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a b s t r a c t 

The use of machine learning (ML) to predict and classify various aspects of pile foundation has rapidly gained 

paramount attention over the past decade, resulting in various sets of input features and algorithms that have 

been employed. This study classifies those input features into 2 groups, i.e., with and without understanding of 

soil-pile interaction, and examines their impacts on the development and performance of ML models. Six different 

ML algorithms covering from the most fundamental decision trees to advanced bagging and boosting techniques 

are adopted. An extensive database gathering 86 cases (1129 datapoints) of pile load tests in complex soft soil 

region is developed and employed to investigate the influence that 2 different sets of input features can have 

on predicting base resistance of piles. Through a comprehensive training-to-validation process, the results prove 

the importance of having soil-pile interaction features such as the load-displacement curves in optimizing the 

ML prediction of base resistance. On the other hand, the use of only soil and pile features for model inputs can 

help reduce the cost for pile tests, though it can lead to poorer prediction performance. Not only does the current 

study establish novel models based on machine learning to predict base resistance of piles, but it also employs 

quantitative feature analysis to gain insight into the load-transfer process, where the interaction between soil 

and pile develops downward from side to base resistances. The study proposes an adaptive training strategy 

that effectively improves model application to new contexts, reducing the need for extensive data collection and 

field survey costs, thereby enhancing the cost-effectiveness and scalability of ML deployments in geotechnical 

engineering. 
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ist of acronyms 

 cross-sectional area of pile 

E axial stiffness of pile 

 equivalent diameter of pile 

p displacement of loading point 

 Young’s modulus 

 embedded length of pile 

1 the first 1/3 of embedded pile length from the pile head 

2 the second 1/3 of embedded pile length from the pile head 

3 the third 1/3 of embedded pile length from the pile head 

p distance from the loading point to the pile toe 

SPT SPT value of soil 

 applied axial load 

b Base resistance of pile 

PT standard penetration test 
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u1 average undrained shear strength of soil within the first 1/3

pile length from the pile head (side soil) 

u2 average undrained shear strength of soil within the second

1/3 pile length from the pile head (side soil) 

u3 average undrained shear strength of soil within the third 1/3

pile length from the pile head (side soil) 

ub undrained shear strength of soil underneath the pile toe (base

soil) 
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There are approximately 40 % of population around the world liv-

ng in near-coastal regions where soft soil often causes immense chal-

enges to the design and construction of buildings and infrastructure
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ion can even exceed 85 % ( DCCEEW, 2021 ). The demand for high-

ise buildings and heavy transport infrastructure is usually massive in

hese regions due to the intensive concentration of population and dy-

amic industries ( Truong et al., 2021 ), making pile foundation become

he most preferable option. Many cities such as Ho Chi Minh, Jakarta,

angkok, etc. lie on extremely soft ground with the depth can reaches

0–40 m, requiring excessive long and large piles to be used. For exam-

le, the length of bored piles used in various high-rise buildings in Ho

hi Minh City in the past 2 decades often ranges from 50 m to 90 m,

ome can even exceed 100 m. Traditional theories and practices of pile

oundations were often limited to a depth of less than 40 m ( Dai et al.,

012 ; El Gendy et al., 2014 ; Bohn et al., 2017 ; Al-Atroush et al., 2022 ),

hereas understanding long pile foundation is still ambiguous due to

 lack of validation data. In fact, field tests for long piles are usually

ostly and resource demanding as they require complex loading system

ith numerous sensors to reach the failure stage. It is important to note

hat most long piles have very large ultimate bearing capacity, e.g., >

000 to exceed 10,000 tonnes, requiring the loading system and test

rocedure to be designed properly ( Huynh et al., 2023 ). 

Subjected to increasing axial load, skin resistance usually takes place

rst and this develops over the depth until the base resistance becomes

arger with mobilised skin friction, i.e., deboning with plastic yielding

ownward ( Sharo et al., 2022 ). When the pile becomes longer, the load

ropagation will occur to a larger depth with complex behaviours of

kin friction and base resistance, resulting in considerable challenges

n the practice of prediction and design. For example, the base resis-

ance can reach a critical level with significant displacement without

 full mobilisation of the skin resistance, i.e., partial plastic deforma-

ion along the depth ( Li et al., 2023 ; Xiao et al., 2023 ). Despite this

omplex and important matter, there is still a limited number of stud-

es on the development of base resistance especially in long piles. Some

tudies ( Nguyen & Fellenius, 2015 ; Xiao et al., 2023 ) investigated long

iles, but the main focus often goes to estimate general bearing capac-

ty rather than the concurrent behaviour of individual components such

s skin and base resistances. In fact, while there exist many practice

odes and models to estimate bearing capacity of soil ( AASHTO Specifi-

ations, 2010 ; TCVN 10304, 2014 ; Li et al., 2023 ; Xiao et al., 2023 ), the

ole of pile settlement is often neglected. This context indicates greater

ffort to establish an effective method to overcome this long-lasting is-

ue of pile foundation. 

Various machine learning (ML) algorithms have been used to predict

ehaviour of pile foundation with great success in the past 2 decades,

evertheless, there is a lack of attention to the load transfer as well as the

evelopment of shaft and base resistances under loading. Table 1 sum-

arises different ML algorithms that have been employed for various

spects and data types of pile foundation since early efforts in 1995 and

005 ( Chan et al., 1995 ; Goh et al., 2005 ). The artificial neural network

ANN) was probably the earliest and also the most impactful algorithm

hat has been used to predict bearing capacity and settlement of piles, as

hown in Table 1 . Later, many other algorithms such as support vector

achine (SVM), recurrent ANN, random forest (RF), XGBoost, etc. have

uccessfully been applied with considerable improvement of model per-

ormance. Design and construction assisting software have been devel-

ped and adopted in practice of pile driving based on machine learning

 Hazewinkel, 2022 ; VIKTOR, 2022 ). Despite various efforts, using ML

o predict load transfer and base resistance, especially for long piles in

oft soil is very limited due to the lack of appropriate data. 

Momeni et al. (2015) was among few studies that established ANN

odel to predict the base resistance of piles, but their base and shaft

esistance data were computed from dynamic test (PDA) results rather

han direct measurement (i.e., static pile load tests). It is important to

ote that the results based on PDA are often found less reliable due to

he use of multiple calibration parameters and the difference between

ynamic (short-term) and static (long-term) pile behaviour ( Chan et al.,

995 ; Budi et al., 2015 ). Similarly, Millán et al. (2023) made consid-

rable effort to estimate tip resistance of piles embedded in rock using
2

NN, their data are obtained from numerical simulations that usually

ack influencing factors from real construction condition. Further, past

L models could only address pre-casted and short piles with small data

ize, resulting in limited implications. Recent attempt ( Huynh et al.,

023 ) was made to overcome these limitations, however, the model

xhibits significant low quality of prediction using the basic ANN al-

orithm. More effort to apply advanced ML methods to predict complex

ontexts (e.g., long and large bored piles in soft soil) with bigger and

ore realistic database hence becomes crucial. 

Past studies have used various sets of input features to develop ML

odel for predicting behaviour of pile foundation. As Fig. 1 shows, the

eatures which have commonly been used as inputs for model training

an be categorised into 2 major distinct groups, i.e., 

Group (i) incorporates response characteristics of soil-pile system

captured through pile tests such as the PDA, the ultrasonic

and static pile load tests. This can be the settlement and stress

distribution behaviours of pile under static loading; the dy-

namic response of pile under impact (e.g., hammering) loads;

the wave characteristics from non-destructive tests, among oth-

ers. Of these, the use of loading-settlement/displacement ( P - S or

t - z ) curves obtained from static pile load tests is the most prefer-

able approach across various predictions due to its simplicity and

reliability. 

Group (ii) includes individual features of soil and pile without know-

ing soil-pile interaction detail. This can be divided into 2 different

types: 

• geometric features of piles (i.e., size and shape characteristics such

as the diameter and length) and soils (e.g., the thickness of different

soil layers); 

• engineering features of piles and soils, specifically pile properties

such as the axial stiffness, compression and tensile moduli; and soil

properties such as shear strength, effective stress, cohesion, friction

angle, characteristic data from field tests, e.g., SPT and CPT; 

In the above, Group ( i ) are intrinsic features of soils and piles that

re often known earlier in design stage, whereas Group ( ii ) employs test

ata which can only be obtained during and/or after construction phase

hrough in-situ tests. Therefore, Group ( i ) reflects the true soil-pile in-

eraction and real work condition of pile foundation, they are thus more

eliable and provides more direct impact. On the other hand, Group ( ii )

s very crucial to understand pile foundation at early stage of design.

he use of input variables from Group ( ii ) alone has been used widely to

redict pile behaviour such as the ultimate bearing capacity and settle-

ent ( Kardani et al., 2020 ; Amjad et al., 2022 ; Cao et al., 2022 ). On the

ther hand, combining variables from Groups ( i ) and ( ii ) to form input

ataset has also been used effectively to promote prediction outcomes

 Momeni et al., 2014 ; Shahin, 2014 ; Pooya Nejad & Jaksa, 2017 ). De-

pite this distinct difference, the influence that using different sets of

nput features can have on ML-based prediction has not been addressed

n past studies. 

In view of the above, this paper aims to assess the role of using

oil-pile interaction knowledge in prediction of pile foundation based

n machine learning techniques. Specifically, the study compares pre-

iction performance of ML models which are developed using different

ets of input features, i.e., with and without soil-pile interaction detail

o predict base resistance of piles. Different advancements of ensem-

le learning, i.e., from the most basic form Decision Trees to the highly

ated XGBoost and CatBoost models are applied to a database (1129 dat-

points) collected from 37 different real-life construction projects. Two

istinct sets of input features serving different purposes of design and

onstruction stages are investigated, while post-analysis is carried out

o enhance our understanding of load-transfer mechanism in pile foun-

ation. Furthermore, the developed models are examined by applying

hem to an independent dataset collected from literature, followed by

erformance evaluation and proposed solutions to improve prediction.
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Table 1 

Summary of past machine learning (ML) models used to predict behaviour of pile foundations, indicating the lack of attention to tip/base resistance which is one of 

two key components of pile’s bearing capacity. Most of data to develop ML models for tip/base resistance are obtained from either numerical simulations or indirect 

measurements in the field. 

No Major categories of 

application/ 

prediction 

Input variables/features and Classification Measured data for shaft 

(skin) and base/tip 

resistance 

Algorithm and Approach References 

1 
Axial bearing 

capacity 

Group (ii) : Pile features (L 4.7–33.6 m, D 

0.38–1.2 m); 

Group (i) : Hammering parameters, PDA test 

results 

Not available ANN optimised by genetic algorithm (GA); ( Momeni et al., 

2014 ) 

Group (ii) : Pile features (L 5.5–45.1 m, D 

0.25–0.9 m); CPT data of side and base soils 

Not available Basic ANN without optimisation ( Shahin, 2010 ) 

Group ( ii) : Pile features (L 5–10 m, D 

0.3–0.4 m); SPT of side and base soils; 

Not available Heterogeneous Ensemble method combining 

multivariable adaptive regression splines 

(MARS) and radial basis neural network 

(RBNN) and equilibrium optimiser (EO) 

( Cao et al., 2022 ) 

Group ( ii) : Pile features (L 3–47 m, D 

0.1–0.9 m); shear resistance angle of side 

and base soils; effective stress of base soil; 

Not available 6 different algorithms: XGBoost, Random 

Forest (RF); Decision Tree (DT); K-nearest 

Neighbour (KNN); Multilayer Perception 

Artificial Neural Network (MLPANN); support 

vector machine (SVM); 

( Kardani et al., 

2020 ) 

Group (ii) : Pile features (cross-sectional 

area, L = 14–98 m, material properties); 

cohesion and friction angle of soils, 

Group (ii) : pile-soil friction; 

Not available 10 different algorithms: Deep Neural Network 

(DNN); Extreme Learning Machine (ELM); 

Random Forest (RF); LASSO; KRidge; Stepwise 

Regression; Generic Programming (GP) 

( Benbouras et al., 

2021 ) 

Group ( ii) : Pile features (L 5–25 m, 

D < 0.4 m); SPT of side and base soils 

Not available ANN and RF (other investigations used Deep 

NN for the same data and objective are not 

presented in this stable) 

( Pham et al., 2020 ) 

Group (ii) : PHC nodular piles: pile feature 

( L < 50 m) and SPT of soil 

Not available Bayesian Regularized ANN ( Nguyen et al., 

2022 ) 

Group (ii): Corroded piles: pile feature (L 

30–60 m, D 1.2–2 m), corrosion depth, 

spalling thickness 

Not available Kernel ridge regression; Multilayer perceptron 

(validation with FEM results) 

( Yousheng et al., 

2024 ) 

Group (i) : Using PDA test data Not available Basic ANN ( Chan et al., 1995 ) 

2 Side/skin 

friction/resistance 

factor 𝛼

Group (ii) : Drilled shafts (L 1.62–77 m, D 

0.18–1.8 m), only 2 input variables: 

undrained shear strength and effective 

vertical stress of side soil. 

Not available Bayesian Regularized ANN ( Goh et al., 2005 ) 

3 
Base/tip resistances 

Base/tip resistances 

Group (ii) : Pile features (L5–35 m, D 

0.38–1.2 m); and 

Group (i) : PDA data, driving piles. 

Not available (indirect 

estimate from PDA data) 

Basic ANN ( Momeni et al., 

2015 ) 

Group (ii) : Pile features (pile width, 

embedded lengths in rock and soil), and 

rock properties (self-weight, compressive 

strength, rock mass quality index) 

Not available (numerical 

data, not physical 

measurement) 

Normal ANN: 1 hidden layer with 8 neurons 

(applied to predict tip/base resistance of piles 

in rock) 

( Millán et al., 2023 ) 

Group ( ii) : Pile features (L40–99 m, D 

1–2.5 m), SPT of soil, and 

Group (i) : pile head displacement from 

static load tests 

Yes 

(physical measurement) 

Basic (normal) ANN without optimisation; the 

average prediction accuracy R2 = 0.85; no 

consideration of input features 

( Huynh et al., 2023 ) 

4 
Lateral bearing 

capacity 

Group (ii) : Pile features (L and D, not 

detailed); eccentricity of load; shear 

strength of soil 

Not available 

Least square support vector machine (LSSVM) 

and multivariate adaptive regression spline 

(MARS) 

( Samui & Kim, 2013 ) 

Not available Extreme learning machine (ELM) compared to 

optimised ANN 

( Muduli et al., 2013 ) 

Not available Multivariate adaptive regression splines 

(MARS) and Functional Networks (FN) 

( Das & 

Suman, 2015 ) 

5 Ultimate vertical 

displacement 

Group ( ii) : Pile features (L 8–81 m); SPT of 

soil and the applied load; 

Not available ANN; 2–4 hidden layers; R2 (validation) > 

0.93; 

( Pooya Nejad et al., 

2009 ); 

6 
Load-settlement 

curves/ behaviour 

Group (ii ): Pile features (L 5.5–56 m, D 

0.3–1.29 m); and CPT data of soil (tip and 

shaft resistances) 

Not available Recurrent neural network (RNN) ( Shahin, 2014 ); 

Not available Feed-forward neural network (FFNN) ( Moayedi & 

Hayati, 2018 ) 

Not available Normal ANN; ( Pooya Nejad & 

Jaksa, 2017 ) 

7 Pile-soil interaction: 

spatial displacement 

Group (ii) : Pile features; 

Group (i) : pile-soil interaction 

characteristics; load transfer governing 

equations 

Not available Physics-informed neural network (PINN) to 

solve partial differential equation for soil-pile 

interaction: vertical and lateral displacements 

Vahab et al. (2023) ; 

Ouyang et al. (2024) 

8 Drive time of pile 

driving 

Group (ii): Pile features (geometric 

measurements) and CPT data of soil 

Not available Basis ANN ( VIKTOR, 2022 ) 

9 Driveability of 

vibratory piles 

Group (i): Using existing pile driving data 

from industry practice 

Not available multilayer perceptron neural network 

(MLPNN); radial basis function neural 

network (RBFNN) 

( Hazewinkel, 2022 ) 

10 Pile damage in 

construction 

Group (i): Wave signal from the in-hole 

multipoint traveling wave decomposition 

(MPTWD) 

Not available logistic regression (LR), XGBoost and 

multilayer perceptron (MLP) 

( Wu et al., 2023 ) 

Note : L is the embedded length of pile; D is the equivalent diameter of pile; PDA: Pile Dynamic Analysis; SPT: Standard Penetration Test; CPT: Cone Penetration Test; 

only studies with distinctive objectives, data, algorithms across literature are selected for this table; Group (i) features soil-pile interaction; while Group ( ii ) includes 

individual parameters of soil, pile and load. 

3
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Fig. 1. Classification of features used for training machine learning models based on past ML studies and existing knowledge and practice of pile foundation. 
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he results bring considerable implications to the practice of using ML

odels for real-life prediction of pile foundation. 

ata characteristics and processing 

ite investigation and data collection 

The current study adopted the data of in-situ static pile load tests

ollected through an extensive site investigation over the past 10 years

n Mekong Delta (South of Vietnam) ( Huynh et al., 2023 ). The investi-

ation went through 37 different high-rise building projects located at

ery soft ground of Ho Chi Minh City, resulting in a database of pile load

ests on 86 different long and large piles. These pile load tests were car-

ied out with strain gauges installed along the piles to determine stress-

train response and load transfer over the depth. The base resistance

f piles was calculated based on the applied load and shaft resistance

btained from the strain gauges through the pile tests ( Nguyen & Felle-

ius, 2015 ; Huynh et al., 2023 ). The piles with an equivalent diameter

anging from 1.0 to 2.5 m and a length up to nearly 100 m were installed

n complex geological strata including considerable layers of very soft

oil (e.g., 35 m thick layer of soil with SPT < 10). The SPT of soil only

xceeds 50 at a depth > 70 m (dense sand) which is also the common

equired depth of pile embedment, making very large and long piles

ften used for high-rise buildings and infrastructure systems in this re-

ion. Undoubtedly, these piles are considerably larger and longer than

hose used in many previous machine learning studies ( Shahin, 2014 ;

lkroosh et al., 2015 ; Baghbani et al., 2022 ; Cao et al., 2022 ), where

iles were shorter than 40 m, resulting in very different behaviour of

oad transfer and base resistance. 

valuation of influencing features and formation of input datasets 

Previous investigation ( Huynh et al., 2023 ) have identified 5 key in-

ut parameters that can be used to predict base resistance of pile foun-

ation. They are: ( i ) the applied load P (tonnes), ( ii ) the displacement
4

f loading point dp, (mm), ( iii ) the axial stiffness AE (kNm/m) where A

s the cross-sectional area of pile (m2 ), and E is the equivalent Young’s

odulus (i.e., E = 36 GPa), ( iv ) the average SPT values N of the soil

ithin 3D beneath the pile toe and, ( v ) the distance from the loading

oint to the pile toe Lp (m). It is noteworthy that for O–Cell tests which

re often used when piles are very long ( L > 60 m), the loading point

sually positions close to the pile’s toe (e.g., 10–15 m away), making Lp 

horter than L. Further details for this load test with long piles can be

ound in past site studies ( Fellenius & Nguyen, 2013 ; Nguyen & Felle-

ius, 2014 ; Huynh et al., 2023 ). Among these features, the correspon-

ence between the displacement of loading point dp, and the applied

oad P can only be obtained from pile load tests, it is thus well repre-

entative for soil-pile interaction knowledge, i.e., Group (ii) . Compared

o other studies ( Pooya Nejad & Jaksa, 2017 ; Cao et al., 2022 ) where

he number of input features can even exceed 10 parameters, this set of

 input features is relatively simpler and easy to obtain from pile test

esults, it was hence adopted for machine learning development in this

urrent study. For convenient comparison with other sets of input fea-

ures discussed later in this paper, this feature set is termed as Set I (see

ig. 2 ), which is a typical case of data Group ( i ) as represented earlier

n Fig. 1 . 

While Set I above includes the displacement of pile head as one of

he primary features for model input, its major limitation is that in many

eal-life situations, the prediction is required without knowing the set-

lement of piles. For example, it is common in practice that the base

esistance is estimated when only the soil properties and pile features

re known. Therefore, it is important to establish a machine learning

odel to predict base resistance for these contexts. For this purpose, an-

ther set of input features, termed as Set II (corresponding to data Group

 ii ) defined earlier in Fig. 1), is proposed. This includes: ( i ) the applied

oad P (tonnes), ( ii ) the distance from the loading point to the pile toe

p (m), ( iii ) the axial stiffness AE (kNm/m), ( iv ) the shear strength Sub 

kPa) of the soil beneath the pile toe; and ( v ) to ( vi ) the averaged shear

trengths, i.e., Su1 , Su2 and Su3 (kPa) of the soils positioning within the

rst, second and third 1/3 of the pile’s length from the head (see Fig. 3 ).



T.T. Nguyen, K.L. Nguyen, T.Q. Huynh et al. Geodata and AI 3 (2025) 100019

Fig. 2. Overall understanding of pile load test: 

a) defined input features; and b) simultaneous 

development of shaft and base resistances of 

pile under increasing applied load. 
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onsidering SPT and shear strength of soils as possible representative in-

ices for shaft resistance, the undrained shear strength was found as the

ost relevant option because it is more reliable and can be determined

ased on various laboratory and filed tests. Data Set I and Set II are

rovided in Supplementary Material S1 and S2 included in this paper.

t is also worth noting that data Set I and Set II are specific representa-

ives for the aforementioned Group ( i ) and Group ( ii ) (see Fig. 1 ), which

re broader categories and can include different data sets depending on

rediction contexts and soil-pile interaction tests 

Violin (Seaborn) plots, which can effectively demonstrate the dis-

ribution characteristics of data, are used to represent the two datasets

s shown in Fig. 3 . The results show 3 distinct different types of data

istribution among the investigated features. 

Type 1: End-skewed distribution : The applied load ( P ), the displace-

ment of loading point and the base resistance have relatively the

same distribution form in which the majority of datapoints are

located at one end of the data range. Specifically, most of the

applied load are under 3500 tonnes, the displacement values are

less than 50 mm, while the base resistance is lower than 4000

tonnes. This indicates highly non-uniform distributions of data

over their ranges. 

Tye 2: Normal distribution : On the other hand, the axial stiffness, the

SPT value and shear strength of soil at deep layers (i.e., 2/3 of

the piles downward) are distributed mainly at the middle of the

data range, despite some fluctuations along the range. This is un-

derstandable as the soils at deeper layers are often more homo-

geneous with thicker layer and consistent properties. 

Type 3: Bone-shaped distribution : The distance from the loading point

to the pile toe ( Lp ) is a typical example of this type. The datapoints

concentrate equally at both ends of the range, whereas there are

minimal datapoints at the middle, i.e., 40–50 mm of the range.

Similar type of distribution is also observed with shear strength

of the soil within the first 1/3 depth of piles, where there are

complex variations of different soil types. 

Fig. 4 represents the correlation matrix among different features of

iles in Set I and Set II. In this presentation, the closer the value to zero,

he less the connection between two variables. On the other hand, when

he correlation coefficient of two variables is nearer to unity, this means
5

 stronger interaction between the 2 variables. Fig. 4 a (Set I) shows that

he displacement of loading point dp and the applied load are the two

ey features giving prominent impacts on the base resistance of piles.

n the other hand, the SPT of base soil and the distance from the loading

oint to the pile tip induce the less influence on the base resistance of

iles. In short, this figure confirms that the 5 selected features in Set I

an be used to build a ML model to predict base resistance as they can

ll influence the behaviour of base resistance of piles. Similarly, Fig. 4 b

epresents impact scores among different features used in Set II. In this

ase, the applied load P becomes the primary impact on the predicted

b as it correlation score is much larger than those induced by other

ariables. 

odel building: selection of algorithms, training-validation 

rocess, and optimisation 

election of machine learning algorithms for model training 

In this study, we employed a variety of ensemble learning methods

o train the models, followed by a comprehensive assessment of their

erformance. Given their inherent low computational cost, ease of im-

lementation, and robust performance, algorithms based on decision

rees were the primary focus in our analysis. Specifically, six distinct

achine learning techniques were adopted: ( i ) Decision Trees (DT), ( ii )

andom Forest (RF), ( iii ) Gradient Boosting Regressor (GBR), ( iv ) Light

radient Boosting Machine (LGBM), ( v ) CatBoost, and ( vi ) XGBoost. 

The Decision Trees (DT) method serves as the fundamental building

locks for more advanced ensemble methods to grow. Decision trees

re constructed using a hierarchical structure, which splits data based

n feature values to make predictions ( Quinlan, 1986 ). On the other

and, Random Forest (RF), an extension of decision trees DT, leverages

he bagging (bootstrap aggregating) technique to enhance model stabil-

ty and accuracy. The current study also adopted 4 representatives, i.e.,

BR, LGBM, CatBoost, and XGBoost of boosting algorithms, which iter-

tively improve model performance by focusing on errors from previous

terations. These methods are designed to correct the mistakes of weak

earners by combining them into a strong ensemble model. Detailed al-

orithms and distinct features of these models have been well described

n past studies ( Hancock & Khoshgoftaar, 2020 ; Nguyen et al., 2023 ),
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Fig. 3. Violin (Seaborn) plots for all input features used in 2 data sets: a) Set I ; and b) Set II . 
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hey are thus not given in this paper. By selecting these hierarchy and

iverse models, our study aims to provide a thorough evaluation of the

ecision trees family, from the basic form DT to advanced versions like

atBoost and XGBoost. 

raining, testing and optimisation procedures 

The database was partitioned into training and testing sets, adher-

ng to an 80–20 % distribution. This segregation was executed to uphold

 robust training and evaluation framework, ensuring that the model’s

erformance was assessed on unseen data. The training dataset was sub-

ect to 10-fold cross-validation to ascertain model stability and predic-

ive performance. Throughout this process, the training dataset was sub-

ivided into 10 folds, where the model used nine folds for training and

he rest for cross-validation. This process was cycled through each fold

o guarantee each subset was utilized for validation once, thus equal

reatment of datapoints. The outcomes from cross-validation were as-

essed in parallel with the prediction of testing data, further reinforcing

he rigor of assessment method. 

For optimizing the efficiency of model training, the current study

dopted Bayesian Optimization (BO) associated with Gaussian Process
6

GP). The BO was used to adeptly tune the hyperparameters of the ma-

hine learning models, providing a systematic and principled approach

o model optimization. This method leverages a probabilistic model to

ap the relationship between hyperparameters and the objective func-

ion, aspiring to find the minimal (or maximal) value of the objective

unction (the mean squared error MSE) with computational efficiency.

urther, GP was utilized as a surrogate model to represent the objective

unction, approximating the distribution over functions to identify the

otential regions that are likely to yield enhanced model performance.

s demonstrated in Fig. 5 , the true objective function, f ( x ) (red dot-

ed line), represents the MSE across different hyperparameter configu-

ations. Initial sample points (red dots) are utilized by a GP to predict the

SE across the hyperparameter space, illustrated by the blue line and

haded region representing the mean 𝜇( x ) and uncertainty, respectively.

he Expected Improvement (EI) acquisition function (green dashed line)

s derived from the GP and determines the subsequent sampling point

blue cross) by identifying the location that minimizes the EI. This point

ill be evaluated and incorporated into the next iteration, refining the

P and progressively guiding the search towards the optimum value. 

In this study, performance of models was assessed through 4 differ-

nt indices, including the coefficient of determination (R2 ), root mean-
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Fig. 4. Correlation matrix of input features in: (a) Set I; and (b) Set II. 

Fig. 5. Performance of Bayesian Optimization 

assisted by Gaussian Process in hyperparameter 

and objective function (f(x)) space where 𝜇(x) 

is the mean value. 

Note: μ(x) is the mean value. 
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quared error (RMSE), mean absolute error (MAE) and mean absolute

ercentage error (MAPE). As these indices have been used widely in var-

ous machine learning studies, their calculations and purposes are not

xplained in detail. 

ffectiveness of Bayesian-Gaussian coupling optimization 

The efficiency of Bayesian-Gaussian (BG) coupling optimization

echnique is examined using the results based on data Set I. It is im-

ortant to note that 3 different cases were examined, i.e., 

(i) Training with 10-fold cross validation (notated by “train CV ”): In

the training subset (80 % of the entire dataset), the data contin-

ued to be divided into 10 different sets in which 9 were used for

training and the other for testing (cross-validation). This training-
7

testing cycles over 10 subsets of data resulted in the ranges of pre-

diction outcomes, including min, max and average (mean) values

that are considered. 

(ii) Testing the trained models by applying them to predict the re-

maining 20 % of dataset which was independently separated from

the training dataset (notated by “test ”). 

(iii) Testing the trained model for the entire data, i.e., the combined

training and testing sets (notated by “all ”). 

The results from the optimized models ( Fig. 6 ) show that perfor-

ances of all the boosting models have been improved significantly.

pecifically, the values of R2 in the testing phase by all boosting models

ecome greater than 0.88 when the optimization was applied. For exam-

le, the value of R2 by XGBoost algorithm increases significantly from

.85 for the default configuration to 0.9 for the optimised models. The
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Fig. 6. Performances of the six ML models using optimized (tuned) hyperparameters. 
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rediction errors also decrease, for example, RMSE reduced from 305

o approximately 250 thanks to the optimization. On the other hand,

ecision Trees (DT) and Random Forest (RF) do not show considerable

mprovements in their prediction as their R2 values remain relatively

he same after optimization. It is also interesting to note that the opti-

ization has resolved the over-training issue with DT when the values of

rror indices such as the RMSE and MAE become more relevant to the

orresponding poor level of R2 (only 0.6). Compared to the boosting

lgorithms, the DT and RF resulted in considerably lower R2 . This indi-

ated that the current optimization technique more suitable for boosting

lgorithms, whereas it made insignificant impact on the performance of

F and DT. Therefore, the 4 boosting algorithms, i.e., XGBoost, Cat-

oost, GBR and LGBM were selected for further investigations on the

nfluence that using different sets of input features can have on the pre-

iction performance. 

odel performance considering data randomness aided by Monte Carlo 

The influence of data homogeneity and randomness is investigated

n this section based on Monte Carlo technique. The division of dataset

nto training and testing subsets was randomly repeated 300 times. Their

esults (for testing only) are represented in Violin (Seaborn) plots as

hown in Fig. 7 using default and optimized hyperparameters. The ma-

or advantage of this type of presentation compared to the boxplot is

hat the concentration of datapoints can be quantified over the size and

hape of Violin. The wider and shorter the Violin, the more concentra-

ion the datapoints, thus greater confidence the prediction. Fig. 7 shows

hat the optimized GBR and XGBoost models are on the top of others be-

ause their Violin shapes are shorter and wider. The performance indices

hanged in a wide range over different divisions, for example, R2 of GBR

odel without optimisation can vary significantly from around 0.69 to

.96, while its optimized version result in significantly narrower range,
8

.e., from 0.8 to 0.96. In fact, advanced boosting algorithms such as Cat-

oost and XGBoost are less influenced by data randomness as their vari-

tions in prediction (R2 and error indices) were considerably smaller.

or example, R2 of the optimized XGBoost varies from 0.84 to 0.95 ap-

roximately, while for CatBoost model, the values of R2 for both default

nd optimized configurations consistently change in the range from 0.8

o 0.97. The results also indicated that the optimization has brought

ignificant positive effect on the model performance as it did not only

nhance the magnitude of performance metrics, but also narrow their

ariations due to data randomness, thus more reliable predictions. 

odel performance using different input features: set I vs set II 

By applying the BG technique for optimizing model training while

dopting different data sets of input features, i.e., Set I and Set II, the

rediction outcomes are compared to explore the influence of input fea-

ures on prediction performance. Note that only boosting algorithms,

hich have been marked in topmost performing models in earlier in-

estigation, were employed for this purpose. 

rediction outcomes from the best optimized models using input set I 

Fig. 8 represents predictions of pile’s base resistance given by the

est trained models based on the 4 boosting algorithms, i.e., XGBoost,

atBoost, GBR and LGBM. The boundaries of 10 % and 20 % predic-

ion errors are set to facilitate the assessment. The results show that

GBoost resulted in a larger concentration of predicted points around

he Best-Line (i.e., the equal line between the actual and predicted data,

epresented by the black dash line) for both training and testing com-

ared to 3 other methods. On the other hand, there are more predicted

oints that are outside the 20 % Error Line, representing less reliable per-

ormance in CatBoost, LGBM and GBR models. Most of datapoints are
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Fig. 7. Violin plots to compare performance of models with and without optimized hyperparameters (300 simulations). 
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ocated within the range of less than 4000 kPa, especially < 2000 kPa.

his means that there is a limitation in the examination and developed

odels when the value of base resistance becomes larger than 4000 kPa.

n practical design, the base resistance of pile foundations often accounts

or up to 30 % of the total bearing capacity with its magnitude that is

ormally under 4000 kPa in many cases ( Nguyen et al., 2024 ). 

rediction outcomes from optimised models using input set II 

Interestingly, the results from the optimized models developed based

n data Set II agree with the earlier findings that the 4 boosting algo-

ithms outperform the bagging methods, i.e., Random Forest (RF). Fig. 9

how that the average R2 by the RF model is only around 0.8 with a wide

istribution (min = 0.6 and max = 0.9), while other boosting algorithms

ead to an average R2 > 0.85. In fact, the values of mean R2 by the GBR

nd CatBoost are the largest, i.e., 0.9 with a narrow range from 0.8 to

.95, proving them as the 2 best predicting models among the 4 investi-

ated boosting algorithms. It is also noted that despite having the aver-

ge R2 of around 0.85, the LGBM model resulted in an extremely large

ariation of R2 (from approx. 0.5 to 0.9), thus very low reliability. On

he other hand, the Random Forest produced the largest errors across

ifferent forms, i.e., RMSE, MAE and MAPE, while GBR and CatBoost

onsistently resulted in the smallest errors. In short, all the performance

ndices, including R2 and different error matrices proved the more accu-

ate and reliable predictions by boosting algorithms, especially the GBR

nd CatBoost models using the input feature Set II. 
9

Fig. 10 shows prediction outcomes by the best models (mean
2 = 0.95 for testing) which were trained using the most accurate and

eliable algorithm, i.e., CatBoost. For comparison, the results by XG-

oost algorithm (mean R2 = 0.93 for testing), which has shown the best

rediction in feature data Set I (see Figs. 6 and 7 ) is also presented. The

gures show that show majority of the predicted values are within the

0 % deviation from the actual base resistance. 

omparison of model performance by input set I and set II 

Using prediction results in the testing phase for 300 random data

ivisions across 5 different models (i.e., 4 boosting and 1 bagging RF

lgorithms), Taylor’ diagram is plotted to compare performances of dif-

erent ML models based on input feature Set I and Set II ( Fig. 11 ). In

his presentation, the correlation coefficient R2 and standard deviation

y different models are collated together into the same circular diagram

here the size of the radius represents the scale of standard deviations

hile the sector changes with the correlation value. In this diagram, the

tandard deviations of predictions by different models are normalized

ith the largest value, i.e., stdi /stdmax where std denotes the standard

eviation, so the biggest radius is equivalent to unity as shown in Fig. 11 .

ccording to this diagram, a point which is closer to the centre (i.e., the

maller the standard deviation) and the horizontal line (the larger the
2 ) indicates a better prediction (more accurate and reliable). The re-

ults show that the models trained based on data Set I have an average

etter prediction compared to those based on data Set II as they posi-
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Fig. 8. Predicted vs actual values of base resistance using best models built on data Set I by (a) XGBoost,(b) CatBoost, (c) LGBM and (d) GBR. 
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ion closer to the centre point with an average larger value of R2 . The 2

est models that can be identified are GBR and XGB based on data Set

, followed by GBR and CatBoost models using data Set II. 

nderstanding of feature impact 

nfluencing factors of features in data set I 

SHAPley analysis was implemented to interpret the model outcomes

ased the best performing model XGBoost as shown in Fig. 12 . The re-

ults indicated the predominant role of the displacement of loading point

p on the behaviour of base resistance. The SHAP value by dp exceeds

50 which is greater than the second-ranked feature, i.e., the applied

oad P by a factor of approximately 1.5. On the other hand, the axial

tiffness (AE) and the SPT of base soil caused lesser impact on the base

esistance. The results also show that while increasing dp , P and the NSPT 
10
an induce positive impact on the base resistance Qb , (i.e., the larger the

p , the larger the Qb ), an opposite response is obtained when rising Lp 

nd the axial stiffness AE. These behaviours are understandable with

eference to conventional knowledge of pile foundation ( Poulos, 1989 ;

irayama, 1990 ; Bohn et al., 2017 ). For example, it is often agreed that

he base resistance Qb increases in a hyperbolic form with greater dis-

lacement of the pile tip which is in fact proportional to the displace-

ent of loading point used in the current study. 

nfluencing factors of features in data set II 

Without having the displacement of loading point, the feature anal-

sis based on Set II results show predominant impact of the applied load

 on the base resistance of piles. The results based on XGBoost model

re shown here for convenient comparison with the feature analysis of

ata Set I presented earlier. The XGBoost model’s results show that mean
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Fig. 9. Performance of optimized models using input Set II (testing phase). 

Fig. 10. Predicted vs actual values of base resistance using best models built on data Set II by: (a) CatBoost, and (b) XGBoost algorithms. 

11
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Fig. 11. Taylor’s Chart comparing model perfor- 

mances using input feature Set I and Set II. Note: blue 

- Set I, and orange - Set II. 

Fig. 12. Influence of input features (Set I) on the predicted base resistance (Qb ) by XGBoost model. 
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HAP value of the applied load is about 530 which is 3 times larger than

he second impactful feature, i.e., the distance from the loading point

o pile toe Lp . In the predictions by CatBoost model, the decisive role

f the applied load on the base resistance even becomes more predomi-

ant as the mean SHAP value by the applied load is 4 times larger than

hat by Lp . Although the applied load is well understood to have a direct

mpact on the base resistance of pile, as described through past math-

matical formulae such as the hyperbolic equations ( Hirayama, 1990 ;

ohn et al., 2017 ), the SHAP analysis enabled this impact to be mea-

ured based on real-life data of pile response. It is also interesting to

bserve that shear strength of soils made the least contribution among

ll secondary factors. Among different soils surrounding the pile, it is

nderstandable that shear strength of the soil which directly contacts
12
he pile toe influences most the base resistance. Analytical methods for

etermining base resistance of pile foundation often adopt the conven-

ional Tezaghi’s theory where the shear strength parameters of soil play

 decisive role ( Wrana, 2015 ). 

It is also interesting when comparing the impact charts of input

eatures Set I ( Fig. 12 ) and Set II ( Fig. 13 ). While the applied load

 shows its outstanding influence on the predicted Qb in the case of

ata Set II, the analysis based on the predictions from Set I indicates

he driving role of the displacement dp on the predicted outcome. The

rimary importance of P in Set I-based prediction drops to the second

ank in Set II-based prediction with its mean SHAP value that is only

pproximately 2/3 of the value by the displacement dp as shown in

ig. 12 b This finding is crucial as it provides a quantitative testament
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Fig. 13. Influence of input features (Set II) on the predicted base resistance (Qb ) by XGBoost model. 

Fig. 14. Improved ML model through reinforced learning with updated training data using Set I: a) R2 ; and b) RMSE. 
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o the critical role of considering dp in predicting base resistance of pile

oundation. 

The results from feature impact analysis above bring significant im-

lications to understanding load transfer mechanism as well as assisting

esigns. In practice of calculating base resistance, design guidelines of-

en consider shear strength of soil underneath the pile toe (base soil) as
13
he major parameter while ignoring the impact of soil resistances along

he pile. For example, various national and professional practice codes

 ECP202/4, 2005 ; AASHTO Specifications, 2010 ; TCVN 10304, 2014 )

nly use SPT value of base soil for calculating base resistance. Fig. 13 ,

n the other hand, shows that the shear strength of soils along the pile

lay a considerable role in the response of base resistance. For instance,
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he outcome from XGBoost model shows that the mean SHAP value of

u1 (i.e., shear strength of soil within the first 1/3 pile length) is 100

oint which is just slightly smaller than the largest score induced by the

ase soil. Meanwhile, the contributions of soils at deeper layer (i.e., Su2 

nd Su3 ) decrease. This result reflects very well the load transfer mech-

nism of long piles where skin resistance develops downward with later

nd smaller contributions from deeper soils. It suggests the importance

f considering soil resistance along the pile when calculating base resis-

ance in design practice. 

erformance of set I and set II-based models when predicting 

ndependent cases of long pile foundation: reinforced learning 

rocess 

Three case studies of long pile foundation constructed in Mekong

elta (Ho Chi Minh City) reported by ( Fellenius & Nguyen, 2013 ;

guyen & Fellenius, 2014 , 2015 ) were collected for validating the mod-

ls developed based on data Set I and Set II (see Supplementary Mate-

ial S3 and S4). The independent test piles selected for validation were

1–96 m long and subjected to O–Cell pile load test. The loading point

ositioned in the range 15–20 m from the pile toe, and the applied load

ncreased up to 3000 tonnes, which is relevant to testing the developed

odel. 

In practice of machine learning predictions, the training database is

xpected to be enriched continuously until achieving a desired confi-

ence. Newly collected data are added to the existing database and the

raining process is repeated, thus the reinforced learning. Following this
Fig. 15. Improved ML model through reinforced learning with

14
pproach, the external independent dataset shown above were added to

he original database for reinforced learning process. Specific steps can

e described as follows: 

• Step 1 : Fine tune the models hyperparameters of each machine learn-

ing models as presented in the previous section; 

• Step 2 : Split the external validation data into 2 parts, one was com-

bined with the original training data to retrain the models while the

other was used for testing. The proportion of this division was varied

gradually from 0.1 to 0.8 to examine the response of model perfor-

mance; 

• Step 3 : Use the optimized models (i.e., XGBoost & CatBoost) defined

in Step 1 for retraining adopting new training data generated in Step

2; 

• Step 4 : To ensure the repeatability of process, for each proportion

of data split in Step 2, we run 30 simulations corresponding to 30

random splits of dataset using different random state parameters in

the stratified split algorithm. 

Fig. 14 shows how the performance of CatBoost and XGBoost mod-

ls change with different proportions of data split, represented via R2 

nd RMSE metrics. For only 10 % of the validation data that was in-

luded into the training process, both the models exhibit moderate R2 

cores and significant variability, among which, the CatBoost model

hows slightly better performance. As the proportion increases to 20 %

nd 30 %, R2 scores become larger with decreasing variability, indi-

ating enhanced model performance. From 40 % to 60 % of inclusion,

he R2 scores stabilize with consistently high values, and CatBoost out-
 updated training data using Set II: a) R2 ; and b) RMSE. 
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erforms XGBoost. At higher proportions of 70 % and 80 %, the R2 

cores undoubtedly reach their peak with tight distributions, suggest-

ng robust and reliable model performance, with CatBoost maintaining

 slight edge. In terms of RMSE, both models result in large error values

hen only 10 % of validation data was considered for training, reflect-

ng low reliability of predictions. However, as the proportion increases

o 20 % and 30 %, RMSE values decrease, and the distribution narrows,

ndicating improved prediction accuracy. This trend continues with the

odels achieving their lowest RMSE values for the proportion between

0 % and 80 %, where CatBoost consistently outperforms XGBoost. 

Similarly, Fig. 15 displays the performance of CatBoost and XGBoost

odels for data Set II with R2 and RMSE metrics shown across different

roportions of combined training data. The R2 score distributions reveal

hat both models exhibit moderate R2 scores with substantial variabil-

ty at the 20 % and 30 % proportions of validation data being used for

raining. The CatBoost model shows a higher mean R2 value compared

o the XGBoost, indicating better performance. For a proportion vary-

ng between 40 % and 50 %, the models continue to show enhanced R2 

cores with further reduced variability, while the CatBoost consistently

aintains a higher median R2 score. As the proportions increases from

0 % to 80 %, both the models reach their peak performance with high
2 scores and tight distributions, suggesting robust and reliable predic-

ions. The CatBoost slightly outperforms XGBoost across these propor-

ions, demonstrating greater reliability and stability. On the other hand,

he RMSE diagram shows that both CatBoost and XGBoost models ini-

ially have relatively high RMSE values at the proportion of 20 % and

0 %. However, the CatBoost has a lower median RMSE than the XG-

oost, suggesting higher accuracy. As the proportion increases to 40 %

nd 50 %, the RMSE values decrease for both models, and the distribu-

ion narrows, indicating improved prediction accuracy. This trend con-

inues for the proportion from 60 % to 80 % with decreasing RMSE and

ighter distributions. 

In short, increasing the proportion of new data for training enhanced

he performance of both ML models. While the current study indicated

hat an acceptable prediction (mean R2 > 0.7) could be assured when >

0 % new dataset is adopted for the adaptive training, the optimal pro-

ortion required to achieve an expected level of accuracy varies depend-

ng on the specific characteristics of the dataset. Interestingly, although

he CatBoost model showed slightly lower performance compared to the

GBoost model when using the original data for training, it consistently

elivered better results when updated and applied to new datasets. This

nding underscores the adaptability of CatBoost algorithm in handling

ew and varying data conditions, making it a more robust choice for

ractical applications where data characteristics may change over time.

his adaptability is particularly valuable in the field of geotechnical en-

ineering, where site-specific conditions can significantly influence the

ccuracy of predictive models. The enhanced performance of CatBoost

uggests that it may be better suited for real-world applications where

ontinuous updates and varying data conditions are common. Therefore,

ntegrating strategies that allow for the periodic updating of training

ata can lead to substantial improvements in model reliability and ef-

ectiveness, ultimately contributing to more informed decision-making

nd optimized resource allocation in civil engineering practices. 

onclusions 

This study explored the use of multiple ensemble learning algorithms

o develop prediction models for base resistance of pile foundation with

pecial attention to the role of feature selection. Six different ensem-

le ML algorithms, including the most fundamental decision trees (DT),

agging method Random Forest (RF) and 4 boosting algorithms were

dopted for training and assessment. Through an extensive literature

eview and site investigations (86 different real cases), the study identi-

ed 2 major groups of input features for model development, i.e., with

nd without having information of soil-pile interaction (e.g., the dis-

lacement of loading point dp under loading). The developed models
15
ere applied to independent cases of long pile foundation, followed by

 reinforced learning process that was proposed to enhance prediction

erformance. Salient findings and conclusions from the current study

an be highlighted as follows: 

• The 4 boosting algorithms CatBoost, XGBoost, GBR and LGBM were

found to provide more reliable and accurate predictions of base resis-

tance of piles compared to RF and DT. Among them, GBR, CatBoost

and XGBoost achieved the largest mean values of R2 with smaller

range of errors, thus recommended choices for practical application.

The use of Bayesian-Gaussian coupling optimization significantly

promoted model performance, especially for the XGBoost algorithm

though the training and test subsets were randomly changed over

300 times. 

• Examining model performance over different random divisions of

training and testing was found crucial to confirm the reliability and

stability of prediction outcomes. The current study showed that the

assessment matrices such as R2 and error indices varied widely over

different training and testing subsets. This led to a conclusion that

probability analysis considering the non-uniformity and random dis-

tribution of data on the predicted outcomes plays a critical role in

the practice of decision making. 

• Models developed based on the soil-pile interaction detail, i.e., the

displacement feature of pile (Set I) resulted in more accurate and re-

liable predictions with the mean R2 that could exceed 0.9 with lower

standard deviation for XGBoost and GRB algorithms. In both cases,

i.e., Set I (representative of data Group ( i )) and Set II (representative

of data Group ( ii )) of input features, the GRB proved it as the best

performing model. This indicated the importance of incorporating

pile’s displacement into the input features to promote the reliability

of ML models, 

• Using data Set II, i.e., Group ( ii ) did not require information of soil-

pile interaction, reducing the demand for pile load tests, thus consid-

erable saving in practical design and construction of pile foundation.

One might conclude that the approach based on data Set II would

bring more benefits in real-life applications, especially when the dif-

ference in prediction performance between models based on data Set

I and Set II was not always considerable. 

• The feature analysis showed that the displacement of piles provided

the most comprehensive and reliable indication to the response of

pile’s base resistance. While the applied load played a decisive role

in the development of base resistance with its SHAP mean value that

was 4 times larger than other features in data Set II, it dopped to

the second rank when the displacement was considered. Moreover,

the explainable ML techniques scored the contribution from shear

strength of side and base soils to tip resistance, reasonably repre-

senting the load-transfer process of pile foundation under loading. 

• The proposed reinforced learning process was found effective to

improve prediction of new unfamiliar cases when > 60 % new

dataset were combined to the existing training database. The Cat-

Boost model showed its better adaptability to new data compared

to XGBoost, even though it had poorer performance when predict-

ing original data. This investigation addressed an inherent matter of

data-based prediction method when there is considerable difference

between the training and new datasets. 

This study has achieved considerable success in developing ML mod-

ls for predicting base resistance of pile foundation, especially giving

aluable implications to the selection of impact features and building

atabase, which is often the most important step to construct a ML

odel. Nevertheless, there are some limitations that require further ef-

ort in the future study. First, the current data of base resistance Qb 

ainly concentrate in the range < 4000 kPa, resulting in a lack of confi-

ence when predicting pile foundation where Qb can exceed 4000 kPa.

econd, the poor performance of trained models when predicting in-

ependent cases of pile foundations from past studies needs more in-

epth analysis and insightful understanding. How the difference be-
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ween datasets can be characterized in a more quantitative approach

nd being used as indicators for assessing prediction quality are an in-

rinsic matter needs to be solved to achieve a more complete and robust

olution for developing ML models of pile foundation. 
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