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Abstract

Climate change is intensifying hydrological extremes, yet most frameworks assess drought
and flood hazards independently, limiting integrated risk management. This study pro-
poses a two-dimensional analytical framework to characterize the drought-flood contin-
uum, moving beyond single-index approaches. We introduce the Hydro-Hazard Index
(HHI) as a directionality metric (HHI = Flood Severity — Drought Severity) to classify
the dominant hazard type, and the Total Severity Index (TSI = Flood Severity + Drought
Severity) as a complementary metric to quantify overall hazard magnitude. Analyzing
multi-temporal data from 115 hexagonal units (2018-2024), we employed dynamic fea-
tures (trends, changes, volatility) and four machine learning models to classify areas as
“flood-prone” based on validated flood records. Our results show HHI values ranging
from —2.44 to 8.81, with 20.9% of areas classified as Flood-Dominated (mean HHI = 4.58)
and 79.1% as Normal (mean HHI = 0.76). Crucially, the two-dimensional analysis revealed
that areas with identical HHI values can have vastly different TSI values, under scoring
the importance of our dual-index approach. Random Forest achieved the highest perfor-
mance in predicting flood-prone status (Accuracy = 0.913, AUC = 0.967, Recall = 1.00), with
flood_volatility as the most important predictor (24.2%). Spatial autocorrelation confirmed
strong clustering of high-risk areas (Moran’s I = 0.716, p < 0.001). By analyzing flood and
drought as distinct but interacting dimensions, this framework provides a more robust and
nuanced tool for integrated risk assessment. While acknowledging limitations related to
data availability and the need for further independent validation, the proposed framework
supports sustainable water resource management and climate adaptation planning under
increasing hydrological uncertainty.

Keywords: Hydro-Hazard Index; drought-flood continuum; Total Severity Index; machine
learning; Random Forest; volatility; climate resilience; sustainability

1. Introduction

Climate change has intensified the frequency and severity of hydrological extremes,
with many regions experiencing alternating or even concurrent drought and flood
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events [1,2]. The Intergovernmental Panel on Climate Change (IPCC) Sixth Assessment
Report projects that both drought and flood hazards will increase under future warming
scenarios, posing significant challenges for water resources management, food security,
and infrastructure resilience [3,4]. Despite this emerging reality, most risk assessment
frameworks treat drought and flood as independent hazards, developing separate moni-
toring systems, early warning protocols, and adaptation strategies [5,6]. This fragmented
approach fails to capture the dynamic continuum between hydrological extremes and may
lead to maladaptive responses [7,8], ultimately undermining progress towards sustainable
development goals related to water security and disaster risk reduction.

The concept of drought-flood alternation has gained increasing attention in recent
years [9,10]. Several studies have documented rapid transitions from drought to flood con-
ditions (or vice versa) in regions such as the Yangtze River Basin [11], the Murray-Darling
Basin [12], and California [13]. These abrupt transitions, often referred to as “compound
hydrologic extremes,” pose unique challenges for disaster preparedness because the im-
pacts of one hazard can exacerbate vulnerability to the other [14,15]. For example, drought
conditions can compact soils, reduce vegetation cover, and increase surface runoff, thereby
amplifying flood risk when heavy rainfall eventually occurs [16,17]. Conversely, flood
events can replenish groundwater and soil moisture, potentially reducing drought risk
in subsequent seasons [18]. Understanding this continuum is essential for developing
sustainable and resilient water management strategies.

Despite the growing recognition of drought-flood interactions, existing assessment
frameworks lack standardized metrics for quantifying the continuum between these haz-
ards [19,20]. Traditional approaches typically use separate indices—such as the Stan-
dardized Precipitation Index (SPI) for drought and the Flood Hazard Index (FHI) for
flooding—with different spatial and temporal scales, making direct comparison diffi-
cult [21,22]. More recently, integrated indices such as the Standardized Drought-Flood
Index (SDFI) and the Composite Hydrological Extremes Index (CHEI) have been pro-
posed [23,24]. However, these often rely on assumptions about the weighting of different
hazard components and rarely incorporate dynamic temporal features such as trend and
volatility [25]. More critically, many of these indices implicitly assume drought and flood
are opposing ends of a single spectrum, which can lead to ambiguous interpretations
and information loss. A more robust approach would treat drought and flood as distinct
dimensions, acknowledging that they can co-occur or alternate in complex ways.

Machine learning offers promising opportunities for improving hazard classification
and risk assessment [26,27]. Unlike traditional statistical methods, machine learning
algorithms can capture non-linear relationships, handle high-dimensional feature spaces,
and automatically identify the most predictive variables [28,29]. Random Forest, XGBoost,
LightGBM, and Gradient Boosting have been successfully applied to flood susceptibility
mapping [30,31], drought forecasting [32,33], and landslide risk assessment [34]. However,
few studies have applied machine learning to integrated drought-flood classification, and
even fewer have incorporated dynamic temporal features (trends, changes, volatility) as
predictors [35,36]. Furthermore, the application of machine learning in this context often
suffers from “target leakage,” where the prediction target is derived from the same data
used as predictors, leading to overly optimistic performance estimates. A robust modeling
framework must avoid this pitfall by using an independent and physically validated
target variable.

This study addresses these gaps by proposing a novel, two-dimensional analytical
framework for characterizing the drought-flood continuum. Rather than collapsing two
hazard dimensions into a single index, we retain the original variables—Flood Severity and
Drought Severity—and analyze their joint distribution. We introduce:
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The Hydro-Hazard Index (HHI) as a directionality metric (HHI = Flood Severity — Drought
Severity) to classify the dominant hazard type.

The Total Severity Index (TSI) as a complementary magnitude metric (TSI = Flood
Severity + Drought Severity) to quantify overall hazard intensity.

We then demonstrate the value of this dual-index framework through a case study
in the upper Chi River Basin, Thailand. The specific objectives are: (1) to develop and
validate the HHI framework using objective threshold selection techniques; (2) to identify
which dynamic temporal features are most predictive of a “flood-prone” status, which is
independently defined and validated using documented flood events; (3) to compare the
performance of four machine learning models for this classification task; (4) to interpret the
model predictions using SHAP analysis; and (5) to assess the spatial structure of flood risk
using Moran’s I analysis. By integrating a more nuanced conceptual model with a robust
machine learning framework, this research provides a practical and scientifically sound
tool for sustainable water resource management and climate adaptation in regions facing
increasing hydrological extremes.

The paper is organized as follows. Section 2 describes the study area, data, method-
ology, including the new dual-index framework. Section 3 presents the results of the
distribution analysis, dynamic feature assessment, machine learning classification, and
spatial analysis. Section 4 discusses the theoretical and practical implications, the key
limitations (including a critical examination of the HHI’s conceptual caveats), and future
research directions. Section 5 concludes with key findings and recommendations.

2. Materials and Methods

2.1. Study Area and Data Description
2.1.1. Study Area

The study area is located in the upper Chi River Basin within Maha Sarakham Province,
northeastern Thailand (Figure 1g). The Chi River is one of the major tributaries of the
Mekong River system, draining an area of approximately 49,480 km? across northeastern
Thailand. The study area encompasses the upper reaches of the basin, characterized by
gently undulating terrain with elevations ranging from 130 to 200 m above sea level.

The region experiences a tropical savanna climate (Koppen climate classification Aw)
with distinct wet and dry seasons. The rainy season typically extends from May to October,
influenced by the Southwest Monsoon, with annual precipitation ranging from 1200 to
1500 mm. The dry season from November to April is characterized by low rainfall and
high evapotranspiration. Average annual temperature ranges from 25 °C to 28 °C, with
maximum temperatures reaching 40 °C in April and minimum temperatures dropping to
15 °C in December.

The region is subject to both seasonal flooding during the monsoon period and agri-
cultural droughts during the dry season, with increasing frequency of extreme hydrological
events attributed to climate variability and land-use change. Historical records indicate that
severe flood events have occurred in 2011, 2013, 2018, and 2022, while drought episodes
have been documented in 2015-2016, 2019-2020, and 2023-2024 (Department of Water
Resources, 2023). These recurring hazards pose significant challenges to agricultural pro-
ductivity, water security, and rural livelihoods in the region, making it an ideal testbed for
integrated risk assessment tools that contribute to sustainability.

2.1.2. Spatial Framework

The study area consisted of 115 hexagons (spatial units) for which multi-temporal
drought and flood data were available for the period 2018-2024 (Figure 1b). Hexagons
represent a regular spatial tessellation that minimizes edge effects and provides uniform
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areal coverage, making them suitable for spatial analysis and machine learning appli-
cations [37,38]. The H3 geospatial indexing system at resolution H7 was selected for
its hierarchical structure and uniform cell geometry, which minimizes edge effects and
supports multi-scale analysis. Each hexagon was assigned a unique identifier (FID) and
characterized by drought severity and flood point values for multiple years.
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Figure 1. Study area and data distribution: (a) drought severity locations (2019, 2020, 2023, 2024);
(b) H3 hexagonal grid at resolution H7; (c) flood point locations in H3 H7 grid for 2018; (d) flood
point locations in H3 H7 grid for 2021; (e) flood point locations in H3 H7 grid for 2022; (f) flood point
locations in H3 H7 grid for 2025 (illustrative purposes only); (g) upper Chi River Basin boundary in
Maha Sarakham Province.

2.1.3. Data Sources and Variables

Drought Data

Drought data were available for four years: 2019, 2020, 2023, and 2024 (Figure 1a).
The drought severity index ranges from 0 to 18, based on a standardized drought index
adapted for the region, incorporating cumulative precipitation, vegetation indices (NDVI),
and soil moisture data derived from satellite observations (MODIS and Sentinel-2) and
validated with ground-based meteorological station measurements. Higher values indicate
more severe drought conditions. The evaluation criteria are as follows:

0-3: No or very mild drought

4-7: Mild drought

8-11: Moderate drought

12-14: Severe drought

15-18: Extreme drought

Flood Data
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Flood data were available for three years: 2018, 2021, and 2022 (Figure 1c,d,e). Flood
point values represent the magnitude of flood events at each hexagon, derived from satellite-
based flood extent mapping (Sentinel-1 SAR and MODIS imagery) and validated with
ground observations and documented flood event records. The flood point values range
from 1 to 14, where 1 indicates minimal flood impact (e.g., isolated inundation of low-
lying areas) and 14 indicates severe flood impact (e.g., widespread inundation affecting
infrastructure and agriculture). The values were assigned based on the following criteria:

1-3: Minor flooding with limited impact

4-7: Moderate flooding with localized infrastructure damage

8-11: Severe flooding with widespread impact

12-14: Extreme flooding with catastrophic damage

Validation Data for Machine Learning Target

To avoid target leakage, the machine learning classification target (“flood-prone”
status) was derived independently from the dynamic features. We used documented flood
extent data from 2018 and 2022 (the most severe flood years) to define a binary target
variable. Hexagons that experienced flood severity above a threshold (determined by field
data and satellite imagery) were classified as “flood-prone” (1), and all others as “normal”
(0). This process is detailed in Section 2.4.1.

2025 Projection Data (Illustrative Purposes Only)

Flood data for 2025 (Figure 1f) are presented for illustrative purposes only, demonstrat-
ing the potential application of the HHI framework for future projections. The 2025 data
were not used in HHI calculation, machine learning model training, or model validation.
All results reported in this study are based exclusively on observed data from 2018 to 2022
(flood) and 2019 to 2024 (drought).

2.1.4. Temporal Mismatch Between Datasets

It is important to acknowledge that drought and flood data are available for different,
non-overlapping years. This temporal mismatch reflects the availability of different moni-
toring datasets and represents a limitation of the study. The implications of this mismatch
are discussed in detail in Section 4.4.

To mitigate this limitation, we adopted the following strategies:

Multi-year averaging: The use of mean values across multiple years for both flood
and drought severity provides a stable characterization of long-term hazard status rather
than single-year extremes.

Focus on classification rather than direct comparison: The machine learning framework
classifies areas based on overall flood-prone status rather than attempting to analyze year-
to-year drought-flood transitions.

Acknowledgment in interpretation: All results are interpreted with the understanding
that the analysis represents long-term average conditions, not inter-annual dynamics.

However, this approach does not capture rapid drought-flood transitions within the
same year, which is a recognized limitation that should be addressed in future research
with temporally aligned datasets.

2.2. Two-Dimensional Analytical Framework and Hydro-Hazard Index (HHI) Development

Our framework moves beyond single-index approaches by explicitly maintaining the
two-dimensional structure of hydrological hazard. We calculate long-term Flood Severity
and Drought Severity for each hexagon as the average across their respective available
years. This forms the basis for all subsequent analysis.
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2.2.1. Flood and Drought Severity Calculation

Flood Severity for each hexagon was calculated as the mean of flood point values
across available flood years (2018, 2021, 2022) (Equation (1)):

Flood Severityi = (Flood2018,i + Flood2021,i + Flood2022,i)/3 (1)

Drought Severity for each hexagon was calculated as the mean of drought point values
across available drought years (2019, 2020, 2023, 2024) (Equation (2)):

Drought Severity; = (Droughtyoig,; + Droughtong,i + Droughtyns,; + Droughtygna,i) /4 (2)

2.2.2. Hydro-Hazard Index (HHI) as a Directionality Metric

The Hydro-Hazard Index (HHI) is introduced specifically as a directionality metric to
classify the dominant hazard type (Equation (3)):

HHIi = Flood Severityi — Drought Severityi 3

HHI > 0: Flood Severity exceeds Drought Severity (Flood-Dominated)

HHI < 0: Drought Severity exceeds Flood Severity (Drought-Dominated)

HHI =~ 0: Balanced hazard conditions

Crucially, HHI is not a measure of overall hazard magnitude. An HHI near zero can
arise from two very different situations: (1) both flood and drought severities are low
(low overall risk), or (2) both flood and drought severities are high (high overall risk from
compound events). To resolve this ambiguity, we introduce a complementary metric.

2.2.3. Total Severity Index (TSI) as a Magnitude Metric

The Total Severity Index (TSI) quantifies the overall magnitude of hydrological hazard,
regardless of type (Equation (4)):

TSI; = Flood Severity; + Drought Severity; 4)

A high TSI value indicates an area experiencing high levels of at least one, or both, of
the hazard types. A low TSI value indicates low overall risk.

2.2.4. The Two-Dimensional Framework

By analyzing HHI and TSI together, we can fully characterize an area’s hazard profile.
We classify hexagons based on the joint distribution of these two indices. In this study, we
define categories based on HHI for hazard dominance, and use TSI to further differentiate
within categories. For example, using the HHI threshold for Flood-Dominated (HHI > 3)
and examining TSI within that category reveals which flood-prone areas also suffer from
high drought severity (compound risk).

The two-dimensional framework can be visualized as a scatter plot with Flood Severity
on the x-axis and Drought Severity on the y-axis. In this space:

The diagonal line (Flood Severity = Drought Severity) represents balanced conditions
(HHI =0)

Points above the diagonal represent Drought-Dominated areas (HHI < 0)

Points below the diagonal represent Flood-Dominated areas (HHI > 0)

The distance from the origin represents the TSI (overall magnitude)

This visualization preserves the complete information contained in the original vari-
ables and allows unambiguous distinction between areas with different hazard profiles.
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2.2.5. HHI Threshold Selection and Validation

While HHI is a continuous variable, categorical classification (e.g., “Flood-Dominated”)
provides practical utility. The HHI > 3 threshold for Flood-Dominated classification was
selected using a combination of objective validation approaches, all of which were based on
analyzing the distribution of HHI values in relation to independent flood validation data:

Youden Index Analysis: The Youden Index (J = Sensitivity + Specificity — 1) was maxi-
mized to identify the optimal threshold that provides the best balance between true positive
rate and false positive rate. The optimal threshold from the Youden Index was HHI = 2.87,
closely matching the selected value of 3.0. At this threshold, the classification achieved a
sensitivity of 0.92 and a specificity of 0.89 (Note: Full Receiver Operating Characteristic
(ROC) curve analysis with Area Under the Curve calculation was not performed in this
study; however, the Youden Index optimization provides a statistically robust method for
threshold selection that is widely used in diagnostic and classification studies).

Jenks Natural Breaks: Jenks Natural Breaks optimization was applied to HHI val-
ues to identify natural groupings in the data. The analysis identified a break point at
HHI = 3.02, consistent with the selected threshold. This method minimizes within-group
variance while maximizing between-group variance.

Sensitivity Analysis: Alternative thresholds at 2.5, 2.75, 3.0, 3.25, and 3.5 were tested
against independent flood records. The F1-score (harmonic mean of precision and recall)
was calculated for each threshold: Threshold 2.5: F1 = 0.89; Threshold 2.75: F1 = 0.92;
Threshold 3.0: F1 = 0.95 (highest); Threshold 3.25: F1 = 0.93; Threshold 3.5: F1 = 0.90.
Threshold 3.0 provided the best balance between precision and recall.

Field Data Validation: Comparison with documented flood event records showed that
94.2% of hexagons with HHI > 3 corresponded to areas with reported flood events in 2018
and 2022.

Statistical Validation: An independent samples ¢-test confirmed that the mean HHI
of Flood-Dominated areas (4.58) was significantly different from Normal areas (0.76)
(p < 0.001).

2.2.6. Scale Comparability of Indices

Although Flood Severity and Drought Severity have different value ranges (flood:
1-14, drought: 0-18), both indices have been calibrated to represent comparable levels of
hazard intensity, where higher values in each index indicate greater event severity. The
calibration process involved the following steps:

Normalization of severity scales: Both indices were transformed to a common scale
using min-max normalization, with confirmatory analysis showing that the relative ranking
of hazard intensity was preserved across both indices.

Expert validation: The severity classifications were reviewed by hydrology experts
and compared with documented hazard impact data to ensure that equivalent numerical
values represented similar levels of hazard impact (e.g., a flood severity of 8 corresponded
to similar community impact as a drought severity of 8).

Empirical validation: Correlation analysis between flood severity and documented
flood damage data (r = 0.82) and between drought severity and agricultural loss data
(r = 0.79) confirmed that both indices reliably represent hazard impact magnitude.

The direct subtraction (HHI = Flood Severity — Drought Severity) is physically mean-
ingful because positive values indicate that flood severity exceeds drought severity (flood-
prone areas), while negative values indicate that drought severity exceeds flood severity
(drought-prone areas). The index is primarily designed as a directionality index to classify
the dominant hazard type rather than as a measure of absolute hazard magnitude. The
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absolute values of flood and drought severity should be interpreted alongside HHI for
comprehensive risk assessment (see Section 2.2.4).

2.3. Dynamic Feature Engineering

To capture the temporal dynamics of drought and flood hazards, nine dynamic fea-
tures were derived from the raw time series data (Table 1). These features represent
different aspects of temporal behavior that may be predictive of overall hazard status. The
relationships between these features and HHI are examined through correlation analysis.

Table 1. Dynamic features derived from drought and flood time series.

Feature Description Formula
drought_trend Linear trend in drought severity over 2019-2024 Slope of linear regression
flood_trend Linear trend in flood severity over 2018-2022 Slope of linear regression

drought_volatility

flood_volatility

drought_change_2019_to_2020
drought_change_2020_to_2023
drought_change_2023_to_2024

flood_change_2018_to_2021
flood_change_2021_to_2022

o(drought_2019, drought_2020,

Standard deviation of drought severity drought_2023, drought_2024)

Standard deviation of flood severity o(flood_2018, flood_2021, flood_2022)
Year-to-year change drought_2020 — drought_2019
Change over 3-year interval drought_2023 — drought_2020
Year-to-year change drought_2024 — drought_2023
Change over 3-year interval flood_2021 — flood_2018
Year-to-year change flood_2022 — flood_2021

2.3.1. Trend Features

Trends were calculated using ordinary least squares linear regression, where the slope
coefficient represents the average annual rate of change. Positive trends indicate increasing
hazard severity over time, while negative trends indicate decreasing severity (Equation (5)):

ny (txy) — Yty
ny 2 — (L)

where t is the time index (year), y is the hazard severity value, and »n is the number

Trend = (5)

of observations.
drought_trend: Linear trend in drought severity over 2019-2024
flood_trend: Linear trend in flood severity over 2018-2022

2.3.2. Volatility Features

Volatility, calculated as the standard deviation, quantifies the temporal variability of
hazard severity, with higher values indicating greater inter-annual fluctuations (Equation (6)):

o 1 =
Volatility = \/1112:;1(% - ]/)2 ©)

e  drought_volatility: Standard deviation of drought severity across 2019, 2020, 2023, 2024
e flood_volatility: Standard deviation of flood severity across 2018, 2021, 2022

2.3.3. Change Features

Change variables capture the magnitude and direction of transitions between ob-
servation years. These are particularly important for identifying rapid shifts in hazard
conditions, such as drought-to-flood transitions or intensification of flood events.

drought_change_2019_to_2020: Droughtagpg — Droughtsgig (year-to-year change)

drought_change_2020_to_2023: Droughtys — Droughtyyg (change over 3-year interval)

https://doi.org/10.3390/su18147448
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drought_change_2023_to_2024: Droughtygps — Droughtags (year-to-year change)
flood_change_2018_to_2021: Floodyyy1 — Floodyys (change over 3-year interval)
flood_change_2021_to_2022: Floodayp — Floodyy (year-to-year change)

2.4. Machine Learning Framework for Flood-Prone Classification
2.4.1. Target Variable Definition

To avoid target leakage, we defined the machine learning target variable independently
from the dynamic features. The target was “flood-prone status,” a binary variable derived
from the validated flood event records. Specifically, a hexagon was classified as flood-prone
(1) if it had an average flood severity > 7 (corresponding to “Severe flooding” in the flood
classification criteria) across the documented flood years (2018, 2022). All other hexagons
were classified as normal (0). This threshold was validated using independent field reports
and satellite imagery.

This approach ensures that the prediction target is not simply a transform of the input
features (e.g., HHI > 3), but rather an independent measure of a real-world condition (flood-
prone status). The objective of the machine learning models is to predict this flood-prone
status using the dynamic temporal features.

2.4.2. Machine Learning Models

Four machine learning algorithms were implemented for binary classification of
hexagons as flood-prone (1) or normal (0). These algorithms were selected because they
represent different modeling paradigms (bagging, boosting) and have demonstrated strong
performance in environmental hazard applications [39-41]. Model performance was eval-
uated using confusion matrices, recall comparison, and performance metrics. Feature
importance was analyzed across all models.

Random Forest

Random Forest is an ensemble learning method that constructs multiple decision
trees during training and outputs the mode of the classes (for classification) [39]. Key
advantages include robustness to overfitting, ability to handle non-linear relationships, and
built-in feature importance estimation. The model was implemented with the following
parameters:

n_estimators = 100 (number of trees)

max_depth = 10 (maximum depth of each tree)

min_samples_split = 2

min_samples_leaf =1

random_state = 42

These parameters were selected to balance model complexity and generalization
performance, with the depth constraint serving to reduce overfitting risk given the relatively
small sample size.

XGBoost

XGBoost (Extreme Gradient Boosting) is a scalable, end-to-end tree boosting system
that has become the state-of-the-art for many machine learning tasks [40]. It uses a regular-
ized objective function that balances model complexity and predictive accuracy, reducing
overfitting compared to traditional gradient boosting. The model was implemented with:

n_estimators = 100

max_depth =6

learning_rate = 0.1

subsample = 0.8

colsample_bytree = 0.8

eval_metric = ‘logloss’

https://doi.org/10.3390/su18147448
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random_state = 42

Regularization parameters (gamma, lambda, alpha) were set to default values to
reduce overfitting.

LightGBM

LightGBM (Light Gradient Boosting Machine) is a gradient boosting framework that
uses tree-based learning and employs histogram-based algorithms for faster training and
lower memory usage [41]. The model was implemented with:

n_estimators = 100

num_leaves = 31

learning_rate = 0.1

min_child_samples = 20

random_state = 42

Gradient Boosting

Gradient Boosting is an ensemble technique that builds models sequentially, with
each new model attempting to correct the errors of previous models [42]. The scikit-learn
implementation was used with:

n_estimators = 100

learning_rate = 0.1

max_depth =3

min_samples_split = 2

min_samples_leaf =1

random_state = 42

2.4.3. Training and Evaluation Protocol

Data Splitting and Preprocessing

The dataset of 115 hexagons was split into training (80%, n = 92) and testing (20%,
n = 23) sets using stratified random sampling to preserve the proportion of flood-prone
hexagons in both subsets. Stratification ensures that the minority class (flood-prone) is
adequately represented in the test set, preventing optimistic performance estimates due to
class imbalance [43].

Missing values in the feature matrix were imputed using median substitution, which
is robust to outliers and preserves the central tendency of each feature [44]. Features were
standardized using StandardScaler (zero mean, unit variance) to ensure that all features
contribute equally to model training, particularly important for consistent interpretation of
feature importance [45].

Evaluation Metrics

Model performance was evaluated using five metrics:

Accuracy: Proportion of correct predictions (Equations (7)—(10)).

Accuracy = P+ IN (7)
YT TP L TN+ FP+FN
Precision: Proportion of true positive predictions among all positive predictions.
iy TP
Precision = TP+ EP (8)

Recall (Sensitivity): Proportion of actual flood-prone hexagons correctly identified.

TP
Recall = TP+ EN )

https://doi.org/10.3390/su18147448


https://doi.org/10.3390/su18147448

Sustainability 2026, 18, 7448 11 of 42

F1-Score: Harmonic mean of precision and recall.

Precision x Recall
= 10
Fl=2x recision + Recall (10)

AUC (Area Under the ROC Curve): Measure of the model’s ability to discriminate
between classes.

Cross-Validation

Five-fold cross-validation was performed on the training set to assess model stability
and generalizability. For each model, the mean and standard deviation of Fl-scores across
the five folds were reported to assess the stability of model performance.

Overfitting Mitigation

Given the relatively small sample size (115 hexagons) and the number of features (9),
several measures were implemented to mitigate overfitting risk:

Regularization: XGBoost and LightGBM were configured with regularization parameters

Depth constraints: Maximum tree depth was limited

Early stopping: For boosting models, early stopping was implemented

Cross-validation: Five-fold cross-validation provided robust assessment

2.5. Additional Analytical Methods
2.5.1. Principal Component Analysis (PCA)

Principal Component Analysis (PCA) was applied to the nine dynamic features to
reduce dimensionality and visualize the underlying structure of the data [46-48]. PCA
transforms correlated features into a smaller set of uncorrelated principal components that
capture the maximum variance in the data. The number of components was determined
based on the cumulative variance explained, with components retained until at least 80%
of total variance was explained.

PCA biplots were generated to visualize the relationship between features and princi-
pal components, as well as the distribution of hexagons in the reduced-dimensional space.
Biplots were colored by HHI value and by hazard class (Flood-Dominated vs. Normal) to
examine spatial clustering patterns.

The primary purpose of PCA in this study was to validate the dimensional structure
of HHI by confirming that flood-related features and drought-related features load onto
separate principal components, consistent with the conceptual framework of HHI as a
directionality index and the two-dimensional nature of hydrological hazard.

2.5.2. SHAP Analysis for Model Interpretability

SHAP (SHapley Additive exPlanations) analysis was performed on the best-performing
model (Random Forest) to interpret individual predictions and identify which features
most influence classification outcomes [49,50]. SHAP values are based on cooperative game
theory and satisfy three desirable properties: local accuracy, missingness, and consistency.

For each hexagon, SHAP values decompose the model’s prediction into additive
contributions from each feature (Equation (11)):

f@) =g+ L0 ¢ (11

where f(x) is the model prediction, ¢ is the base value, ¢; is the SHAP value for feature j,
and M is the number of features.

Positive SHAP values indicate that a feature increases the predicted probability of
flood classification, while negative values indicate that a feature decreases the predicted
probability. The mean absolute SHAP value across all hexagons provides a global measure
of feature importance that accounts for both magnitude and direction of effects.
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The SHAP analysis served two purposes: (1) enhancing model transparency and
interpretability for decision-makers, and (2) validating that feature importance rankings are
consistent with the expected structure of HHI and the two-dimensional hazard framework.

2.5.3. Statistical Analysis

Correlation Analysis

Correlation analysis was performed using both Pearson’s correlation coefficient (for
linear relationships) and Spearman’s rank correlation (for monotonic relationships inde-
pendent of distribution) to provide a more robust assessment of variable relationships.
Spearman’s correlation was included because Shapiro-Wilk tests revealed that most vari-
ables were not normally distributed.

Pearson’s correlation coefficient (Equation (12)):

(il - 9;32 ; (12)

Spearman’s rank correlation coefficient (Equation (13)):

6y d>

le_m (13)

where d; is the difference between the ranks of paired observations.

Correlation coefficients were interpreted as: strong (1| > 0.7), moderate (0.5 < Irl <0.7),
weak (0.3 < Irl <0.5), or negligible (11| <0.3).

Tests of Normality and Homogeneity of Variances

Prior to independent samples ¢-tests, the following diagnostic tests were performed:

Shapiro-Wilk test for normality: Tests the null hypothesis that the data are normally
distributed. A p-value < 0.05 indicates significant deviation from normality (Equation (14)).

(Zaix(i)>2

W=
Y (x; — %)

(14)

Levene’s test for homogeneity of variances: Tests the null hypothesis that the variances
are equal across groups. A p-value < 0.05 indicates significant heterogeneity of variances.

t-Tests

Independent samples t-tests were used to compare mean values between Flood and
Normal hazard classes for drought severity, flood severity, volatility metrics, and HHI.

Standard t-test (assuming equal variances) (Equation (15)):

P B I (15)

/1,1
Welch’s t-test (not assuming equal variances): Used when Levene’s test indicated
heterogeneity of variances (p < 0.05) (Equation (16)):
P B I (16)

2
55+

Statistical significance was set at o« = 0.05. All p-values are two-tailed unless other-
wise specified.
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2.5.4. Spatial Autocorrelation Analysis

Moran’s I was calculated to assess spatial autocorrelation of HHI values across
hexagons (Equation (17)):

no Likjwii(x — %) (x; — X)

= Li Xjwij Yi(x; — %)

(17)

where wyj; is the spatial weight between hexagons i and j, x; is the HHI value at hexagon i,
X is the mean HHI, and n is the number of hexagons. Statistical significance was assessed
using a permutation test with 999 permutations.

2.6. Software and Implementation

All analyses were conducted using Python 3.9.18 with the following libraries and
their respective versions: pandas 2.0.3, scikit-learn 1.3.0, xgboost 1.7.6, lightgbm 4.0.0, shap
0.42.1, matplotlib 3.7.2, seaborn 0.12.2, scipy 1.11.1, and pysal 23.7.0.

The Python code used for data processing, HHI calculation, machine learning model
training, and visualization is available at: Littidej, P. (2026) [51]. Python code for Integrated
Hydro-Hazard Index (HHI). Zenodo. https://doi.org/10.5281/zenod0.20597381.

3. Results
3.1. Distribution of HHI and Two-Dimensional Hazard Profiles

The Hydro-Hazard Index (HHI) was calculated as Flood Severity — Drought Severity.
Analysis of 115 hexagons revealed HHI values ranging from —2.44 to 8.81, with a mean
value of 1.56 and a standard deviation of 2.23 (Table 2). The negative minimum value
(—2.44) indicates that some areas experienced drought severity exceeding flood severity,
while the positive maximum value (8.81) indicates extreme flood dominance in other areas.

Table 2. Summary statistics of HHI by hazard category.

Hazard Category N Percentage HHI Mean  HHI Median HHI Min HHI Max HHI Std
Normal 91 79.1% 0.76 0.60 —2.44 2.99 121
Flood 24 20.9% 4.58 4.36 3.01 8.81 1.61
Total 115 100% 1.56 0.76 —2.44 8.81 2.23

The majority of hexagons (79.1%, n = 91) were classified as Normal, with HHI values
ranging from —2.44 to 2.99. These areas exhibit relatively balanced hydrologic conditions
where neither drought nor flood dominates significantly. The remaining 20.9% (n = 24)
were classified as Flood-Dominated, with HHI values exceeding 3.0. Notably, no areas were
classified as Drought-Dominated (HHI < —3), although several hexagons exhibited mildly
negative HHI values suggesting slight drought dominance. This asymmetry suggests
that the study area is more susceptible to flood hazards than drought hazards during the
study period.

As shown in Table 2, the mean HHI of Flood hexagons (4.58) was substantially higher
than that of Normal hexagons (0.76), and this difference was statistically significant (Welch’s
t-test, t = —11.27, p < 0.001). Flood hexagons also exhibited greater variability in HHI
(SD =1.61) compared to Normal hexagons (SD = 1.21), suggesting that flood-prone areas
have more heterogeneous hazard conditions.

Figure 2 illustrates these findings through multiple visualizations. The histogram
shows that the distribution of HHI is positively skewed, with a long right tail representing
extreme flood-dominated hexagons extending to HHI = 8.81. The sorted HHI values
plot demonstrates the wide range of HHI values across hexagons, with a clear inflection
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point around HHI = 3.0 separating Normal from Flood-dominated areas. The boxplot by
hazard category clearly demonstrates that Flood areas have significantly higher HHI values
compared to Normal areas, confirming that the classification based on HHI effectively
separates flood-prone from normal areas. The hazard type distribution bar chart shows
that Normal areas constitute 79.1% (n = 91) of all hexagons, while Flood areas represent
20.9% (n = 24).

Hydro-Hazard Index (HHI) Analysis
Distribution of Hydro-Hazard Index (HHI) HHI Values by Hexagon (Sorted)

(a) T == Neutral (No Hazard) & (b)

Number of Hexagons
HHI Value

0 2 4 6 0 20 40 60 80 100 120
Hydro-Hazard Index (HHI) Hexagon Index (sorted)
HHI Distribution by Hazard Category Hazard Type Distribution
91 (79.1%)
»1(€)

6 %)
—— s
4
R 3
-
s —T= 5
I e
T 2 2
5

. % 2 24 (20.9%

-2 | m——
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O & 4 ° & &
SEN & « o ;¢ Hazard Type
:@‘9 © "\oqb @Q\ch *‘(\Dnb

Hazard Category

Figure 2. Distribution of Hydro-Hazard Index by Hexagon: (a) histogram of HHI values; (b) sorted
HHI values by hexagon index; (c) boxplots by hazard category; (d) hazard type distribution.

HHI Threshold Validation

To validate the HHI > 3 threshold for Flood-Dominated classification, we employed
multiple objective validation approaches using independent flood validation data from
2018 and 2022.

Youden Index Analysis

The Youden Index (J = Sensitivity + Specificity — 1) was maximized to identify the
optimal threshold that provides the best balance between true positive rate and false
positive rate. The optimal threshold from the Youden Index was HHI = 2.87, closely
matching the selected value of 3.0. At this threshold, the classification achieved a sensitivity
of 0.92 and a specificity of 0.89.

Sensitivity Analysis

To further validate the threshold selection, we conducted a sensitivity analysis by
testing alternative thresholds at 2.5, 2.75, 3.0, 3.25, and 3.5. Table 3 presents the performance
metrics for each threshold, including precision, recall, F1-score, and accuracy, all calculated
against independent flood validation data.
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Table 3. Sensitivity analysis for HHI threshold selection.
Threshold Precision Recall (Sensitivity) F1-Score Accuracy Specificity
2.5 0.88 0.90 0.89 0.87 0.85
2.75 0.91 0.93 0.92 0.90 0.88
3.0 0.95 0.95 0.95 0.93 0.92
3.25 0.93 0.93 0.93 0.91 0.90
3.5 0.89 0.91 0.90 0.88 0.87

Threshold 3.0 provided the best balance between precision and recall, achieving the
highest F1-score (0.95) and the highest accuracy (0.93). At this threshold, 95% of actual
flood-prone areas were correctly identified (recall = 0.95), and 95% of predictions of flood-
prone areas were correct (precision = 0.95). The specificity of 0.92 indicates that 92% of
non-flood-prone areas were correctly classified as normal.

The F1-score decreased for both lower thresholds (0.89 at 2.5, 0.92 at 2.75) and higher
thresholds (0.93 at 3.25, 0.90 at 3.5), confirming that HHI = 3.0 is the optimal threshold for
this dataset.

Jenks Natural Breaks

Jenks Natural Breaks optimization was applied to HHI values to identify natural
groupings in the data. The analysis identified a break point at HHI = 3.02, consistent with
the selected threshold. This method minimizes within-group variance while maximizing
between-group variance, confirming that HHI = 3.0 represents a natural division in the
data distribution.

Field Data Validation

Comparison with documented flood event records showed that 94.2% of hexagons
with HHI > 3 corresponded to areas with reported flood events in 2018 and 2022, providing
further validation of the threshold.

Statistical Validation

An independent samples t-test confirmed that the mean HHI of Flood-Dominated areas
(4.58) was significantly different from Normal areas (0.76) (Welch's t-test, t = —11.27, p < 0.001),
confirming that the classification effectively separates flood-prone from normal areas.

Figure 3 presents a scatter plot of Flood Severity vs. Drought Severity, with points
colored by HHI and sized by TSI. This two-dimensional visualization reveals patterns
that a single-index approach would obscure. Hexagons with a high TSI (large points) are
located in the upper-right quadrant, indicating high overall risk from either flood, drought,
or both. Among the Flood-Dominated hexagons (HHI > 3, to the right of the line Flood
Severity = Drought Severity), there is a range of TSI values. Some have low drought severity
(small points), while others have high drought severity (large points), identifying them
as zones of compound risk. This analysis confirms that HHI alone is insufficient to fully
characterize risk. The joint analysis of HHI and TSI is essential for differentiating between
high-magnitude and low-magnitude hazard scenarios.

Examination of the data revealed that among the 24 Flood-Dominated hexagons,
8 had both flood and drought severity values above the median (representing dual-hazard
areas with high TSI), while 16 had high flood severity combined with low drought severity
(low TSI). This distinction is critical for prioritizing interventions and allocating resources
for sustainable water management.

3.2. Temporal Correlation Analysis

Correlation analysis was conducted using both Pearson’s correlation coefficient (for linear
relationships) and Spearman’s rank correlation (for monotonic relationships independent of
distribution) to understand the relationships between drought and flood variables. Spearman’s
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Drought Severity

correlation was included because Shapiro-Wilk tests revealed that most variables were not
normally distributed (p < 0.05). The complete correlation matrices are presented in Table 4
(Pearson) and Table 5 (Spearman), with HHI included as a reference variable.

Two-Dimensional Hazard Space: Flood Severity vs. Drought Severity

Hazard Category (HHI) : Overall Risk (TSI)
Flood-Dominated * Low Risk (TSI < 3)
Balanced/Normal ® Moderate Risk (TSI 3-6)
Drought-Dominated @ High Risk (TSI > 6)

HHI = 0 (Balanced Line) : 7

HHI = 3 (Flood Threshold) : 27

HHI = -3 (Drought Threshold) ,/'

%700 o 9% : o e o
« Points below diagonal: Flood-Dominated (HHI > 0) ) .
« Points above diagonal: Drought-Dominated (HHI < 0)
« Distance from origin = Total Severity Index (TSI)
il : === P ! a®o - ! o
2 4 6 8

Flood Severity

Figure 3. Two-dimensional hazard space: Flood Severity vs. Drought Severity. Color represents the
Hydro-Hazard Index (HHI), and point size represents the Total Severity Index (TSI). The diagonal
line represents balanced conditions (HHI = 0). Points below the diagonal are Flood-Dominated
(HHI > 0), points above are Drought-Dominated (HHI < 0), and the distance from the origin represents
TSI (overall hazard magnitude).

Table 4. Pearson Correlation Matrix of Drought and Flood Variables.

Drought Drought Drought Drought Flood Flood Flood

Variable -2019 -2020 -2023 2024 2018 2021 2022 HHI
Drought —2019 1.000 0.348 0.302 0.291 —0.023 —0.048 —0.126 —0.365
Drought —2020 0.348 1.000 0.656 0.798 0.036 0.014 ~0.173 ~0.519
Drought —2023 0.302 0.656 1.000 0.567 —0.001 —-0.017 —0.204 —0.497
Drought —2024 0.291 0.798 0.567 1.000 0.031 ~0.017 ~0.207 ~0.528

Flood —2018 ~0.023 0.036 ~0.001 0.031 1.000 0.030 0.260 0.578
Flood —2021 —0.048 0.014 —0.017 —0.017 0.030 1.000 0.167 0.392
Flood —2022 ~0.126 ~0.173 ~0.204 ~0.207 0.260 0.167 1.000 0.713

HHI ~0.365 ~0.519 —0.497 ~0.528 0.578 0.392 0.713 1.000
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Table 5. Spearman Rank Correlation Matrix of Drought and Flood Variables.

Variable Drought_2019 Drought_2020 Drought 2023 Drought 2024 Flood_2018 Flood_2021  Flood_2022 HHI
Drought —2019 1.000 0.335 0.291 0.282 —0.021 —0.045 —0.119 —0.358
Drought —2020 0.335 1.000 0.641 0.782 0.034 0.012 —0.165 —0.505
Drought —2023 0.291 0.641 1.000 0.552 —0.003 —0.016 —0.192 —0.489
Drought —2024 0.282 0.782 0.552 1.000 0.029 —0.016 —0.198 —0.512

Flood —2018 —0.021 0.034 —0.003 0.029 1.000 0.028 0.248 0.561
Flood —2021 —0.045 0.012 —0.016 —0.016 0.028 1.000 0.158 0.381
Flood —2022 —0.119 —0.165 —0.192 —0.198 0.248 0.158 1.000 0.698

HHI —0.358 —0.505 —0.489 —0.512 0.561 0.381 0.698 1.000

3.2.1. Drought-Drought Correlations

As shown in Tables 4 and 5, strong positive correlations were observed among drought
years. The correlation between Drought_2020 and Drought_2024 was particularly high
(Pearson r = 0.798; Spearman p = 0.782), indicating that hexagons experiencing severe
drought in 2020 tended to also experience severe drought in 2024. Similarly, Drought_2020
and Drought_2023 showed a strong positive correlation (Pearson r = 0.656; Spearman
p = 0.641), while Drought_2023 and Drought_2024 showed a moderate positive correlation
(Pearson r = 0.567; Spearman p = 0.552). These strong positive relationships, also visible
in Figure 4 as dark red squares along the drought-drought diagonal, suggest temporal
persistence of drought conditions. This persistence may be attributed to underlying physical
characteristics such as soil properties, topography, and land use patterns that influence
water retention capacity.

Correlation Matrix of Drought and Flood Variables
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Figure 4. Correlation Matrix between Drought and Flood Variables. Red colors indicate positive cor-
relations, blue colors indicate negative correlations, and darker colors indicate stronger correlations.
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3.2.2. Drought-Flood Correlations

Negative correlations were observed between drought and flood variables, rang-
ing from —0.126 to —0.207 (Pearson) and —0.119 to —0.198 (Spearman), as displayed in
Tables 4 and 5 and visualized in Figure 4 as light blue to dark blue cells. The strongest nega-
tive correlation was between Drought_2024 and Flood_2022 (Pearson r = —0.207; Spearman
p = —0.198), followed by Drought_2023 and Flood_2022 (Pearson r = —0.204; Spearman
p = —0.192). Figure 4 further confirms this inverse relationship, showing that drought years
consistently exhibit negative associations with flood events, particularly with Flood_2022.

These negative correlations support the hypothesis that drought-prone areas are
generally not flood-prone, and vice versa. However, the moderate magnitude of these
correlations (none exceeded —0.21) indicates that the relationship is not perfectly inverse.
Several hexagons may experience both drought and flood hazards at different times,
reflecting the hydrological complexity of the study area where alternating wet and dry
periods can occur.

3.2.3. Flood-Flood Correlations

Among flood years, as reported in Tables 4 and 5, the correlation between Flood_2018
and Flood_2022 was moderate (Pearson r = 0.260; Spearman p = 0.248), while correlations
involving Flood_2021 were weaker (Pearson r = 0.030 with Flood_2018; Spearman p = 0.028).
The moderate correlation between 2018 and 2022 suggests some temporal consistency in
flood-prone areas, but the weaker correlations indicate that flood events are more spatially
variable than drought events. This variability may be due to differences in rainfall patterns,
storm tracks, and antecedent soil moisture conditions across different years.

3.2.4. Correlations with HHI

Tables 4 and 5 also reveal that HHI showed strong positive correlations with all
flood variables, particularly with Flood_2022 (Pearson r = 0.713; Spearman p = 0.698) and
Flood_2018 (Pearson r = 0.578; Spearman p = 0.561). In contrast, HHI exhibited strong
negative correlations with all drought variables, especially with Drought_2024 (Pearson
r = —0.528; Spearman p = —0.512) and Drought_2020 (Pearson r = —0.519; Spearman
p = —0.505). These correlations confirm that HHI effectively integrates both hazard com-
ponents, with flood severity contributing positively and drought severity contributing
negatively to the index value.

The consistency between Pearson and Spearman correlations (differences < 0.03 for all
variable pairs) indicates that the observed relationships are robust to statistical methodology
choice and not driven by outliers or non-normal distributions.

3.3. Yearly Trend and Volatility Analysis

To examine temporal trends in hazard severity, we analyzed annual mean drought
counts and flood points separately for Normal and Flood hazard classes. The results are
presented in Table 6 (drought severity), Table 7 (flood severity), Table 8 (volatility and trend
characteristics), Figure 5 (comparison of mean drought and flood severity between Normal
and Flood classes across years), Figure 6 (yearly flood point distribution), Figure 7 (mean
drought count by hazard type), and Figure 8 (drought trend vs flood trend distribution).
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Table 6. Annual drought severity by hazard class (2019-2024).
Hazard . : °
Year Class Count Mean Median Std Dev Min Max 95% CI
2019 Normal 91 2.67 3.0 1.90 0 8 (2.27,3.07)
2019 Flood 24 1.54 2.0 1.25 0 4 (1.01, 2.07)
2020 Normal 91 3.49 3.0 2.72 0 18 (2.92, 4.06)
2020 Flood 24 1.71 1.5 1.55 0 6 (1.05, 2.37)
2023 Normal 91 2.86 2.0 2.17 0 9 (2.41, 3.31)
2023 Flood 24 1.58 1.5 1.25 0 4 (1.05,2.11)
2024 Normal 91 3.51 3.0 2.80 0 18 (2.93, 4.09)
2024 Flood 24 1.67 1.0 1.88 0 9 (0.88, 2.46)
Table 7. Annual flood severity by hazard class (2018-2022).
Hazard : . °
Year Class Count Mean Median Std Dev Min Max 95% CI
2018 Normal 91 4.52 4.0 3.25 1 13 (3.85,5.19)
2018 Flood 24 9.54 11.0 3.98 1 13 (7.86, 11.22)
2021 Normal 91 2.82 2.0 221 1 11 (2.36, 3.28)
2021 Flood 24 4.88 4.0 3.00 1 13 (3.61, 6.15)
2022 Normal 91 3.15 2.0 2.50 1 11 (2.63, 3.67)
2022 Flood 24 8.63 10.0 4.00 1 14 (6.94, 10.32)
Table 8. Volatility and Trend Characteristics by Hazard Class.
Mean Drought  Mean Flood =~ Mean Drought = Mean Flood
Hazard Type N Trend Trend Volatility Volatility Mean HHI
Normal 91 0.187 —0.681 1.278 2.509 0.759
Flood 24 0.025 —0.458 0.658 4.439 4.583
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Figure 5. Yearly mean hazard severity by hazard class: (a) mean drought severity for Normal
and Flood classes across 2019-2024; (b) mean flood severity for Normal and Flood classes across
2018-2022. Error bars represent standard deviation, and the red dashed line indicates the overall
mean severity across all hexagons.
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3.3.1. Drought Trends

As shown in Table 6, across all drought years (2019, 2020, 2023, 2024), drought sever-
ity was consistently lower in Flood-classified hexagons compared to Normal-classified
hexagons. The mean drought count for Flood areas ranged from 1.54 (2019) to 1.71 (2020),
while Normal areas ranged from 2.67 (2019) to 3.51 (2024). The difference between hazard
classes was statistically significant for all years (independent f-test, p < 0.01 for each year).

Figure 5 visually confirms this pattern, showing that Normal areas consistently ex-
hibited higher mean drought counts than Flood areas across all four drought years. Both
hazard classes showed a similar temporal pattern: an increase in drought severity from
2019 to 2020, a decrease in 2023, and another increase in 2024. The peak drought severity
occurred in 2024 for Normal areas (mean = 3.51) and in 2020 for Flood areas (mean = 1.71).
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Figure 6. Yearly Flood Point Distribution by Hazard Class showing flood severity values for Normal
and Flood areas across 2018, 2021, and 2022.
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Figure 7. Yearly Hazard Point Distribution (Normal vs Flood) showing the comparison of hazard
severity between hazard classes across all years.
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The wide standard deviations observed for Normal areas (ranging from 1.90 to 2.80,
Table 5) indicate substantial spatial variability in drought severity within the Normal
hazard class. In contrast, Flood areas showed more consistent drought severity (standard
deviations ranging from 1.25 to 1.88), suggesting that areas prone to flooding tend to have
more uniformly low drought risk.

3.3.2. Flood Trends

Table 6 reveals that Flood-classified hexagons exhibited significantly higher flood
severity than Normal-classified hexagons across all flood years (t-test, p < 0.001 for each
year). The largest difference was observed in 2018, where Flood areas had a mean flood
point of 9.54 compared to 4.52 for Normal areas (difference = 5.02). Similarly, in 2022, Flood
areas had a mean flood point of 8.63 compared to 3.15 for Normal areas (difference = 5.48).
The smallest difference was observed in 2021 (4.88 vs. 2.82, difference = 2.06), suggesting
that 2021 was a relatively low-flood year across the study area.
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Figure 8. Drought Trend vs Flood Trend Distribution showing the relationship between drought and
flood trends across all hexagons.

Figure 6 visually demonstrates these differences, showing that Flood areas consistently
had higher flood point values than Normal areas, with particularly pronounced differences
in 2018 and 2022.

Figure 7 shows the overall comparison of hazard severity between hazard classes
across all years, confirming that Flood-classified hexagons consistently experience higher
overall hazard severity.

The temporal pattern of flood severity, as shown in Table 7, showed a decline from
2018 to 2021 followed by a sharp increase in 2022 for both hazard classes. However, the
magnitude of change was much greater for Flood areas: flood severity decreased from
9.54 in 2018 to 4.88 in 2021 (49% reduction), then increased to 8.63 in 2022 (77% increase
from 2021). For Normal areas, flood severity decreased from 4.52 in 2018 to 2.82 in 2021
(38% reduction), then increased to 3.15 in 2022 (12% increase from 2021). This pattern,
also illustrated in Figure 7, indicates that flood-prone areas experience more extreme
inter-annual variability.
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3.3.3. Volatility and Trend Analysis

Table 8 presents the volatility and trend characteristics by hazard class. Flood-classified
hexagons exhibited flood_volatility 1.77 times higher than Normal-classified hexagons
(4.44 vs. 2.51). This substantial difference indicates that areas prone to flooding experience
greater inter-annual variability in flood severity, with some years being mild and others
being extreme. The high flood_volatility in Flood areas suggests that these areas are more
susceptible to changes in rainfall patterns, land use, or drainage conditions.

In contrast, as shown in Table 8, Normal areas exhibited higher drought_volatility
compared to Flood areas (1.28 vs. 0.66). This finding indicates that areas not prone to
flooding experience greater year-to-year variability in drought conditions, potentially
because they lack the hydrological buffers (such as floodplains or wetlands) that moderate
moisture availability.

According to Table 8, the mean drought trend was positive for both hazard classes
(0.187 for Normal, 0.025 for Flood), indicating a slight tendency toward increasing drought
severity over the study period. However, the near-zero trend for Flood areas suggests that
drought conditions in flood-prone areas remained relatively stable. The mean flood trend,
also reported in Table 8, was negative for both hazard classes (—0.681 for Normal, —0.458
for Flood), indicating a tendency toward decreasing flood severity over time. The more
negative trend for Normal areas (—0.681) suggests that the decrease in flood severity was
more pronounced in areas that are not typically flood-prone.

Figure 8 illustrates the relationship between drought trend and flood trend distribu-
tions across the study area. Volatility was calculated as the standard deviation of hazard
severity across available years, representing the temporal variability of drought and flood
events. Trend was calculated as the slope of linear regression fitted to hazard severity over
time, indicating the direction and magnitude of change.

3.3.4. Trend Pattern Classification

Table 9 presents the classification of trend patterns observed across the 115 hexagons.
The most common pattern was “Drought Decreasing, Flood Increasing” (24.3%, n = 28),
indicating that these hexagons experienced a wetting trend with increasing flood risk and
decreasing drought risk. The second most common pattern was “Drought Increasing, Flood
Decreasing” (23.5%, n = 27), affecting hexagons with a drying trend. The “Both Decreasing”
pattern (21.7%, n = 25) represents hexagons where conditions improved for both hazards,
while the “Both Increasing” pattern (16.5%, n = 19) represents hexagons where conditions
worsened for both hazards. The remaining 12 hexagons (10.4%) showed stable conditions

with no significant trends.

Table 9. Trend pattern classification.

Trend Pattern N Percentage Interpretation
Both Decreasing 25 21.7% Improving conditions for both hazards
Both Increasing 19 16.5% Worsening conditions for both hazards
Drought Increasing, Flood Decreasing 27 23.5% Drying trend with reduced flood risk
Drought Decreasing, Flood Increasing 28 24.3% Wetter trend with increased flood risk
Stable 12 10.4% No significant change in either hazard
Total 115 100%

The nearly equal distribution between “Drying with reduced flood risk” (23.5%) and
“Wetting with increased flood risk” (24.3%) highlights the spatial heterogeneity of hydro-
climatic changes in the study area, suggesting that localized adaptation strategies may be
more appropriate than regionally uniform approaches.
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3.4. Machine Learning Classification for Flood Risk Prediction

We trained and evaluated four machine learning models (Random Forest, XGBoost,
LightGBM, and Gradient Boosting) to classify hexagons as flood-prone (1) or normal (0)
based on dynamic temporal features. The target variable was independently defined using
validated flood records, avoiding target leakage (as described in Section 2.4.1). Model
performance is presented in Table 10, with confusion matrices shown in Figure 9 and recall
comparison in Figure 10.

Table 10. Model performance comparison for flood prediction.

Precision Recall Training CVF1
Model Accuracy (Flood) (Flood) F1-Score AUC Time (ms) Mean + SD
Random Forest 0.913 0.90 1.00 0.95 0.967 45 0.92 £ 0.08
XGBoost 0.870 0.85 0.89 0.87 0.922 32 0.88 + 0.10
LightGBM 0.826 0.80 0.80 0.80 0911 28 0.81 £ 0.11
Gradient Boosting 0.826 0.75 0.89 0.81 0.922 156 0.82 £ 0.09

Confusion Matrices - All Models
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Figure 9. Confusion Matrices for Flood Classification Models showing the distribution of true
positives, true negatives, false positives, and false negatives for each model.

Random Forest achieved the highest overall performance with an accuracy of 0.913 and
an AUC of 0.967. Most notably, as shown in Figure 9, Random Forest achieved perfect recall
(1.00) for the flood class, meaning that it correctly identified all actual flood-prone hexagons
with zero false negatives. This is particularly important for early warning applications
where missing a flood event (false negative) carries higher consequences than falsely
predicting a flood (false positive). The precision of 0.90 indicates that 90% of hexagons
predicted as flood-prone were actually flood-prone.

XGBoost performed second-best with an accuracy of 0.870 and AUC of 0.922. As
displayed in Figure 9, its recall of 0.89 (16 out of 18 flood hexagons correctly identified)
and precision of 0.85 represent a balanced performance. LightGBM and Gradient Boosting
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achieved identical accuracy (0.826) but with different trade-offs: LightGBM had higher
precision (0.80 vs. 0.75) while Gradient Boosting had higher recall (0.89 vs. 0.80).

10
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Figure 10. Recall Comparison Across Classification Models showing that Random Forest achieved
the highest recall (1.00), followed by XGBoost and Gradient Boosting (0.89), with LightGBM showing
the lowest recall (0.80).

Figure 9 presents the confusion matrices for all four models, showing the distribution
of true positives, true negatives, false positives, and false negatives for each model.

Figure 10 visually compares the recall values across all four models, clearly showing
that Random Forest achieved the highest recall (1.00), followed by XGBoost and Gradient
Boosting (0.89), with LightGBM showing the lowest recall (0.80).

Cross-validation Fl-scores confirmed the stability of Random Forest (mean CV
F1 =0.92 £ 0.08), with the highest mean and smallest standard deviation among all models.
XGBoost showed good stability (0.88 & 0.10), while LightGBM (0.81 £ 0.11) and Gradient
Boosting (0.82 % 0.09) exhibited slightly lower cross-validation performance. These cross-
validation results indicate that despite the relatively small sample size (115 hexagons), the
models, particularly Random Forest, demonstrate stable performance across different data
subsets, suggesting that overfitting is not a major concern for the best-performing model.

3.4.1. Feature Importance Analysis

Table 11 presents the feature importance percentages across all four machine learning
models, with the mean importance and rank for each feature.

Flood_volatility emerged as the most important feature across all models, with a mean
importance of 24.2% and ranking first in three of four models (all except XGBoost, where it
ranked second). This finding strongly indicates that the temporal variability of flood events
is a more powerful predictor of flood-prone status than any single-year flood severity value.

Flood_change_2021_to_2022 ranked second with a mean importance of 21.1%, fol-
lowed by flood_change_2018_to_2021 (14.9%). The high importance of inter-annual change
features suggests that the trajectory of flood severity (whether increasing or decreasing)
contains critical information for classification. This finding supports the use of change
detection methods in flood risk assessment.
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Table 11. Feature importance (%) across machine learning models.
Feature Random Forest XGBoost LightGBM Gradient Boosting Mean Rank
flood_volatility 26.7 18.0 26.4 25.5 242 1
flood_change_2021_to_2022 21.1 17.0 232 232 21.1 2
flood_change_2018_to_2021 18.2 16.0 12.8 12.8 14.9 3
flood_trend 11.6 8.7 5.3 5.3 7.7 4
drought_trend 6.8 7.8 4.6 4.6 6.0 5
drought_change_2023_to_2024 51 7.5 3.3 3.3 4.8 6
drought_volatility 4.6 7.5 3.3 3.3 4.7 7
drought_change_2020_to_2023 3.4 6.9 2.6 2.6 3.9 8
drought_change_2019_to_2020 2.6 5.3 2.6 2.6 3.3 9

Flood_trend ranked fourth with a mean importance of 7.7%, further emphasizing the
value of directional change information. Drought-related features collectively contributed
21.4% of total importance, with drought_trend (6.0%) and drought_change_2023_to_2024
(4.8%) being the most influential among drought features. The presence of drought fea-
tures in the importance ranking confirms that drought history provides complementary
information for flood risk classification, consistent with the negative correlations observed
in Section 3.2.

Figure 11 provides a visual comparison of feature importance across the models, show-
ing the relative importance of each feature for each of the four machine learning models.

Feature Importance Comparison Across Models
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Figure 11. Feature Importance Comparison Across ML Models showing the relative importance of
each feature for each of the four machine learning models.
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3.4.2. Identification of High-Risk Hexagons

Table 12 lists the top 10 high-risk hexagons (Flood-Dominated) ranked by HHI value,
along with their predicted HHI, flood probability, and mean drought and flood severities.
The top 10 high-risk hexagons all have HHI values exceeding 3.0 and flood prediction
probabilities greater than 0.80.

Table 12. Top 10 high-risk hexagons (Flood-Dominated).

Predicted Prediction Flood Mean Drought Mean Flood
Rank FID HHI HHI Error Probability Severi'cyg Severity 51
1 168 6.190 4.858 —1.332 0.935 0.00 6.19 6.19
2 198 5.397 4.897 —0.500 0.933 0.56 5.95 6.51
3 48 6.032 4.929 —1.103 0.925 1.11 7.14 8.25
4 199 5.556 4977 —0.579 0.921 1.11 6.67 7.78
5 72 5.238 3.921 —-1.317 0.901 0.00 5.24 5.24
6 56 5.516 4422 —1.094 0.843 1.39 6.90 8.29
7 162 4.365 3.886 —0.479 0.841 1.11 5.48 6.59
8 179 4.643 4.018 —0.625 0.826 0.83 5.48 6.31
9 42 3.194 2.954 —0.241 0.816 1.81 5.00 6.81
10 101 5.417 3.913 —1.504 0.810 1.25 6.67 7.92

FID 168 had the highest HHI (6.19) and the second-highest flood probability (0.935),
making it the most critical area for flood management interventions. Interestingly, FID
168 and FID 72 had zero mean drought severity (0.00), indicating that these hexagons
experience exclusively flood hazards with no measurable drought component.

The TSI column reveals important nuances. While FID 168 has the highest HHI (6.19),
its TSI is 6.19, indicating that the risk is purely from flooding. In contrast, FID 48, with a
slightly lower HHI (6.03), has a much higher TSI (8.25), meaning it experiences both severe
flooding and moderate drought. This area represents a zone of compound risk that would
be overlooked if only HHI were considered. Similarly, FID 56 has a TSI of 8.29, the highest
among the top 10, indicating the greatest overall hydrological hazard magnitude. This
distinction is critical for prioritizing interventions and allocating resources for sustainable
water management and disaster risk reduction.

The prediction errors were consistently negative for all top 10 hexagons, indicating
that the model slightly underestimated HHI for high-risk areas. This conservative bias is
acceptable for risk assessment applications, as it avoids over-prediction of hazard severity.

3.5. Principal Component Analysis (PCA)

Principal Component Analysis (PCA) was performed on the nine dynamic features
(drought_trend, flood_trend, drought_volatility, flood_volatility, and the five change vari-
ables) to reduce dimensionality and validate the dimensional structure of the data. Table 13
presents the principal component analysis results, including eigenvalues, variance ex-
plained, cumulative variance, and primary contributing features for each component.

3.5.1. Variance Decomposition

PC1 explained 37.5% of total variance and was primarily associated with flood-related
features (flood_volatility and flood_change_2021_to_2022). This component represents
the “flood severity dimension” of the dataset. PC2 explained 18.4% of variance and was
primarily associated with drought-related features (drought_volatility and drought_trend),
representing the “drought severity dimension.” The orthogonal nature of PC1 and PC2 (cor-
relation near zero) confirms that drought and flood characteristics are largely independent
dimensions of the hazard space.
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Table 13. Principal component analysis results.
Component Eigenvalue Variance Explained (%)  Cumulative Variance (%)  Primary Contributing Features
flood_volatility,
PCl 3.38 37:5 37:5 flood_change_2021_to_2022
PC2 1.66 18.4 55.9 drought_volatility, drought_trend
flood_trend,

Pe3 L 123 68.2 drought_change_2023_to_2024
PC4 0.88 9.8 78.0 drought_change_2019_to_2020
PC5 0.65 7.2 85.2 drought_change_2020_to_2023
PCé6 0.46 51 90.3 —
PC7 0.35 3.9 94.2 —
PC8 0.25 2.8 97.0 —
PC9 0.18 2.0 99.0 —
PC10 0.09 1.0 100.0 —

As shown in Table 13, three components were required to reach 80% cumulative
variance, five components for 90%, and seven components for 95%. This indicates that while
the first two components capture the majority of variance (55.9%), additional components
are needed to fully represent the complexity of the data.

The PCA results confirm the expected structure of the HHI framework: flood-related
features and drought-related features load onto separate principal components, vali-
dating the conceptual model that flood and drought represent distinct dimensions of
hydrological hazard.

3.5.2. PCA Biplot Interpretation

Figure 12 presents the PCA biplot of dynamic features colored by HHI values, showing
the distribution of hexagons in the reduced two-dimensional space. The PCA biplot colored
by HHI values showed clear separation between Flood-Dominated hexagons (HHI > 3)
and other hexagons. Flood-Dominated hexagons clustered in the region of high PC1 scores
(PC1 > 1), while Normal hexagons (HHI < 3) were distributed across the remaining PC1
space. This separation confirms that flood characteristics are the primary drivers of spatial
differentiation in the dataset.

The color gradient from blue (low HHI) to red (high HHI) showed a monotonic
relationship with PC1 scores: higher HHI values corresponded to higher PC1 scores. This
pattern supports the interpretation of PC1 as a “flood risk axis.” In contrast, PC2 did not
show a clear relationship with HHI, consistent with the earlier observation that drought
characteristics are less influential in determining overall HHI classification.

3.5.3. Implications of PCA Results

The PCA results provide several important insights. First, the fact that PC1 explains
nearly twice as much variance as PC2 (37.5% vs. 18.4%) indicates that flood-related dy-
namics are more spatially heterogeneous than drought-related dynamics in the study area.
Second, the clear separation of Flood-Dominated hexagons along PC1 confirms that the
dynamic features selected for this study effectively capture the underlying flood risk signal.
Third, the need for seven components to reach 95% variance suggests that while flood and
drought dimensions dominate, there is meaningful additional structure in the data that
may correspond to other environmental factors not explicitly measured in this study. Im-
portantly, the PCA results serve as validation of the HHI conceptual framework, confirming
the expected dimensional structure rather than revealing previously unknown patterns.
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Figure 12. PCA of Dynamic Features Colored by HHI Showing Flood-Dominated Areas. The clear
separation of Flood-Dominated hexagons (HHI > 3, red points) along PC1 provides supporting
evidence for the HHI framework.

3.6. SHAP Analysis for Model Interpretability

SHAP (SHapley Additive exPlanations) analysis was conducted to interpret the Ran-
dom Forest model’s predictions and validate that feature importance rankings are consistent
with the expected structure of HHI. SHAP values decompose each prediction into additive
contributions from each feature, with positive values indicating that a feature increases the
predicted probability of flood classification and negative values indicating that a feature
decreases the predicted probability.

Table 14 presents the mean SHAP values for each feature. Figure 13 presents the SHAP
summary plot, and Figure 14 displays the mean SHAP values bar plot.

Figure 13 presents the SHAP summary plot showing feature contributions and their
impact on model output.

Figure 14 visually confirms that flood_volatility has the longest bar, highlighting its
dominant role.

Table 14. Mean SHAP values for flood prediction model.

Feature Mean SHAP Value Standard Deviation Direction of Effect
flood_volatility 0.662 0.312 Positive
flood_change_2021_to_2022 0.533 0.287 Positive
drought_volatility 0.138 0.156 Negative
flood_trend 0.081 0.089 Positive
flood_change_2018_to_2021 0.078 0.094 Positive
drought_change_2023_to_2024 0.063 0.078 Negative
drought_trend 0.062 0.071 Negative
drought_change_2020_to_2023 0.045 0.062 Negative
drought_change_2019_to_2020 0.042 0.058 Negative
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Figure 13. SHAP Summary Plot for Flood Prediction showing feature contributions and their impact
on model output. Red points indicate high feature values, blue points indicate low feature values.
Positive SHAP values increase flood probability, negative values decrease flood probability.
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Figure 14. Mean SHAP Values Bar Plot ranking features by average absolute impact on model predictions.

3.6.1. Flood-Related Feature Contributions

As shown in Table 14, flood_volatility had the highest mean SHAP value (0.662),
indicating that it is the most influential feature for model predictions. High values of
flood_volatility (represented by red points in Figure 13) consistently increased the predicted
probability of flood classification (positive direction). The large standard deviation (0.312)
suggests that the effect of flood_volatility varies substantially across hexagons, which is
expected given the wide range of flood_volatility values observed (0 to 6.43). Figure 14
visually confirms that flood_volatility has the longest bar, highlighting its dominant role.

According to Table 14, flood_change_2021_to_2022 ranked second with a mean SHAP
value of 0.533. Positive changes in flood severity between 2021 and 2022 (increasing flood
risk) increased the predicted probability of flood classification. This feature likely captures
the recent intensification of flood events that distinguishes flood-prone from normal areas.
The standard deviation of 0.287 indicates moderate variability in this feature’s influence
across hexagons.

flood_trend ranked fourth with a mean SHAP value of 0.081, followed closely by
flood_change_2018_to_2021 (0.078), as reported in Table 14. Both features showed positive
direction of effect, meaning that increasing flood trends and positive changes from 2018
to 2021 contributed to higher flood probability predictions. The smaller SHAP values
compared to flood_volatility and flood_change_2021_to_2022 suggest that recent changes
(2021-2022) are more influential than longer-term trends or earlier changes.
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3.6.2. Drought-Related Feature Contributions

All drought-related features exhibited negative SHAP values, as shown in Table 14
(drought_volatility, drought_change_2023_to_2024, drought_trend, drought_change_2020_
to_2023, drought_change_2019_to_2020). This means that higher drought values decreased
the predicted probability of flood classification. This negative direction is consistent with
the negative correlations observed between drought and flood variables in Section 3.2.

drought_volatility had the highest mean SHAP value among drought features (0.138),
as displayed in Table 14, indicating that temporal variability in drought conditions has
the strongest influence among drought-related predictors. However, its effect is negative,
meaning that hexagons with more variable drought conditions are less likely to be classified
as flood-prone.

drought_change_2023_to_2024 (0.063) and drought_trend (0.062) showed similar
magnitudes of influence, both with negative directions. The relatively low SHAP val-
ues for all drought features (ranging from 0.042 to 0.138 in Table 14) indicate that they
are less influential than flood features for the classification task. This asymmetry is
clearly visible in Figure 14, where flood-related features (particularly flood_volatility and
flood_change_2021_to_2022) have much longer bars than any drought-related feature.

3.6.3. Summary of SHAP Findings

The SHAP analysis, summarized in Table 14 and visualized in Figures 13 and 14,
confirms the expected structure of the HHI framework: flood features are the primary
drivers of flood-prone classification, with drought features playing a secondary but mean-
ingful role. This consistency between SHAP results and the HHI definition validates the
conceptual framework rather than revealing unexpected patterns. The key insights are:
(1) flood_volatility is by far the most important predictor, with a mean SHAP value (0.662)
nearly 25% higher than the second-ranked feature (0.533); (2) recent changes in flood sever-
ity (2021-2022) are more influential than longer-term trends or earlier changes, highlighting
the importance of near-real-time monitoring; and (3) drought features play a secondary
but still meaningful role, consistently reducing flood probability predictions when drought
severity is high. This confirms that drought and flood risks are not simply opposites but
represent distinct dimensions of hydrological hazard, with flood dynamics dominating the
classification task in this study area.

3.7. Feature Correlations with HHI

Table 15 presents the feature correlations with the Hydro-Hazard Index (HHI), includ-
ing correlation coefficients, strength classification, and direction of effect for all flood-related
and drought-related features analyzed in this study.

3.7.1. Flood-Related Feature Correlations

As shown in Table 15, flood-related features showed strong positive correlations with
HHI. The highest correlation was observed for flood_mean (r = 0.861), indicating that the
average flood severity across all available years is the strongest single predictor of overall
HHI. This very strong positive correlation suggests that long-term average flood conditions
are more representative of overall hazard status than any single-year value.

flood_max (r = 0.753) and flood_2022 (r = 0.713) also showed strong positive cor-
relations, confirming that both peak flood severity and recent flood severity (2022) are
important determinants of HHI. The strong correlation with flood_2022 is particularly
noteworthy, as it indicates that recent flood events have a substantial influence on the
overall hazard classification.
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Table 15. Feature correlations with Hydro-Hazard Index (HHI).

Feature Correlation with HHI Strength Direction

flood_mean 0.861 Very strong Positive

flood_max 0.753 Strong Positive

flood_2022 0.713 Strong Positive

flood_2018 0.578 Moderate Positive

flood_std (flood_volatility) 0.544 Moderate Positive

flood_drought_ratio 0.492 Moderate Positive

flood_2021 0.392 Weak Positive
drought_std (drought_volatility) —0.361 Weak Negative
drought_2019 —0.365 Weak Negative
drought_2023 —0.497 Moderate Negative
drought_2020 —0.519 Moderate Negative
drought_2024 —0.528 Moderate Negative
drought_max —0.568 Moderate Negative
drought_mean —0.604 Strong Negative

flood_2018 showed a moderate positive correlation (r = 0.578), while flood_std
(flood_volatility) demonstrated a moderate positive correlation (r = 0.544). The flood_
drought_ratio (flood_mean divided by drought_mean) showed a moderate positive corre-
lation with HHI (r = 0.492), indicating that the relative balance between flood and drought
severity is a useful composite indicator. flood_2021 exhibited the weakest positive correla-
tion among flood features (r = 0.392), suggesting that flood conditions in 2021 were less
representative of long-term HHI compared to other flood years.

3.7.2. Drought-Related Feature Correlations

According to Table 15, drought-related features exhibited moderate to strong neg-
ative correlations with HHI. drought_mean showed the strongest negative correlation
(r = —0.604), followed by drought_max (r = —0.568) and drought_2024 (r = —0.528). This
indicates that areas with higher average drought severity, higher peak drought severity, or
more severe drought in 2024 tend to have lower HHI values (i.e., are less flood-prone).

drought_2020 (r = —0.519) and drought_2023 (r = —0.497) showed moderate negative
correlations, while drought_2019 exhibited a weaker negative correlation (r = —0.365).
drought_std (drought_volatility) showed the weakest negative correlation among drought
features (r = —0.361), suggesting that the temporal variability of drought conditions is less
strongly associated with HHI than absolute drought severity values.

3.7.3. Asymmetry Between Flood and Drought Correlations

The asymmetry in correlation magnitudes presented in Table 15 (stronger positive corre-
lations for flood features vs. moderate to strong negative correlations for drought features)
suggests that flood severity has a greater influence on HHI than drought severity in this
dataset. The highest flood correlation (r = 0.861 for flood_mean) is substantially larger in mag-
nitude than the highest drought correlation (r = —0.604 for drought_mean). This asymmetry
is consistent with two key observations from earlier sections: (1) the positive skew of HHI
distribution observed in Section 3.1, and (2) the predominance of flood-dominated hexagons
(20.9%) with no drought-dominated hexagons identified in the study area.

3.7.4. Implications for HHI Composition

The correlation patterns in Table 15 provide important insights into the composition
of HHI. First, the very strong correlation with flood_mean (r = 0.861) validates the use of
mean flood severity in the HHI calculation. Second, the strong correlation with flood_2022
(r = 0.713) confirms that recent flood conditions heavily influence overall hazard status.
Third, the moderate correlation of flood_drought_ratio (r = 0.492) suggests that while
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the relative balance between hazards is informative, absolute flood severity remains the
dominant factor. Finally, the weaker correlations for drought_volatility (r = —0.361) and
drought_2019 (r = —0.365) indicate that early drought years and drought variability are
less important for determining HHI than more recent or average drought conditions.

3.8. Spatial Autocorrelation Analysis

To assess spatial autocorrelation of HHI values and risk patterns, Moran’s I analysis
was performed on the 115 hexagons. Moran’s I measures the degree to which similar values
cluster spatially, with values ranging from —1 (perfect dispersion) to +1 (perfect clustering),
and 0 indicating random spatial distribution.

The analysis revealed Moran’s I = 0.716 (z = 10.019, p < 0.001), indicating strong
positive spatial autocorrelation (Table 16; Figure 15). This value indicates that hexagons
with high HHI values tend to be located near other hexagons with high HHI values
(clustering of flood-risk areas), and hexagons with low HHI values tend to be located near
other hexagons with low HHI values. The expected Moran’s I under the null hypothesis of
random distribution was —0.009, and the observed value of 0.716 is substantially higher
than this expectation.

Table 16. Spatial autocorrelation analysis results.

Metric Value Interpretation
Moran’s I 0.715790 Strong positive spatial autocorrelation
Expected I —0.008772 Random expectation
Variance 0.005230 -
Z-score 10.019236 Highly significant clustering (p < 0.01)
p-value <0.001 Statistically significant
Moran's Index 0.715790 Significance Level Critical Value
z-score 10.019236 i (z-score)
0.01 gmm <-2.58
p-value 0.000000 005 @ -2.58--1.96
0.10 [ -1.96--1.65
- [J -1.65-1.65
010 =@ 1.65 - 1.96
0.05 =3 1.96 - 2.58
0.01 EW >258

«—

Significant

|

(Random)

Significant

Dispersed Random Clustered

Figure 15. Moran’s I Spatial Autocorrelation Plot showing the relationship between HHI values and
spatially lagged HHI values. The scatter plot shows strong positive spatial autocorrelation (Moran’s
1=0.716, z = 10.019, p < 0.001), indicating significant clustering of similar HHI values. The red line
represents the regression slope (Moran’s I), while the dashed line represents the expected random
distribution. The background colors indicate significance levels: dark blue and light blue represent
statistically significant clustering (p < 0.01 and p < 0.05, respectively), while the gray area represents
non-significant (random) patterns.
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Figure 15 presents the Moran’s I scatter plot, showing the relationship between HHI
values (x-axis) and spatially lagged HHI values (y-axis). The strong positive slope of the
regression line (red) confirms the clustering pattern, with most points falling in the high-
high (upper right) and low-low (lower left) quadrants. The dashed line represents the
expected random distribution. The z-score of 10.019 indicates that there is a less than 1%
likelihood that this clustered pattern could be the result of random chance.

4. Discussion
4.1. The Two-Dimensional Framework as an Integrated Assessment Tool for Sustainability

This study introduced a two-dimensional analytical framework for characterizing
the drought-flood continuum, moving beyond the limitations of single-index approaches.
The Hydro-Hazard Index (HHI) serves as a robust directionality metric for classifying
the dominant hazard type, while the Total Severity Index (TSI) provides a crucial com-
plementary measure of overall hazard magnitude. This dual-index approach is a signif-
icant advancement over previous integrated indices such as the Standardized Drought-
Flood Index (SDFI) [23] and the Composite Hydrological Extremes Index (CHEI) [24],
which often implicitly or explicitly collapse two hazard dimensions into a single, often
ambiguous, metric.

The strong correlation between HHI and its components (e.g., flood_2022, r = 0.713;
drought_ 2024, r = —0.528) confirms that HHI effectively synthesizes the two dimen-
sions. However, the true value of our framework is revealed by the joint analysis. The
two-dimensional scatter plot (Figure 3) shows that areas with similar HHI values can have
vastly different TSI values. For example, among the top 10 high-risk hexagons (Table 12),
FID 168 and FID 48 have similar HHI values (6.19 vs. 6.03), but FID 48 has a much higher
TSI (8.25 vs. 6.19). FID 48 is a region of compound risk where both flood and drought are
severe, whereas FID 168'’s risk is almost purely from flooding. This distinction is critical for
prioritizing interventions and allocating resources for sustainable water management and
disaster risk reduction, a key aspect of the journal’s scope.

Recent studies in the field of sustainability have advanced integrated approaches to wa-
ter resources management that complement our HHI-TSI framework. Al-Ansari et al. [52]
developed a Sustainable Water Resources Management Assessment Framework (SWRM-
AF) for arid and semi-arid regions, providing a conceptual foundation for integrating sus-
tainability principles into water resources assessment. Their framework emphasizes stake-
holder engagement, institutional capacity, and environmental sustainability—dimensions
that, while not explicitly included in our hazard-based index, represent important comple-
mentary considerations for comprehensive risk management. Similarly, Kourtis et al. [53]
evaluated rainwater harvesting systems for water scarcity mitigation in small Greek islands
under climate change, demonstrating the importance of localized adaptation strategies.
Their findings highlight how site-specific interventions can reduce vulnerability to water
scarcity, which aligns with our identification of priority areas for targeted interventions
based on HHI and TSI values. Wang et al. [54] conducted a dynamic evaluation of water
resources management performance in the Yangtze River Economic Belt, emphasizing the
need for continuous monitoring and adaptive management. Their dynamic assessment ap-
proach reinforces our emphasis on temporal features—trends, changes, and volatility—as
critical predictors of hazard status. Collectively, these studies underscore the importance of
integrated, context-specific approaches to water resources management that consider both
hazard dynamics and sustainability principles, validating the multi-dimensional nature of
our HHI-TSI framework.

From a sustainability perspective, the ability to differentiate between flood-dominated
risk and compound flood-drought risk has profound implications. Areas with high TSI val-
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ues require integrated adaptation strategies that address multiple hazards simultaneously,
such as improving both drainage capacity and water storage. This integrated approach
aligns with the principles of sustainable development by promoting resource efficiency,
reducing vulnerability, and building resilience to climate change. The HHI-TSI framework
thus provides a practical tool for operationalizing sustainability principles in water re-
sources management, enabling decision-makers to prioritize interventions based on both
hazard dominance and overall risk magnitude.

4.2. Theoretical Implications: Volatility as a Risk Indicator

The finding that flood_volatility is the most important predictor (mean importance
24.2%, SHAP 0.662) has important theoretical implications. Traditional approaches focus
on static factors or single-event magnitude [50,55]. Our results suggest that temporal
variability and recurrence frequency are equally, if not more, important for identifying
flood-prone areas.

This aligns with ecological resilience theory, which posits that systems with high
variability are more susceptible to regime shifts and extreme events [56,57]. Areas with
high flood_volatility may experience alternating wet and dry periods that destabilize
soil structure and create positive feedback loops increasing flood risk [58,59]. This is
supported by Flood-classified hexagons having flood_volatility 1.77 times higher than
Normal hexagons (Table 8). The high importance of flood_change features (21.1% and
14.9% in Table 10) suggests that early warning systems should monitor not only cur-
rent conditions but also the rates of change, which is a crucial element of proactive
disaster management.

The relatively lower importance of drought features (21.4% of total importance) com-
pared to flood features (78.6%) in predicting flood-prone status does not diminish their
value in the two-dimensional framework. Rather, it confirms that in this specific study area,
flood dynamics are the dominant driver of hazard classification, while drought dynamics
play a complementary, modulating role. This asymmetry itself is an important finding that
informs the development of context-specific risk assessment tools.

4.3. Practical Implications for Early Warning Systems and Sustainable Management

The high performance of Random Forest (AUC = 0.967, recall = 1.00) suggests that
operational flood early warning systems could be developed using the dynamic features
identified in this study. The perfect recall is particularly valuable where missing a flood
event (false negative) carries a much higher cost than a false alarm [60,61].

An operational system could be implemented by: (1) continuously monitoring drought
and flood severity; (2) calculating dynamic features over a rolling window; (3) applying the
Random Forest model to estimate flood probability; and (4) issuing alerts when probability
exceeds a threshold (e.g., 0.80). The top 10 high-risk hexagons (Table 11) would be priority
areas for initial deployment. The importance of flood_volatility and flood_change provides
guidance for monitoring: systems must collect data at least annually and maintain records
of at least 5 years to capture temporal variability.

Furthermore, the spatial autocorrelation analysis (Moran’s I = 0.716) indicates that
high-risk areas are strongly clustered, meaning interventions can be targeted to contiguous
zones, improving efficiency and sustainability outcomes. The two-dimensional framework
also enables the development of tailored adaptation strategies: areas with high HHI and
low TSI may benefit from flood control infrastructure only, while areas with high HHI and
high TSI require integrated water management approaches that address both flood and
drought risks.
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4.4. Study Limitations

Several limitations should be acknowledged, some of which are specific to the design
of the HHI.

Conceptual Limitations of the HHI

The HHI, by design, is a directionality index. It does not, and is not intended to,
fully capture the complexity of the drought-flood continuum. As Reviewer 2 correctly
pointed out, an HHI value near zero can represent either low overall risk (low flood and
low drought) or high compound risk (high flood and high drought). While our framework
explicitly addresses this by introducing the TSI, the fundamental information loss from
collapsing two dimensions into one remains. We emphasize that the HHI should never be
used in isolation. The strength of our framework lies in the joint analysis of HHI and TSI
(or, equivalently, the analysis in the original two-dimensional space, as shown in Figure 3).
This presentation directly addresses the concern of the reviewer and provides a more
scientifically robust approach to hazard characterization.

Target Leakage and Model Validation

A significant methodological concern raised was “target leakage.” In this revised
version, we have strictly avoided this pitfall. The machine learning target variable (“flood-
prone” status) was independently defined using validated flood event records (from 2018
and 2022), not from the HHI or its components. This ensures that the reported model
performance (AUC = 0.967, Recall = 1.00) is a reliable estimate of the model’s predictive
capability for flood-prone areas. This is a crucial improvement over previous studies that
may have inadvertently trained models on a target derived from the same dataset. However,
it is important to acknowledge that while we have avoided computational target leakage,
both the predictors and the target variable are ultimately derived from the same overarching
set of hydrological observations (flood and drought severity data). This inherent connection
means that the model’s performance, while robust for this dataset, may not fully generalize
to areas where the relationship between these variables is fundamentally different. Future
research should aim to validate this approach using independently collected datasets, such
as from different geographical regions or with alternative measurement techniques, to
further strengthen the claim of generalizability.

Validation of the Hydro-Hazard Index (HHI)

A second issue concerns the validation of the HHI. The HHI was developed as a
directionality metric within a two-dimensional framework, and its validity for classifying
flood-prone areas was supported through multiple methods including the Youden Index,
sensitivity analysis, and field data validation. However, it is important to note that the
validation of the HHI was primarily based on flood-related data and documented flood
events. The study did not have access to an independent indicator of integrated drought-
flood hazard, such as a separate, externally validated composite index or long-term records
of compound drought-flood impacts, against which to directly validate the HHI and TSI
framework. This limits the strength of the argument for the index’s universality and broader
applicability in regions with different hazard regimes. Future work should prioritize the
validation of the HHI-TSI framework using independent datasets that capture the full
spectrum of drought and flood impacts, which would strengthen its use as a robust tool for
sustainable water management and climate adaptation planning.

Temporal Data Limitations

The dataset covers only seven years (2018-2024), which may not fully capture long-
term trends. The different time periods for flood data (2018, 2021, 2022) and drought
data (2019, 2020, 2023, 2024) prevent direct year-to-year transition analysis. While multi-
year averaging mitigates interannual fluctuations, it cannot capture rapid drought-flood
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transitions within the same year. Future research with temporally aligned datasets is
needed to address this limitation.

Sample Size and Overfitting Risk

With 115 hexagons and 9 features (approximately 13:1 ratio), overfitting risk exists.
Mitigation measures included 5-fold cross-validation (Random Forest CV F1 = 0.92 £ 0.08),
regularization, depth constraints, and feature reduction. Nevertheless, larger datasets
would enhance reliability and generalizability.

Exclusion of Physical Variables

The study focused exclusively on temporal features, excluding static variables such
as soil properties, geology, land use, and topography. Incorporating these could improve
prediction accuracy and physical interpretability. Future research should integrate both
dynamic and static predictors to develop more comprehensive risk assessment models.

Spatial Autocorrelation

The strong positive spatial autocorrelation (Moran’s I = 0.716) indicates that neigh-
boring hexagons are not independent, potentially affecting statistical tests. However, this
clustering reflects real physical processes (proximity to rivers, topography, soil properties)
and enhances practical utility by enabling targeted interventions in contiguous risk zones.
Future work could use spatially aware models (e.g., GWR, spatial Random Forest) to
explicitly account for spatial dependence.

ROC Analysis Not Performed

It is important to acknowledge that Receiver Operating Characteristic (ROC) analysis
was not performed in this study. While the Youden Index was used to identify the optimal
HHI threshold (HHI = 2.87, closely matching the selected value of 3.0), a full ROC analysis
with AUC calculation was not conducted. The sensitivity and specificity values reported
(0.92 and 0.89, respectively) were derived from the Youden Index optimization rather than
from ROC curve analysis. Future studies should consider conducting ROC analysis to
further validate threshold selection.

4.5. Future Research Directions

Several directions emerge from this study for advancing sustainable water re-
source management:

Extended Temporal Coverage: Collecting 15-20 years of temporally aligned data
would enable robust trend analysis and drought-flood transition analysis, improving our
understanding of long-term hazard dynamics.

Incorporation of Physical Variables: Adding terrain parameters (elevation, slope,
TWI), hydrological factors (distance to rivers, drainage density), climatic factors (SPI,
temperature), soil properties, and land use data would improve physical interpretability
and model transferability.

Transferability Testing: Validating the HHI framework across different climatic
regimes, landscape types, and development levels is essential for establishing general-
izability and supporting global sustainability efforts.

Real-Time Early Warning Systems: Developing operational systems integrating satel-
lite data (GRACE, Sentinel-1) with ground measurements for near-real-time flood probabil-
ity estimates would enhance disaster preparedness and community resilience.

Advanced Machine Learning: Exploring deep learning (LSTM, CNNs), hybrid models
(physics-informed ML), ensemble methods, and spatially aware models (spatial Random
Forest, GWR) could further improve prediction accuracy and interpretability.

Causal Analysis: Developing causal models to distinguish between causal and empiri-
cal relationships using structural equation modeling and counterfactual analysis would
deepen our understanding of hazard processes.
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Socioeconomic Integration: Combining HHI and TSI with population exposure, eco-
nomic vulnerability, infrastructure risk, and social vulnerability data for comprehensive
risk assessment would directly support sustainability planning and climate adaptation.

ROC Analysis: Future studies should consider conducting ROC analysis with full AUC
calculation to further validate the HHI threshold selection, complementing the Youden
Index, sensitivity analysis, and Jenks Natural Breaks methods employed in this study.

4.6. Summary of Key Findings and Contributions to Sustainability

This study makes several contributions to sustainable water resource management:

Conceptual Contributions:

HHI provides a unified framework integrating drought and flood risk on a single scale
as a directionality metric.

The directionality + magnitude approach (HHI + TSI) captures both dominant hazard
type and overall risk magnitude.

Spatial-temporal integration provides more comprehensive understanding than either
dimension alone.

The two-dimensional framework addresses the conceptual ambiguity of single-
index approaches.

Methodological Contributions:

Dynamic feature engineering identified flood_volatility and inter-annual changes as
key predictors.

Random Forest achieved excellent performance (AUC = 0.967, recall = 1.00) with strict
avoidance of target leakage.

SHAP analysis provided transparent model explanations for decision-makers.

Moran’s I confirmed spatial coherence of risk patterns.

Objective threshold selection (Youden Index, sensitivity analysis, Jenks Natural Breaks)
validated the HHI classification.

Practical Contributions to Sustainability:

The perfect recall of Random Forest makes it suitable for operational early warning
systems, reducing vulnerability to flood disasters.

Top 10 high-risk hexagons provide clear intervention targets for resource allocation.

Monitoring guidance emphasizes the importance of volatility and change features for
proactive risk management.

The two-dimensional framework supports evidence-based climate adaptation and
disaster risk reduction.

Integration of HHI and TSI enables differentiated adaptation strategies: flood-only vs.
integrated water management.

4.7. Comparison with Existing Approaches

Traditional drought and flood assessments use separate indices (SPI, FHI) that cannot
be directly compared [21,22]. Integrated indices like SDFI and CHEI [23,24] exist but
often rely on standardized anomalies and complex weighting schemes. The HHI-TSI
framework offers several advantages: direct calculation from observed values, simple
subtraction (HHI) and addition (TSI), preservation of magnitude information, and flexible
spatial /temporal aggregation.

Previous machine learning applications have focused on flood susceptibility using
static variables [30,31] or drought forecasting [32,33]. Few studies have applied ML to
integrated drought-flood classification with dynamic temporal features [35,36]. Our study
advances the field by integrating temporal dynamics (trend, volatility, change), combining
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drought and flood in a unified framework, providing interpretable results via SHAP, and
validating spatial patterns via Moran’s 1.

The two-dimensional approach (HHI + TSI) represents a paradigm shift from single-
index methods. By maintaining the original two-dimensional structure of hydrological
hazard, our framework avoids the information loss and ambiguity inherent in collapsing
drought and flood into a single metric. This approach is particularly valuable for identi-
fying compound risk zones where both hazards are severe, which would be overlooked
by HHI alone.

4.8. Spatial Implications of the HHI Framework

The strong positive spatial autocorrelation (Moran’s I = 0.716, p < 0.001) con-
firms that HHI captures spatially coherent risk patterns consistent with the physical
geography—proximity to the Chi River system, topography, and soil properties. High
HHI values cluster in central and eastern portions of the study area, corresponding to areas
near the river system. This spatial coherence complements the temporal dynamics identified
as key predictors.

Practical implications include: (1) targeted interventions in spatially contiguous high-
risk zones; (2) early warning systems accounting for spatial propagation; (3) land use
planning to prevent development in high-risk areas; (4) community engagement through
clear visualization of risk patterns; and (5) climate adaptation planning using current risk
as a baseline.

The spatial clustering validates the H3 hexagonal grid system (resolution H7) for
capturing regional-scale hydrological risk patterns. Future studies should consider spatially
aware models and spatial cross-validation to further refine risk assessments.

4.9. Summary of Key Findings

This study introduced a novel two-dimensional analytical framework for charac-
terizing the drought-flood continuum, moving beyond the limitations of single-index
approaches. The Hydro-Hazard Index (HHI) serves as a robust directionality metric for
classifying the dominant hazard type, while the Total Severity Index (TSI) provides a
crucial complementary measure of overall hazard magnitude. This framework directly sup-
ports sustainable water resource management by enabling evidence-based prioritization of
interventions and adaptation strategies.

Analysis of 115 hexagons over 2018-2024 yielded the following key findings:

HHI effectively discriminates hazard types: Flood-classified hexagons (n = 24) had a
mean HHI of 4.58 compared to 0.76 for Normal hexagons (n =91, p < 0.001). HHI showed
a strong positive correlation with flood_2022 (r = 0.713) and a negative correlation with
drought_2024 (r = —0.528). The HHI = 3 threshold was validated through Youden Index,
sensitivity analysis, and Jenks Natural Breaks.

The joint analysis of HHI and TSI is essential: The two-dimensional framework reveals
that areas with similar HHI can have vastly different overall risk magnitudes (TSI). This
allows for the identification of zones with compound flood-drought risk, which are critical
for targeted interventions and sustainable resource allocation. This addresses the core
conceptual ambiguity of any single-index approach.

flood_volatility is the most critical predictor: With a mean importance of 24.2% and
SHAP value of 0.662, flood_volatility was the most influential feature. Flood areas exhibited
1.77 times higher volatility than Normal areas. flood_change_2021_to_2022 (21.1%) and
flood_change_2018_to_2021 (14.9%) ranked second and third. Drought features collectively
contributed 21.4% of total importance, confirming their complementary role in the two-
dimensional framework.
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Random Forest achieved excellent, reliable performance: By strictly avoiding target
leakage, Random Forest achieved an accuracy of 0.913, AUC of 0.967, and perfect recall
(1.00), with stable cross-validation (CV F1 = 0.92 £ 0.08). This makes it a highly suitable
tool for operational early warning systems, providing a reliable basis for proactive disaster
management and sustainable development planning.

High-risk areas are spatially clustered: Spatial autocorrelation confirmed strong
clustering of high-risk areas (Moran’s I = 0.716, p < 0.001), validating the spatial co-
herence of the framework and enabling efficient, targeted interventions that maximize
resource efficiency.

Overall Contribution to Sustainability:

This research directly contributes to sustainability by providing a more nuanced
and robust framework for managing the growing challenges of hydrological extremes
in a changing climate. By moving beyond a single-index view of hazard, the HHI-TSI
framework supports evidence-based, integrated water resources management. It helps
identify not just where the dominant hazard lies, but also where compound risks exist,
which is crucial for:

Resilient infrastructure planning: Prioritizing investments in areas with high TSI and
compound risk.

Sustainable agriculture: Developing water management strategies that address both
flood and drought risks.

Effective disaster risk reduction: Targeting early warning systems and preparedness
measures to high-risk clusters.

Climate adaptation: Building adaptive capacity in communities facing multiple hy-
drological hazards.

The potential for implementation in early warning systems further enhances com-
munity resilience and contributes to the achievement of Sustainable Development Goals,
particularly SDG 6 (Clean Water and Sanitation), SDG 11 (Sustainable Cities and Commu-
nities), and SDG 13 (Climate Action).

Despite these limitations (short temporal coverage, temporal mismatch, sample size,
exclusion of physical variables, and the acknowledged limitations regarding target leakage
and HHI validation), this framework offers a practical, interpretable, and scientifically
sound tool for decision-makers working towards a more sustainable and resilient future.
The transparent acknowledgment of these limitations provides a clear roadmap for future
research to strengthen and refine the proposed methodology. Future research should
focus on extended temporal coverage, incorporation of physical variables, transferability
testing, real-time system development, socioeconomic integration, and ROC analysis for
comprehensive vulnerability assessment.

5. Conclusions

This study introduced a two-dimensional analytical framework for drought-flood risk
assessment, addressing the limitations of single-index approaches. The Hydro-Hazard
Index (HHI) serves as a directionality metric for classifying dominant hazard type, while the
Total Severity Index (TSI) provides a complementary measure of overall hazard magnitude.

Analysis of 115 hexagons (2018-2024) revealed that HHI effectively discriminates
hazard types, with Flood-classified areas (n = 24) showing significantly higher mean
HHI (4.58) than Normal areas (0.76, p < 0.001). The HHI = 3 threshold was validated
through Youden Index, sensitivity analysis, and Jenks Natural Breaks, with 94.2% field
validation accuracy.

Critically, the joint HHI-TSI analysis revealed that areas with similar HHI can have
vastly different TSI values, identifying compound flood-drought risk zones that would be
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overlooked by HHI alone. Flood_volatility emerged as the most important predictor (24.2%
importance, SHAP = 0.662), with Flood areas exhibiting 1.77 times higher volatility than
Normal areas.

Random Forest achieved excellent performance (Accuracy = 0.913, AUC = 0.967,
Recall = 1.00) with target leakage strictly avoided. Spatial clustering of high-risk areas was
confirmed (Moran’s I = 0.716, p < 0.001), enabling targeted interventions.

The HHI-TSI framework supports evidence-based decision-making for sustainable
water management, climate adaptation, and disaster risk reduction, contributing to SDGs
6, 11, and 13. Despite limitations including short temporal coverage, temporal mismatch
between datasets, small sample size, exclusion of physical variables, and the acknowledged
constraints regarding target leakage and HHI validation, this framework offers a practical
tool for integrated risk assessment. The transparent acknowledgment of these limitations
provides a foundation for future research to refine and strengthen the methodology. Fu-
ture research should extend temporal coverage, incorporate physical variables, develop
real-time early warning systems, and prioritize independent validation of the HHI-TSI
framework using datasets that capture the full spectrum of drought and flood impacts.
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