85 12 15.65 0.225 

1.35 1.60 43 17.10 0.403 

2.55 1.10 17 17.10 0.524 

 

 
Fig. 7 The comparison of the ultimate bearing capacity 

values 

 

 

from MGGP and OM. When the absolute percentage 

difference values of each of the 20 data are analyzed, it is 

observed that the differences in bearing capacities among 

the approaches considered do not change systematically 

depending on the input parameters used in MGGP 

modelling. In data where the differences between the 

bearing capacities obtained from the MGGP and PSM are 

least, the difference values between the MGGP and OM are 

usually high. The similar situation is valid for the 

comparison between the MGGP and OM. Such that, in data 

where the differences between the bearing capacities 

obtained from the MGGP and OM are least, the difference 

values between the MGGP and PSM are also usually high. 

 
Fig. 8 The comparison of the absolute percentage error 

values 

 

 

When the differences among the bearing capacity values 

obtained from three different method for all the 20 data 

have been compared, it is seen that the utmost differences 

are between the bearing capacity values calculated using the 

PSM and OM. This result also shows that the proposed 

formulation can model the problem accurately and reliably.  

Although constant values of lateral earth pressure 

coefficient (KE and KP) depending on the  have been used 

in both the formulation proposed in this study and OM, Ks 

coefficient which varies depending on both  and q2/q1 is 

used in PSM. The results reveal that the assumptions made 

in the determination of K coefficient alone do not have a 

significant effect on the differences among the bearing 

capacities obtained from the methods considered.  
Such that, the least PAE is equal to 4.172% between the 

bearing capacities obtained from PSM and MGGP. In this 

data, the values of K coefficients are equal to 3.813 and 

2.087 for the PSM and MGGP, respectively. For the same 

data, the PAE is equal to 34.895% between the bearing 

capacities obtained from OM and MGGP while the value of 

K coefficient is 3.919 for OM. Similar results are valid also 

for the data in which the least PAE is obtained between the 

OM and MGGP methods. The PAE is equal to 3.870% for 

this data while the values of K coefficients are 4.815 and 

2.511 for the OM and MGGP methods, respectively. For the 

same data, the PAE is equal to 48.273% between the 

bearing capacities obtained from PSM and MGGP while the 

value of K coefficient is 2.714 for PSM. The minimum 

value of PAE between the PSM and OM is 26.416% and the 

K coefficients are 3.250 and 4.815 for PSM and OM, 

respectively. On the other hand, the maximum PAE value is 

155.625% between the PSM and OM while the values of K 

coefficients are 2.357 and 3.919 for the PSM and OM, 

respectively. 

Although the value ranges of input parameters in whole 

data set are more compatible with the ranges of parameters 

in Okamura et al.’s experimental study the predicted 

bearing capacity values using the MGGP formula show 

much better agreement with the bearing capacities 

calculated with PSM.  
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6. Conclusions 
 

In this study, authors used a hybrid approach including 
FEM and ML technique to develop an equation estimating 
the ultimate bearing capacity of a square footing on a sand 
layer overlying clay. The proposed equation is based on the 
physical and strength properties of soil layers which can be 
easily quantified by any conventional laboratory and field 
tests together with geometrical dimensions in the problem 
considered. Also, it does not require the use of any charts or 
calculations of different parameters. The results obtained in 
this study can be summarized as follows: 

  The results indicate that the proposed equation yields the 

bearing capacity values which are on the safe side for all the 

data.  

  It is observed that the differences in bearing capacities 

among the approaches considered do not change 

systematically depending on the input parameters used in 

MGGP modelling. 

  It is seen that the utmost differences are between the 

bearing capacity values calculated using the PSM and OM. 

  The results reveal that the assumptions made in the 

determination of K coefficient alone do not have a 

significant effect on the differences among the bearing 

capacities obtained from the methods considered. 

  Although the value ranges of input parameters in whole 

data set are more compatible with the ranges of parameters 

in Okamura et al.’s experimental study the predicted 

bearing capacity values using the MGGP formula show 

much better agreement with the bearing capacities 

calculated with PSM.   

  It was observed that the MGGP method yielded 

successful results for the problem considered. The proposed 

equation provides reasonable predictions and efficient 

enough to be used in practice. 
Since AI techniques are data-driven, performance of the 

models significantly depends on the data provided to make 
predictions. In this study, data produced through numerical 
modelling have been used. Numerical data are very useful 
when there are not enough experimental data or when 
obtaining experimental data are difficult and expensive. The 
number of data used for AI model training is one of the 
most important factor affecting the accuracy of the model. 
Generally, the use of larger dataset will result in better 
performance of the AI techniques. Data selection for data 
subsets (e.g., training, testing and validation) and 
distribution ratio between the three subsets may also have 
substantial effects on model performance. The developed AI 
models are applicable to problems with similar properties, 
but care should be taken when applying them to scenarios 
with different properties because extrapolation is required 
for new data outside the range of the trainig data (Jong et al. 
2021, Baghbani et al. 2022, Onyelowe et al. 2023). Despite 
of these limitations, the results of this study prove that the 
proposed equation can be used reliably for the value ranges 
of the parameters in the data set. If a much larger data set 
including sand and clay soils with different properties, 
different footing sizes and footing depths, different layered 
scenarios etc. is created a more robust bearing capacity 
equation can be produced through the methodology used in 
this study. 
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