
Interpretable Flood Probability Modelling from
Multidimensional Drivers Using Two-Stage Feature
Selection and Hybrid Optimised Machine Learning
Saeid Najjar-Ghabel 

University of West London
Kourosh Behzadian 

University of West London
Behnam Sadaghat 

University of Tabriz

Research Article

Keywords: Flood Probability, Explainable machine learning, Recursive feature elimination,
Hyperparameter optimisation, SHapley Additive exPlanations

Posted Date: November 9th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-11454058/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

https://doi.org/10.21203/rs.3.rs-11454058/v1
https://doi.org/10.21203/rs.3.rs-11454058/v1
https://doi.org/10.21203/rs.3.rs-11454058/v1
https://creativecommons.org/licenses/by/4.0/


Interpretable Flood Probability Modelling from Multidimensional Drivers 1 

Using Two-Stage Feature Selection and Hybrid Optimised Machine Learning 2 

 3 

Abstract 4 

Floods are among the most destructive natural disasters, driven by environmental, infrastructural and socio-5 

political factors. This paper presents an interpretable framework for estimating flood probability from 20 6 

input variables in a benchmark dataset of 50,000 records, covering hydroclimatic and physical, land-use 7 

and ecosystem, infrastructure and water-management, and socioeconomic, governance and planning 8 

factors. To overcome the black-box nature of machine-learning models, the framework combines two-stage 9 

feature selection, in which Variance Inflation Factor (VIF) screening checks for collinearity and Recursive 10 

Feature Elimination (RFE) removes redundant predictors, with SHapley Additive exPlanations (SHAP)-11 

based sensitivity analysis. Decision Tree Regression (DTR), Support Vector Regression (SVR) and Extreme 12 

Gradient Boosting (XGBoost) serve as base regressors, with Lungs Performance-Based Optimisation 13 

(LPO) used for hyperparameter tuning. VIF screening showed no severe multicollinearity (VIF < 6), so all 14 

20 variables were retained, and RFE then retained the 18 highest-ranked predictors for each regressor. 15 

XGBoost was the best base regressor. Coupling each regressor with LPO improved test-set performance, 16 

increasing R² by 11-17% and reducing the root mean square error (RMSE) by 34-61%. The LPO-optimised 17 

XGBoost hybrid (XGLP) performed best (test R² = 0.97; RMSE = 0.0089), a 17% increase in R² and a 61% 18 

reduction in RMSE relative to the base XGBoost. SHAP  analysis showed near-uniform contributions across 19 

predictors, consistent with the equal weighting of drivers in the benchmark index. The framework offers a 20 

transparent, reproducible pipeline applicable to observed flood records to support climate-resilience and 21 

infrastructure planning. 22 

Keywords: Flood Probability; Explainable machine learning; Recursive feature elimination;  23 

Hyperparameter optimisation; SHapley Additive exPlanations. 24 

1. Introduction 25 

Floods remain one of the most devastating and widespread natural disasters, affecting millions of people 26 

annually and causing significant economic, social, and environmental damage (Fatica et al. 2024). Their 27 

increasing frequency and intensity are closely linked to a combination of natural processes and human 28 

activities (Nguyen et al. 2024). As climate change accelerates and urban landscapes expand, understanding 29 

and mitigating flood risks has become more complex than ever (Han et al. 2024). An effective response 30 



requires not only predictive accuracy but also a deep understanding of the diverse and interconnected factors 31 

that shape flood dynamics (Rosenzweig et al. 2024).  32 

At the heart of flood occurrences lies a web of interactions between environmental, infrastructural, and 33 

socio-political elements. Natural events such as monsoon systems, particularly their duration, intensity, and 34 

geographical shifts, can act as primary catalysts for flooding, especially in regions with seasonal rainfall 35 

patterns (Bazai et al. 2025). However, these meteorological triggers often interact with human-induced 36 

landscape transformations. Widespread deforestation, for instance, reduces the land’s capacity to absorb 37 

water, increases surface runoff, and destabilises riverbanks (Potić et al. 2022). Likewise, rapid land-use 38 

changes (Andreadis et al. 2022) and unregulated urban sprawl (Alshammari et al. 2023) can obstruct natural 39 

water pathways, contributing to more frequent and severe flooding events. 40 

Drainage infrastructure plays a critical mediating role in this context (Monachese et al. 2025). The design, 41 

capacity, and maintenance of drainage systems determine whether excess water is safely redirected or 42 

instead accumulates into destructive floodwaters (Wu et al. 2025). In many urban areas, outdated or poorly 43 

managed drainage networks amplify the risks posed by even moderate rainfall (Yang et al. 2023). Urban 44 

zoning policies further influence exposure and vulnerability; when residential or commercial development 45 

encroaches on flood-prone zones, often due to economic or political pressures, the manner in which land is 46 

allocated, regulated, and enforced reflects broader planning practices that directly affect flood 47 

resilience (Der Sarkissian et al. 2022).  48 

Moreover, governance and institutional frameworks significantly shape both flood risk and flood 49 

response (Ibrahim et al. 2023). The quality of policy implementation, transparency in environmental 50 

regulation, disaster preparedness strategies, and the degree of inter-agency coordination are all essential 51 

components in managing flood hazards (Moises et al. 2024). In many regions, governance failures, such as 52 

inadequate risk assessments, corruption in construction planning, or a lack of public engagement, 53 

exacerbate flood vulnerability (Zhou et al. 2024). These socio-political dimensions are often less visible in 54 

technical analyses, yet they are central to understanding the full scope of flood probability (Carvalho and 55 

Spataru 2023).  Capturing the complexity of such multi-dimensional systems calls for analytical approaches 56 

capable of processing and relating vast, heterogeneous information (Pradhan et al. 2023). Machine learning, 57 

with its capacity to identify patterns and interactions across diverse datasets, offers a promising path in this 58 

regard (Sharma et al. 2024). However, a major concern with many machine learning applications lies in 59 

their opacity: traditional models often deliver predictions without revealing the logic behind them (Wang et 60 

al. 2025). This has given rise to explainable machine learning techniques that not only predict outcomes 61 

but also expose the underlying factors contributing to them, bridging the gap between computational power 62 

and interpretive clarity (Hrast Essenfelder et al. 2025). Such approaches enable a more transparent and 63 



informed understanding of complex phenomena like flood risk, fostering better planning and 64 

decision-making across disciplines. 65 

Machine-learning methods provide a flexible means of representing nonlinear relationships and complex 66 

interactions among heterogeneous flood-related variables (Pramanik et al. 2026). Methods such as decision 67 

tree, support vector machine, and gradient-boosting are among the most popular ones used for mapping 68 

flood susceptibility and estimating flood index. The effectiveness of these methods, however, is not only 69 

limited using several irrelevant predictors, suboptimal configurations of hyperparameters, overfitting and 70 

information leakage during the construction of a model but may also be compromised by the quality of 71 

data. Moreover, several highly performing machine-learning models lack the ability to clearly describe how 72 

they make their predictions (Li et al. 2025). Explainable AI provides tools through which one can trace the 73 

contribution of each input variable to the output of a machine-learning model. In particular, SHapley 74 

Additive exPlanations (SHAP) are a method of measuring the influence of each variable on a prediction of 75 

a model, either positively or negatively, with reference to a starting value. This type of explanation helps 76 

detect errors in the model, promotes understandability and reveals non-linear relations (Hrast Essenfelder 77 

et al. 2025). 78 

Recent studies demonstrate the growing application of machine learning to different flood-assessment 79 

problems. Islam and Chowdhury (2024), for example, compared random forest and support vector machine 80 

models for flash-flood susceptibility assessment in northeastern Bangladesh. Sseguya and Jun (2024) 81 

evaluated feedforward, convolutional, and long short-term memory networks within a deep neural-network 82 

ensemble. Other investigations have applied logistic regression, decision trees, k-nearest neighbours, 83 

random forests, support vector machines, XGBoost, Gaussian-process regression, and metaheuristic hybrid 84 

models to flood susceptibility and flood-potential assessment in different geographical settings (Vojtek et 85 

al. 2023; Taromideh et al. 2024; Demissie et al. 2024). 86 

Table 1 summarises the most recently developed models (2022-2024) for flood risk assessment, together 87 

with the data, main results and reference of each study. A closer examination of the predictors, feature-88 

selection, optimisation and explainability steps used in these studies reveals three recurring limitations, 89 

each of which is addressed in the present study. First, as the key predictors reported in Table 1 indicate, the 90 

predictors used are almost exclusively physical (topography, hydrology, rainfall, soil and land cover), 91 

whereas infrastructural drivers (e.g., drainage capacity, dam quality, urbanisation) and socio-political 92 

drivers (e.g., governance quality, encroachment, disaster preparedness) are absent. In contrast, the present 93 

study considers 20 predictors covering hydroclimatic, land-use, infrastructural and socio-political 94 

governance domains. Second, feature refinement and hyperparameter optimisation are rarely combined: 95 

only Singha et al. (2024) applied formal feature selection (Boruta), and only Vojtek et al. (2023) used a 96 



metaheuristic optimiser (a genetic algorithm). None combined multicollinearity screening, model-specific 97 

recursive feature elimination and metaheuristic tuning in a single pipeline, which is the approach adopted 98 

in the present study. Third, apart from Singha et al. (2024), none of the reviewed studies used SHAP to 99 

quantify the direction and magnitude of each predictor's contribution. Moreover, the recently proposed 100 

lungs performance-based optimisation (LPO) has not yet been applied to flood modelling. To the best of 101 

our knowledge, no recent study has integrated physical, infrastructural and governance drivers with VIF-102 

RFE refinement, LPO-based tuning and SHAP attribution to improve both the accuracy and the 103 

interpretability of flood-probability estimation. 104 

Table 1. Recently developed ML-driven models for flood risk assessment 105 

Method Data Results Reference 

RF and SVM 
(statistical + spatial 

metrics) 

Local 
flash-flood 

records in NE 
Bangladesh; 5 

zones 

RF outperformed SVM: AUC = 0.964, 
acc = 92.1%, 𝜅 = 0.894; overall RF–SVM 
map agreement = 73.3% (very-low class: 
RF-SVM = 97.15%, SVM-RF = 81.54%) 

Islam and 
Chowdhury 

(2024) 

FFNN, CNN, LSTM 
+ DNNE 

Nile basin 
(1993-2022; 6 

predictors) 

DNNE best; LSTM: 99.82 % (AUC = 0.99), 
FFNN: 99.63 % (AUC = 0.99), CNN: 

95.42 % (AUC = 0.89) 

Sseguya and Jun 
(2024) 

LR, RF, SVM, KNN, 
AdaBoost and 

XGBoost on 13 GIS 
predictors 

1,528 flood + 
528 non-flood 
points (1996-

present) 

XGBoost & RF best: acc = 0.82-0.97 across 
resolutions; key predictors: stream distance, 

soil type, rainfall, elevation, impervious 
surfaces; stacking improved robustness 

Demissie et al. 
(2024) 

DT, KNN, LR, SVM, 
RF (tuned) 

Semarang: 
2,884 points; 

14 factors 

KNN delivered highest zoning accuracy; top 
factors: curve number, distance to river, 

building density 

Yuwono et al. 
(2024) 

Ensemble vs. CART 
and RF 

Urban flood 
predictors 

Ensemble outperformed CART & RF in 
accuracy and bias reduction; generated 

credible urban flood-hazard maps 

Taromideh et al. 
(2024) 

GPR and SVM w/ 4 
kernels 

Koshi basin 
2010-2020; 13 

factors 

SVM-PUK best (0.995 ≈ ²ݎ; 
RMSE ≈ 0.051); classified 31.00 % high & 

1.10 % very high flood-risk area 

Baig et al. 
(2022) 

10 ML models + 
Boruta/SHAP 

Arambag 
geospatial 

data 

RF AUC = 0.847; AdaBoost = 0.839; 
SHAP/Boruta flagged precipitation, 

elevation, river distance; 17.2-18.6 % area 
highly susceptible 

Singha et al. 
(2024) 

FFNN, XGBoost and 
GA-hybrids 

Gidra basin: 
10 k points; 11 

factors 

GA-XGBoost best (AUC = 0.97 vs. 
XGBoost = 0.96); hybrids improved 

high-risk detection to 12.3 % vs. 11.0 % in 
stand-alone models 

Vojtek et al. 
(2023) 

Abbreviations: AdaBoost: adaptive boosting; AUC: area under the receiver operating characteristic curve; acc: accuracy; CART: classification 106 

and regression tree; CNN: convolutional neural network; DNNE: deep neural network ensemble; DT: decision tree; FFNN: feedforward neural 107 

network; GA: genetic algorithm; GPR: Gaussian process regression; KNN: k-nearest neighbours; LR: logistic regression; LSTM: long short-term 108 

memory; ML: machine learning; NE: north-eastern; PUK: Pearson VII universal kernel; RF: random forest; SHAP, SHapley Additive exPlanations; 109 

SVM: support vector machine; XGBoost: extreme gradient boosting; κ: Cohen's kappa coefficient. 110 

This study aims to develop and evaluate an accurate and explainable hybrid machine-learning framework 111 

for estimating a composite flood-probability index from multidimensional environmental, infrastructural, 112 



land-use and institutional variables. The specific objectives are to: (1) determine whether VIF-RFE feature 113 

refinement improves model parsimony and predictive performance; (2) compare baseline and LPO-114 

optimised DTR, SVR, and XGBoost models; (3) identify the predictors that contribute most strongly to the 115 

estimated index; and (4) examine the extent to which the modelling framework can reproduce the composite 116 

response represented in the benchmark dataset. 117 

2. Methodology 118 

This study developed an explainability-oriented machine-learning framework for estimating a constructed 119 

composite flood-probability index from multiple environmental, infrastructural, demographic, and 120 

governance-related factors. The framework comprised four principal stages as shown in Fig. 1, including a 121 

multidimensional flood-driver dataset; feature refinement using VIF and recursive feature elimination 122 

(RFE); flood-probability modelling using decision tree regression (DTR), support vector regression (SVR), 123 

and extreme gradient boosting (XGBoost); and hyperparameter optimisation using lungs performance-124 

based optimisation (LPO). The resulting hybrid models were subsequently evaluated through five-fold 125 

cross-validation and interpreted using SHapley Additive exPlanations (SHAP). 126 

We initially trained the three conventional regressors using their baseline configurations to establish 127 

reference performance. We then coupled LPO separately with each regressor to generate the LPO-DTR, 128 

LPO-SVR, and LPO-XGBoost hybrid models. We assessed model performance using error-, bias-, 129 

dispersion, and agreement-based indicators. Finally, SHAP analysis was applied to the best-performing 130 

model to quantify the direction and magnitude of each predictor’s contribution to the estimated flood 131 

probability.  132 



 133 

Fig. 1 The framework for LPO-based flood-probability modelling  134 

2.1. Data Collection and Predictor Variables 135 

The data used in this study were obtained from the publicly available Flood Prediction Dataset (Khalid 136 

2024). The dataset consisted of 50,000 instances, characterised by 20 predictor variables and one target 137 

variable: Flood Probability (ܲܨ). The 20 predictors and their abbreviations are grouped in Table 2. 138 

Table 2.  Predictor groups and variables 139 

Predictor group Variables and abbreviations 

Hydroclimatic and physical 

factors 

Monsoon Intensity (MI); Climate Change (CC); Topography Drainage (TD); 

Siltation (Si); Coastal Vulnerability (CV); Landslides (Ls); Watersheds (Ws) 

Land use and ecosystem factors Wetland Loss (WL); Deforestation (DF); Urbanization (Ur); Encroachments 

(En); Agricultural Practices (AP) 

Infrastructure and water-

management factors 

Drainage Systems (DS); Dam Quality (DQ); River Management (RM); 

Deteriorating Infrastructure (DI) 

Socioeconomic, Governance and 

planning factors 

Population Score (PS); Political Factors (PF); Ineffective Disaster 

Preparedness (IDP); Inadequate Planning (IP) 

 140 

Prior to model development, the dataset was thoroughly randomised. This random permutation eliminates 141 

potential bias from the original data ordering and ensures that the training, validation, and testing splits are 142 

representative. Randomisation is a standard procedure to prevent unintended patterns from influencing 143 



model training and evaluation. Fig. 2 displays the dendrogram resulting from feature clustering. To 144 

elucidate variable relationships, we applied agglomerative hierarchical clustering to the 20 predictors. 145 

Variables from similar domains typically form clusters. For instance, UR and WL merge at a low linkage 146 

distance, indicating a shared association with land development. The results, as visualised in Fig. 2, indicate 147 

distinct predictor groups: urban and developmental factors on one side, climate and hydrological factors on 148 

the other, and intermediate clusters that bridge these domains. 149 

 150 

Fig. 2 Dendrogram showing feature clustering 151 

2.2. Predictor Assessment and Feature Refinement 152 

In the data collection phase, multicollinearity was assessed by calculating the variance inflation factor (VIF) 153 

for each independent variable. Multicollinearity is identified when two or more predictors exhibit a high 154 

degree of correlation, a condition that can artificially inflate or deflate the standard errors of estimated 155 

coefficients and consequently render truly significant effects nonsignificant (Alin 2010). Multicollinearity 156 

was evaluated using VIF before model training. For each predictor ௝ܺ, the variance inflation factor is 157 

calculated as Equation (1): 158 



௝ܨܫܸ =  11 − ௝ܴ2 (1) 

Where ܸܨܫ௝ is the variance inflation factor for predictor ௝ܺ and ௝ܴ2 is obtained by regressing ௝ܺ on all the 159 

other independent variables. An intercept was included in each auxiliary regression to avoid uncentred VIF 160 

estimates. In addition, we centred all predictors before calculating VIFs. 161 

A VIF value of 1 corresponds to a regressor that is independent of the other regressors; a VIF value 162 

increasing beyond 1 implies increased multicollinearity. VIF over 5 should indicate potential collinearity 163 

problems worth considering more carefully, whereas a VIF over 10 should show clear evidence of serious 164 

collinearity problems. Predictors, however, were not eliminated only because they were higher than some 165 

arbitrary number, but instead their conceptual significance, redundancy, and effect on model stability were 166 

also evaluated alongside the other measures, which is in keeping with the view that VIF cutoffs must be 167 

read against the background (O’brien 2007). 168 

After the multicollinearity check, the Recursive Feature Elimination (RFE) method was applied separately 169 

to DTR, SVR, and XGBoost models. RFE is a one-step-at-a-time procedure in which the feature's 170 

importance is evaluated based on the selected importance metric, and the least important one is removed. 171 

At the very beginning, the model is built based on all the features at hand, and then for each feature an 172 

importance index (e.g. the absolute value of regression coefficients in linear models or built-in importance 173 

scores of tree models) is computed. The least important predictor is dropped, and the remaining features 174 

are assessed again following the same steps. This process of fitting, scoring, and removing continues till 175 

the number of features reaches the required number of dimensions. Thus, the main purpose of this procedure 176 

is to eliminate all features except those that are extremely important for the model's predictions (Brownlee 177 

2020). For each regressor, the 18 highest-ranked predictors were retained for subsequent model 178 

development and hyperparameter tuning. 179 

2.3. Machine Learning Regression Models 180 

2.3.1.  Decision Tree Regression (DTR) 181 

The Decision Tree Regression (DTR) algorithm is a type of supervised learning that is popular and is 182 

equally well suited for regression and classification tasks. A decision tree algorithm creates a set of 183 

hierarchical decision nodes and leaf nodes that at each level divides the dataset based on some specific 184 

criteria. When it is used for regression, the DTR makes use of a set of input features to model a response, 185 

predicting values that span a continuous range, instead of using categories which are well defined (Erdal 186 

2013; Ahmad et al. 2021). The biggest feature of the DTR model is that it can divide the space of input 187 

variables into a number of partitions that are mutually exclusive and collectively exhaustive. For each such 188 

split, the model creates a corresponding leaf to which one of the records is assigned through the decision 189 



path, and the result corresponds with the label of the leaf node to be retrieved. Through a process of splitting, 190 

stopping, and pruning, the DTR is essentially trying to build a model that will accurately predict and will 191 

be able to be reasonably understood by a human, that reveals the hidden patterns in a given dataset through 192 

a suitable partitioning of the data. 193 

2.3.2.  Support Vector Regression (SVR) 194 

Support Vector Regression (SVR) is a machine learning technique aimed at forecasting continuous outputs 195 

from past data. It works by identifying a function that most closely fits the data within a given tolerance, 196 

the so-called error margin, which allows slight deviations from the true values without imposing penalties. 197 

An extended method based on SVR, called nu-SVR, aims to adjust epsilon and the level of prediction 198 

accuracy according to features of your data. The nu-SVR tries to reduce prediction errors at a level that also 199 

controls the complexity of the model so that the result is an accurate and generalisable forecast. In most 200 

cases, the forecasting technique based on SVR comprises several steps: getting data from different reliable 201 

sources, preparing the data, for example by normalisation or transformation, in order to make the data 202 

suitable for training a learner, and splitting the whole data set into a set for training the model and a set for 203 

testing. Training involves the model getting to know the data and extracting the parameters that best 204 

describe it; then testing evaluates the model's correctness in different aspects. Once the model is verified, it 205 

is used to forecast new values. SVR is therefore well suited to problems that involve nonlinearities or noise 206 

(Li et al. 2009). 207 

2.3.3.  Extreme Gradient Boosting (XGBoost) 208 

Extreme Gradient Boosting (XGBoost) is a tree-boosting framework that can scale well. This framework 209 

unites algorithmic improvements with system-level design to deliver top-tier performance and efficiency. 210 

Besides, it adopts regularised learning so that one aspect in the learning process, model accuracy, is not at 211 

the expense of another aspect, model complexity, through utilising not only first-order gradients but second-212 

order gradients as well. The use of gradients is helpful in making very good and quick split decisions. When 213 

it comes to very big data, the weighted quantile sketch introduced by XGBoost provides a good level of 214 

accuracy in split proposals, whereas the sparsity-aware split-finding algorithm handles the missing/ zeros 215 

values efficiently by not requiring the data to be dense, thereby resulting in significant gains in speed, 216 

especially in the cases where onehot-encoded features are involved. At the system level, XGBoost makes 217 

use of features such as cache-aware column blocks, block compression and sharding in order to support 218 

learning directly from the hard disk while also enabling parallel and distributed execution, which together 219 

allow the processing of billions of instances on anything from a single laptop to large computer clusters 220 

(Chen and Guestrin 2016). 221 



2.4.  Lungs Performance-Based Optimisation (LPO) 222 

The predictive performance of DTR, SVR, and XGBoost depends strongly on their hyperparameter 223 

configurations. Lung’s performance-based optimisation (LPO) was therefore employed separately for each 224 

regression model to identify a suitable configuration. LPO is a population-based metaheuristic inspired by 225 

respiratory impedance, which comprises respiratory resistance and respiratory reactance. In the algorithm, 226 

these concepts are translated into complementary search mechanisms intended to balance exploration of 227 

the hyperparameter space with refinement around promising solutions (Ghasemi et al. 2024) 228 

For model ݉, the ݅-th candidate configuration at iteration ݐ is represented by a complete vector of model-229 

specific hyperparameters: 230 

θ௠,௜(௧) = ௠,௜,1(௧)ߠ] , ௠,௜,2(௧)ߠ , … , ௠,௜,஽೘(௧)ߠ ]்
 (2) 

Here, θ௠,௜(௧)  represents the hyperparameter candidate vector ݅ for model ݉ at iteration ܦ ,ݐ௠ is the number 231 

of hyperparameters optimized for model ݉. The initial value of hyperparameter ݆ for candidate ݅ was 232 

sampled within its predefined search boundaries: 233 ߠ௠,௜,௝(0) = ௠,௝ܮ + ௜,௝ݑ ⋅ (ܷ௠,௝ −  ௠,௝) (3)ܮ

In this expression, ߠ௠,௜,௝(0)  is the value of the j-th hyperparameter inside vector θ௠,௜(௧)  ௠,௝ and ܷ௠,௝ are the 234ܮ  ,

lower and upper bounds of hyperparameter ݆, respectively, and ݑ௜,௝ ∼ ܷ(0,1) is a random variable drawn 235 



from a standard uniform distribution. At each iteration, the LPO search operators generated a trial vector, 236 

denoted by u௠,௜(௧) . Each trial element was restricted to its admissible interval using: 237 ߠ௠,௜,௝trial = min(ܷ௠,௝, max(ܮ௠,௝, ௠,௜,௝trialߠ )) (4) 

Integer-valued hyperparameters were rounded to the nearest integer, whereas continuous hyperparameters 238 

retained their numerical values. Greedy selection was subsequently applied so that a trial configuration 239 

replaced the current candidate only when it reduced the objective function: 240 

θ௠,௜(௧+1) = {u௠,௜(௧) , if ݂ (u௠,௜(௧) ) < ݂ (θ௠,௜(௧) )θ௠,௜(௧) , otherwise  (5) 

LPO was applied independently to DTR, SVR, and XGBoost. For XGBoost, the search space included the 241 

number of estimators and maximum tree depth. For DTR, maximum tree depth was optimised, while for 242 

SVR, the penalty parameter ܥ was optimized. 243 

The fitness of every candidate configuration was evaluated using three-fold inner cross-validation. For 244 

model ݉, candidate configuration θ௠,௜, and validation fold ݇, the root mean square error (RMSE) was 245 

calculated as Equation 6: 246 

RMSE௠,௜,௞ = √ 1ܰ௞ ௞,௣ݕ)∑ − ௠,௜,௞,௣)2ேೖݕ̂
௣=1  (6) 

Here, ௞ܰ is the number of observations in the validation fold ݇, ݕ௞,௣ is the observed composite flood-247 

probability index, and ̂ݕ௠,௜,௞,௣ is the corresponding value predicted by the model ݉. The overall LPO 248 

objective function ݂(θ௠,௜) is defined as the mean validation RMSE across all folds shown in Equation (7): 249 

݂(θ௠,௜) = 13 ∑ RMSE௠,௜,௞3
௞=1  (7) 

Consequently, the selected optimal hyperparameter configuration θ௠∗  for model ݉ was determined by 250 

Equation 8: 251 θ௠∗ = arg minθ೘∈Ω೘ ݂(θ௠) (8) 

 Where Ω௠ denotes the admissible hyperparameter search space. Therefore, a lower objective-function 252 

value indicated a better candidate configuration. After optimisation, each model was refitted using the 253 

complete development dataset, its selected predictor subset, and the optimal hyperparameter configuration 254 θ௠∗ . Final performance was subsequently evaluated using an independent test dataset. 255 



2.5.  Evaluation Metrics 256 

Model performance was assessed using the complementary metrics summarised in Table 3. Together, these 257 

metrics evaluate prediction accuracy, systematic bias, residual variability, and agreement between measured 258 

and predicted values (Contributors 2024). 259 

Table 3. Summary of the statistical metrics used to evaluate model performance. 260 

Metrics Equation Description 

Root Mean Square Error (RMSE) √1݊ ∑( ௜ܺ − ௜ܻ)2௡
௜=1  

Measures the overall magnitude of 
prediction errors while assigning 
greater weight to large deviations 

Mean Absolute Error (MAE) 1݊ ∑| ௜ܺ − ௜ܻ|௡
௜=1  

- 

Percentage Deviation (࢏ࡰࡼ) ௜ܺ − ௜ܻ௜ܺ ∗ 100 
Expresses the signed percentage 

error for the i th observation 

Average Percentage Deviation 
(APD) 

1݊ ∑ ௜௡ܦܲ
௜=1  

Measures the mean signed 
percentage error and indicates 

systematic model bias 

Average Absolute Percentage 
Deviation (AAPD) 

1݊ ௜|௡ܦܲ|∑
௜=1  

- 

Standard Deviation of Residuals 
(SD) √ 1݊ − 1 ௜ܦ)∑ − 2௡(ܦ̅

௜=1  

Quantifies the variability of 
prediction errors around their mean 

Pearson Correlation Coefficient (ࡾ) ∑ ( ௜ܺ − ܺ̅)( ௜ܻ − ܻ̅)௡௜=1√∑ ( ௜ܺ − ܺ̅)2 ∑ ( ௜ܻ − ܻ̅)௡௜=1௡௜=1  
Measures the strength and direction 
of the linear relationship between 

measured and predicted values 

Coefficient of Determination (ࡾ૛) 1 − ∑ ( ௜ܺ − ௜ܻ)2௡௜=1∑ ( ௜ܺ − ܺ̅)2௡௜=1  
Indicates the proportion of variation 

in the measured values explained 
by the model 

Notes: ݊ is the number of observations; ௜ܺ and ௜ܻ are the measured and predicted values, respectively; ܦ௜ = ௜ܺ − ௜ܻ is the residual; 261 

and ܺ̅, ܻ̅, and ̅ܦ are the corresponding mean values. 262 

2.6.  Five-Fold Cross-Validation  263 

Fig. 3 depicts a five-fold cross-validation (CV) approach in which the original dataset is first randomised 264 

to avoid potential order effects and split randomly into five equal-sized subsets (folds). In each of the five 265 

CV loops, a different fold is used as the test case, whereas the other four serve as the training set. After 266 

training on the four folds, the model is tested on the remaining fold, so each observation ends up once as a 267 

test case and four times as model input. After the five loops, the performance metrics from the folds are 268 

collated, usually by calculating the mean and standard deviation to provide the most accurate assessment 269 

of the model's ability to generalise. Not only does this method reduce the risk of variance caused by a single 270 

splitting of train and test sets, but it also serves as a measure of overfitting resistance by testing the model 271 

multiple times with different and varied data partitions (Kohavi 1995). 272 



 273 

Fig. 3 Visual illustration of the dataset split according to the 5-fold cross-validation 274 

2.7. Feature Importance 275 

The Shapley Additive explanations (SHAP) methodology is used to determine the contribution of individual 276 

features to a particular prediction. Thus, the model is not only explained, but feature importance can also 277 

be determined. SHAP values are calculated based on concepts from cooperative game theory. In this way, 278 

feature contributions are fairly allocated across all possible feature combinations, resulting in consistent 279 

and highly transparent feature relevance scores. Contrary to traditional significance indicators, such as gain 280 

measures in tree models, which only describe the model behaviour at the single data level, SHAP provides 281 

information at two levels: the local explanation of the prediction and the global overview of feature effects 282 

(Granados et al. 2023). 283 

3. Results and Discussion 284 

3.1. Feature Assessment and Model Validation 285 

3.1.1. Multicollinearity Check and Feature Selection 286 

The VIF values in Fig. 4 are very close (about 5.65 to 5.76), with the highest (~5.75) and the lowest (~5.66). 287 

As expected, none of the VIFs exceeds 10, so multicollinearity is not very high. One way to assess whether 288 

the data are well-conditioned is by using variance inflation factors (VIFs). A variance inflation factor of 10 289 

generally indicates a rather severe level of multicollinearity. VIF values over 10 suggest close examination 290 

of multicollinearity, and in extreme cases, removal of variables may be necessary. Therefore, if 291 

multicollinearity is moderate, it may be enough to be aware of it without removing variables. 292 



 293 

Fig. 4 Multicollinearity by VIF score 294 

RFE-based feature selection was conducted with three regressors: DTR, XGBoost, and SVR. Table 4 295 

presents the final features chosen with each of them, while the full elimination order is detailed in Tables 296 

A1-1 through A1-3 in the Appendix 1. Each model produced a different ranking of predictor importance. 297 

With DTR, Monsoon Intensity (MI) is kept as the top one and even survives the last iteration. With 298 

XGBoost, Population Score (PS) becomes the main predictor. For SVR, on the other hand, River 299 

Management (RM) is one of the most important variables. The models also differ in the selection of 300 

secondary features; e.g., DTR's 2nd- and 3rd-ranked variables are Deteriorating Infrastructure (DI) and 301 

Inadequate Planning (IP), whereas the remaining predictors are ordered differently. 302 

Notably, MI, PS, and RM were each the most important feature in one model, but no single "core" feature 303 

was the most important in all models. The recursive elimination process showed some common points: 304 

certain features (like AP and Si) were removed from all model sequences initially, suggesting they were not 305 

important. Meanwhile, MI in DTR, PS in XGBoost, and RM in SVR were the last to be removed, outlasting 306 

most other features in their respective models. These findings (shown in Table 4 and Table A1, Table A2, 307 

and Table A3 in Appendix 1) suggest that, with different feature-selection methods, each modelling method 308 

emphasises a different set of predictors, and this does not reflect a set of commonly important features. 309 

Table 4. Feature selection of the models based on the RFE ranking method. 310 

ID Variable 
RFE Rank 

DTR XGBoost SVR 

1 Monsoon Intensity (MI) 1 20 18 

2 Topography Drainage (TD) 10 19 9 



3 River Management (RM) 12 18 1 

4 Deforestation (DF) 13 17 8 

5 Urbanisation (Ur) 17 16 11 

6 Climate Change (CC) 7 15 13 

7 Dams Quality (DQ) 8 14 6 

8 Siltation (Si) 6 13 17 

9 Agricultural Practices (AP) 15 12 2 

10 Encroachments (En) 14 11 5 

11 Ineffective Disaster Preparedness (IDP) 11 10 12 

12 Drainage Systems (DS) 16 8 15 

13 Coastal Vulnerability (CV) 19 9 7 

14 Landslides (Ls) 5 7 3 

15 Watersheds (Ws) 18 6 16 

16 Deteriorating Infrastructure (DI) 2 5 20 

17 Population Score (PS) 20 1 14 

18 Wetland Loss (WL) 9 2 19 

19 Inadequate Planning (IP) 3 3 10 

20 Political Factors (PF) 4 4 4 

3.1.2.  Correlation of Variables and Cross-Validation  311 

We further investigated the linear correlation between each predictor and the target variable and summarised 312 

it in Tables A4-A6 of Appendix 2. Overall, FP was weakly correlated with individual variables, since all 313 

the Pearson correlation coefficients were roughly less than 0.23, indicating that no single factor was an 314 

overwhelming linear predictor. For example, from the results of DTR-based analysis displayed in Table A5, 315 

the highest correlation coefficient for FP is approximately 0.229. In the XGBoost-based correlation table 316 

(Table A4), the highest correlation is slightly less, from about 0.18 to 0.20 for the top-ranked features. SVR 317 

correlations (Table A6), like DTR correlations and those based on XGBoost, are generally not very high, 318 

but all show very weak and nearly zero FP correlations. For example, the correlations never exceed 0.18. 319 

Although FP is to some degree associated with a few predictors such as River Management (RM) or 320 

Deteriorating Infrastructure (DI), which sit at the upper end of this band, the associations are generally 321 

weak and vary by algorithm, highlighting the importance of considering multiple factors jointly rather than 322 

relying on any single variable. 323 

Fig. 5 presents the results of a test that each model achieved on each of the five setups with five-fold cross-324 

validation. For instance, the XGBoost model attained its score of 0.839 on Fold 2. Whereas both SVR and 325 

DTR models reached their top performances during Fold 5, which resulted in scores of 0.827 and 0.829, 326 



respectively. In addition, they are the maximum values recorded for predictive accuracy of these three 327 

models through five-fold cross-validation. All the model's performance scores on the remaining cross-328 

validation folds are below these two results. These outcomes demonstrate that the XGBoost was, on the 329 

whole, better at identifying patterns and producing more accurate predictions when the data were available 330 

from the earlier splits. On the contrary, SVR and DTR are better when the splits are later. Overall, XGBoost 331 

produced the best prediction in Fold 2 (the initial partition), while the SVR and DTR models had the best 332 

outcomes in the final data split (Fold 5). 333 

 334 

Fig. 5 Results of 5-fold cross-validation 335 

3.2.  Hyperparameter Tuning and Convergence Curves 336 

Combining their respective machine learning model with the LPO algorithm to automatically select optimal 337 

settings for hyperparameters is the basis for all those newly developed models: XGLP (XGBoost + LPO), 338 

SVLP (SVR + LPO), and DTLP (DTR + LPO). The algorithm works so effectively that it is possible to 339 

maintain both aspects of exploration and exploitation without bias in the tuning. The settings for each 340 

model's hyperparameters, described in detail in Table 5, differ significantly in their strategy and nature. At 341 

a high level, XGLP needed a large ensemble (69 trees) and deep trees (݉ܽݐ݌݁݀_ݔℎ= 58) to discover 342 

nonlinear relationships. In contrast, SVLP needed a low level of regularisation (C = 57). This was because 343 

they were aware of the risks of model overfitting and wanted to strike a fair balance between precision and 344 

generalisation. DTLP, on the other hand, was a more straightforward approach with a much smaller 345 

individual tree size (݉ܽݐ݌݁݀_ݔℎ = 27). 346 



The convergence curves in Fig. 6 reveal the RMSE changes with every iteration of 200 steps, thus 347 

demonstrating how LPO effectively leads every hybrid model to strong optima. The XGLP model decreased 348 

its RMSE most sharply at the beginning and was able not only to maintain this but even to reach as low as 349 

0.0087 at the end. This shows very clearly its capability of capturing a highly complicated mapping 350 

relationship with a very small number of residuals. SVLP took a while to reach a final RMSE value of 351 

0.0156. This reflects how difficult it is to optimise kernel-based regressors in the situation when the number 352 

of dimensions is very high. DTLP, having the RMSE of 0.0129 midway between the other two, showed a 353 

smooth, steady rate of change in RMSE, which can mean that DTLP is the model of choice when moderate 354 

problem complexity is at stake. This difference in performance at the end seems to be very closely related 355 

to setting and selecting hyperparameters: XGLP's decision trees, being deep and expansive, have naturally 356 

contributed to a higher level of accuracy; DTLP, however, due to its regularisation and its relatively simpler 357 

architecture, introduced certain limits on model flexibility. These results, taken together, make it very 358 

convincing that customised hyperparameter tuning is necessary for maximum model performance and that 359 

a hybrid loss penalisation with different models (here LPO) is a flexible approach that may be applied across 360 

different algorithmic frameworks. 361 

Table 5. Hyperparameter properties of the developed hybrid models. 362 

Models Name Hyperparameter Description Range Optimum Value 

XGLP 
n_estimators number of trees in the ensemble [8, 78] 69 max_depth maximum levels per tree [4, 78] 58 

SVLP C inverse strength of regularisation [7, 79] 57 

DTLP max_depth maximum levels per tree [3, 79] 27 

 363 



 364 

Fig. 6 Convergence curves of the developed hybrid models across 200 iterations 365 

 366 

3.3. Performance Evaluation of the Models 367 

The performance results of the base models across various training, validation, and testing phases of the 368 

task are given in Table 6 in multiple metrics. XGBoost is shown to have higher predictive power and 369 

accuracy and was the top performer in all the phases, with train: 0.8327, validation: 0.8332 and test: 0.8278 370 

as its highest values, respectively. It clearly outperformed SVR by about 1.6% in the training session and 371 

1.1% in the testing session, and it was able to outperform DTR by a little margin in training performance 372 

by 0.6% and test performance by 0.2%.  373 

It is important to note that validation of DTR was a bit better than XGBoost (ܴ² = 0.8337 vs. 0.8332, 374 

respectively), and that their generalisation was quite similar. However, DTR still slightly performed worse 375 

than XGBoost, with the test performance of 0.8263 versus XGBoost's 0.8278 being a 0.2% gap. Moreover, 376 

SVR remained far behind, as the test accuracy was 0.8187 for them, which is approximately 1.1% less than 377 

XGBoost and 0.9% below DTR. XGBoost was the most effective in terms of error metrics. RMSE (test: 378 

0.0227) and MAE (test: 0.0183) of XGBoost were the lowest out of the three. Moreover, when comparing 379 

with SVR, the reduction in RMSE was as high as 3.4% and 4.4% in terms of MAE, while for DTR, it 380 

improved by 2.2% and 0.5%, respectively. 381 

SVR's performance was significantly lower, with RMSE at 0.0235 and MAE at 0.0191, implying that the 382 

model lacks precision, unlike XGBoost, which has a much higher precision. DTR, however, has 383 

intermediate errors indicating moderate precision, which aligns with the simplicity and balanced structural 384 



model of DTR. The bias in model predictions was reflected in the APD figures. For XGBoost, there was a 385 

very slight tendency for overestimation in training (0.0020) and testing (0.0621). On the other hand, SVR 386 

generally underestimated during the whole phase from training (-0.0200) to testing (-0.0505). DTR had a 387 

mixed trend, with an underestimation of -0.0833 in testing only. With the lowest AAPD, XGBoost (test: 388 

3.7008), DTR followed as the second one (3.6685), and SVR ended up last one (3.8562). Compared to 389 

SVR, XGBoost reduced the AAPD by 4%. 390 

Like RMSE, the standard deviation (SD) of errors reflected a comparable trend, with XGBoost exhibiting 391 

the smallest (0.0227) SD and closely followed by DT Regression (DTR) with 0.0228 SD, while at the same 392 

time both were much better than SVR, whose SD was 0.0235. Further validation using correlation 393 

coefficients (R), XGBoost outperformed SVR and DTR with a high value of 0.9099 test correlation. It was 394 

followed closely by SVR and DTR, with the gap between XGBoost being about 0.6% over SVR and only 395 

0.1% over DTR. 396 

Based on the above discussion and comparison results, overall, XGBoost stands out to be the most 397 

accurate and stable model, whereas, the SVR with a lesser degree of accuracy because of regularisation has 398 

emerged as the weakest one and the Decision Tree Regression as an alternative model offers the 399 

compromise between easy-to-understand and interpretability features, on one hand, and performance, on 400 

the other hand, by nearly optimal results. It may be said that such findings illustrate the necessity to keep a 401 

balance between error minimisation, model complexity and generalisation when it comes to predicting 402 

flood probabilities. 403 

Table 6. Performance results of the base models across the train, validation, and test phases. 404 

Criteria 
XGBoost SVR DTR 

Train Val. Test Train Val. Test Train Val. Test 

R2 0.8327 0.8332 0.8278 0.8197 0.8177 0.8187 0.8276 0.8337 0.8263 

RMSE 0.0224 0.0223 0.0227 0.0234 0.0234 0.0235 0.0228 0.0223 0.0228 

MAE 0.0180 0.0180 0.0183 0.0189 0.0189 0.0191 0.0183 0.0179 0.0182 

APD 0.0020 0.0407 0.0621 -0.0200 0.0808 -0.0505 0.0090 0.0800 -0.0833 

AAPD 3.6466 3.6494 3.7008 3.8240 3.8230 3.8562 3.7064 3.6238 3.6685 

SD 0.0224 0.0223 0.0227 0.0234 0.0234 0.0235 0.0228 0.0223 0.0228 

R 0.9125 0.9128 0.9099 0.9054 0.9043 0.9048 0.9097 0.9131 0.9090 

 405 

Performance of the hybrid models at the three different stages (training, validation and testing) is shown in 406 

terms of predictive accuracy in Table 7. As it is evident from the table, among the three hybrid models 407 

(XGLP, SVLP and DTLP), the XGLP model proved to be most accurate on all three testing phases. With 408 



prediction accuracies of 0.9704 (training), 0.9714 (validation), and 0.9692 (testing), the XGLP hybrid 409 

model has surpassed the SVLP by around 6.0% on the testing phase and the DTLP by around 3.4%. SVLP 410 

performed the poorest by having the lowest prediction accuracy on all three phases (training: 0.9115; 411 

validation: 0.9112; testing: 0.9108). DTLP, on the other hand, showed medium performance in prediction 412 

accuracy (training: 0.9374; validation: 0.9372; testing: 0.9363). 413 

From an error point, one can further observe the difference between the models. XGLP achieved the best 414 

performances in term of Root Mean Square Error (RMSE) (training: 0.0087; validation: 0.0086; testing: 415 

0.0089) and Mean Absolute Error (MAE) (training: 0.0069; validation: 0.0068; testing: 0.0071), being 416 

DTLP a 31% lower in test RMSE (0.013 vs. 0.0089) and SVLP a 44% higher (0.0156 vs. 0.0089). 417 

Interestingly, DTLP (errors: test RMSE = 0.0130; test MAE = 0.0104) errors were considerably lower than 418 

those for SVLP (errors: test RMSE = 0.0156; test MAE = 0.0126), indicating that the model has an efficient 419 

way to deal with complexity and trade-off error. 420 

Error analysis in terms of percentage also reveals the high reliability and stable accuracy of XGLP on the 421 

testing set (bias in terms of APD was 0.0119, and AAPD was 1.4349%). For SVLP, on the other hand, the 422 

average prediction underestimated (APD is -0.0374), and it shows an even higher AAPD (2.5521%). DTLP, 423 

in addition, shows a mixed bias (APD is -0.0495); it has AAPD (2.1003%), which is lower. Interestingly, 424 

the deviations in error mirrored RMSE trends, such that XGLP's SD (test: 0.0089) is much stricter than that 425 

of DTLP (0.0130) and SVLP's (0.0156). 426 

Finally, XGLP’s strong correlation with test results (R = 0.9845) exceeding DTLP by 1.7% and SVLP by 427 

3.0%. The overall results suggest that the XGLP hybrid model provides better accuracy, very little bias, and 428 

a reliable error distribution, whilst DTLP is a good balance between accuracy and interpretability, and 429 

SVLP, despite being better than its base SVR model, remains the least precise of the hybrids. 430 

Table 7. Performance results of the hybrid models across the train, validation, and test phases. 431 

Criteria 
XGLP SVLP DTLP 

Train Val. Test Train Val. Test Train Val. Test 

R2 0.9704 0.9714 0.9692 0.9115 0.9112 0.9108 0.9374 0.9372 0.9363 

RMSE 0.0087 0.0086 0.0089 0.0156 0.0156 0.0156 0.0129 0.0129 0.0130 

MAE 0.0069 0.0068 0.0071 0.0126 0.0126 0.0126 0.0104 0.0104 0.0104 

APD -0.0004 -0.0165 0.0119 -0.0019 0.0535 -0.0374 -0.0021 0.0487 -0.0495 

AAPD 1.4034 1.3834 1.4349 2.5517 2.5538 2.5521 2.0962 2.1035 2.1003 

SD 0.0087 0.0086 0.0089 0.0156 0.0156 0.0156 0.0129 0.0129 0.0130 

R 0.9851 0.9856 0.9845 0.9547 0.9546 0.9544 0.9682 0.9681 0.9676 

 432 



Fig. 7 shows the scatter plots and box-and-whisker summaries of the predictions vs. measurements of the 433 

three hybrid models during the test phase. In XGLP's chart, the scatter points almost exactly follow the 1:1 434 

line without deviation, and all the points lie within the ±5 % error bands. Its boxplot shows an interquartile 435 

range (IQR) that is very narrow, and the median is almost aligned with the bottom of the box. Only a very 436 

few observations fall outside the whiskers as outliers, which confirms that XGLP is a very unbiased and 437 

consistent model. 438 

In SVLP's plot, the scatter points are more spread out around the 1:1 line so that the ±5 % boundaries are 439 

slightly crossed by a number of observations. This increased degree of variability is reflected in the boxplot, 440 

whose IQR is twice as large as the one corresponding to XGLP, while its median is only a tiny bit higher 441 

up the line, i.e., it indicates that the tendency towards positive bias may be a very minor one indeed. Besides, 442 

there are also some points that are very clearly outliers, which show that the SVLP has made predictions 443 

outside of the ±5 % tolerance limits on a number of occasions. 444 

On DTLP's chart, the scatter points cover a range that is wider than one that contains ±5 % of the total 445 

points, but most of them fit under the ±5% corridor, and only a small proportion of them scatter widely. The 446 

boxplots' IQR of this group is wider than that of XGLP, yet narrower than that of SVLP. Its median is almost 447 

right on the line, but the whiskers go to the ends of the error limits. Besides, there are also a good number 448 

of points just outside the whiskers, which show rare but very short deviations from perfect predictions. 449 

 

(a) 

 

(b) 



 

(c) 

Fig. 7 Scatter plots of the hybrid models in the testing phase, along with box plots. (a) XGLP, (b) SVLP, and (c) DTLP 450 

Fig. 8 depicts relative prediction errors for the hybrid models in box, scatter, whisker, and violin plots. At 451 

the very least, the plot is informative: 1) XGLP has the smallest interquartile range per cent of error, as 452 

demonstrated by the thin blue box at its centre. Its median line is almost right in the middle of the error 453 

axis, which means that the overall prediction is nearly unbiased, if not completely unbiased. Besides this 454 

fact, the violin shape is very tightly drawn around the median, indicating a strong concentration. It could 455 

be said that the 5% error whiskers cover most of the data, with only a few mild data points going beyond, 456 

confirming that XGLP has both precision and stability of the highest class. 2)SVLP, on the other hand, has 457 

an error distribution which is quite a lot wider. The interquartile range of the model is roughly twice that of 458 

XGLP, and from a glance, the spread of errors in both positive and negative directions is very evident. The 459 

median is just a little over the zero line; this indicates a small positive prediction bias. Moreover, SVLP has 460 

one or two very large outliers which go beyond a ±9% error line, thus this hybrid has a good potential 461 

compared to pure SVR but still produces predictions which are not as stable as the other hybrids. 3)DTLP 462 

is somewhere in the middle. The IQR from the grey boxplot of this plot is wider than that of XGLP's but 463 

narrower than that of SVLP, besides the latter the median is almost perfectly located at the zero point; this 464 

means no bias or very small bias. The error whisker length is close to ±7%, i.e., there are a few bigger 465 

deviations from XGLP's predictions in this set, but only one or two very large deviations are from SVLP. 466 

Finally, the violin shape error distribution is confirmed as moderate, i.e., the majority are ±5% error, but as 467 

we get closer to each end of the distribution, we notice more variability. 468 



 469 

Fig. 8 Error box plots of the hybrid models 470 

Fig. 9 overlays the REC curves of each base model with its corresponding hybrid variant and reports the 471 

area under each curve (AUC) as a concise summary of error-tolerance performance. By plotting the fraction 472 

of predictions whose absolute deviation falls below a given threshold, these curves reveal how rapidly each 473 

model accumulates “acceptable” predictions as the tolerance widens: a steeper ascent and a leftward shift 474 

indicate a higher concentration of low-error forecasts. 475 

In the REC curve of the XGBoost versus XGLP, the hybrid XGLP trace rises more sharply, reaching ~99 % 476 

of predictions within a 0.05 deviation, whereas the base XGBoost roughly reaches ~0.85% of accuracy 477 

within 0.05 deviation. Both curves converge to full accuracy, but in different deviations; XGLP’s consistent 478 

lead across the error spectrum yields an AUC of 0.990, with its sharp increase in accuracy. This clear 479 

leftward displacement demonstrates that LPO tuning densifies the most precise forecasts, pushing a larger 480 

share of XGLP’s predictions into the smallest-error band. 481 

In the REC curve of SVR versus SVLP, the SVLP trace climbs more steeply, achieving approximately 90 % 482 

of predictions within a 0.04 deviation, whereas the base SVR only reaches about ~78 % accuracy at that 483 

same threshold. Both curves eventually approach 98 % coverage by roughly a 0.9 deviation. This leftward 484 

shift confirms that LPO optimisation concentrates SVLP’s errors more tightly around zero, yielding far 485 

fewer large deviations than the unoptimized SVR. Similarly, in the REC comparison of DTR and DTLP, 486 

the hybrid DTLP curve accelerates more quickly: it attains close to 98 % of predictions within a 0.04 487 

deviation, while DTR manages only about 85 % at the same point. The clear gap between DTLP and DTR 488 

throughout the error range highlights how LPO tuning sharpens the model’s precision, shifting a larger 489 

fraction of predictions into narrow-error bands. Across all three model families, the REC analysis confirms 490 



that the hybrids consistently shift the error-tolerance profiles leftward and steepen the initial rise of their 491 

REC curves. The higher AUC values of XGLP (0.990), SVLP (0.986), and DTLP (0.987) compared with 492 

their base models demonstrate that hyperparameter optimisation via LPO not only improves average 493 

accuracy metrics but also markedly increases the proportion of highly precise predictions under stringent 494 

deviation criteria. 495 

 

(a) 

 

(b) 

 

(c) 

Fig. 9 The REC curve of the models, along with AUC values 496 

Table 8 highlights the differences in the true flood probability distribution and the distribution of the hybrid 497 

models' predictions at four value ranges, reporting for each the average, minimum, and maximum values. 498 

For XGLP, the overall average prediction (0.5001) lies just 0.0001 (0.02 %) below the measured average 499 

(0.5002). The minimum predicted value of 0.3300 underestimates the observed minimum of 0.3350 by 500 

0.0050 (1.49 %), while the maximum matches exactly at 0.6800. Within the 0.3-0.4 band, XGLP’s mean of 501 

0.3789 is 0.0027 (0.71 %) lower than the measured 0.3816; in the 0.4-0.5 band its mean of 0.4605 trails 502 



0.4625 by 0.0020 (0.43 %). In the 0.5-0.6 range, XGLP’s 0.5318 is 0.0020 (0.37 %) below the observed 503 

0.5338, and for values above 0.6, its 0.6159 falls short of 0.6183 by 0.0024 (0.39 %). 504 

SVLP’s average prediction (0.5003) is 0.0002 (0.04 %) above the measured average of 0.5001. Its minimum 505 

of 0.3200 exactly equals the observed 0.3200, while its maximum of 0.6900 underestimates the true 506 

maximum of 0.6950 by 0.0050 (0.72 %). In the 0.3-0.4 interval, SVLP’s mean of 0.3764 is 0.0037 (0.97 %) 507 

below the measured 0.3801; in the 0.4-0.5 band its 0.4591 is 0.0029 (0.63 %) lower than the observed 508 

0.4620. Within 0.5-0.6, SVLP’s 0.5332 is almost identical to 0.5339 (a 0.0007 or 0.13 % difference), and 509 

above 0.6, its 0.6207 slightly exceeds 0.6189 by 0.0018 (0.29 %). 510 

DTLP yields an average of 0.5004, 0.0003 (0.06 %) above the measured 0.5001. Its minimum of 0.3300 511 

overestimates the true 0.3200 by 0.0100 (3.13 %), and its maximum of 0.6900 underestimates the observed 512 

0.6950 by 0.0050 (0.72 %). In the lowest band, DTLP’s 0.3762 is 0.0039 (1.03 %) below the measured 513 

0.3801; in the 0.4-0.5 range, its 0.4592 trails 0.4620 by 0.0028 (0.61 %). For 0.5-0.6, DTLP’s 0.5331 is 514 

0.0008 (0.15 %) under the observed 0.5339, and above 0.6, its 0.6195 is 0.0006 (0.10 %) above the 515 

measured 0.6189. 516 

Table 8. Statistical properties of the base and hybrid models. 517 

Model name 

Statistical Analysis 

Avg Min Max 
Mean in range 

0.3 to 0.4 0.4 to 0.5 0.5 to 0.6 More than 0.6 

Measured 0.5002 0.3350 0.6800 0.3816 0.4625 0.5338 0.6183 

XGLP 0.5001 0.3300 0.6800 0.3789 0.4605 0.5318 0.6159 

Measured 0.5001 0.3200 0.6950 0.3801 0.4620 0.5339 0.6189 

SVLP 0.5003 0.3200 0.6900 0.3764 0.4591 0.5332 0.6207 

Measured 0.5001 0.3200 0.6950 0.3801 0.4620 0.5339 0.6189 

DTLP 0.5004 0.3300 0.6900 0.3762 0.4592 0.5331 0.6195 

 518 

3.4.  Sensitivity Analysis Results 519 

The SHAP analysis in Fig. A1 (see Appendix 3) shows a consistent pattern across the predictor set. For 520 

every predictor, the SHAP values are centred close to zero and spread over a similar range (approximately 521 

-0.03 to +0.05), with near-identical, roughly symmetric distributions across the samples. No single predictor 522 

or group of predictors stands out with a markedly wider distribution, which agrees with the narrow range 523 

of the normalised mean absolute SHAP values (4.68-5.32%). This near-uniform contribution reflects the 524 



structure of the benchmark target, a composite index that weights its constituent drivers almost equally, 525 

rather than a ranking of real-world flood drivers. The SHAP results therefore confirm that the fitted model 526 

reproduces this structure, and small differences in rank between predictors should not be over-interpreted. 527 

3.5.  Discussion 528 

3.5.1. Comparative Model Performance and Interpretability 529 

Beyond the hybridisation of various regressor models, the use of the LPO technique has further contributed 530 

immensely to the increase in the level of predicted power and confidence. Among all the models tested, 531 

XGLP proved to have the highest values for the test set's performance metrics; R² was 0.9692, while RMSE 532 

was merely 0.0089. Such a decrease in the value of RMSE would result in a reduction of the error rate from 533 

the baseline model, XGBoost, by only 60.8%. The fact that the standard error of XGLP is much less 534 

compared to that of XGBoost (0.0089 vs 0.0227), the difference in the variance of the model's 535 

predictiveness, also points out that XGLP's errors are much more concentrated around zero compared to 536 

those of XGBoost. The regression error characteristic (REC) curves further support and illustrate these 537 

results by indicating that the LPO-optimised models outperform the others in prediction accuracy, 538 

especially at tighter error margins. LPO has thus been found to be one of the most reliable ways one can 539 

identify a set of hyperparameters that go well with nonlinear and interdependent predictor features. 540 

To interpretably maintain the pipeline, VIF screening, RFE, and SHAP have been integrated. The model 541 

XGLP is the hybrid that has greater structural complexity compared with DTLP, so by its nature it is less 542 

transparent. But SHAP compensates by providing insights both at the global (dataset-level) and local 543 

(instance-level) levels. Based on the sensitivity analysis reported in Section 3.4, the SHAP results do not 544 

reveal a particular group of drivers: the normalised mean importance ranges from 4.68 to 5.32% for the 545 

predictors. This is what would be expected, in fact, because of the nearly equal weighting of inputs in the 546 

composite flood-probability index. What SHAP does apart from ranking variables is providing directions. 547 

A variable may be very important, but its level of importance cannot tell you whether an increase in it would 548 

make prediction probability go up or down, so the signed SHAP values show it clearly. DTLP corresponds 549 

to another trade-off: retaining very good prediction (R² = 0.9363) within a single-tree structure, the paths 550 

of which can be traced from end to end. Given that the selected depth (max_depth = 27) would yield a tree 551 

too big so that the whole thing cannot be easily grasped, the transparent nature of a DTLP lies mainly in 552 

checking individual paths rather than the whole model. In other words, it might be a better option if 553 

auditability and quick deployment are more important than getting the maximum prediction accuracy. 554 



4. Conclusions 555 

The present paper has described the development of the integrated interpretable machine-learning 556 

framework for the estimation of the flood probability composite index. This framework has been built based 557 

on a benchmark dataset of 50,000 records and 20 variables which represent five flood-related domains: 558 

meteorological, hydrological, agricultural, infrastructural, and socioeconomic data. The methodology of the 559 

presented framework comprises four phases: the detection of possible colinear predictors and feature 560 

selection (by using the Variance Inflation Factor method), the use of stepwise removal approach as a 561 

recursive method of the feature selection, finding optimal values for ML model parameters (hyperparameter 562 

optimisation) by means of the Lungs Performance-based Optimisation (LPO) algorithm metaheuristic, and 563 

finally a method for the post-hoc attribution via SHAP. The following models have been tested both in their 564 

standard forms as well as in their optimised hybrid forms via LPO: Decision Tree Regression (DTR), 565 

Support Vector Regression (SVR), Extreme Gradient Boosting (XGBoost). As a comparison, they have also 566 

been named DTLP, SVLP, and XGLP (the hybrids). On the held-out test set, amongst the three hybrids, 567 

XGLP had the highest scores (R² = 0.9692, RMSE = 0.0089, MAE = 0.0071, Pearson's R = 0.9845, AAPD 568 

= 1.4349%). In terms of the RMSE, XGLP's RMSE was improved by 44% and 31% upon a better model; 569 

we follow the same convention throughout this paper and all other percentage comparisons. DTLP's 570 

accuracy level was not so high (R² = 0.9363), although it was a single-tree algorithm in which each decision 571 

path could be traced, hence being more suitable for applications where the requirement of auditability 572 

supersedes that of gaining from marginal improvements in the predictive performance. 573 

These results require an important qualification. In this benchmark, the target variable is a composite index 574 

built from the flood risk scores for the 20 predictors instead of an observed flood event. Basically, the index 575 

is just an averaged weighted sum of the 20 standardised predictors. An ordinary least squares regression 576 

model fitted on the same data set and tested on the same held-out test set would have easily uncovered the 577 

model behind it. Additionally, the SHAP analysis discussed in Section 3.4 is in line with this: the average 578 

of the normalised mean contribution lies within 4.68 and 5.32% for all 20 predictors, an almost uniform 579 

distribution, which can be explained by a model which gives equal weight to its underlying index instead 580 

of being driven by a differential influence among the drivers. This study demonstrates that a pipeline 581 

combining VIF screening, recursive feature elimination, metaheuristic hyperparameter tuning, and SHAP 582 

attribution can recover a known generative structure and expose both the magnitude and the direction of 583 

each predictor's contribution, which is a prerequisite for applying such a pipeline to data whose underlying 584 

structure is genuinely unknown. However, it is not proof that a real-world flood risk factor dominates the 585 

others or that such attributions should be taken as causal statements about flooding, but rather, they should 586 

be understood as properties of a fitted model and its training data. 587 



The first of these limitations is that all training and evaluation have been conducted with the help of a single 588 

benchmark dataset whose target has been artificially constructed; hence, the reported accuracy figures only 589 

reveal performance of the pipeline under those particular synthetic conditions, and they are not to be 590 

interpreted as indicators of flood levels which have actually been recorded elsewhere or at other times. 591 

Another issue is that the dataset does not contain any spatial or event-level characteristics, which makes the 592 

framework unfit for being validated against inundation maps or operational forecasts. Furthermore, the 593 

predictors have not changed over time, and the models have only been tested on paper hydrometric 594 

measurements without real-time testing. In addition, a comparison between baseline and LPO-tuned models 595 

does not pinpoint the effect of LPO only, as the baseline models were left untuned; thus, the improvement 596 

shown may rather result from general tuning rather than from the optimiser. 597 

Future research in this area should consider an event-based flood inventory with observed inundation 598 

outcomes for a real case study, to which the developed pipeline can be applied so that SHAP attributions 599 

can be checked against recorded floods. Future studies should also benchmark LPO against Bayesian 600 

optimisation, genetic algorithm and particle swarm optimisation, with all baselines tuned under the same 601 

computational budget, to isolate the contribution of the optimiser itself. 602 

Appendix 603 

Appendix 1 604 

Table A1. Feature selection details for DTR based on RFE 605 
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Table A2. Feature selection details for XGBoost based on RFE 607 
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Table A3. Feature selection details for SVR based on RFE 609 
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Appendix 2 611 

Table A4. Correlation of the variables within dataset concerning XGBoost model 612 
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Fig. A1 SHAP sensitivity results of the variables within the dataset 619 
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