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Abstract

Pile foundations are deep foundations commonly employed in bridge construction, high-rise buildings, trains, and situations
requiring high bearing capacity and minimal settlement. Accurate prediction of pile settlement is essential for ensuring the safety
and stability of deep foundations, yet traditional methods like in-situ load tests are often costly and impractical. The cone penetration
test (CPT) is one of the most frequent in-situ tests for pile analysis because, like a model pile, the measured cone resistance and
sleeve fiction can be used to estimate pile unit toe and shaft resistances, respectively. In this paper, a machine learning (ML)
framework for pile settlement prediction with a genetic algorithm (GA) majority voting (MV) feature selection (FS) strategy to
enhance model performance is presented. Three tree-based algorithms, each with a unique approach for tree development and
feature handling—categorical boosting (CB), light gradient boosting (LGB), and random forest (RF) are selected for this purpose.
The dataset was compiled from fifty-six pile case histories in different countries have been compiled including static loading tests
which include maintained load tests and constant rate of penetration tests, shaft, and toe resistances which comprise CPT and CPTu
(undrained CPT) sounding, the pile geometric and mechanical properties, the loads applied from the load tests as the model inputs,
and recorded settlement values for the piles from the tests as the model output to be predicted. The CB model, coupled with the
GA-MV approach, achieved the best predictive accuracy, yielding an R=f 0.926 and RMSE of 5.92 mm upon testing, while feature
importance analysis identifies applied load (P) and pile length (L) as key predictors of settlement. Also, an overall decrease of the
RMSE by 11.19% was observed between the CB-GAMV model (5.92 mm) and the CB-All features model (6.68 mm), and 9.41%
between the CB-GAMYV model and the CB-GA model (6.54 mm) on the validation set.
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1. Introduction

Piles, which serve as deep foundation elements, are vital for load-bearing strata. A fundamental requirement in pile design
ensuring structural stability by transferring axial loads s the evaluation of load-settlement behavior, which is influ-
through unsuitable soil conditions or water to stronger, enced by multiple factors. These include the non-linear re-
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sponse of soil due to its inherent variability, the structural
properties of the pile, the installation technique, and the nature
of the load test [1]. Traditionally, in-situ load tests are used to
assess this behavior. However, these methods are costly,

time-consuming, and often impractical for smaller projects [2].

According to Poulos and Davis [3], the immediate (elastic)
settlement constitutes the primary component of total pile
settlement, with consolidation settlement contributing further
in clayey soils. In contrast, Murthy [4] notes that for piles in
sandy soils, the immediate settlement accounts for nearly the
entirety of the final settlement.

Various approaches have been explored to model the
load-settlement behavior of piles and enhance prediction
reliability. These include empirical and semi-empirical
methods that utilize data from in-situ tests such as the standard
penetration test (SPT), cone penetration test (CPT), and pile
geometry parameters [5-9]. Among these, CPT serves as a
critical method for subsurface soil characterization and pile
load-settlement prediction [3]. The test involves pushing a
cone-tipped rod into the ground at a steady rate while re-
cording cone-tip resistance (q.) and sleeve friction (f;). These
measurements provide essential information on soil density,
shear strength, and compressibility, which are fundamental
for accurate pile design and performance assessment.

In recent years there has been a surge in interest in applying
ML and artificial intelligence (Al) techniques to address
challenges in civil engineering. Various ML-based ap-
proaches have been employed to solve diverse engineering
problems with varying degrees of success. Among these,
artificial neural networks (ANN) have been extensively uti-
lized in predicting pile foundation behavior, including bearing
capacity and settlement [10-13]. Additionally, other ML al-
gorithms, such as support vector machines (SVM), k-nearest
neighbors (KNN), decision trees (DT), random forests (RF),
gradient boosting machines (GBM), and extreme gradient
boosting (XGBoost), have also been explored in related
studies [14-18].

Ardalan [19] employed polynomial neural networks (NN)
combined with genetic algorithms (GA) to predict pile shaft
capacity using cone penetration test (CPT) and undrained
shear strength data. Meanwhile, Nejad and Jaska developed
two distinct ANN models to simulate the full load-settlement
response of piles, incorporating SPT data [20] and CPT data
[21] from published literature. These models considered test
type, pile characteristics, installation method, and soil pa-
rameters along the pile length to account for soil variability.
The ANN models demonstrated superior predictive accuracy
compared to conventional prediction methods.

Kardani [22] explored the potential of enhancing six ma-
chine learning algorithms through particle swarm optimiza-
tion (PSO) for predicting pile bearing capacity in cohesionless
soils. The study identified effective stress as the most signif-
icant predictive parameter and demonstrated that the opti-
mized XGB model achieved superior performance, exceeding
the predictive capability of the conventional B-method. Ismail
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[23] employed a hybrid PSO/higher-order neural network
approach to model the load-settlement behavior of concrete
piles using SPT data, incorporating considerations of load test
type and installation effects on pile performance. Zhang [24]
implemented a neural network-based time series model to
forecast settlement in a chimney foundation, utilizing nine
months of field monitoring data for model development and
validation.

2. Dataset Description

The database used for the analysis in this study was adopted
from Nejad and Jaska [21]. This database includes 499 pile
settlement historical cases from 24 piling projects with 56
tests in various countries including Australia, Belgium,
Canada, Ireland, Italy, Japan, the Netherlands, the UAE, the
UK, and the USA.

2.1. Dataset Properties

The dataset includes categorical variables representing pile
characteristics that influence load-settlement behavior. These
include the type of load test (maintained load test and constant
rate of penetration test), pile type (concrete, composite, and
steel), installation type (bored and driven), and pile end type
(closed and open). Each category exhibits distinct settlement
responses under applied loads.

The mechanical properties of the piles are defined by five
key parameters: axial rigidity (EA), cross-sectional area at the
tip (Aup), perimeter in contact with soil (O), total length (L),
and embedded length (Le). EA, the product of the material's
modulus of elasticity and cross-sectional area, determines
resistance to axial deformation. Asp influences end-bearing
capacity by increasing soil contact at the pile tip. O governs
side friction resistance, which is crucial for friction piles. L
dictates the depth of load transfer, while Le represents the
portion embedded in the ground, affecting both frictional and
end-bearing resistance.

Soil properties are represented by cone resistance (qc) and
sleeve friction (fs) from CPT tests, which provide insights into
soil strength. Higher qc values indicate denser soils with
strong end-bearing capacity, while lower values suggest
compressible soils prone to settlement. The sleeve friction (fs)
assesses side friction resistance, which enhances load-bearing
capacity. The soil properties are analyzed along five segments
of the embedded pile length, with gcp representing the cone
resistance at the pile tip using the Bustamante and Gisanelli
method [25].

In total, the input features are 21: the type of test (TT), type
of pile (TP), type of installation (TI), end of pile (PE), axial
rigidity (EA), cross-sectional area of the end of the pile (4;,),
perimeter of the pile in contact with the soil (O), length of the
pile (L), embedded length of the pile (Lgmpeq), the averaged
CPT results along the embedded length of the pile

( qclﬂ fslﬂ qczﬂ fszi qc3! fs3: qc4: fs4: qcsi fsS)v cone tlp resistance
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at the end of the pile (qctip), (21) the applied load (P), and the
pile settlement (S) as the output to be predicted.
2.2. Data Preprocessing

The predictive performance of the model is directly related
to the quality of input data samples. The database is divided

into three sets—training, testing, and validation by Nejad et al.

using cross-validation as proposed by Stone. The train set and
validation set are adopted from the database with 395 and 49
data samples respectively as divided by Nejad and Jaska [21].

The categorical variables need to be transformed into nu-
merical variables before training so they can be recognized by
the ML algorithms. The TT, TP, TI, and PE are encoded into
separate numerical variables [26]. This means that the TT, TI,
and PE with two categories each are encoded to have two
binary variables, and TP with three categories is encoded into
3 binary variables. Le

Once the categorical variables are transformed into nu-
merical values, the datasets are scaled. It is worthy of note that
tree-based algorithms are fairly insensitive to the feature
scales, but that is not the case with algorithms like SVMs and
ANNs. By scaling the data, it is ensured that each feature
contributes equally to the distance metrics used by these al-
gorithms, thereby enhancing their performance and conver-
gence speed. Normalization was adopted for this study where
the features are within a common scale of [0,1].

3. Methodology

3.1. Machine Learning Algorithms

The machine learning algorithms selected for this study are
popular tree-based models which are generally good for FS
and interpretability. These models build multiple decision
trees (DT) rather than a single DT to improve the model’s
overall ability to learn from the data.

3.1.1. Random Forest

Random Forest (RF) is an ensemble learning method de-
veloped by Breiman [27] based on the random subspace
method for constructing decision forests by Ho [28]. It uses a
technique known as bootstrap aggregation (bagging) to en-
semble weak learners (DT) which are randomly built and
different from each other. Building a collection of DTs with
controlled variations is the main goal of the RF where low
variance results in low overfitting. Therefore, the RF model
adjusts the over-fitting habit of the base DT model and gen-
erally outperforms it [29]. For each node of each tree, the
algorithm chooses a random subset made up of n input fea-
tures, and these features should be unique to assure the di-
versity of the DTs and avoid the correlation of the trees. As a
result, each DT in the forest makes a decision independently,
and the final result can be obtained by taking the average of
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the prediction of every tree. If one or several features in the
dataset are powerful predictors for the target, these features
will be selected to split examples in many DTs, resulting in
several correlated DTs in the “forest”. These correlated pre-
dictors do not aid in improving the RF model performance.
Mathematically, for N decision trees (Nirees), the prediction (y;)
for a new example X; is obtained by:

1 NCTEGS

i=1

y= yi X (D

Ntrees

3.1.2. Light Gradient Boosting

The light gradient boosting algorithm (LGB) first intro-
duced by Ke et al. [30] is a gradient-based learning framework
built upon decision trees and boosting techniques. Unlike the
XGB model, LGB utilizes histogram-based algorithms that
enhance the training speed, decrease memory usage, and
employ a leaf-wise growth strategy with depth constraints.
This approach eliminates the need for storing pre-sorted data
and allows feature values after discretization to be stored
using only 8-bit integers, resulting in a memory reduction of
up to one-eight of the original. Additionally, it supports cat-
egorical features directly, avoiding the need for explicit
one-hot encoding, which further improves its efficiency. The
traditional growth strategy for decision trees is called lev-
el-wise, which is less efficient because it processes leaves at
the same level simultaneously, leading to unnecessary
memory consumption. In contrast, the leaf-wise strategy is
more efficient as it selects the leaves with the highest gain at
each step, continuing with the branching cycle.

This method typically results in better accuracy, as it re-
duces errors with fewer splits. However, the leaf-wise ap-
proach can lead to deeper trees, potentially causing overfitting.
To address this, LGB imposes a maximum depth limit on the
tree to balance high efficiency with overfitting prevention.
For a given dataset X = {(x;, y;)}i%,, LGB is designed to find
an approximation f(x) of the function f*(x) that minimizes
the expected values of a given loss function L(y, f(x)):

f(x) arg Jmin By L (7, (1)) )

LGB combines multiple T regression trees to approximate
the final model, which is defined as:

3)

frX) = Z:lft(X)

3.1.3. Categorical Boosting

Categorical boosting [31] is a relatively new and powerful
variant of gradient boosting decision trees (GBDT) developed
by Yandex. The GBDT process involves minimizing the re-
siduals or errors in the model predictions to continuously refine
the model. In CB, modifications are made to the GBDT, where,
ordered boosting, a permutation-based modification to opti-
mize prediction shift, and an innovative algorithm, ordered
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target statistics (OTS) for handling categorical features. Pre-
diction shift is a particular type of target leakage that exists in
all current variants of GBDT, and the CB algorithm addresses
this issue.

To handle categorical features some statistics may be
computed using label values of the examples as in equation
(1). However, the problem with this is that it leads to the
model overfitting. To reduce the overfitting tendency of the
model, CB employs a more efficient strategy, OTS which
allows the use of the entire dataset for training. Each exam-
ple's target statistics (TS) values are dependent on the ob-
served history. Therefore, a random permutation o of the
training examples is introduced as an artificial "time" to
translate this concept to a normal offline situation. Then, each
example's TS is computed using all of the available "history",
i.e., take Dy = {Xi: oj < oy} in (2), and Dy = D a test example. A
more detailed explanation of the implementation of the algo-
rithm and tree building is provided in these studies [31, 32].

- j
7Ty, i) ta (%)

3.2. Feature Selection with Genetic Algorithm

High dimensionality of the feature space increases the
computational complexity of ML models, i.e., too many fea-
tures increase the model complexity, and where possible, it is
recommended to remove redundant or irrelevant features,
thereby, reducing model complexity and computational time
[33]. To reduce the dimensionality of the model, these fea-
tures may need to be dropped before the prediction step. As
such, this study adopted the use of GA to extract the most
relevant features.

GA is amongst the most powerful global optimization
techniques used to solve various optimization problems. GA
is inspired by the process of natural selection and genetics,
operating on a population of potential solutions encoded as
chromosomes, and typically represented in binary form. This
population is iteratively evolved by the algorithm, simulating
genetic processes including crossover, mutation, and selection
[34].

The research methodology flowchart is shown in Figure 1.
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Figure 1. Research methodology.
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Figure 2. Correlation plot for numerical features.

GAs have been extensively applied to FS tasks across
various domains, demonstrating their effectiveness in opti-
mizing feature subsets for improved model performance.
Rostami et al. [35] introduced a community detection-based
GA for FS which clusters features based on similarity and

employs a novel repair operation to enhance classification
accuracy. Similarly, Nematzadeh et al. [36] proposed a dis-
tance-based mutual congestion FS method combined with a
GA, specifically designed for high-dimensional medical da-
tasets, resulting in superior performance.
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Figure 3. Feature importance using all features.
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The adaptability of GAs to various data complexities is
evident in their application to noisy label scenarios. Imani et
al. [37] developed the Noise-Aware Multi-Objective Feature
Selection Genetic Algorithm (NMFS-GA) to select optimal
feature subsets in binary classification tasks with noisy labels,
enhancing both accuracy and interpretability.

Each model has its unique method of selecting and ranking
features, and this is commonly known. An example is pre-
sented in Figure 3. It can be seen that all the ML models have
different rankings for each feature, and only the most relevant
can be consistently ranked highly by all models.

Table 1. GA selected feature subset.

Features ML Model

CB RF LGB Voting
Test type 1 0 1 v
Pile Type 1 1 1
Installation 0 0 1 x
Pile end 1 0 0 x
EA 0 1 1 v
Atip 1 1 0 v
o 0 1 1 v
L 1 1 1 v
Le 1 1 0 v
qel 0 1 1 v
St 1 0 1 v
qc2 0 1 0 x
Js2 1 0 1 v
qc3 1 0 1 x
Js3 0 1 0 x
qct 0 1 1 x
[ 1 1 0 v
qcs 0 0 0 x
fs 0 0 1 x
qciip 0 1 1
P 1 1 1

Parameter settings
Generation 50 50 50
Population 100 100 100
Crossover 0.8 0.8 0.8
Mutation 0.03 0.03 0.03
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As such, this study proposes an FS strategy based on the
concept of ensembling, where multiple models work together
to improve overall performance. Instead of relying on a single
model's FS process, the three ML models (RF, CB, and LGB)
are each paired with GA to select the most important features.

Each model runs independently with GA, producing a
unique subset of selected features. Rather than using just one
model’s selection, an MV strategy is applied—only features
chosen by at least two out of the three models are retained.
This approach ensures that the final feature set captures the
most consistently important features across multiple perspec-
tives, reducing bias and enhancing model robustness.

The GA-FS was initialized using the same parameter set-
tings for all the ML models, this was to get results based on
the same parameters without any tuning bias. The features
with unit 1 value indicate that the feature was selected by the
model and 0 means it was not selected by the model. The
voting column indicates if the feature was selected by at least
two models. The selected features are presented in Table 1.

3.3. Evaluation Metrics

Commonly used metrics for evaluating model performance,
as highlighted in the literature, include the correlation coeffi-
cient (R), the coefficient of determination (R, root mean
square error (RMSE), and mean absolute error (MAE).
Among these, R3s often favored over R because it provides a
more precise and unbiased measure of model effectiveness. It
quantifies the proportion of variance in the dependent variable
explained by the independent variables, offering a clearer
assessment of how well the model represents the actual data
points. [38]

Beyond the R=2the RMSE is widely recognized as one of
the most effective error metrics for regression tasks due to its
sensitivity to larger errors, which can significantly impact
model performance. This makes RMSE particularly valuable
when penalizing substantial deviations between predicted and
observed values is crucial. By combining R=2and RMSE, a
more comprehensive evaluation of the model's predictive
ability is achieved, ensuring both a good fit to the data and
reliability across different conditions [39].

2 _ 1 (ZN,0i-Pp?
RE=1 (zﬁil(oi—t?ﬁ) ©
N P
RMSE = [=lold (7)

4. Results and Discussion

4.1. Model Performance Comparison

The performances of the three ML models presented in the
study were evaluated using the metrics discussed in Chapter
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3.3. Each of the three models was assessed using the three
different feature sets: (i) all available features, (ii) features
selected by the GA for each model, and (iii) features selected
using the MV approach.

From Table 2, it can be observed that among the models,
CB consistently outperformed RF and LGB across all feature
sets.

Table 2. Performance of all models on the train and val sets.

When using the majority voting-selected features, CB
achieved the highest R=2and the lowest RMSE on the val set,
indicating better predictive accuracy and generalization.
While all three models showed improvements when using
their GA-selected feature subsets compared to using all fea-
tures, the MV approach led to further enhancements, espe-
cially in reducing RMSE.

Compared to individual GA-selected feature subsets by
each model, the GAMV approach resulted in slightly im-
proved performance across all models, particularly in the val
sets, with significant gains observed in RMSE reduction. This

Model  Features R Train/Val  RMSE (mm) suggests that this method has the likelihood to improve model
L LEAZL accuracy while reducing redundancy.
All 59 /0.91 4926 641 For instance, in the case of RF and LGB, the performance
0.929/0.913 226/ 6.417 with GAMV features was closer to their best-case scenario,
RF RF-GA 0.927 / 0.909 4.283/6.538 often matching or slightly exceeding the performance with
MV 0.928 /0.916 426076313 their GA-selected features.
All 0.774 / 0.638 7.538/13.08 . .
4.2. Final Model Evaluation
LGB LGB-GA 0.766 / 0.635 7.665/13.14
MV 0.768 / 0.640 7635/ 13.04 Based on the comparative analysis, CB was identified as the
' ‘ ' ‘ best-performing model. It consistently exhibited higher R=
All 0.965/0.906 2.954/6.668 values and lower RMSE and MAE scores, regardless of the FS
CB CB-GA 0.959 / 0.909 3202/ 6.537 methoc_j used. The supe_rior performance of Fhe CB _model can
be attributed to its ability to handle categorical variables effi-
MV 0.963 /0.926 3.060/5.922 ciently, its robustness against overfitting, and its use of ordered
boosting, which minimizes prediction bias.
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Figure 4. Regression plots for CB: (a) All features; (b) CB-GA; and (c) CB-GAMV.
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From Figure 4, all models show a strong correlation be-
tween actual and predicted settlement values; however, Figure
4 (c) stands out with the best balance between training and
validation performance. It achieved a training R=0f 0.963 and
RMSE of 3.06 mm, while its validation R=2and RMSE were
0.926 and 5.922 mm, respectively. These values indicate a
high level of accuracy with minimal overfitting, making it the
most reliable model in this study for settlement prediction.

In contrast, Figure 4 (a) had a slightly higher training R=
(0.965) and lower RMSE (2.954 mm) but performed worse on

the validation set (R==0.906, RMSE = 6.668 mm), suggesting
a mild overfitting issue. Figure 4 (b) showed marginally better
validation R=(0.909) than Figure 4 (a) but had higher training
RMSE and comparable validation error. Visual inspection
further supports Figure 4 (c)'s superiority, as its predicted
values align more closely with the perfect-fit line across all
settlement ranges, reflecting better consistency and accuracy.
Overall, Figure 4 (c) demonstrates the generalized predictive
performance.
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Figure 5. Feature importance for CB: (a) All features; (b) CB-GA, and (c) MV.

The effectiveness of CB further improved with the
MV-selected features, reinforcing the hypothesis that ensem-
bling FS enhances model reliability. This combination yielded
a model that not only fit the training data well but also main-
tained high accuracy across varying conditions, making it the
optimal choice for predicting pile settlement in this study.

4.3. Feature Importance

Feature importance analysis is crucial to interpret the model
outputs and to understand the influence of various factors on
pile settlement. This analysis aids in validating the model
against known geotechnical principles and in identifying the
most significant predictors of settlement behavior. To assess
the importance of each feature, the importance values were
computed for each variation of the CB model, and the re-

sulting plots are shown in Figure 5.

The results from both models show a consensus in ranking
the most influential features. P and L are ranked as the top two
features in Figure 5, followed by EA, Asp, and O, though al-
ternating in Figure 5 (a) and (c), and an absence of EA and O
in Figure 5 (b). These features have similar importance values
and are closely ranked with each other, indicating a substan-
tial impact on the prediction of pile settlement. However, P is
the most important feature as all models show the highest
importance values for P.

The soil properties have importance values that are lesser
than the previously mentioned features but rank above the
categorical features. These features provide additional in-
formation on soil-pile interaction and pile end-bearing ca-
pacity. Finally, the categorical features show very negligible
importance values, which indicates that they only slightly
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influence the model predictions in all cases.

All models consistently rank the categorical values as the
least important features, with negligible feature importance
values. These categorical variables contribute minimally to
the models, suggesting that the pile settlement prediction is
more sensitive to quantitative, site-specific soil and pile pa-
rameters rather than the categorical distinctions of pile or test
types. This could be due to the inherent uniformity in pile
behavior across different types or because the dataset or
models do not capture significant variations that differentiate
these categories.

5. Conclusions

The results indicate that applying ML models with an en-
semble-based FS strategy improves predictive accuracy in
pile settlement analysis. By utilizing an MV approach for FS,
the dependency on a single model’s bias is reduced, leading to
more consistent and generalizable results. The final CB-MV
model achieved good performance with an R? of 0.926 and an
RMSE of 5.92 mm for settlements up to 140 mm on the val-
idation set and outperformed all the other models discussed in
the study.

While the study demonstrates the effectiveness of the
proposed GAMV-FS strategy, some limitations remain. First,
the dataset size and distribution could influence model per-
formance, and additional validation on larger datasets with
larger feature counts is recommended. Second, while CB
outperformed the other models, exploring hybrid modeling
approaches or deep learning techniques could provide further
improvements. Lastly, this study adopted GA as the primary
method for FS, subsequent studies could employ any FS
method which may include metaheuristic methods such as
particle swarm algorithm or differential evolution with the
MYV approach, or they could adopt less complicated methods
like recursive feature elimination with the MV approach.

Abbreviations

ANN Artificial Neural Network

CB Categorical Boosting or CatBoost
CPT Cone Penetration Test

FS Feature Selection

GA Genetic Algorithm

GAMV Genetic Algorithm Majority Voting
RF Random Forest

LGB Light Gradient Boosting

MV Majority Voting

SPT Standard Penetration Test

SVM Support Vector Machine

XGB Extreme Gradient Boosting

Val Validation
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