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A B S T R A C T

Introduction: Floods are amongst the most destructive weather and climate-related disasters, causing significant 
loss of life and property globally. Accurate flood risk prediction is crucial for improving disaster resilience and 
urban planning.
Methods: This study employed artificial intelligence (AI) techniques, specifically Random Forest (RF), XGBoost 
(XGB), and Support Vector Machine (SVM) models, to predict and model flood risk in Bauchi, Nigeria. Addi
tionally, Explainable AI analysis was utilized to interpret the model outcomes.
Results: The study revealed that high-risk areas have a history of frequent and severe flooding based on RF and 
XGBoost predictions. Settlement formality, elevation, population, and rainfall were the most influential factors in 
exacerbating flood risk. The RF model outperformed both XGBoost and SVM, with a precision of 0.857 and ROC- 
AUC of 0.93, while SVM performed the least, with a precision of 0.757 and ROC-AUC of 0.84.
Conclusion: The findings provide valuable insights for climate action, particularly in flood risk and exposure, and 
emphasize the role of urban planning and effective disaster risk reduction strategies in enhancing urban 
resilience.

1. Introduction

Extreme weather and climate events are becoming more frequent 
and impactful disasters affecting communities worldwide [1–4]. Among 
these, floods are particularly devastating due to their recurring nature 
and their ability to cause widespread damage. This makes flooding the 
most catastrophic of extreme events globally, with immense conse
quences for both the environment and human populations [5–7]. The 
frequency and intensity of flooding have been on the rise, driven pri
marily by climate change, increasing urbanization, the expansion of 
economic activities in flood-prone regions, and the absence of adequate 
flood management systems [7–11]. As one of the most globally recog
nized destructive hazards, floods account for a significant proportion of 
property damage and loss of life, with annual costs running into tens of 
billions of dollars [12–14], making floods the most pervasive of 
all-natural hazards, responsible for over 50 % of disaster-related fatal
ities [10,14,15]. In addition to these direct impacts, floods also pose 
serious public health risks, including outbreaks of infectious diseases, 
waterborne illnesses, and dermatological conditions caused by exposure 
to contaminated water [16–18].

The impacts of climate-induced flooding disproportionately affect 
both high- and low-income countries [19–22]. This is evident in the 
rising incidences of severe floods across Africa, Asia, the United States, 
and Europe, underscoring the global threat posed by weather and 
climate extremes [11]. Countries with high exposure, such as 
Bangladesh, Egypt, Vietnam, Indonesia, India, and Japan, are especially 
vulnerable due to high population concentrations along major rivers and 
low-lying coastal zones [23]. In Africa and Asia, flood vulnerability is 
further heightened by rapid, unchecked urbanization and low coping 
capacity amidst escalating effects of climate change [24–27]. Conse
quently, Nigeria grapples with significant vulnerability and exposure to 
frequent floods and other climate-related disasters [28,29]. According to 
the global disaster database EM-DAT, compiled by the Centre for 
Research on the Epidemiology of Disasters (CRED), Nigeria ranks as the 
7th most impacted country in terms of mortality due to disasters, 
particularly floods (EM-DAT, 2023). In 2022 alone, floods caused 603 
deaths, the highest ever recorded in the country from a single extreme 
weather event [30]. Additionally, Nigeria ranks among the top nations 
for economic losses caused by disasters, positioned as the 8th most 
affected globally, with flood-related damages amounting to an 
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unprecedented $4.2 billion USD in 2022 [31]. This marked the first time 
Nigeria surpassed India in flood-related economic destruction, under
scoring the country’s escalating weather and climate vulnerability.

Bauchi, a rapidly urbanizing city in Nigeria, faces significant risks 
from weather and climate extremes, especially floods and windstorms 
[30,32]. Flooding is a recurring issue, with over 20 major incidents 
affecting at least ten neighborhoods annually. Despite growing evidence 
of increasing flood events in Bauchi and Nigeria [33–35], predicting the 
locations and degree of future risk remains uncertain. This highlights the 
urgent need for comprehensive disaster risk prediction models to iden
tify vulnerable areas, estimate potential impacts, and improve pre
paredness and risk reduction efforts. Accurate flood risk modeling is 
crucial for preventing future disasters and safeguarding at-risk com
munities [36].

The deployment of artificial intelligence (AI) has been trans
formative in disaster predictions and modeling, significantly enhancing 
the accuracy and efficiency of risk assessments [37,38]. In particular, 
GeoAI, which integrates geospatial data with AI techniques such as 
machine learning (ML) and deep learning (DL), has become a powerful 
tool for predicting extreme weather events, including floods [36]. These 
methods have simplified the complexities of disaster risk modeling, 
especially in data-scarce regions like Nigeria [39].

This study employed ML models to predict and assess flood risks in 
Bauchi. By leveraging AI’s capability to analyze hydrological, topo
graphical, and environmental data, it highlights how flood prediction 
accuracy can be improved, even in data-scarce regions. The findings 
offer valuable insights for climate action, particularly in disaster risk 
reduction and enhancing urban resilience.

2. Materials and methods

2.1. Study area

Bauchi city, the capital of Bauchi State, is located between latitudes 
9◦ and 12◦ North and longitudes 8◦ and 11◦ East [40]. As a State, Bauchi 
borders several other states, including Kano to the northwest, Jigawa to 
the north, Yobe to the northeast, Gombe to the east, Taraba to the 
southeast, and Plateau to the west [41] (see Fig. 1). With a population of 
over 600,000, Bauchi is one of the most populous cities in the region. It 
experiences a tropical climate, with distinct wet and dry seasons. The 
wet season lasts from May to October, marked by heavy rainfall, while 
the dry season spans from November to April, characterized by hot and 
dry conditions [42].

2.2. Flood prediction and risk modeling

In this study, a multi-method approach was employed to model and 
predict flood risk, focusing on the use of ML and XAI algorithms for 
enhanced accuracy and interpretability. While many previous studies 
have applied ML or DL models for flood prediction [43–45], only a 
limited number have utilized XAI to interpret the influence of key pre
dictor factors on risk outcomes [1,46]. This study undertook a 
comparative approach of three ML models and leveraged the XAI algo
rithm to provide deeper insights into how specific hazard conditioning 
factors contribute to flood risk prediction during disaster scenarios (see 
Fig. 2).

2.2.1. Sample inventory and acquisition
The inventory data consisted of flood events recorded over the past 

Fig. 1. Study area showing locations with histories of floods and non-flood experiences.

K.M. Kafi et al.                                                                                                                                                                                                                                  The Journal of Climate Change and Health 26 (2025) 100490 

2 



five years (2019–2024), where areas affected by these events were 
labeled as 1, while non-flood locations were randomly selected 
throughout the study area and labeled as 0 [1]. The study utilized a GPS 
device to record the coordinates of locations with histories of flood 
damage [47,48]. A comprehensive census was conducted to document 
affected locations between 2018 and 2023, capturing their accompa
nying impact information. In total, 524 flood-affected locations and 505 
non-affected locations were recorded. To ensure a more even distribu
tion of non-affected areas, Google Earth Pro was employed in randomly 
selecting some of the non-affected flood locations, aiding in the collec
tion of sample points across both affected and non-affected locations 
using GPS coordinates [43] (see Fig. 1).

2.2.2. Hazard and vulnerability conditioning factors
Hazard conditioning factors are environmental and physical char

acteristics, such as hydrological, meteorological, geological, and terrain 
variables, that contribute to the occurrence and severity of disasters. 
These factors influence the likelihood and intensity of flood events by 
shaping interactions between natural processes and the landscape [12,
49]. For flood risk prediction and modeling, ten hazard datasets were 
generated (see Table 1).

Vulnerability factors encompass the social, physical, and economic 
susceptibility of communities, infrastructure, and assets to disasters [7,
50]. They reflect the extent to which these elements are exposed to 
disaster impacts and their capacity to cope or recover [7]. The vulner
ability dimension provides insights into an area’s susceptibility to 

disasters and its resilience in the face of hazards [10]. In this study, four 
vulnerability datasets were generated for flood risk modeling (see 
Table 1). The study utilized a widely recognized equation that in
corporates both hazard and vulnerability predictors [39]. The equation 
is expressed as: 

Risk = Hazard × Vulnerabilty (1) 

Where;
Hazard is defined as the triggering factor, while vulnerability 

quantifies the social, physical, and economic susceptibility of the people, 
infrastructure, and asset elements to hazard occurrences.

Fig. 2. Methodological workflow for flood risk prediction and modeling, integrating GPS and satellite-derived datasets with machine learning algorithms and 
explainable AI techniques, implemented in Python using the Jupyter Notebook environment.

Table 1 
Hazard conditioning factors.

Major Factor Conditioning Factors Hazard Vulnerability

Geological Curvature √ ​
Aspect √ ​
Elevation √ ​
Slope √ ​

Hydrological Rainfall √ ​
Drainage Density √ ​
TWI √ ​

Socio-physical Housing density ​ √
Settlement formality ​ √

Social Population density ​ √
Land use LULC ​ √
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2.2.3. Multicollinearity test
The study performed a multicollinearity test using IBM-SPSS-25 to 

evaluate the correlation between independent variables (conditioning 
factors) and dependent variables (flood inventories) [12]. Multi
collinearity testing is crucial to ensure that the independent variables do 
not have high correlations with each other, as this can undermine the 
model’s predictive accuracy [51]. By identifying and addressing multi
collinearity, the model’s reliability and interpretability are improved, 
providing clearer insights into the relationship between predictors and 
target variables [52]. The values for each conditioning factor were 
extracted using the feature extraction tool in GIS (ArcMap 10.8), 
aligning the flood inventory sample locations with their corresponding 
values for all conditioning factors.

2.2.4. Machine learning models application
To model and predict flood risk areas, three different ML models 

were applied, compared, and evaluated [1,12,46]. They are RF, 
XGBoost, and SVM models. Each model was employed to predict and 
map flood risk areas based on certain identified risk predictors. By uti
lizing multiple models, the study aimed to enhance predictive accuracy 
and identify the most reliable method for assessing the spatial distri
bution of flood risk areas [36]. Additionally, these models have been 
widely used for disaster predictions in previous studies and have 
consistently produced reliable spatial outputs with excellent prediction 
accuracy [53–55]. The three machine learning models were imple
mented using Python programming language. Python offers a robust 
ecosystem of libraries such as scikit-learn for ML algorithms and 
specialized libraries like XGBoost for gradient boosting, making it an 
ideal platform for predictive modeling [51].

2.2.4.4. Normalization and data splitting
Data normalization scales the features to a common range, typically 

between 0 and 1, ensuring that features with large numerical values do 
not dominate the model [36]. This helps improve the performance and 
convergence speed of machine learning algorithms. The experimental 
setup for this study involved dividing the inventory and extracted con
ditioning factor dataset into training and testing sets [36,56]. The 
training set was used to train the model, while the testing set evaluated 
the model’s performance on unseen data, ensuring that the model would 
generalize well to new data and wasn’t overfitting [57,58]. The study 
allocates 60 % of the dataset for training and 40 % for testing [51].

2.2.4.5. Model evaluation. The performance of the machine learning 
models was evaluated using key metrics: Accuracy, Kappa coefficient, 
and ROC-AUC [36,51]. Accuracy provides an overall measure of pre
diction correctness, while the Kappa coefficient adjusts for random 
chance, offering more insight in imbalanced datasets. ROC-AUC assesses 
the model’s ability to differentiate between classes, reflecting its 
discriminatory power [12,46]. The confusion matrix, consisting of True 
Positives (TP), True Negatives (TN), False Positives (FP), and False 
Negatives (FN), provides a tabular representation of model perfor
mance. ROC, a graphical tool in binary classification, shows the trade-off 
between sensitivity and false positive rate across different thresholds. 
Equations 2 through 5 describe the model evaluation metrics. 

Sensitivity =
TN

TN + FP
(2) 

Specificity =
TN

TN + FN
(3) 

The ROC-AUC value ranges between 0 and 1, where a higher AUC 
indicates better model performance. It provides a single scalar value to 
compare different classifiers, with an AUC of 1 suggesting a perfect 
classifier, while an AUC of 0.5 represents a classifier performing 
randomly. 

A ∪ C =
∑

TP
∑TN

P
+ N (4) 

Accuracy: It measures the overall correctness of predictions and is 
computed as the ratio of correctly predicted instances to the total 
number of instances within the dataset [2]. 

Accuracy =
TP + TN

TP + TN + FP + FN
(5) 

2.2.5. Explainable AI (XIA)
XAI has emerged as a set of techniques that make ML models more 

transparent and understandable by providing insights into how models 
make decisions [59]. As a result, XAI has been increasingly utilized to 
interpret ML prediction outcomes [46]. In this study, the use of XAI is 
crucial for interpreting the results of machine learning models used to 
predict flood risks. SHAP, a popular XAI method, is applied to explain 
the contribution of each hazard and vulnerability conditioning factor to 
the model’s predictions. SHAP assigns importance values to features, 
showing how they influence the model’s output, which helps in better 
understanding the key drivers of flood risks [1].

3. Results

3.1. Flood risk predictors

The integration of hazard and vulnerability conditioning factors is 
fundamental to any comprehensive disaster risk assessment [20]. These 
factors serve as key predictors (see Figs. 3 and 4), collectively shaping 
the spatial patterns that inform risk modeling and enhance the accuracy 
of predicting flood occurrence. The inclusion of a broader set of condi
tioning factors typically improves the robustness and precision of the 
model, enabling more accurate identification of high-risk areas and 
contributing to more effective disaster risk reduction [59].

3.2. Multi collinearity assessment

Prior to implementing ML models for flood predictions, a multi
collinearity analysis was performed to ensure there was no collinearity 
among the predictor variables [52], as multicollinearity can affect the 
accuracy of the training results [51]. The analysis revealed no sub
stantial collinearity issues among the independent flood-related vari
ables (Table 2). The lowest tolerance (TOL) value was found for slope, at 
0.348, which is above the critical threshold of 0.10. Furthermore, all 
variance inflation factor (VIF) values are below the critical threshold of 
10.0, indicating no evidence of multicollinearity [60].

3.3. Model performance

Metrics computation was conducted to assess the performance of the 
three ML models—RF, XGBoost, and SVM—applied for flood predictions 
in the study [57,61]. Key metrics, including accuracy, precision, sensi
tivity, specificity, Kappa coefficient, and ROC-AUC score, were used to 
evaluate both the effectiveness of flood predictions and model com
parisons [12,52]. To further optimize model performance, the study 
applied grid search hyperparameter tuning using the GridSearchCV li
brary. Since Random Forest (RF) is generally less prone to overfitting 
compared to other models [59], it was trained using the default pa
rameters, while hyperparameter tuning was conducted on the XGBoost 
and SVM models to mitigate overfitting [46]. The optimized XGBoost 
parameters—max_depth = 7, learning_rate = 0.1, and n_estimators =
100—yielded the best performance with an ROC-AUC score of 0.92. 
Similarly, the SVM model with the optimized parameters—C = 10, 
kernel = rbf, gamma = 0.01, and degree = 2—produced an ROC-AUC 
score of 0.84. RF achieved the highest accuracy (0.857) for flood pre
diction, slightly outperforming XGBoost (0.847), indicating superior 
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Fig. 3. Flood risk predictor variables incorporated as hazard factor layers in the GIS Environment (a) Elevation, (b) Curvature, (c) Slope, (d) Aspect, (e) Drainage 
density, (f) Rainfall, (g) TWI.
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overall predictive performance. In contrast, SVM recorded a lower ac
curacy of 0.757, reflecting its reduced ability to correctly classify risk 
areas (see Table 3). RF also excelled in precision with a score of 0.857, 
effectively identifying flood-prone areas with minimal errors, followed 
by XGBoost at 0.848. SVM’s precision was lower at 0.757, indicating less 
accuracy in predicting high-risk areas [46]. In terms of sensitivity, RF 
led with 0.888, closely followed by XGBoost at 0.883, both effectively 
detecting flood-prone areas. SVM had a lower sensitivity of 0.781, 
suggesting reduced effectiveness in identifying high-risk zones. For 
specificity, RF again performed best at 0.820, with XGBoost at 0.810, 
while SVM’s specificity was weaker at 0.742, highlighting its difficulty 

in correctly classifying non-risk areas [51].
The Kappa coefficient showed RF as the top performer at 0.71, 

indicating strong agreement between predicted and actual outcomes, 
followed closely by XGBoost at 0.70, both within the "good" perfor
mance range (0.55 < k < 0.85). SVM had a lower Kappa value of 0.52, 
reflecting only moderate agreement. The ROC-AUC score, which mea
sures the model’s ability to distinguish between high-risk and low-risk 
areas, further supported the performance patterns. RF led with a score 
of 0.93, closely outperforming XGBoost with 0.92, while SVM achieved a 
score of 0.84 (see Fig. 5a–c). RF and XGBoost demonstrated superior 
efficiency in classifying flood-prone areas accurately. Overall, RF 
emerged as the top-performing model for flood risk prediction, consis
tently demonstrating high accuracy and minimizing misclassification 
across all metrics.

Fig. 4. Flood risk predictor variables incorporated as vulnerability factor layers in the GIS Environment (a) LULC, (b) Settlement formality, (c) Population density, 
and (d) Urban density.

Table 2 
Multi collinearity assessment for flood risk predictors.

Factor Flood

Tolerance VIF

Aspect 0.989 1.011
Drainage Density 0.642 1.558
TWI 0.447 2.236
Rainfall 0.915 1.093
Curvature 0.938 1.066
Elevation 0.448 2.234
Slope 0.384 2.603
Population density 0.523 1.913
Formality 0.740 1.352
Housing Density 0.729 1.372
LULC 0.918 1.089

Table 3 
. Performance Evaluation Metrics.

Metrics Flood

RF XGBoost SVM

Accuracy 0.857 0.847 0.757
Precision 0.857 0.848 0.760
Sensitivity 0.888 0.883 0.781
Specificity 0.820 0.810 0.742
Kappa coefficient 0.714 0.70 0.515
ROC-AUC 0.93 0.92 0.84
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Fig. 5. Confusion matrices and ROC-AUC curves for flood prediction (a, b) Random Forest (c, d) XGBoost and (e, f) Support Vector Machine.
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3.4. Factor importance and explainable AI

The SHAP summary plot highlights settlement formality and eleva
tion as the key drivers of flood risk in both RF and XGBoost models, with 
similar weight values (see Fig. 7 and Table 5). Higher formality, indi
cating planned settlements, is associated with reduced flood risk, while 
higher informal settlements face significantly greater risk due to the 
concentration of buildings in either hazard-prone areas or areas with 
inadequate drainage infrastructure (Fig. 6a–d). Elevation is also crucial, 
with lower areas being more prone to flooding as revealed by the SHAP 
plot (see Fig. 7a and 7b).

Both models consistently identify informal, low-lying regions as the 
most vulnerable, underscoring the strong influence of these factors on 
flood risk. Rainfall is ranked as the third most important factor in 
XGBoost and fourth in RF, with higher rainfall significantly increasing 
flood risk. Population density, ranked third in RF and fourth in XGBoost, 
also contributes positively to flood risk, suggesting that the densely 
populated areas are more susceptible to flooding (see Fig. 7a and 7b). 
Both models identify curvature and LULC as the least influential factors, 
though an increase in LULC still raises flood risk, as indicated by positive 
SHAP values. This underscores how urban expansion without adequate 
planning amplifies flood vulnerability.

3.5. Flood risk mapping

Risk mapping reveals key insights into flood-prone areas, with 
XGBoost and RF exhibiting similar modeling patterns for flood inunda
tion prediction [39], (see Fig. 8a and 8b). Both models effectively 
highlight regions that frequently experience severe flood events, placing 
them in the "high” and “very high” risk categories [1]. Areas such as 
Bayan-Kotu, Ungwan-Duhu, Zango, Fadaman-Mada, Korama, 
Magaji-Quarters, and Gwallagan-Mayaka are identified as very high-risk 
zones, where flood occurrence is frequent and severe. While the SVM 
model successfully identified some frequently flood-affected areas, such 
as Fadaman-Mada, Ungwan-Duhu, Magaji-Quarters, and Korama, 
aligning with historical flood patterns [54]. However, it failed to accu
rately predict other critical flood-prone neighborhoods like 
Gwallagan-Mayaka, Zango, Bakin-Kura, and Bayan-Kotu, which have a 
history of frequent and severe flooding, misclassifying them into 
lower-risk categories. The inability of SVM to capture these key high-risk 
zones highlights the model’s weaker predictive performance compared 
to more robust models like RF and XGBoost, which demonstrated a more 
comprehensive mapping of flood-prone regions.

Having achieved a similar prediction pattern between RF and XGB, 
the assessed spatial swath of these risk classes across different risk levels 
ranges from "very low" to "very high." For areas classified as very low 
risk, RF predicts 64.61 % of the area, while XGB closely follows with 
64.1 %, indicating strong agreement between the models. In the low-risk 
category, RF estimates 14.88 %, and XGB predicts 13.5 %, showing that 
RF identifies a slightly larger portion of the area as low risk compared to 

XGB. For moderate risk, RF predicts 9.02 %, and XGB predicts 8.8 %, 
indicating a close alignment between the models in this category. 
However, the models differ a little significantly in the “high risk” cate
gory. RF estimates 6.26 % of the area under high risk, while XGB pre
dicts slightly more, at 7.1 %, suggesting that XGB identifies more high- 
risk areas. This trend continues in the very high-risk category, where RF 
predicts 5.21 % and XGB predicts 6.6 %, indicating that XGB classifies a 
larger portion of the area as being at very high risk. While there are 
slight differences in the spatial coverage of some risk classes between RF 
and XGB, the models produced similar spatial patterns in flood risk 
mapping, reinforcing the reliability of their predictions for identifying 
flood-prone areas. The general findings reveal that the most flood-prone 
areas are often high-density informal neighborhoods located in low- 
lying water channels [39,62,63]. These areas, characterized by poor 
drainage and less regulated urban planning, face significantly higher 
flood risks [26].

4. Discussion

The results of the ML analysis indicate that the majority of neigh
borhoods identified as very high- and high-flood-risk areas in Bauchi 
have a history of frequent flooding events. These areas, including Bayan- 
Kotu, Ungwan-Duhu, Magaji-Quarters, and Gwallgan-Mayaka, are 
particularly prone to flooding due to their proximity to water channels 
and their elevation in low-lying regions. The recurrence of flooding in 
these neighborhoods underscores the persistent vulnerability of urban 
spaces, especially those that have been subjected to unchecked urbani
zation and poor spatial planning. These findings highlight a critical issue 
in Bauchi, where flood risks are not just theoretical but are visibly 
exacerbated by historical patterns of flooding.

The study also reveals that settlement formality and elevation are the 
most influential factors contributing to the heightened flood risk in 
Bauchi. Using XAI techniques, it was found that informal settlements, 
which have proliferated rapidly in low-lying hazard-prone areas, are 
significant drivers of flood vulnerability. The densification of these 
informal settlements has increased the pressure on flood-prone regions, 
with little consideration given to flood risks during the expansion of 
housing. As a result, areas like Bayan-Kotu and Magaji-Quarters, which 
are situated near water channels, are not only identified as very high- 
risk flood zones but also face heightened public health risks of disease 
outbreaks due to the contamination of wells and the overflow of sewage 
systems during floods [16]. Similar patterns have been observed in 
Ghana, where flood-prone slum areas experienced higher incidences of 
malaria, diarrhea, cholera, and skin diseases [18].

This pattern of urban growth is a direct consequence of unchecked 
urbanization and unregulated spatial planning in Bauchi. Despite the 
increasing frequency of floods, there has been limited effort to control 
the spread of settlements in vulnerable areas [11]. The lack of effective 
urban planning, coupled with inadequate infrastructure and flood 
management systems, has contributed to the worsening of flood risks. 
These findings suggest that the expansion of urban settlements without 
proper consideration of environmental factors such as elevation and 
proximity to water bodies is a major contributor to the high flood risk in 
the city.

Ultimately, the study emphasizes the urgent need for improved 
urban planning and regulation in Bauchi to mitigate flood risks. By 
addressing the flood-exacerbating factors such as settlement formality, 
building in low elevation and flood-prone areas, and controlling urban 
sprawl, policymakers could significantly reduce urban vulnerability 
through policy decisions and implementation that prioritize urban 
resilience.

Finally, this study demonstrates the effectiveness of ML and 
Explainable AI in predicting and modeling flood risk, as well as unrav
eling the underlying anthropogenic factors that exacerbate these risks 
amid the changing climate. This approach can also be applied in future 
research to predict public health risks in areas like Bauchi, where 

Table 5 
Weight of each predictor variable in flood predictions.

Predictors Flood

RF XGBoost

Aspect 0.04 0.07
Drainage Density 0.09 0.09
TWI 0.03 0.06
Rainfall 0.12 0.11
Curvature 0.02 0.04
Elevation 0.20 0.18
Slope 0.04 0.06
Population density 0.13 0.12
Formality 0.22 0.21
Housing density 0.09 0.05
LULC 0.02 0.01
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repeated severe flooding and water contamination increase the threat of 
disease outbreaks [16].
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Fig. 6. Flood incidences (a) commercial development encroaching on a water way along Federal Low-cost Bye-pass, (b) the same commercial building submerged by 
the 4th September 2024 flooding, (c) Bayan Kotu completely submerged by the 4th September 2024 flooding and (d) Bayan kotu showing arrangement of buildings 
along water channel.

Fig. 7. SHAP summary plot showing the importance and effect of conditioning factors on individual predictions for (a) RF flood, (b) XGBoost flood. The plots 
demonstrate how each factor’s value influences the model outputs across the dataset.
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