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Abstract
Soil liquefaction presents major risks to infrastructure in earthquake-prone areas. Machine learning (ML) algorithms enhance
prediction accuracy; however, data imbalance poses a challenge. As one of the foremost papers on the application of ML for
soil liquefaction prediction in Ghana, this study utilises a dataset comprising Standard Penetration Test (SPT), Groundwater
Level (GWL), Relative Density (Dr), Natural Moisture Content (NMC), Atterberg Limits and Particle Size Distribution (PSD)
from southwestern Accra, Ghana. The positive class in the dataset, representing liquefaction events, made up only 12.64%,
requiring the use of the Synthetic Minority Over-sampling Technique (SMOTE) to correct the class imbalance. Evaluated were
three machine learning models: Logistic Regression (LR), Random Forest Classifier (RFC) and Support Vector Classifier
(SVC). SMOTE enhanced recall, with LR rising from 0.50 to 0.88 and RFC from 0.50 to 0.75. The recall for SVC increased
to 0.62. Precision decreased for LR (0.67 to 0.50) but increased for SVC (0.71), resulting in the highest F1-score (0.67).
RFC achieved a precision of 0.67 and an F1-score of 0.71. SVC showed the highest predictive performance, with accuracy
rising from 0.92 to 0.94 following SMOTE application. These findings underscore the potential of alternative machine learning
methods in geotechnical engineering and the significance of SMOTE in improving predictions for imbalanced datasets. The
study highlights the need to assess metrics beyond accuracy, especially in imbalanced datasets, to ensure reliable predictions
in risk-sensitive areas such as soil liquefaction assessment.
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Introduction
In the event of an applied stress, such as an earthquake trigger
or ground-vibrating event where seismic waves are generated,
saturated, loose, granular soils are likely to undergo liquefac-
tion, leading to a loss in their strength and stiffness (Lenart,
2008; Sarkar et al., 2020). When soil gets liquefied, it does not
behave like a solid anymore but as a liquid due to the increase
in pore water pressure that approaches or even exceeds the
confining pressure. Consequently, ground failure can occur
due to abrupt soil weakening, leading to the collapse, burial
or toppling of buildings and other infrastructure (Goudarzy
et al., 2022; Huang and Zhao, 2018; Mollica et al., 2020).
In most of the major earthquakes that have struck around
the world, soil liquefaction has been mentioned quite in a
number of them. From the Mexico City earthquake of 1985,
the San Francisco earthquake in 1906, the Kocaeli, Turkey
earthquake in 1999 and that of Wenchuan 2008 among others
(O’Rourke et al., 2006; Sancio et al., 2003; Verma et al., 2014;
Zhou et al., 2020). Considering the devastating consequences
of earthquake-induced soil liquefaction, there is the need to
thoroughly investigate the possibility of the phenomenon in
earthquake-prone areas.
Ghana, a Sub-Saharan African country has been known for
her history with respect to seismic activities. The first ever
documented earthquake in Ghana occurred within the Elmina
township in 1615. However, the first destructive earthquake
was recorded in Axim in December, 1636. The most destruc-

tive earthquake in the nation’s history occurred in Accra on
June 22, 1939 with a Richter magnitude of 6.5, causing 130
injuries, 17 deaths and destruction of many buildings and
properties (Amponsah, 2004; Amponsah et al., 2012; Kutu,
2013). Since then, there have been studies conducted into the
seismicity of Ghana from different perspectives. One of these
is the potential of soil liquefaction occurrence in the event of
an earthquake in Ghana, especially in the capital city Accra,
which currently happens to be the most seismically active
area in the country (Amponsah, 2021; Atarigiya et al., 2023;
Klu et al., 2024; Nortey et al., 2018). A study conducted by
Atarigiya et al. (2023) implied that there are areas in Ghana
which are prone to soil liquefaction occurrence in the event of
a major earthquake. This therefore calls for further liquefac-
tion investigations in Ghana with more emphasis on how to
accurately predict the phenomenon.
The prediction of soil liquefaction is a primary concern in
geotechnical engineering because of its significant effects on
infrastructure during seismic occurrences. Traditionally, soil
liquefaction is predicted with empirical approaches based on
in-situ assessments, such as the Standard Penetration Test
(SPT) and Cone Penetration Test (CPT) (Arango-Serna et al.,
2021; Cubrinovski et al., 2018; Muduli et al., 2014). Tech-
niques such as Numerical methods, Empirical methods, Sta-
tistical models and Machine learning models (Mohammad-
nejad and Andrade, 2015; Muduli and Das, 2014; Venkatesh
et al., 2013) have been used over the years in soil liquefaction
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analysis and prediction. However, these methods have some
limitations that discourage their use in predicting soil lique-
faction such as their time-consuming nature, computational
complexities, lack of good simulation abilities, underestima-
tion of liquefaction-induced one-dimensional settlements and
their insufficiency for parameter determination of physical
phenomena like liquefaction due heterogeneity of the earth
among many others (Mansouri and Dabiri, 2021; Muduli and
Das, 2013; Ziotopoulou and Boulanger, 2013).
Nonetheless, the emergence of machine learning (ML) method-
ologies has facilitated the creation of advanced models for
predicting liquefaction through the use of extensive, intricate
datasets. Artificial Neural Networks (ANNs) have become
one of the most common ML techniques employed for soil
prediction purposes (Cha et al., 2008; Farrokhzad et al., 2012;
Young-Su and Byung-Tak, 2006). However, there are different
ML approaches that could yield equal or even better predictive
outcomes. Logistic Regression (LR), Random Forest Clas-
sifier (RFC) and Support Vector Classification (SVC) have
proven to be effective methodologies for predicting liquefac-
tion (Gandomi et al., 2013; Jairi et al., 2021; Kohestani et al.,
2015; Samui and Sitharam, 2011). This research employs
machine learning methods to predict liquefaction potential,
utilising geotechnical characteristics obtained from datasets
such as SPT, relative density, groundwater levels and Atter-
berg limits. The aim is to evaluate the efficacy of three com-
mon classifiers – Logistic Regression (LR), Random Forest
Classifier (RFC) and Support Vector Classification (SVC) –
and examine the influence of data balance through SMOTE.
Logistic Regression is a fundamental binary classification
model often utilised in liquefaction studies because of its sim-
plicity and interpretability. Logistic regression models the
probability of a binary result (e.g., liquefaction versus non-
liquefaction) based on a collection of predictor factors. It is
especially appropriate for issues where the response variable
is categorical. Numerous studies have employed logistic re-
gression for liquefaction prediction utilising geotechnical and
seismic information, including SPT, CPT, groundwater level
and soil characteristics. Goh (1994) was an early proponent
of logistic regression in geotechnical applications, creating
a prediction model utilising CPT data for liquefaction eval-
uation. The research demonstrated that logistic regression
could accurately forecast the probability of liquefaction, es-
pecially when high-quality field data were accessible. Recent
uses of logistic regression in liquefaction prediction have in-
corporated a broader range of information, including shear
wave velocity, soil gradation and Atterberg limits (Jairi et al.,
2021; Tober, 2020). Despite its simplicity, logistic regression
may fail to encapsulate the intricate, non-linear correlations
present in geotechnical data, hence constraining its predic-
tive efficacy relative to more advanced models (Grossi and
Buscema, 2007).
The Random Forest Classifier is a robust ensemble learning
technique that integrates numerous decision trees to enhance
prediction accuracy and mitigate overfitting. It has garnered

considerable attention in soil liquefaction prediction owing
to its capacity to model non-linear interactions and manage
high-dimensional datasets with minimal adjustment. Random
Forest has been extensively utilised in current liquefaction
research. Kohestani et al. (2015) employed RF models to
forecast liquefaction utilising CPT data, attaining superior
accuracy relative to conventional techniques such as ANN.
The capability of RFC to manage both continuous and categor-
ical variables renders it adaptable for the integration of varied
geotechnical data, including soil density, moisture content
and seismic intensity. Research indicates that RFC excels in
assessing feature importance, which is essential for elucidat-
ing the relative impact of variables such as SPT and CPT on
liquefaction potential (Nejad et al., 2018). Owing to its ensem-
ble characteristics, Random Forest Classifier diminishes the
variance observed in individual decision trees, hence yielding
more stable and dependable predictions in intricate geotechni-
cal scenarios. Nonetheless, Random Forest Classifiers (RFC)
may encounter difficulties with interpretability, as the “black-
box” characteristic of ensemble approaches complicates the
direct correlation between input features and output, in con-
trast to logistic regression (Kaya et al., 2023).
Support Vector Classification (SVC) is a machine learning
method that creates hyperplanes to differentiate data into dis-
crete categories. It is especially efficacious in high-dimensional
spaces and is recognised for its robust theoretical principles
in maximising the margin between classes, rendering it ap-
propriate for intricate classification tasks such as liquefaction
prediction (Cervantes et al., 2020). Support Vector Classifi-
cation (SVC) has been progressively utilised in geotechnical
issues, particularly in liquefaction forecasting. Samui (2013)
illustrated the efficacy of SVC in categorising soil samples as
liquefied or non-liquefied, utilising data such as shear wave
velocity and soil characteristics. Support Vector Classifica-
tion (SVC) is recognised for its ability to manage non-linear
interactions using kernel functions, rendering it a compelling
option for modelling intricate geotechnical phenomena (Goh
and Goh, 2007). While SVC can attain elevated accuracy in
liquefaction prediction, its efficacy is significantly influenced
by the selection of kernel and the regularisation parameters.
Optimising these hyperparameters can be resource-intensive,
particularly for extensive datasets (Cervantes et al., 2020).
The selection of Logistic Regression (LR), Random Forest
Classifier (RFC) and Support Vector Classification (SVC)
was based on their proven efficacy in handling geotechnical
datasets and their ability to model both linear and non-linear
relationships (Ardakani and Kohestani, 2015; Liu et al., 2024;
Zhang and Wang, 2021). Logistic regression was selected due
to its straightforward nature and clarity, which is especially
beneficial in geotechnical contexts where grasping the im-
pact of specific factors is essential. The choice of RFC stems
from its strong performance in managing high-dimensional
datasets and its proficiency in identifying intricate, non-linear
relationships without the need for extensive hyperparameter
adjustments. The inclusion of SVC is attributed to its proven
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effectiveness in high-dimensional spaces and its capacity to
maximise the margin between classes, which renders it partic-
ularly suitable for handling imbalanced datasets (Fadliansyah
et al., 2024; Gandomi et al., 2013; Talamkhani et al., 2023).
While other models like Gradient Boosting and Deep Learning
have been used in geotechnical engineering, this study focuses
on these three models to provide a comparative analysis of
their performance in soil liquefaction prediction, particularly
in the context of imbalanced datasets.
A significant problem in predicting soil liquefaction is the
dataset’s uneven nature. Liquefied and non-liquefied cases
frequently occur in disproportionate ratios, with non-liquefied
examples generally prevailing in the dataset. This dispar-
ity may result in biased models, wherein machine learning
algorithms predominantly forecast the majority class (non-
liquefaction), hence diminishing the credibility of liquefac-
tion predictions (Hu et al., 2016). The Synthetic Minority
Oversampling Technique (SMOTE) is extensively utilised to
enhance model performance by balancing the dataset. In the
realm of liquefaction prediction, SMOTE has been utilised to
equilibrate datasets, enhancing the efficacy of models such as
LR, RFC and SVC. The implementation of SMOTE markedly
improves the precision and recall of machine learning models
in predicting liquefaction. By augmenting the quantity of
liquefied instances in the training dataset, SMOTE guarantees
that the model allocates equal focus to both classes, hence
enhancing its capacity to identify liquefaction events (Demir
and Sahin, 2022; Song et al., 2024).
In this study, three different machine learning predictive mod-
els were used to classify soil liquefaction occurrence in the
seismically active areas of Ghana’s capital city. LR, RFC
and SVC models were built and tested with and without the
use of SMOTE. The intentions of this study were to develop
a predictive machine learning model for soil liquefaction in
Accra and also to assess the influence of data imbalance on
prediction models.

Materials and Methods
Study Areas
The geotechnical data used for this analysis was collected
from the Architectural and Engineering Services Limited
(AESL), Accra which covered twenty-seven (27) surveyed lo-
cations in the southwestern areas of the Greater Accra Region
of Ghana. These areas are Accra Central, Burma Camp, Korle
Bu, Legon, North Ridge, Ofankor, Roman Ridge, Weija North,
McCarthy Hill, Kokrobite, New Bortianor, Bortianor, Teshie,
Osu, Cantonments, Airport City, Dzorwulu, Alajo, North-
Kaneshie, Kaneshie, Dansoman South, Tetegu East, Tetegu
West, Dansoman North, Gbawe, Weija South and Nyanyanor.
The survey areas are bounded to the north at 5o 37’ 30" N, to
the south at 5o 31’ 00" N, the west at 0o 17’ 30" W and to the
east at 0o 07’ 00" W (Figure 1). Majority of the 27 sites are lo-
cated in the central business areas, where major infrastructural
developments in the region can be found. Varying categories
of structures are located in the area; ranging from high-rise

Figure 1. Map of Southwest Greater Accra Region showing
data points

buildings to small structures, meant for different economic
and residential purposes. The major economic activities that
the population of these areas conduct are trading, civil service,
public service and industrial works.

Data Sources
As shown in Figure 2, the feature dataset includes the follow-
ing: Standard Penetration Test (SPT), Groundwater Level
(GWL), Relative Density (Dr), Natural Moisture Content
(NMC), Atterberg Limits and Particle Size Distribution (PSD).
Empirical relationships with SPT as the major input were used
to compute the Factor of Safety (FoS) values for the different
subsurface layers at the various investigated sites were calcu-
lated (Idriss, 1999; Liao and Whitman, 1986; Youd and Idriss,
1997; Youd et al., 2001). Layer depths that indicated FoS
values less than 1 were categorised as liquefied soils, whereas
those with FoS greater than or equal to 1 were categorised as
non-liquefied soils. In all, 261 data observations were used
for the study.
While the 261 observations could be sufficient for initial
model training and validation, there may be a limitation in the
generalizability of the results. As stated in literature, small
datasets can increase the risk of overfitting, particularly when
using complex models like RFC and SVC (Aziz et al., 2017;
Ganaie et al., 2022; Liu et al., 2024). To mitigate this, we
employed techniques such as cross-validation and SMOTE to
balance the dataset and improve model robustness. However,
future studies should aim to incorporate larger datasets to en-
hance the generalizability of the findings and reduce the risk
of overfitting.

Journal of Ghana Science Association, Volume 23(1) Date of Publication: 25th August 2025



Application of Machine Learning in Soil Liquefaction Prediction... Klu et al. — 90/97

Figure 2. Description of Dataset

Feature Engineering
Initially, the complete dataset was utilised for modelling. This
revealed a strong correlation (0.94) between SPT values and
the calculated Factor of Safety after a correlation matrix was
plotted to observe the relationship between the input variables
and the target (FoS). It was found that a stronger correlation
(0.97) existed between the Dr and FoS. Due to the strong
relationships between SPT, Dr and FoS (Figure 3), the SPT
and Dr features were excluded from the modelling dataset to
avoid overfitting. The remaining features Natural Moisture
Content (NMC), Atterberg limits, Particle Size Distribution
(PSD) and Groundwater Level (GWL) were maintained for
model development. In all, ten (10) input features were em-
ployed for model training and validation: groundwater level,
depth of layer, natural moisture content, compositions of clay,
silt, sand and gravel, as well as liquid limit, plastic limit and
plasticity index. The target variable was factor of safety (FoS).

Figure 3. Correlation matrix on Dataset

Synthetic Minority Oversampling Technique (SMOTE)
SMOTE is an oversampling method that creates synthetic
samples for the minority class, specifically liquefaction cases,
by interpolating between existing examples. In contrast to ran-
dom oversampling, which only replicates existing occurrences
of the minority class, SMOTE generates fresh, convincing
data points, thereby mitigating the risk of overfitting. This

method has demonstrated efficacy in enhancing classification
performance, especially for significantly imbalanced datasets,
as seen in geotechnical applications (Chawla et al., 2002; El-
reedy et al., 2024; Sebbeh-Newton et al., 2024). Although
LR often experiences performance decline with imbalanced
datasets, the application of SMOTE enhances its precision
and recall (Blagus and Lusa, 2013). Given that logistic re-
gression presumes a linear decision boundary, the synthetic
instances produced by SMOTE facilitate the expansion of
the decision space for the minority class, hence mitigating
bias towards the majority class. RFC inherently manages
imbalance more effectively than LR because of its random
sampling and bootstrapping techniques. When utilised in
conjunction with SMOTE, RFC demonstrates enhanced clas-
sification metrics for the minority class, especially in terms
of precision and F1-score, as evidenced by Pacheco et al.
(2023). SVC, being particularly sensitive to class imbalances,
significantly benefits from SMOTE. The synthetic examples
produced by SMOTE advance the decision boundary to more
effectively distinguish the two classes. Research, including
(Samui, 2013), indicates that the efficacy of SVC in identify-
ing liquefaction markedly enhances when utilised alongside
SMOTE, especially in minimising false negatives.
Although SMOTE successfully tackles class imbalance through
the creation of synthetic samples for the minority class, it may
introduce biases, especially when the generated data points
fail to accurately reflect the true distribution of the minority
class. This situation may result in overfitting, causing the
model to excel on the training dataset while struggling with
new, unseen data (Fern et al., 2018; Sakho et al., 2024). To
mitigate this risk, the model’s performance was evaluated by
comparing the results with and without SMOTE. Although
other resampling techniques like ADASYN and cost-sensitive
learning could have been considered, SMOTE was chosen due
to its simplicity and proven effectiveness in similar geotechni-
cal studies (Sebbeh-Newton et al., 2024). Future work could
explore the use of alternative resampling techniques to further
improve model performance.

Model Development and Evaluation
Figure 4 illustrates the systematic methodology employed for
predicting soil liquefaction through machine learning (ML)
approaches. This workflow encompasses several stages: from
the compilation of geotechnical data to the final prediction
of liquefaction results. The procedure commences with the
acquisition and classification of geotechnical data (see Data
Sources section). Within this framework, the Factor of Safety
(FoS) is classified to establish a target variable, signifying
the likelihood of soil liquefaction. A binary classification
technique was employed, designating the target variable as
"liquefiable" or "non-liquefiable", hence aiding model training
within a supervised machine learning classification framework.
The Initial phase in pre-processing the dataset involved data
cleansing. This is a crucial procedure undertaken to elimi-
nate noise and discrepancies. A carefully curated dataset is
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Figure 4. Flowchart of methodology for developing ML mod-
els

essential to prevent biases or mistakes in machine learning
predictions. Following data cleaning, normalisation was per-
formed to standardise feature scales and ensure uniformity
among variables. In geotechnical engineering, features such
as particle size or density may exhibit considerable variation
in magnitude. Figure 2 illustrates that 261 observations were
compiled to create the dataset for model development. Among
these, 228 datapoints had FoS values of 1 or higher, signifying
their non-liquefiability (negative class). This results in only
33 liquefiable datapoints (positive class). Consequently, ap-
proximately 12.64% of the overall dataset is classified as the
positive class, exemplifying a classic instance of data imbal-
ance. This circumstance affects the realisation of an impartial
and correct data distribution for effective model building. The
Synthetic Minority Oversampling Technique (SMOTE) was
employed to address the issue of data imbalance between liq-

uefied and non-liquefied instances.
After the pre-processing phase, the dataset was divided into
training and testing subsets in a 70:30 ratio. This partitioning
technique guarantees that the model is trained on a substan-
tial dataset and validated on a distinct subset to evaluate its
generalisability. This framework utilises three machine learn-
ing models: Logistic Regression (LR), Random Forest (RF)
and Support Vector Classifier (SVC). Upon the completion of
training, each model underwent evaluation utilising classifi-
cation measures. These measurements encompass accuracy,
precision, recall and F1 score, offering a thorough assess-
ment of model performance. These measures guarantee that
the selected model effectively distinguishes liquefiable and
non-liquefiable cases while also reducing false positives and
negatives, which are essential in risk-sensitive geotechnical ap-
plications. The concluding phase entails evaluating the trained
models using the reserved testing dataset. The model gener-
ates a binary classification outcome, determining whether a
certain soil sample is liquefiable or non-liquefiable depending
on its characteristics.

Results and Discussion
Confusion Matrix
The confusion matrix reveals that the model encounters chal-
lenges related to class imbalance, especially in accurately
identifying the minority class. The predominant class exhibits
superior predictive accuracy, whereas the less frequent class
experiences an elevated rate of misclassification. The Ran-
dom Forest model demonstrates superior performance relative
to Logistic Regression, exhibiting enhanced accuracy across
both classes. Nonetheless, there remains a degree of misclas-
sification within the minority class, albeit to a lesser extent
compared to Logistic Regression. The SVC model exhibits
performance comparable to that of Random Forest, achieving
reasonable accuracy for the majority class while encountering
some misclassification issues within the minority class. The
model demonstrates a balanced performance; however, it re-
mains influenced by the class imbalance issue.

Figure 5. Confusion Matrix for Models with and without
SMOTE

Following the implementation of SMOTE (Figure 5), there
is a notable enhancement in the model’s ability to predict the
minority class. The confusion matrix reveals a more equitable
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performance, showcasing diminished misclassification rates
across both classes. The Random Forest model demonstrates
improved performance through the application of SMOTE,
resulting in a more balanced confusion matrix. The model
demonstrates improved accuracy for the minority class, result-
ing in a more robust overall performance. The SVC model, en-
hanced by SMOTE, exhibits superior performance, especially
in accurately identifying the minority class. The confusion
matrix demonstrates a more equitable distribution of predic-
tions, suggesting that SMOTE has successfully addressed the
class imbalance problem.

Outcomes without SMOTE
Table 1 displays the performance metrics for each model on
the positive class without the application of SMOTE. Despite
a high accuracy of 0.91 for RF and 0.92 for both LR and SVC,
this statistic may be deceptive due to the dataset’s imbalance.
A detailed examination of precision, recall and F1-Score in-
dicates the model’s inadequate ability to predict instances of
the minority class (i.e., liquefaction events).

Table 1. Performance metrics for each machine learning
algorithm without SMOTE

Model Accuracy Precision Recall F1-Score

Logistic Regression 0.92 0.67 0.50 0.57
Random Forest 0.91 0.57 0.50 0.53
Support Vector Classifier 0.92 0.67 0.50 0.57

The precision metric for Logistic Regression is 0.67, signify-
ing that 67% of the predicted liquefaction events are accurate.
The findings indicate a satisfactory level of accuracy in pre-
dicting liquefaction; however, the class imbalance presents
challenges for the models in effectively differentiating be-
tween liquefaction and non-liquefaction cases.
The recall values, uniformly recorded at 0.50 across all mod-
els, underscore a significant concern: merely 50% of genuine
liquefaction events are accurately detected. This highlights
the model’s shortcomings in accurately identifying instances
of the minority class, a prevalent issue in datasets with im-
balance. As a result, the F1-Score, which serves to balance
precision and recall, is consistently low across all models,
with Logistic Regression and SVC achieving a score of 0.57,
while Random Forest records a score of 0.53. The scores
indicate a significant inefficiency of the models in effectively
handling the minority class.
The observed low recall and F1-Scores highlight the chal-
lenges encountered by these models in accurately predicting
liquefaction events, particularly in the absence of balancing
methods such as SMOTE. Although the models demonstrate
high accuracy, they show a tendency to favour the majority
class, leading to suboptimal performance in the precise identi-
fication of liquefaction events

Outcomes utilising SMOTE
Table 2 presents the performance metrics on the positive class
subsequent to the application of SMOTE for dataset balancing.

SMOTE markedly enhances the recall and F1-scores of the
models, signifying improved efficacy in predicting minority
class instances.

Table 2. Performance metrics for each machine learning
algorithm without SMOTE

Model Accuracy Precision Recall F1-Score

Logistic Regression 0.90 0.50 0.88 0.64
Random Forest 0.94 0.67 0.75 0.71
Support Vector Classifier 0.94 0.71 0.62 0.67

The recall for Logistic Regression and Random Forest shows
a notable improvement, rising from 0.50 to 0.88 and 0.75,
respectively. This enhancement illustrates the efficacy of
SMOTE in allowing these models to detect a greater percent-
age of genuine liquefaction occurrences. For SVC, the recall
rises to 0.62, reflecting a moderate yet significant improve-
ment.
The precision of Logistic Regression shows a minor decline
from 0.67 to 0.50, whereas the precision of Random For-
est maintains a consistent value of 0.67. This indicates that
although the detection of liquefaction cases is on the rise,
there is a marginal uptick in false positive occurrences. The
precision for SVC has increased to 0.71, signifying an en-
hancement in the model’s ability to differentiate between the
two classes. The F1-Score across all models demonstrates
significant enhancement. Logistic Regression and Random
Forest demonstrate F1-Scores of 0.64 and 0.71, respectively,
an improvement from 0.57 and 0.53. The Support Vector
Classifier demonstrates notable enhancement, achieving an
F1-Score of 0.67, which is on par with the performance of the
other models.
While the accuracy across the models shows consistency be-
fore and after the application of SMOTE, with SVC demon-
strating a minor enhancement from 0.92 to 0.94, the precision-
recall balance underscores the advantages brought by SMOTE.
In the absence of SMOTE, the models demonstrated strong ca-
pabilities in predicting the majority class but faced challenges
in accurately forecasting liquefaction events. SMOTE ad-
dresses this imbalance, improving recall and F1-Score, which
are essential metrics for classification tasks with imbalanced
datasets like soil liquefaction prediction.

Figure 6. 3D Bar Graphs comparing Model Evaluation met-
rics with and without SMOTE

The application of SMOTE markedly enhances the model’s
capacity to forecast the minority class (liquefaction), which
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Figure 7. Permutation Feature Importance Plots for Models
with and without SMOTE

is essential in this scenario. The prediction of soil liquefac-
tion is generally infrequent in the majority of datasets, which
accounts for the less-than-ideal performance of models that
do not employ balancing techniques such as SMOTE. The
enhancement in recall highlights the significance of SMOTE
in mitigating bias towards the majority class. The consistently
high accuracy observed with and without SMOTE underscores
the necessity of assessing performance metrics beyond mere
accuracy, particularly in the context of imbalanced datasets.
The minor reduction in precision observed in Logistic Regres-
sion following the application of SMOTE can be attributed
to the inherent trade-off between recall and precision. Al-
though an increased number of liquefaction occurrences are
accurately recognised, there remains a limited subset of non-
liquefaction cases that could be erroneously categorised as liq-
uefaction. The enhanced F1-Scores observed in all models in-
dicate that SMOTE successfully establishes a more favourable
equilibrium between precision and recall, thus improving the
overall performance of the machine learning models in fore-
casting soil liquefaction.

Permutation Feature Importance
The permutation feature importance plots offer valuable in-
sights regarding the features that play a crucial role in influ-
encing the model’s predictions. The feature importance plot
illustrates that specific features exert a greater influence on
the predictions made by the model. The identified features
are expected to play a significant role in class label determina-
tion. Following the application of SMOTE, the significance
of certain features may change, suggesting that the model has

become more responsive to features that were previously less
impactful as a result of class imbalance.
The Random Forest model naturally offers insights into fea-
ture significance through Gini impurity or information gain
metrics. The permutation feature importance plot validates
these observations, indicating that the key features align with
the model’s internal metrics. The application of SMOTE
leads to a relatively stable distribution of feature importance;
however, certain features may experience fluctuations in their
significance as the model adapts to the balanced dataset. The
SVC model, as a non-parametric approach, lacks an intrinsic
mechanism for determining feature importance. The permuta-
tion feature importance plot illustrates the features that, when
randomised, lead to the most considerable decline in model
efficacy. This highlights their significance in the decision-
making framework. The implementation of SMOTE can lead
to variations in the feature importance plot, indicating how
the model adjusts to the newly balanced dataset.

Maize Yields
To guarantee the reliability of the findings, statistical valida-
tion was performed using confidence intervals and hypothesis
testing. The performance disparities between models with and
without SMOTE were determined to be statistically significant
(p < 0.05), suggesting that the enhancements in recall and
F1-score are not attributable to random variation. In addition,
a computation of 95% confidence intervals for the accuracy,
precision, recall and F1-score metrics, further reinforce the
dependability of the findings.
The machine learning models developed in this study demon-
strate competitive performance in soil liquefaction suscepti-
bility assessment, achieving an F1-score of 0.67. This perfor-
mance aligns with established traditional empirical methods
such as the Seed and Idriss (1971) simplified procedure, which
reportedly yields F1-scores between 0.60 and 0.70 across di-
verse geological conditions and regional datasets (Boulanger
and Idriss, 2004; Youd et al., 2001). While the models do not
exhibit statistically superior predictive capability compared
to conventional approaches, they offer distinct advantages in
computational adaptability and data handling flexibility.

Conclusion
The research effectively created and assessed three distinct
models such as Logistic Regression, Random Forest and Sup-
port Vector Classifier aimed at predicting the susceptibility of
soil to liquefaction. At the outset, the models demonstrated
impressive accuracy; however, they faced challenges related
to class imbalance, especially in identifying the minority class
(liquefaction events). SMOTE significantly enhanced model
performance, particularly in improving recall, which is critical
for identifying minority class instances. For Logistic Regres-
sion (LR), recall increased from 0.50 to 0.88, and for Random
Forest Classifier (RFC), it rose from 0.50 to 0.75. The Support
Vector Classifier (SVC) also saw an improvement, with recall
increasing to 0.62. While precision decreased for LR (from
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0.67 to 0.50), it improved for SVC to 0.71, resulting in the
highest F1-score of 0.67 among the models. RFC maintained
a stable precision of 0.67 and achieved a strong F1-score of
0.71, indicating a balanced performance between precision
and recall. SVC demonstrated the best overall predictive per-
formance, with accuracy increasing from 0.92 to 0.94 after
applying SMOTE. The permutation feature importance plots
indicated that specific features, including groundwater level
and natural moisture content, were pivotal in the predictions
of the models, with variations in feature significance observed
following the application of SMOTE.
The findings indicate that models utilising advanced algo-
rithms, in conjunction with balancing methodologies such
as SMOTE, can proficiently predict the susceptibility of soil
to liquefaction. Although the models did not surpass con-
ventional empirical techniques regarding predictive accuracy,
they present benefits in computational adaptability and versa-
tility in managing various datasets. The enhanced recall and
F1-Scores highlight the significance of tackling class imbal-
ance in geotechnical applications, where precise prediction
of infrequent occurrences such as liquefaction is essential for
effective risk assessment and mitigation.
Nonetheless, the research faced constraints due to the limited
size of the dataset, potentially impacting the broader applica-
bility of the findings. Future endeavours should prioritise the
integration of more extensive datasets and the investigation of
different resampling methodologies to significantly improve
model efficacy. This study underscores the capabilities of
advanced models, integrated with SMOTE, for predicting soil
liquefaction, establishing a solid foundation for subsequent
investigations in the field of geotechnical engineering.
This paper happens to be one of the foremost research works
on the application of machine learning for predicting soil liq-
uefaction using geotechnical datasets collected from soils in
Accra, Ghana. The findings from this study hold considerable
practical relevance for geotechnical engineers, policymakers
and urban planners in the country. Accurate prediction of soil
liquefaction through machine learning models can enhance
the design of earthquake-resistant infrastructure, especially
in seismically active areas such as Accra. Policymakers may
utilise these predictions to identify priority areas for addi-
tional geotechnical investigation and to establish building
codes aimed at reducing the risk of damage from liquefaction.
Urban planners may integrate these predictions into land-use
planning to circumvent high-risk areas for the development of
critical infrastructure.
Future research should investigate the application of advanced
deep learning methodologies, including Convolutional Neural
Networks (CNNs) and Long Short-Term Memory (LSTM) net-
works, to enhance soil liquefaction prediction. Convolutional
Neural Networks (CNNs) may be employed to examine spa-
tial patterns in geotechnical data, whereas Long Short-Term
Memory networks (LSTMs) can effectively model temporal
dependencies in seismic activity. Furthermore, transformer
models, recognised for their efficacy in managing complex,

high-dimensional data, warrant exploration regarding their ap-
plicability in geotechnical contexts. The integration of these
techniques with SMOTE or alternative resampling methods
may enhance prediction accuracy and robustness.
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