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Abstract

Flood susceptibility modeling (FSM) plays a key role in advancing proactive disaster
risk reduction and spatial planning. This research developed FSM for the Buzau River
catchment in Romania—a region historically vulnerable to recurrent flood events—using
four state-of-the-art ensemble boosting algorithms: AdaBoost, CatBoost, LightGBM, and
XGBoost. Initially, a comprehensive set of 13 flood conditioning factors was assessed,
which was subsequently narrowed down to 9 essential factors through multi-tier feature
selection strategies. Analysis of performance via receiver operating characteristic (ROC)
andprecision—recall curves showed only marginal differences between the models; however,
CatBoost excelled with an area under the ROC curve (AUC) of 0.972 and an average
precision (AP) of 0.971, with XGBoost following closely behind. The SHAP (SHapley
Additive exPlanations) analysis of the CatBoost model indicated that the Slope, Distance
from Rivers, Topographic Wetness Index (TWI), and Land Use/Land Cover (LULC) are the
key contributing factors. The novelty of this research is found in its comparative analysis
of AdaBoost alongside three gradient boosting algorithms—CatBoost, LightGBM, and
XGBoost—while utilizing explainable artificial intelligence (XAI) and a multi-tier feature
selection strategy to create FSM that are precise and comprehensible. These strategies
deliver robust tools for managing flood risks and reinforce the viability of data-driven
modeling in the various catchments of Europe.

Keywords: Buzau River catchment; CatBoost; feature selection; flood susceptibility;
gradient boosting; machine learning; Romania; SHAP analysis

1. Introduction

Flooding represents a critical and persistent threat worldwide, threatening human
lives and inflicting significant economic damage. It is exacerbated by global warming and
increasing urbanization [1-4]. Projections indicate that the design-level flood frequency
will rise for about 47%, 55%, 70%, and 74% of watersheds during warming intervals of
1.5, 2.0, 2.5, and 3.0 °C according to the SSP245 scenario [2]. Between 1990 and 2022,
4713 floods were documented worldwide, impacting over 3.2 billion individuals, leading
to 218,353 fatalities, and incurring economic losses exceeding 1.3 trillion USD [5]. Europe’s
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flood risks and vulnerabilities are comparable to those observed globally. Liu et al. [5]
report that 15.02% of all floods worldwide occurred in Europe, affecting 16,669,245 people
and causing 5543 fatalities. Flooding represents one of the most prevalent and costly
hazards in Europe [6], resulting in damage that averages over 12 billion Euros each year [7].

The Danube River Basin (DRB) is an international river basin in Europe, having
experienced floods throughout its history [8,9]. The research by Les¢eSen et al. [10] revealed
a trend of increasing extreme events in the Danube River projected for both the winter and
summer seasons. During the last century, the floodplains of the DRB have experienced
substantial human interventions, resulting in notable changes to their hydromorphology;
specifically, the size of these floodplains has been reduced by 68%, which has greatly
affected the river’s inherent capacity to mitigate floods [11]. According to a more recent
investigation by Eder et al. [12], the area of Danube floodplains has diminished by roughly
79% due to anthropogenic activities. The nations situated in the eastern part of the DRB,
including Romania [13,14], Bulgaria [15], Serbia [16,17], Moldova [18], and Ukraine [19],
face severe flooding issues due to intricate hydro-climatic factors and rising land use
demands. Nearly 97.8% of the territory of Romania lies within the DRB, which extends
across several countries [20]. Romania encompasses roughly 30% of the entire area of
the DRB within its administrative boundaries [20]. Consequently, Romania is one of the
severely flood-prone countries in the region, regularly facing both riverine and flash flood
events [20-22].

Flooding in Romania is a persistent hazard driven by a combination of climatic, ge-
ographic, and anthropogenic factors [21,23,24]. The country’s multifaceted topography,
ranging from the Carpathian Mountains to the Danube Delta, makes it particularly prone
to various types of floods. Intense precipitation and rapid snowmelt are major natural fac-
tors [25-27], whereas human activities such as deforestation, improper land management,
and insufficient drainage systems play a crucial role in exacerbating flooding [20,28,29].
Romania’s economy suffers an average annual loss of about 140 million Euros due to floods,
with some counties facing losses that surpass 4% of their local GDP [30].

Significant flood disasters in Romania occurred in 1970, 1975, 1983, 1988, 1991 [27,31],
2005, 2006, 2008, 2010, 2012, 2018, and 2021 [14,22,31-33]. In Romania, the 2005 European
floods resulted in 60 fatalities and damages amounting to 1.66 billion Euros, the 2006
European floods had a profound impact on the entire Danubian watershed, the 2010 floods
led to 6 fatalities and damages of 1 billion USD, and the 2021 European floods battered
37 of the 41 counties, as well as the capital, Bucharest [22,32,34]. The 1897 floods were
among the most catastrophic, leading to the overflow of the Danube River and producing
extensive damage to Galati and Braila cities, with infrastructure such as roads, bridges,
and railway tracks suffering extensively [35]. The major flood event that occurred in 2018
is considered one of the most devastating flood disasters in central Romania, notably in
Brasov County, resulting in damages that surpass 6.5 million Euros [33]. The recent 2024
Central European floods, triggered by Storm Boris, had a devastating effect on Romania,
especially the counties of Galati and Vaslui, where floodwaters attained depths of 1.5 to
2 m [36,37]. Given Romania’s substantial exposure to flood hazards due to its extensive
coverage within the DRB, it is crucial to develop reliable flood susceptibility models (FSMs)
to facilitate effective risk management and land use planning.

In recent decades, FSM has gained significant importance as a crucial tool for mitigat-
ing disaster risks and promoting sustainable watershed management. Conventional statisti-
cal techniques such as Frequency Ratio [38], Index of Entropy [39], Logistic Regression [40],
and Weights-of-Evidence [38], along with semi-quantitative approaches like Analytic Hi-
erarchy Process (AHP) [41], Analytic Network Process [42], and Fuzzy-AHP [41], have
been extensively utilized for FSM. However, recent developments in Al-based data-driven
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methods have led to a growing adoption of machine learning (ML) or deep learning models
such as Random Forest [43], Decision Trees [43], Support Vector Machines [44], Naive
Bayes [45], Adaptive Boosting (AdaBoost) [46], eXtreme Gradient Boosting (XGBoost) [43],
Light Gradient Boosting Machine (LightGBM) [46], Categorical Boosting (CatBoost) [43],
K-Nearest Neighbors [47], Artificial Neural Networks [47], and Convolutional Neural Net-
works [48] for FSM due to their superior performance in capturing nonlinear relationships
and intricate interactions among factors [49].

Ensemble learning is a technique that integrates predictions from multiple base (weak)
models to attain enhanced performance [50,51] by reducing bias, enhancing generaliz-
ability, and improving predictive accuracy [52]. This concept includes three fundamental
approaches: bagging, boosting, and stacking [50]. Boosting serves as a strategy that trans-
forms weak learners into strong classifier by decreasing bias and possible variance [50].
AdaBoost and gradient boosting (GB) algorithms—including CatBoost, LightGBM, and
XGBoost—are all ensemble ML techniques; however, they vary in their boosting strate-
gies. AdaBoost integrates several weak classifiers to form a robust classifier through a
weighted majority voting mechanism, with the impact of each classifier determined by
its accuracy [53,54]. GB algorithms iteratively optimize a loss function through gradient
descent by creating new models that address the residual errors from prior models [55-57].

Despite many studies applying ML algorithms, only Aydin and Iban [46] have per-
formed a comprehensive comparative analysis of traditional boosting methods like Ad-
aBoost against GB algorithms such as CatBoost, LightGBM, and XGBoost for FSM. Unex-
pectedly, AdaBoost surpassed the performance of the other three GB algorithms. Existing
literature commonly disregards the fact that the performance of these three GB algorithms
can vary considerably depending on the dataset characteristics and the geographical con-
text of the study. While there is a scarcity of studies that directly compare these algorithms
in the context of FSM, comparative assessments have been carried out in other fields. In
some of these studies, CatBoost excelled compared to other GB algorithms because of its
effective management of categorical data [58,59], whereas in others, XGBoost or Light-
GBM produced superior outcomes [46,60]. This variability emphasizes the importance
of conducting comparative studies to ascertain the most suitable algorithm for specific
geospatial applications like FSM. Moreover, while most FSM studies primarily emphasize
topographic and hydrological factors, new indices obtained from remote sensing, despite
their demonstrated effectiveness in measuring imperviousness, vegetation health, and
water presence, are still underused, yet they are crucial for precise FSM [61,62]. Addition-
ally, the physical properties of soil are infrequently considered in FSM, even though they
significantly influence soil infiltration, water retention, and runoff patterns [63-65].

This investigation tackles the identified gap by rigorously assessing the performance
and predictive strength of four ensemble boosting ML models. This comparison is par-
ticularly significant as it not only measures the performance of AdaBoost in relation to
three prevalent GB algorithms, but also compares these GB algorithms amongst themselves
to determine the most efficient one for FSM in a real-world hydrological setting. This
modeling is novel as it adopts a multi-tier feature selection strategy that utilizes Variance
Inflation Factor (VIF), Condition Index (CI), Mutual Information (MI), and Information
Gain (IG) to guarantee the inclusion of only the most pertinent and non-redundant factors.
Additionally, the modeling integrated a diverse and innovative set of 13 factors, including
lesser-used remote sensing (RS) indices such as the Normalized Difference Impervious
Surface Index (NDISI), Normalized Difference Greenness Index (NDGI), Urban Index (UI),
and Land Surface Water Index (LSWI). These indices are proficient in capturing aspects of
imperviousness, vegetation status, and surface water availability, soil clay content and soil
bulk density, which offer critical insights into permeability and surface runoff processes.
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This study developed susceptibility models for the Buzau River catchment through
the application of AdaBoost and three GB algorithms. It integrates a diverse array of
13 conditioning factors (CFs), blending both traditional topographic and hydrological fac-
tors with advanced RS indices and soil physical characteristics. A multi-tier feature selection
strategy will be utilized to optimize performance and ensure robustness, incorporating VIF,
CI, M, and IG techniques to determine the most pertinent factors. The model’s efficacy
will be measured using a range of performance metrics, and the relevance of the factors
will be evaluated through SHapley Additive exPlanations (SHAP) values.

2. Materials and Methods
2.1. Study Area: Overview of the Buziu River Catchment

The Buzau River basin (Figure 1) is situated in the south-eastern region of Romania
and serves as a left tributary to the Siret River [66]. Originating from the Ciucas Mountains
within the Curvature Carpathians, the Buzau River has an overall length of 302 km [66]. This
catchment area encompasses 5264 km? [66] and receives an average annual precipitation of
about 750 mm/year [67].
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Figure 1. (a) Location of the Buzdu River catchment in Romania, (b) Carpathian and Balkan mountain
ranges and the Danube Delta region, and (c) Buzau River catchment, highlighting the river network
and elevation range.

The catchment region covers five counties: Covasna, Brdila, Brasov, Buzau, and
Prahova, along with 116 territorial-administrative units [66]. The catchment showcases a
varied topography, from the steep northern Carpathian Mountain slopes to the southern
low-lying plains. The basin features thick forests in the upper basin, along with agricultural
and urbanized zones downstream, where uncontrolled development and land degradation
have amplified the risk of flooding. The Buzau River is among the rivers in Romania that
face the greatest risk of flooding, having experienced significant flood events in recent
decades [66], making it a crucial region for FSM.
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2.2. Methodological Framework for Susceptibility Modeling

The modeling process employed a multi-tier feature selection strategy, followed by
the application of four ensemble boosting algorithms and multiple evaluation metrics, as
well as explainable artificial intelligence (XAI) techniques such as SHAP to analyze flood
susceptibility (Figure 2).

Conditioning factors (13) ‘ Flood inventory ‘
I
% 4 T
| 1
1. Slope Training dataset (70%) | Test dataset (30%) |
2. Elevation T T
3. Stream Power Index (SPI) I |
4. Topographic Wetness Index (TWI) ¥
5. Land Use/Land Cover (LULC) . .
6. Soil Clay Content Conditioning factors selected (9)
7. Soil Bulk Density +
8. Distance from Rivers
9. Urban Index (U Application of the algorithms
10. Normalized Difference Impervious
Surface Index (NDISI)
11. Normalized Difference Greenness
Index (NDGI)
12. Normalized Difference Water 4 AdaBoost
Index (NDWI) &
13. Land Surface Water Index (LSWI) 3 Gradient Boosting Algorithms , FlO(')dT
. (CatBoost, LightGBM & susceptibility
M XGBoost) models
Feature selection techniques (4)
+ Evaluation techniques Selection of
Variance Inflation Factor (VIF) Y the best model
Condition Index (CI) 2
Mutual Information (MI) WALD, IR, [ B Y
Information Gain (IG) Precision, Recall, F1-score, Accuracy, k-index SHAP-based
ROC curve & PRC factor importance

Figure 2. The flowchart of the susceptibility modeling framework.

The modeling was performed on the Kaggle and Google Colab platforms, which
provide cloud-based environments with significant computational power. In this analysis,
the pixel served as the main spatial and mapping unit, featuring a spatial resolution of
30 m, which guarantees uniform input across all geospatial layers.

2.3. Flood Inventory Dataset and Data Splitting Strategy

This research compiled a total of 205 locations of flood occurrences from earlier studies
conducted by Costache et al. [67,68]. The inventory comprises flood events that resulted
in socio-economic damage between 1990 and 2020 [67], categorized as the positive class
(indicating flood presence) within the FSM framework. An equivalent number of non-flood
points (205) were randomly generated to maintain a balanced dataset from regions with no
documented flood history. These non-flood sites represent the negative class (indicating
flood absence) and were selected carefully to avoid overlap with flood-affected regions,
thus maintaining a clear distinction. The dataset, comprising 410 spatial points (205 flood
and 205 non-flood locations), was randomly partitioned into two subsets: 70% of the data
(287 points) was designated for model training, and the remaining 30% (123 points) was
allocated for model validation (Figure 3). The 70:30 split ratio is commonly employed
because it facilitates effective model training and precise performance assessment [69,70].



Water 2025, 17,2041

6 of 25

26°0'0"E 26°30'0"E 27°0'0"E 27°30'0"E
$ z
z s
> 4
g &
w
-
z
z s
N =
5 s
3 &
w
-
z
z S
= ad
= —
s &
In -
w
-
©  Non-flood points -
- ®  Flood points 0 5 10 20 30 40 >
£ | — River ™ ™ | Kil s I2
- w,
4 T Y u r <
E4 26°0'0"E 26°30'0"E 27°0'0"E 27°30'0"E

Figure 3. Spatial distribution of flood and non-flood points within the Buzau River catchment.

2.4. Derivation of Conditioning Factors

Based on earlier studies [41,71-73], the modeling process selected 13 CFs, which are
presented in Table 1.

Table 1. Overview of the datasets and conditioning factors derived for the modeling, including their
sources and spatial resolutions.

Dataset Source Conditioning Factor Is{ceil:{sgggal
htps://earthexpl / (accessed  Blobe
ttps:/ /earthexplorer.usgs.gov/ (accesse Elevation
SRTM DEM on 20 April 2025) Stream Power Index (SPI) 30m
Topographic Wetness Index (TWI)
https://land.copernicus.eu/en/products/
gOO‘iIrNE Land corine-land-cover (accessed on 20 Land Use/Land Cover (LULC) 100 m
April 2025)
g https:/ /soilgrids.org/ (accessed on 20 Soil Clay Content
SoilGrids April 2025) Soil Bulk Density 250m
https:/ /www.hydrosheds.org/products/ . . )
HydroSHEDS hydrorivers (accessed on 20 April 2025) Distance from Rivers
Landsat8and  https://earthexplorer.usgs.gov/ (accessed = Normalized Difference Impervious Surface 100 m
9 imagery on 20 April 2025) Index (NDISI)
Urban Index (UI) 20 m
Sentinel-2 https:/ /browser.dataspace.copernicus.eu/  Normalized Difference Greenness Index (NDGI) 10 m
imagery (accessed on 20 April 2025) Normalized Difference Water Index (NDWI) 10 m
Land Surface Water Index (LSWI) 20m

Slope, elevation, SPI, and TWI were obtained from the DEM utilizing SAGA GIS
version 9.5.1 (Institute of Geography at the University of Hamburg). SPI and TWI values
were determined based on Equations (1) and (2) [72]. The LULC data were sourced from
the CORINE Land Cover portal, whereas the soil clay content and bulk density were
acquired from the SoilGrids portal. River networks were obtained from the HydroSHEDS
portal (https://www.hydrosheds.org/products), and the distance to these rivers was
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computed utilizing the Euclidean Distance tool in ArcGIS 10.8 (ESRI, Romania). The
five-year (2020-2024) mean UI, NDGI, NDWI, and LSWI were computed using Sentinel-2
surface reflectance data, while NDISI was derived from Landsat 8 and 9 (NASA) data.
All five indices were derived using the Google Earth Engine platform, which provides
efficient access to multi-temporal satellite imagery and facilitates large-scale geospatial
analysis. The selection of a five-year mean aims to mitigate the effects of seasonal and
interannual fluctuations, thus providing a more consistent and accurate estimate of land
surface conditions. The U, NDISI, NDGI, NDWI, and LSWI were calculated utilizing
Equations (3)—(7) [74-78], respectively.

SPI = «a x tanp (@)
«
TWI =1 2
n(tan[&) @)
where « = catchment area and § = slope angle.
SWIR2 — NIR
Y= Swirz + NIR ®)
T, — (MNDWI + NIR 4+ SWIR1)/3
DISI = 4
NDIS Ty, + (MNDWI + NIR + SWIR1)/3 @)
a X Green + (1 —a) x NIR — Red
DGI = 5
NDG a X Green + (1 —a) X NIR + Red ©)
Green — NIR
NDWI = Green + NIR ©)
NIR — SWIR
= i 7
LSWI NIR + SWIR @)

where T}, = brightness temperature, « = weighted parameter, SWIR = Short-Wave In-
frared band, NIR = Near-Infrared band, Green = Green band, Red = Red band, and
MNDWI = Modified Normalized Difference Water Index [41].

2.5. Feature Selection Techniques

In this modeling, the feature selection process includes the evaluation of multicollinear-
ity and the implementation of feature selection algorithms to discard multicollinear and
non-relevant factors. The key challenge posed by multicollinearity is its tendency to in-
flate standard errors, resulting in unstable estimates and unreliable interpretations [79].
Irrelevant and redundant factors may negatively influence algorithms’ complexity and
functionality, leading to suboptimal results or performance [80]. The feature selection
process involves removing irrelevant and redundant factors to boost the performance of
algorithms and the accuracy of model outputs [80,81].

2.5.1. Variance Inflation Factor (VIF)

VIF is a statistical indicator utilized to measure the degree of multicollinearity among
CFs [70]. A VIF score greater than 10 signifies multicollinearity, which was determined
through Equation (8) [82]. Typically, researchers discard all factors that have VIF scores
exceeding 10 in one step. However, this study implemented a step-wise analysis of mul-
ticollinearity and factor removal, which allowed for a more accurate identification and
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retention of impactful factors. This approach guarantees that only the most problematic
factors are omitted, without compromising important predictive data.

1

VIF= ——
1—R]2

(®)

where Rjz = coefficient of determination (R?) for the jth factor.

2.5.2. Condition Index (CI)

Cl is the square root of the ratio of the maximum eigenvalue to each eigenvalue, as
outlined in Equation (9) [83]. Multicollinearity is deemed absent if the CI is 10 or lower,
moderate if it ranges from 10 to 30, and severe if it is 30 or higher [84].

)\max
I = _—
C A, )

where A0 = maximum eigenvalue and A; = ith eigenvalue.

2.5.3. Mutual Information (MI)

Ml is a filter-based approach that measures the degree of interdependence among
variables, effectively capturing linear and nonlinear associations [85]. MI is a bench-
mark for choosing appropriate feature subsets by assessing the quantity of information,
feature offers concerning the target variable [86]. MI(X;Y) was computed by applying
Equation (10) [85,87].

oy p(x,y)
MI(X;Y) = xgy; p(x,v) log(p(x) p(y)> (10

where X and Y = two random variables, p(x,y) = joint probability distribution, and p(x)
and p(y) = marginal distributions.

2.5.4. Information Gain (IG)

IG is an entropy-based approach that evaluates the information supplied by a
feature [81]. The gain (y, A), calculated from the output data categorized by feature A, was
computed according to Equation (11) [88].

gain(y, A) = entropy(y) — ZCGWIS(A) %entropy (ye) (11)

with val(A) = possible values of feature A, y = number of samples, and y. = subset of .

2.6. Machine Learning (ML) Algorithms
2.6.1. Adaptive Boosting (AdaBoost)

AdaBoost is an algorithm based on decision trees that creates a collection of stumps,
which are basic trees consisting of a single node and two leaves, typically only one level
deep [89,90]. It adopts an iterative approach to learn from these stumps and integrates
them into an ensemble [90]. AdaBoost operates by minimizing an exponential loss function,
making it sensitive to data noise and outliers [91]. Despite this challenge, it effectively
decreases bias and variance, improving overall performance [91].

2.6.2. Gradient Boosting Algorithms

Categorical Boosting (CatBoost): CatBoost can efficiently address both categorical and
numerical factors without requiring preprocessing steps such as one-hot encoding or label
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encoding, instead relying on its inherent ‘ordered boosting” approach to manage categorical
data [92]. Each model is trained on fresh data by utilizing ordered boosting, which helps
alleviate the biases commonly linked to standard GB algorithms [91]. CatBoost employs
‘oblivious decision trees’ (Figure 4a), which maintain the same splitting criterion at every
tree level, creating balanced structures that are less likely to overfit [93,94].

(b) (c)

X1

X2 X3

X7 X4

X6 X5

Figure 4. Tree structures and split indexes: (a) CatBoost, (b) LightGBM, and (c) XGBoost.

Light Gradient Boosting Machine (LightGBM): LightGBM presents three novel strategies
designed to enhance the efficiency of training: a histogram-based approach for split finding,
Exclusive Feature Bundling (EFB), and Gradient-Based One-Side Sampling (GOSS) [92,93].
The histogram-based split finding technique accelerates the training and reduces memory
requirements by binning continuous feature values before identifying the best splits [92].
EFB applies heuristics to identify and merge groups of mutually exclusive features, de-
creasing the dataset’s dimensionality [93]. GOSS utilizes gradients to sample the most
critical instances of the dataset during each iteration, ensuring the training set distribution
remains unchanged [93]. LightGBM builds trees leaf-wise (Figure 4b), resulting in quicker
convergence and greater accuracy [91].

eXtreme Gradient Boosting (XGBoost): XGBoost builds additive models sequentially,
allowing for the optimization of any differentiable loss function [91]. It incorporates regular-
ization techniques (L1 and L2) to reduce overfitting, thereby enhancing the model’s ability
to generalize [91]. Additionally, XGBoost applies second-order Taylor series approxima-
tions of the loss function to improve both accuracy and computational efficiency [59,91]. It
supports parallel processing and internally addresses missing values [91]. XGBoost mainly
follows a level-wise tree growth strategy (Figure 4c), where all nodes at a specific depth
are split before advancing deeper, which helps control overfitting and maintain balanced
trees [94].

2.7. Performance Evaluation Techniques
2.7.1. Mean Absolute Error (MAE) and Root Mean Square Error (RMSE)

MAE and RMSE serve as key indicators of absolute error, primarily applied in model
fitting, validation, selection, and comparison [95]. The MAE and RMSE values were
computed based on Equations (12) and (13) [51].

n
MAE:%Z\Y,-—YZ-] (12)
i=1
14 ~\2
RMSE = HZ(Yi -Y) (13)
i=1
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where Y; = actual value, Y; = predicted value, and n = number of observations.

2.7.2. R-Squared (R?)

The R-squared (R?) serves as a quantitative measure of how effectively a model
captures the variability of the dependent factor as influenced by the independent factors [96].
It represents the proportion of the variation explained by the model out of the overall
variation [51], with possible values spanning from 0 (indicating a lack of fit) to 1 (indicating
a perfect fit) [97]. R? was derived through the application of Equation (14) [51].

Z? (Dact - Dpre)z
2111 (Duct - 5acif)2

RZ=1- (14)

where D, = actual value, Dy = predicted value, D+ = mean, and # = number of observations.

2.7.3. Accuracy, Precision, Recall, and F1-Score

Accuracy, precision, recall, and Fl-score, key performance metrics ranging from 0
(denoting poor performance) to 1 (denoting perfect performance), were computed using
Equations (15)—(18) [82,98], respectively.

TP+ TN
ACCUIACY = Fp  Ep L FN 4 TN 15)
.. TP
Precision = TP+ P (16)
TP
Recall = TP+ EN 17)
Precisi Recall
Floscore — 2 x Lrecision x Reca (18)

Precision + Recall
where TP (TN) = True Positives (Negatives), FP (FN) = False Positives (Negatives).

2.7.4. Kappa Index (k-Index)

Cohen’s Kappa index (k-index) is a statistical indicator that evaluates the extent
of agreement, with values spanning —1 to +1 [82,99]. A score of —1 reflects total dis-
agreement, 0 indicates a lack of agreement beyond random chance, and +1 signifies total
agreement [82,99]. The k-index was derived based on Equation (19) [82].

Pohs - Pexp

k-index =
1 — Pexp

(19)

where P,,; = observed agreement and Py, = expected agreement.

2.7.5. Receiver Operating Characteristic (ROC) Curve

The ROC curve represents a graph that plots the True Positive Rate (TPR) on the
Y-axis against the False Positive Rate (FPR) on the X-axis, serving as a measure of overall
performance [100,101]. The area under the ROC Curve (AUC) is applied to quantify this
performance [100], with AUC values ranging from 0.5 (random performance) to 1 (perfect
performance) [102].

2.7.6. Precision Recall Curve (PRC)

The PRC, featuring recall on the X-axis and precision on the Y-axis, is regarded as a
more informative tool than the ROC curve for evaluating performance in datasets with class
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imbalance [103]. Higher average precision (AP) scores signify superior model performance,
with a score of 1 indicating perfect performance and 0 denoting poor performance [104].

2.8. Factor Importance Evaluation: SHapley Additive exPlanations (SHAP)

SHAP elucidates a prediction by illustrating the contribution of each feature to the
variation from the model’s baseline value [105,106]. It is grounded in coalitional game
theory [105] and employs a linear explanatory model (Equation (20)) to approximate
the original prediction model [107,108]. SHAP will quantify and visualize the impact
of each conditioning factor on the predictions made by the model. This will facilitate a
more profound comprehension of the relative significance of each factor in relation to flood
susceptibility, thus improving the interpretability of the model and aiding in more informed
decision-making.

M
fx) =g(x') =20+ ) @] (20)
i=1
where f(x) = original model, g(x’) = explanation model, M = number of input features,
oy = base value, @; = SHAP value, and xl’. € {0,1} = presence (1) or absence (0) of the
i-th feature.
The computation of the SHAP value was performed based on Equation (21) [107].

2] (M — |2 —1)!

Gi = M! [fx (Zl U {l}) 7fx (Zl)] (21)

ZCx\{i} i
where z/ C x’\{i} = potential subsets of the simplified input, without feature i, |z’| =
number of features in the subset 2/, ‘Z“WM& =SHAP weight, f,(z' U {i}) = output of

the model when utilizing subset z’ with feature 7, and fx(z') = model output when utilizing
solely the subset z’.

3. Results
3.1. Conditioning Factors Selected Through Various Feature Selection Methods

An analysis of the multicollinearity for the 13 CFs was performed, identifying three
factors with VIF scores surpassing 10 (Table Al). To mitigate this issue, a two-tier selection
approach was implemented. During the first stage, the factor with the highest VIF score,
LSWI, was discarded, and the multicollinearity was re-evaluated, indicating that two CFs
continued to display multicollinearity (Table A2). At the second stage, the subsequent factor
with the highest VIF score (UI) was removed, and the multicollinearity was re-evaluated
(Table 2).

Table 2. Variance Inflation Factor (VIF) scores of the conditioning factors.

S1. No. Conditioning Factor VIF Score
1 Soil Clay Content 7.844
2 Soil Bulk Density 6.548
3 NDGI 6.330
4 NDISI 5.566
5 TWI 4.888
6 Slope 3.539
7 SPI 3.072
8 Elevation 2.872
9 NDWI 1.763
10 Distance from Rivers 1.486
11 LULC 1.360

Thus, it was established that all remaining 11 CFs maintained VIF scores beneath
the threshold of 10. In addition, the CI for all 11 CFs was determined to be beneath the
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critical threshold of 30 (Table 3), thereby validating that all multicollinear factors have been
effectively eliminated.

Table 3. Condition index (CI) of the conditioning factors used in the modeling.

SI. No. Conditioning Factor CI
1 TWI 7.550
2 Distance from Rivers 6.490
3 SPI 5.810
4 Slope 3.400
5 NDWI 2.960
6 NDISI 2.460
7 NDGI 2.360
8 LULC 1.940
9 Elevation 1.570

10 Soil Bulk Density 1.310
11 Soil Clay Content 1.000

To ensure the exclusion of irrelevant factors, the MI scores for the 11 CFs were com-
puted. The analysis revealed that Slope (0.452), TWI (0.403), and Distance from Rivers
(0.348) had the highest MI scores, indicating their significant relevance for inclusion, while
Soil Clay Content (0.042) and NDWI (0.012) displayed the lowest MI scores, implying
minimal relevance (Table 4). Despite the variation in scores, none were zero, and therefore
all 11 CFs were retained for subsequent analysis.

Table 4. Conditioning factors and their corresponding Mutual Information (MI) scores.

S1. No. Conditioning Factor MI Score
1 Slope 0.452
2 TWI 0.403
3 Distance from Rivers 0.348
4 SPI 0.211
5 LULC 0.187
6 Elevation 0.146
7 Soil Bulk Density 0.141
8 NDGI 0.107
9 NDISI 0.100

10 Soil Clay Content 0.042
11 NDWI 0.012

Subsequently, IG-based feature selection was implemented due to its effectiveness
with tree-based ML algorithms. The analysis demonstrated that SPI (0.000) and NDWI
(0.001) exhibited negligible IG scores (Table 5), reflecting their limited relevance; thus, these
two factors were discarded. Consequently, the multi-tier feature selection approach led
to the identification of nine relevant factors (Figures 5 and 6) and the elimination of four
irrelevant factors (Figure A1).

Table 5. Information Gain (IG) scores of the conditioning factors.

SI. No. Conditioning Factor IG Score
1 Slope 0.451
2 Distance from Rivers 0.400
3 TWI 0.375
4 LULC 0.326
5 NDGI 0.116
6 NDISI 0.110
7 Elevation 0.099
8 Soil Bulk Density 0.088
9 Soil Clay Content 0.007

10 NDWI 0.001
11 SPI 0.000
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Figure 5. Conditioning factors: (a) Slope, (b) Elevation, (c) Distance from Rivers, (d) Topographic
Wetness Index (TWI), (e) Soil Bulk Density, and (f) Soil Clay Content.
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Figure 6. Conditioning factors: (a) Normalized Difference Impervious Surface Index (NDISI),
(b) Normalized Difference Greenness Index (NDGI), and (c) Land Use/Land Cover (LULC).

3.2. Flood Susceptibility Models and Their Performance

The susceptibility maps were produced utilizing four ML models—AdaBoost
(Figure 7a), CatBoost (Figure 7b), LightGBM (Figure 7c), and XGBoost (Figure 7d)—based
on nine CFs. All maps pinpointed the river network and low-lying regions as areas of
significant susceptibility. Table 6 illustrates the models” performance as measured by MAE,
RMSE, and R? for both datasets. CatBoost exhibited the most superior performance, record-
ing the lowest MAE (0.074) and RMSE (0.146) on the training set, as well as the lowest MAE
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(0.097) and RMSE (0.182) on the testing set. It also achieved the highest R? scores of 0.919
and 0.838 for the training and testing sets, respectively.

(c) (d)

e Testing points
Susceptibility

oI 0 M 40

P ™™ Kilomicters

Figure 7. Susceptibility maps: (a) AdaBoost, (b) CatBoost, (c) LightGBM, and (d) XGBoost.

Table 6. Performance evaluation of the models using MAE, RMSE, and R? metrics on both training
and testing datasets.

Model MAE RMSE R?
ode Train Test Train Test Train Test
AdaBoost 0.088 0.117 0.173 0.229 0.880 0.787
CatBoost 0.074 0.097 0.146 0.182 0.919 0.838
LightGBM 0.082 0.111 0.164 0.211 0.892 0.804
XGBoost 0.079 0.102 0.151 0.192 0.914 0.817

3.3. Results of Susceptibility Model Evaluation Using Various Performance Metrics

Among the assessed models, CatBoost excelled with a precision of 0.928, recall of
0.917, F1-score of 0.913, accuracy of 0.912, and a k-index of 0.841, as indicated in Table 7. It
consistently achieved superior results compared to AdaBoost, LightGBM, and XGBoost.

Table 7. Performance comparison of flood susceptibility models using various evaluation metrics.

AdaBoost CatBoost LightGBM XGBoost
Precision 0.904 0.928 0.906 0.916
Recall 0.887 0.917 0.885 0.909
F1-Score 0.885 0.913 0.894 0.908
Accuracy 0.886 0.912 0.894 0.908
k-index 0.782 0.841 0.801 0.825

In addition, CatBoost achieved the best overall performance, reaching the highest ROC-
AUC score of 0.972, trailed by XGBoost with 0.971, LightGBM with 0.967, and AdaBoost
with 0.964 (Figure 8).
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Figure 8. Comparison of ROC curves for the four susceptibility models to assess their

predictive performance.

The PRC-AP was similarly the highest for CatBoost (0.971), followed by XGBoost
(0.967), AdaBoost (0.963), and LightGBM (0.961) (Figure 9). These findings underscore
the enhanced capability of GB models—CatBoost, XGBoost, and LightGBM—compared

to AdaBoost.

Precision-Recall Curve
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Figure 9. Precision-recall curves of the four susceptibility models: AdaBoost, CatBoost, LightGBM,

and XGBoost.

4. Discussion

4.1. Role and Importance of Conditioning Factors

The SHAP-driven factor importance assessment for the CatBoost model, identified

as the top performer, revealed that Slope (0.232) and Distance from Rivers (0.155) were
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the most influential CFs (Table 8). The SHAP summary plot (Figure 10) visually repre-
sents how each factor influences the model’s predictions, emphasizing that Slope and
Distance from Rivers contributed most significantly and consistently across the dataset.
Many studies [61,71,109] have identified Slope, Distance from Rivers, and LULC as key
contributing factors. Specifically, Costache et al. [68] reported these three as the most
influential CFs in the Buzau River catchment.

Table 8. SHAP-based importance of conditioning factors (mean absolute SHAP).

SI. No. Conditioning Factor Mean_Abs_SHAP
1 Slope 0.232
2 Distance from Rivers 0.155
3 TWI 0.061
4 LULC 0.034
5 NDISI 0.026
6 Soil Bulk Density 0.022
7 Elevation 0.019
8 NDGI 0.017
9 Soil Clay Content 0.015
High
Slope ouﬁ'l.o‘““o.o * %0 Gdw o o -*‘
SD o 0 an ®o #pteod ‘c l:-ie m-. .
TW| oo ‘mm& .
(0]
LULC Pp - 2
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E|evation ° Xy .*‘4 eee o
NDGI ° 00 oo +- . .
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—0.4 02 0.0 0.2
SHAP value (impact on model output)

Figure 10. SHAP summary plot showing factor importance and impact on model predictions
(SD = Distance from Rivers, SBD = Soil Bulk Density, and SCC = Soil Clay Content).

Slope, with a mean SHAP value of 0.232, stands out as the most critical factor, likely
due to its strong effect on surface runoff and water accumulation processes. Steeper slopes
facilitate greater surface runoff and limit infiltration, while flatter terrains tend to gather
water, thus amplifying flood risks [110,111]. Ranking second (0.155), the Distance from
Rivers illustrates the vulnerability of areas adjacent to river channels. Areas near rivers
face higher risk due to the immediate impact of river overflow during periods of high
discharge; during heavy rainfall, rising river levels tend to inundate the surrounding
low-lying regions first [112,113]. TWI (0.061) exhibited a notable impact, emphasizing the
crucial role of terrain morphology in retaining water and directing flow. The TWI indicates
possible water accumulation within the landscape; elevated values signify areas at risk of
saturation and runoff concentration, which can lead to flooding [72,114].

LULC has a moderate contribution of 0.034, suggesting that land management prac-
tices and surface conditions play a significant role in flooding. LULC impacts flooding by
altering land-rainfall interactions, where urban and agricultural regions enhance surface
runoff due to their reduced capacity for infiltration [41,115]. The compaction of soil on
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agricultural land, caused by heavy machinery and livestock, can facilitate flooding by re-
ducing permeability and hindering water infiltration [116,117]. Moreover, repeated tilling
can result in the loss of organic matter and degradation of soil structure [118], consequently
heightening surface runoff during heavy rainfall events. Furthermore, the transformation
of natural vegetation into agricultural land removes deep-rooted plants that play a crucial
role in absorbing and regulating rainwater. Irrigation methods and inadequate drainage
can lead to soil saturation, which reduces its ability to absorb further rainfall and raises the
risk of flooding [119].

Among the moderately important factors, NDISI (0.026) and Soil Bulk Density (0.022)
exhibited limited but relevant influences, indicating secondary contributions to flood occur-
rence. Higher NDISI values reflect impervious surfaces such as roads and buildings [120],
which hinder infiltration and amplify surface runoff, consequently raising the chance of
flooding [121,122]. Prior investigations [4,123] emphasized the impact of soil sealing on
flooding, illustrating how alterations to the natural hydraulic network can lead to increased
flood risk. An increase in bulk density results in reduced soil porosity and infiltration [124],
which consequently heightens the probability of surface runoff and flooding.

Elevation plays a crucial role by dictating the natural pathways for water flow; regions
at lower elevations are more likely to gather runoff and are at a higher risk of inundation,
especially in the event of significant rainfall or river surges [111,125]. NDGI assesses the
density and health of vegetation, reflecting trends of degradation and regeneration [126].
Areas with lower NDGI, which denote sparse or unhealthy vegetation [126,127], can
heighten the probability of flooding due to the diminished ability of the soil to absorb
water, thereby facilitating quicker surface runoff [128]. Clay-dominant soils possess lower
permeability, which hinders infiltration and allows for water to remain for longer durations,
consequently promoting flooding [41,129].

The SHAP analysis indicates that elevation (0.019), NDGI (0.017), and Soil Clay Con-
tent (0.015) have a relatively minor significance, implying their limited effect in the Buzau
catchment. Although elevation typically influences hydrological flow and retention behav-
ior, the Buzdu catchment may feature localized flooding events that are more concentrated
in topographically low areas, irrespective of their absolute elevation. Consequently, local
variations in elevation—such as depressions or valleys—may be more significant than the
overall elevation.

The NDGI, indicative of vegetation greenness, may have a limited impact during
intense rainfall events, as vegetation’s ability to reduce runoff diminishes. Likewise, while
the clay content in soil can play a role in determining infiltration capacity, this effect may be
overshadowed by other soil characteristics, including bulk density. This analysis indicates
that although these factors are not entirely irrelevant, their influence is relatively limited
within this modeling framework.

4.2. Interpretation of Model Performance Outcomes

The modeling process revealed that CatBoost achieved the highest performance, with
XGBoost, LightGBM, and AdaBoost ranking next. Several studies [58,59,89,91,94,130-132]
have identified CatBoost as the most effective model among GB algorithms. In contrast,
other research has found that XGBoost [93] or LightGBM [60,133] may be more effective.
This variation in results underscores the significance of dataset characteristics, feature
composition, and preprocessing techniques in determining model efficacy. The supe-
rior performance of CatBoost can be linked to its ability to effectively handle categorical
variables without one-hot encoding, as well as its application of ordered boosting and
symmetric (oblivious) trees [51,134]. These characteristics are recognized for boosting
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model accuracy and decreasing overfitting [51,134]. This is particularly useful in FSM,
where both continuous and categorical inputs are commonly utilized.

XGBoost also demonstrated commendable performance, probably owing to its well-
optimized training architecture, proficient parallel processing capabilities, and flexibility
regarding objective functions [135,136]. Moreover, its advanced regularization techniques
contribute to enhanced generalizability [135]. LightGBM employs a leaf-wise tree growth
strategy that is efficient, yet it can cause instability in datasets that are smaller or contain
noise [137]. This could account for its comparatively lower performance in this model-
ing, indicating that LightGBM may be less appropriate for FSM tasks that involve spatial
heterogeneity or class imbalance. In this comparison, AdaBoost demonstrated the lowest
performance. This is due to its vulnerability to noisy data and outliers, as it amplifies the
weight of misclassified instances, which may diminish the overall performance when com-
pared to GB algorithms [138]. Overall, the results bolster the prevailing view that CatBoost
is a robust and effective option, especially when dealing with categorical factors. These
conclusions are in line with recent literature and stress the need for model selection to be
adapted to the specific characteristics of the dataset and the goals of the modeling process.

5. Conclusions

This research emphasizes the efficacy of ensemble boosting algorithms, especially
CatBoost, for FSM in the Buzau River catchment, an ecologically and hydrologically sensi-
tive region within the Danube River Basin. Through the integration of multi-tier feature
selection and SHAP-based interpretability, this research not only boosts model accuracy
but also improves transparency in recognizing essential factors driving floods. The study
reveals that Slope, Distance from Rivers, TWI, and LULC are key contributors to flood
susceptibility in this catchment. From a policy viewpoint, the conclusions endorse the
necessity for targeted land-use planning measures, including more rigorous zoning regula-
tions in critical areas and the integration of sustainable practices in watershed management.
Authorities must prioritize the protection and surveillance of low-lying zones and riverine
areas while also incorporating topographic and hydrological information into regional
disaster management plans. The methodological framework outlined in this research can
be adapted to other flood-prone locales and underscores the critical need for science-driven
policies to foster climate-resilient communities.

One notable limitation of this study is the lack of an in-depth analysis of model
uncertainty and sensitivity testing. Although performance metrics were employed to assess
the model, they do not completely encompass the range of uncertainty present in the
input data, model parameters, or algorithmic framework, nor do they evaluate the model’s
sensitivity to variations in individual input factors. Moreover, the analysis incorporated
CORINE Land Cover data from 2018, which is the most current dataset that is available.
Despite the application of more recent RS-based indices to reflect current surface conditions,
the reliance on 2018 land cover data may restrict the accurate representation of the most
recent LULC conditions.
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Appendix A
Table A1l. Initial VIF scores of all conditioning factors before removal of multicollinear factors.
SI. No. Conditioning Factor VIF Score

1 LSWI 138.576
2 Ul 68.691
3 NDISI 33.641
4 Soil Clay Content 8.081
5 NDGI 7.756
6 Soil Bulk Density 6.694
7 TWI 4.996
8 Elevation 3.594
9 Slope 3.592
10 SPI 3.234
11 NDWI 2.570
12 Distance from Rivers 1.487
13 LULC 1.378

Table A2. VIF scores after the first iteration of removing the most collinear conditioning factor.

S1. No. Conditioning Factor VIF Score
1 Ul 23.294
2 NDISI 20.292
3 Soil Clay Content 7.857
4 NDGI 6.603
5 Soil Bulk Density 6.569
6 TWI 4.949
7 Slope 3.583
8 SPI 3.170
9 Elevation 3.048
10 NDWI 2.309
11 Distance from Rivers 1.487
12 LULC 1.373
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Figure Al. Discarded factors: (a) Land Surface Water Index (LSWI), (b) Urban Index (UI),
(c) Normalized Difference Water Index (NDWI), and (d) Stream Power Index (SPI).
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