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A B S T R A C T   

Developing accurate groundwater vulnerability maps is important for the sustainable management of ground-
water resources. In this research, resampling methods [e.g., Bootstrap Aggregating (BA) and Disjoint Aggregating 
(DA)] are combined with machine learning (ML) models, namely eXtreme Gradient Boosting (XGBoost), Light 
Gradient Boosting Machine (LGBM), Adaptive Boosting (AdaBoost), Categorical Boosting (CatBoost), and 
Random Forest (RF), to improve the GALDIT groundwater vulnerability mapping framework that considers 
Groundwater occurrence (G) (i.e., aquifer type), Aquifer hydraulic conductivity (A), depth to groundwater Level 
(L), Distance from the seashore (D), Impact of existing seawater intrusion status (I), and aquifer Thickness (T). 
The proposed approach overcomes the subjectivity of the weights and ratings given to the six variables in the 
GALDIT framework (via the ML methods) and helps address the small dataset issue (via resampling methods) 
common to groundwater vulnerability predictive mapping. Considering the Shabestar Plain aquifer, situated in 
the northeast of Lake Urmia (Iran), the predicted vulnerability indices from GALDIT were adjusted using total 
dissolved solid (TDS, an indicator of drinking water quality) concentrations, and were modeled by the ML 
models. Pearson’s correlation coefficient (r) and distance correlation (DC) between the predicted vulnerability 
indices and TDS were used to validate the models. Using a validation set, the GALDIT framework (r = 0.447 and 
DC = 0.511) was compared against the best performing standalone (XGBoost-GALDIT, r = 0.613, DC = 0.647) 
and coupled resampling (BA-XGBoost-GALDIT, r = 0.659, DC = 0.699 and DA-RF-GALDIT, r = 0.616, DC =
0.662) ML models, revealing that the proposed framework significantly increases r and DC metrics. In general, 
the BA resampling method led to better performing ML models than DA. However, in all cases, it was found that 
integrating resampling methods and ML models are promising tools to improve the accuracy of GALDIT 
vulnerability models.   

1. Introduction 

Groundwater accounts for the dominant portion of the world’s 
freshwater supply; it is a natural resource critical to the survival of hu-
mankind. Over-consumption and pollution of water in recent decades, 
linked to anthropogenic activities such as agriculture, industrialization, 
and urbanization, have resulted in a continuous decline in global 
groundwater quality (Kazakis and Voudouris 2015) and quantity 
(Koutsoyiannis, 2020). Groundwater vulnerability can be partitioned 

into water quality vulnerability, a given level of pollutant discharge over 
a specific time, and water quantity vulnerability, the susceptibility of an 
aquifer to a given level of exploitation over a specified time. Ground-
water quality vulnerability is hereafter discussed in the context of 
human and ecosystem health (Dong et al., 2020). 

Evaluation of groundwater quality vulnerability is of particular 
importance for conservation and management purposes. To evaluate 
groundwater’s intrinsic vulnerability, i.e., the feasibility of contaminant 
infiltration and dissemination into groundwater, several studies have 
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used different index-overlay methods, e.g., DRASTIC (Aller et al., 1987), 
SINTACS (Civita 1994), GOD (Foster 1987), susceptibility index (SI) 
(Stigter et al., 2006), and GALDIT (Chachadi and Lobo-Ferreira, 2001a, 
b). Among them, DRASTIC and GALDIT are the two most popular 
methods for measuring groundwater intrinsic vulnerability. The 
DRASTIC framework has been frequently applied in alluvial aquifers 
(Aller, 1985; Fijani et al., 2013; Neshat et al., 2014a, 2014b; Kazakis and 
Voudouris, 2015; Barzegar et al., 2016, 2018; Xiaoyu et al., 2018; Tor-
kashvand et al., 2020), while GALDIT is a particular framework to 
appraise the vulnerability of coastal aquifers to seawater intrusion (SWI) 
(Hu et al., 2018; Motevalli et al., 2018; Bordbar et al., 2019a, 2019b, 
2020), which is the objective of the current study. 

The GALDIT method addresses groundwater vulnerability to SWI 
using six variables including G—groundwater occurrence, 
A—groundwater system hydraulic conductivity, L—depth to ground-
water level, D—distance from the seashore, I—impact of existing 
seawater intrusion status, and T—aquifer thickness. In coastal areas, 
aquifers are susceptible to saltwater intrusion because of the potential 
hydraulic connection between open water bodies and aquifers. Such 
intrusion can be natural or related to human activity. In the latter case, 
over-consumption of water from aquifers by anthropogenic activities 
increases the rate of water table decline (Demirel 2004), reversing the 
flow from the aquifer to the sea and allowing saltwater intrusion 
(Agoubi et al., 2013). The GALDIT method’s main drawback is the 
subjectivity that arises when determining — based on an area’s specific 
hydro(geo)logical and geological characteristics — each variable’s rat-
ing and weight. It is therefore critical that a methodology is developed 

that reduces the contribution of the developer’s subjective judgement in 
assigning variable ratings and weights. 

To address the subjectivity issue and ameliorate the vulnerability 
assessment of index-based approaches (e.g., GALDIT), several method-
ologies have been tested. To assess coastal aquifer groundwater 
vulnerability, Bordbar and colleagues used various methods to address 
weaknesses (i.e., the subjectivity issue) in the GALDIT framework: 
Wilcoxon and Shannon entropy (Bordbar et al., 2019b); Wilcoxon, 
Single-variable Sensitivity Analysis (SVSA), and a Particle Swarm 
Optimization (PSO) algorithm, individually or in combination (Bordbar 
et al (2019a); Frequency Ratio (FR) and Genetic Algorithm (GA) 
(Bordbar et al., 2021); or a Grey Wolf Optimizer (GWO) and GA 
(Bordbar et al., 2020). They concluded that, for the most part, statistical 
and evolutionary methods were successful in generating accurate 
modified GALDIT groundwater vulnerability maps compared to the 
original GALDIT framework. Moreover, other statistical methods such as 
the Analytic Hierarchy Process (AHP) (Kazakis et al., 2019) and fuzzy 
method (Kazakis et al., 2018) have been successfully used for modifying 
the weights and rating system of the GALDIT method. In a recent study, 
Khosravi et al. (2021) successfully applied different statistical, meta-
heuristic (e.g., Differential Evolution (DE) and Biogeography-Based 
Optimization (BBO)), and multi-attribute decision making (e.g., Step- 
wise Weight Assessment Ratio Analysis (SWARA)) methods to improve 
the GALDIT model. 

Given the ability of artificial intelligence (AI) approaches to cope 
with complex environmental problems, their application in aquifer 
vulnerability evaluation and associated risk-based research, mostly to 

Fig. 1. DEM of the Shabestar catchment, NW Iran (adopted from Kadkhodaie et al., 2019).  
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improve the DRASTIC method, has increased significantly in recent 
years (Rodriguez-Galiano et al., 2014). For example, Dixon (2009) used 
individual AI-based models, Artificial Neural Networks (ANN), and a 
Support Vector Machine (SVM) to improve the DRASTIC framework. 
Likewise, Fijani et al. (2013) optimized the original DRASTIC frame-
work through the use of ANN, Fuzzy Logic (FL), Adaptive Neuro-Fuzzy 
Inference System (ANFIS), and Supervised Committee Machine Artifi-
cial Intelligence (SCMAI) models. To assess aquifer contamination risk 
in Iran’s Tabriz Plain, Barzegar et al (2016) applied ANN, FL, ANFIS, and 
SCMAI models to enhance the DRASTIC method’s performance. Nadiri 
et al. (2017) applied SVM, ANFIS, Gene Expression Programming (GEP), 
and SCMAI based on ANN models to improve the DRASTIC framework. 
Seeking to map groundwater vulnerability in multiple aquifer systems in 
northwest Iran’s Marand Plain, Barzegar et al. (2018) employed Extreme 
Learning Machines (ELM), Multivariate Adaptive Regression Splines 
(MARS), M5 Model Tree, Support Vector Regression (SVR), and 
committee-based ANN models to optimize the DRASTIC method. All 
these models successfully improved the DRASTIC method. 

However, fewer improvement schemes have been developed for the 
widely used GALDIT method. Among these, Moazamnia et al. (2020) 
used ANN, FL, ANFIS, and an integrated model using the SVR model to 
optimize and improve a GALDIT framework for mapping vulnerability 
to saltwater intrusion in the Urmia aquifer (on the west coast of Lake 
Urmia, in northwest Iran). They concluded that ANN, SFL and ANFIS 
resulted in some improvement compared to the original GALDIT 
framework and the integrated model resulted in much better results than 
the individual ANN, SFL and ANFIS- based GALDIT approaches. 

Accordingly, this research aims to: (i) establish, as a case study, the 
GALDIT framework to appraise the groundwater vulnerability of 
northwestern Iran’s Shabester Plain Aquifer, (ii) develop several boost-
ing [e.g., eXtreme Gradient Boosting (XGBoost), Light Gradient Boosting 
Machine (LGBM), Categorical Boosting (CatBoost), Adaptive Boosting 
(AdaBoost)] and bagging [e.g., Random Forest (RF)] ML models to 
establish an improved groundwater vulnerability (GALDIT) framework 
using the adjusted GALDIT index as ML’s target variables, and (iii) use 
resampling methods [e.g., Bootstrap Aggregating (BA) and Disjoint 
Aggregating (DA) algorithms] to enhance the accuracy of individual ML 
models. BA produces several bootstrap samples from the original 
training data through replacing the samples randomly and uses each of 
them to build a regressor for inclusion in the ensemble. In DA, the 
bootstrap samples are substituted by disjoint samples. The use of BA and 
DA resampling methods is useful to increase the precision of a ML model 
by diminishing the variance and, in particular, is useful when dealing 
with a small dataset. The BA and DA resampling methods coupled with 
different ML methods (e.g., J48 Decision Trees, Random SubSpace, 
Credal Decision Trees, Best-first Decision Tree) have been used for 
groundwater and environmental engineering problems such as 
groundwater potential mapping (Chen et al., 2020; Nguyen et al., 2020), 
flood probability mapping (Yariyan et al., 2020), landslide susceptibility 
assessment (Pham et al., 2017; Sahana et al., 2020), and gully erosion 
susceptibility evaluation (Roy et al., 2020; Roy and Saha, 2021). To the 
best of the authors’ knowledge, this research represents the first effort to 
examine the applicability of novel ML boosting models to map 
groundwater vulnerability. Likewise, the use of resampling algorithms 
to enhance the performance of ML models in groundwater vulnerability 
mapping with a small dataset has not been previously reported. 

2. Materials and methods 

2.1. Study area 

Situated in northwest Iran’s East Azerbaijan Province and covering 
an extent of approximately 500 km2, the Shabestar Plain (within lon-
gitudes 45◦ 05′ to 46◦ 09′ E and latitudes 37◦ 42′ to 38◦ 24′ N) is one of 
25 sub-catchments making up the Lake Urmia catchment area. The plain 
is surrounded to the north by the Mishow mountain range, to the west by 

the Tasouj region, to the east by the city of Tabriz, and to the south by 
Lake Urmia and large expanses of salt-clay marshlands. A digital 
elevation map (DEM) of the study area (Fig. 1), shows catchment ele-
vations (above mean sea level, AMSL) ranging from a minimum of 1258 
m near Lake Urmia, to a maximum of 3048 m on the northern slopes of 
Mount Falakh, in the Mishow mountains (Kadkhodaie et al., 2019). The 
region has sharp slopes in the north and northeast, gradually decreasing 
towards the south and becoming almost nil near Lake Urmia. The 
greatest and least rainfall occur in May and August, respectively, with an 
average annual rainfall of 325 mm (Barzegar et al., 2019). The climate of 
the area is characterized as semi-arid. Daryan-Chay, Payam-Chay, Sha-
nehjan-Chay, and Sis-Chay are the predominant rivers in the area which 
flow in a northeast to southwest direction and discharge into Lake Urmia 
(Asghari Moghaddam, 1991). Emanating from the southern heights of 
the Mishow mountains, the Daryan-Chay River is the only all-season 
river in the area (Barzegar et al., 2019; Kadkhodaie et al., 2019; Jei-
houni et al., 2019). 

Located in the northern part of the plain and southern part of the 
Mishow mountains, the Kahar formation, the oldest in the area, is 
composed of micaceous shale with ingrained sandstone, schist, slightly 
dolomitic stromatolite, and interlayers of dark-colored limestone (Kad-
khodaie et al., 2019). Generally, rhyolites are typical of the Mishow 
mountain range, while dacite and andesite and Miocene formations 
including sandstone, conglomerate and marl are the dominant forma-
tions surrounding the plain (Asadian et al., 2007). 

On the plain, quaternary formations, mainly alluvium, include old 
and young alluvial terraces, sand and gravel, salt deposits, clay marsh-
lands, and small sandy hills. The thickness of these sediments in the 
Shabestar Plain aquifer ranges from 10 to 270 m. In the mountain 
foothills, sediments are coarse-grained, originating from mountainside 
debris, whereas in the middle of the plain, sediments are fine-grained, 
originating from the numerous alluvial fans in each watercourse (Bar-
zegar et al., 2019). 

The whole plain is covered with an unconfined aquifer while a 
confined aquifer exists in the southern part of the plain below the un-
confined aquifer. In the last few years, the water table in the upper 
unconfined aquifer has dropped through flow to the lower confined 
aquifer. Therefore, the confined aquifer has been hydrogeologically 
altered into an unconfined aquifer (Barzegar et al., 2019). The results of 
pumping tests indicate that the transmissivity at the northern borders of 
the aquifer is 250 m2 d− 1 and increases towards the southern and central 
parts of the aquifer. In the center of the plain, the maximum trans-
missivity ranges from 1000 to 1500 m2 d− 1, gently diminishing toward 
the southern salt lands, and reaching a low of about 100 m2 d− 1 in the 
salt lands situated at the end of the plain. The storage coefficient of the 
aquifer is estimated to be between 2 and 8% (Barzegar et al., 2019; 
Kadkhodaie et al., 2019). 

2.2. Data preparation 

Data from 18 drilling logs in the Shabestar Plain served to identify 
the type and thickness of aquifers. Pumping tests executed by the East 
Azarbaijan Regional Water Authority (EARWA) were utilized to esti-
mate aquifer parameters including specific yield, transmissivity, and 
hydraulic conductivity. The aquifers’ hydraulic conductivity was 
calculated from pumping test data at 23 wells in the study area. This 
study used data from water level monitoring at 21 piezometers in 2016 
and the water level of Lake Urmia (obtained from the EARWA) to 
calculate the groundwater level. 

The groundwater sampling was carried out at 59 available obser-
vation wells within the Shabestar Plain aquifer in September 2016. The 
sampling procedure was based on the Standard Methods (APHA, 2005). 
The samples were collected in polyethylene bottles for measurement of 
major ions including chloride (Cl− ), bicarbonate (HCO3

− ) and carbonate 
(CO3

2− ) and total dissolved solids (TDS). The levels of all these water 
quality parameters were determined by volumetric titrations at the 
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Water Laboratory of the University of Tabriz according to the standard 
methods suggested by the American Public Health Association (APHA, 
2005). The TDS values were used to calibrate and validate the proposed 
GALDIT framework and the newly developed ML-based GALDIT models. 
TDS ranged from 217.5 to 4582.5 mg L− 1, with a median value of 525 
mg L− 1. Fig. 2 shows a map of TDS concentrations, generated using the 
kriging interpolation method, in the Shabestar Plain aquifer. The levels 
of Cl− , HCO3

− and CO3
2− were also used to assess the existing status of 

saltwater intrusion. 
Mehr et al. (2019) comprehensively investigated the source of the 

salinity in the groundwater of the Shabestar Plain. According to different 
ion ratios (Na+/Cl− , Br− /Cl− , (Ca2+ + Mg2+)/SO4

2− , Mg2+/Cl− , (2Ca2+

+ Na+)/Cl− ) and the Rittenhouse diagram (Rittenhouse, 1967), they 
concluded that dissolution of the halite-bearing formations and also SWI 
from Urmia Lake are the predominant factors for the high TDS in the 
area. Moreover, the Li+/Cl− ratio suggested that the original briny water 
is somewhat affected by the evaporation process. The hydrogeological 
and hydrogeochemical investigations showed that upconing cannot be 
considered as the main cause of the salinity in the area, however, it can 
have a minor role as a source of salinity due to groundwater 

overexploitation in different parts of the plain. 

2.3. GALDIT framework 

The GALDIT framework uses hydrogeological and hydrochemical 
variables to assess the vulnerability of groundwater to SWI. Each of 
these variables (i.e., G, A, L, D, I, T), is categorized and rated into four 
classes from very low (2.5), to low (5), moderate (7.5), or high (10). 
Furthermore, a weight ranging between 1 and 4 is given to each variable 
(Chachadi and Lobo-Ferreira, 2001a,b). The ratings and weights of 
GALDIT variables are given in Table 1. After assigning ratings and 
weights, the GALDIT vulnerability index is calculated as (Chachadi and 
Lobo-Ferreira, 2001a,b): 

VIGALDIT = GrGw +ArAw +LrLw +DrDw + IrIw +TrTw (1)  

where VIGALDIT is the GALDIT vulnerability index and the subscripts “r” 
and “w” are the related ratings and weights, respectively. Generally, the 
VIGALDIT value ranges from 45 to 180, where a higher value indicates 
greater vulnerability. 

Fig. 2. Spatial distribution of measured TDS (mg L− 1) concentrations in the Shabestar Plain groundwater.  

Table 1 
Description of the GALDIT layers and their rating and weighting used in this study (Chachadi and Lobo Ferreira, 2001a).  

GALDIT data layers Unit Description Prescribed values of rates and weights    

Rate = 10 Rate = 7.5 Rate = 5 Rate = 2.5 Weight 

Groundwater occurrence 
(G)  

Definition: Type of aquifer Confined 
aquifer 

Unconfined 
aquifer 

Leaky confined 
aquifer 

Bounded 
aquifer 

1 
– Raw data: Geological logs of the observation wells  

Procedure: GIS processing 
Aquifer hydraulic 

conductivity (A) 
m 
d− 1 

Definition: Ability of the aquifer to transmit water >40 10–40 5–10 <5 3  

Raw data: Estimated from pumping test  
Procedure: Interpolated through the inverse distance 

weighting (IDW) technique 
Depth to groundwater 

Level (L) 
m Definition: Elevation of the water table above sea level <1 1–1.5 1.5–2 >2 4  

Raw data: Groundwater Level (GWL) 
Sea (here Urmia lake) Water Level (SWL)  

Procedure: Calculated by L = ¼ SWL-GWL in observation 
wells 
Interpolated by IDW 

Distance from the 
shoreline (D) 

m Definition: Distance of the observation wells from Urmia 
lake shore 

<500 500–750 750–1000 >1000 4  

Raw data: Geographical map  
Procedure: Estimated Euclidean distance in GIS 

Impact of existing status 
of SWI status (I) 

– Definition: Impact of existing status of SWI >2 1.5–2 1–1.5 <1 4  
Raw data: Chemical analysis  
Procedure: Calculated through 

I = Cl− /
(
CO2−

3 +HCO−
3
)

at observation wells 
and interpolated through IDW  

Thickness of the aquifer 
(T) 

m Definition: Thickness of aquifer >10 7.5–10 5–7.5 <5 2  
Raw data: Geoelectrical logs  
Procedure: Interpolated by IDW  
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2.4. Machine learning (ML) models 

Five ML algorithms served to optimize the GALDIT framework’s 
accuracy in recognizing vulnerable points in the study area: (i) XGBoost, 
(ii) CatBoost, (iii) LGBM, (iv) AdaBoost, and (v) RF. These algorithms 
were combined with the BA and DA resampling methods. 

2.4.1. eXtreme Gradient Boosting (XGBoost) 
The eXtreme Gradient Boosting (XGBoost) algorithm considers 

multiple predictors (trees) in parallel, increasing computational effi-
ciency over traditional gradient boosting methods that consider pre-
dictors in a sequential manner (Bethapudi and Desai, 2018). In this 
algorithm, a model’s new predictor (ft at iteration t) is built based on the 
error of the preceding model (the difference between the real value yi 

and the modeled value ŷ(t− 1)
i up to an iteration of t-1), to minimize the 

loss function l
(

yi, (ŷ
(t− 1)
i + ft(Xi))

)

in the following equation (Wang 

et al., 2020): 

φt =
∑n

i=1
l
(

yi,

(

ŷ(t− 1)
i + ft(Xi)

))

+Ω(ft) (2)  

where, n represents the total number of y values; i is the number of a 
given predicted value ŷi (i = 1,2,3,⋯,n); t denotes the iteration number; 
l(yi, ŷi) is the loss function between the actual value yi and ŷi ; ft(Xi)

denotes the base learner added at the tth iteration, Xi represents the 
features (predictors) for the ith sample; Ω(ft) is the regularization term to 
prevent overfitting; and φt is the objective function at the tth iteration. 

2.4.2. Categorical boosting (CatBoost) 
A gradient boosting model originally introduced by engineers at 

Yandex in 2017 (Prokhorenkova et al., 2018), the CatBoost algorithm 
can deal with categorical variables well and uses decision trees as the 
base learning algorithm to train a sequence of such trees in an iterative 
manner. In CatBoost, a random permutation of the training set is carried 
out and the average target value with the same category value is 
computed and positioned before the specified one in the permutation, 
which is called greedy target-based statistics (Huang et al., 2019). It is 
expressed as (Prokhorenkova et al., 2018): 

xp,k =

∑p
j=1

[
xj,k = xi,k

]
Yi

∑n
j=1

[
xj,k = xi,k

] (3) 

It is believed that predictors (or features) are more informative than 
targets. So, if the average target is considered to illustrate predictors 
forcefully, it will result in a conditional shift (Zhang et al., 2020). Sup-
pose a set of data with samples D = {xi,Yi}, i = 1, 2, .., n. If a random 
permutation is σ = (σ1, ⋯, σn), the kth feature of the pth data will be 
(Prokhorenkova et al., 2018): 

xσp,k =

∑p− 1
j=1

[
xσj,k = xσp,k

]
Yσj + βP

∑p− 1
j=1

[
xσj,k = xσp,k

]
+ β

(4)  

where, xi,k is the kth feature of the ith training sample, Yi is the target 
variable of the ith sample, P is a prior value (i.e., the average target value 
in the dataset for a regression task) and β is the weight of the prior value. 

2.4.3. Light Gradient Boosting Machine (LGBM) 
Introduced by Ke et al. (2017), LGBM is a novel tree-based gradient 

boosting algorithm involving two processes: (i) a gradient-based one- 
side sampling followed by (ii) a unique feature bundling (i.e., grouping 
mutually exclusive features, effectively reducing the number of features) 
(Ma et al., 2018). A decision tree is selected according to a histogram, 
splitting eigenvalues into several small ‘buckets’ and then searching for 
splits on those ‘buckets’ that can decrease the storage and computational 
costs. LGBM algorithms are classified into three categories according to 

the type of parallelism they employ: (i) feature parallelism, if there are 
many features, (ii) data parallelism, if the data are extensive, and (iii) 
voting parallelism, when there are many features and votes. More in-
formation on LGBM and its mathematical formulation can be found in 
Ma et al. (2018) and Sun et al. (2020). 

2.4.4. Adaptive boosting (AdaBoost) 
AdaBoost incorporates several base (or weak) learners into an indi-

vidual strong learner. Samples are initially given equal weights, then, 
sample weights misclassified by the previous weak learner are 
improved, and samples with updated weights are used to train the next 
weak learner. Through this approach, new learners are trained to 
decrease the weighted error produced by previous learners. With each 
new iteration, the model draws upon high error samples to improve their 
accuracy by decreasing the error (Drucker, 1997). Mayr et al. (2014) 
provide further details regarding AdaBoost. 

2.4.5. Random Forest (RF) 
Breiman (2001) first proposed RF, using the concept of ‘bagged’ 

trees. The RF algorithm is based on a series of decision trees with the 
same distribution, where each tree is generated using independently and 
identically distributed samples and predictors drawn at random from the 
training dataset (Mangalathu et al., 2020). Accordingly, only a random 
subset of features is considered in each iteration, rather than considering 
all features at each split. Therefore, it causes all predictors to have a 
chance to specify and build tree structures. This results in decreasing the 
prediction variance and consequently results in a smaller model error, 
and more precise predictions than with simply bagging the training 
samples (Baker et al., 2020). More details on RF can be found in Breiman 
(2001), Huang et al. (2019), and Dev and Even (2019). 

2.5. Resampling algorithms 

2.5.1. Bagging (BA) 
Bootstrap aggregating (bagging), one of the most basic ensemble 

methods, was introduced by Breiman (1996). First, datasets are pro-
duced with replacement from the original dataset, then base learners are 
trained on these generated samples. After the training process, the 
response values obtained from the base learners are averaged to produce 
the final predictions of the response variables (Dev and Eden, 2019). 
More details on the BA technique can be found in Barzegar et al. (2019). 

2.5.2. Disjoint aggregating (dagging) 
First proposed by Ting and Witten (1997), the dagging algorithm is a 

well-known resampling ensemble method employing a majority vote to 
incorporate a variety of learners to enhance the modeling accuracy of 
base learners (Kotsianti and Kanellopoulos 2007). This meta-learner 
builds several disjoint, layered folds out of the data and serves each 
piece of data to a copy of the provided base learner. It employs several 
disjoint samples rather than bootstrap samples to derive the base learner 
(Ting and Witten 1997). From a computational point of view, with N 
patterns constituting the training dataset, dagging builds M data subsets 
each having one n pattern but no common pattern. Accordingly, a 
unique model is built for each dataset and predictions are provided; the 
final model is then built through the mean (average) of their predictions 
(Ting and Witten 1997). 

2.6. Developed framework and models 

2.6.1. Original GALDIT framework 
To produce the GALDIT vulnerability map, six layers for each input 

variable (i.e., G, A, L, D, I and T) were built. The raw values of each 
variable were classified, and then corresponding ratings for each class of 
the variables and also weights of the variables were assigned according 
to the GALDIT standards as recommended by the pioneering study of 
Chachadi and Lobo-Ferreira (2001a,b) (Table 1). As two types of 

R. Barzegar et al.                                                                                                                                                                                                                               



Journal of Hydrology 598 (2021) 126370

6

aquifers (i.e., unconfined and confined) exist on the Shabestar Plain, 
aquifer type was considered. The northern unconfined portion of the 
aquifer received a rating of 7.5, while the confined southern portion 
received a rating of 10, and the G layer received a weight of 1. 

Within the study area, hydraulic conductivity values were estimated 
to be between 10 and 50 (m d− 1); accordingly, ratings between 5 and 10 
were assigned, and the A layer received a weight of 3. The depth to 
groundwater level ranged from 0.79 to 118.17 m; the rating for the L 
variable ranged between 2.5 and 10 with a weight of 4. The distance 
from the shore-line was estimated based on the distance of the aquifer 
from Lake Urmia, using the Euclidean distance obtained in ArcGIS 10.3 
software. The aquifer is closest to Lake Urmia in the southwest part of 
the plain. Rating values between 2.5 and 10 were given to the distance 
from the shoreline variable, and the D layer was given a weight of 4. 

In the GALDIT framework, variable I was calculated according to the 
concentrations of calcium, carbonate, and bicarbonate anions. The 
water quality data from 59 collected samples were used to calculate the I 
variable (Chachadi and Lobo-Ferreira, 2001a,b): 

I = Cl−
/(

CO2−
3 +HCO−

3

)
(5)  

where Cl− ,CO2−
3 , and HCO−

3 are concentrations of chloride, carbonate, 
and bicarbonate in mg L− 1, respectively, and I is the impact of the 
existing status of SWI. 

The value of variable I ranged from 0.067 to 7.12; accordingly, the 
rating varied between 2.5 and 10, and was given a weight of 4. 

Measured using data from the well logs, aquifer thickness varied 
from 18 to 90 m in the study area. The rating of the T variable was 10 
across the entire study area with a weight of 2. Fig. 3 presents the rating 
maps of the GALDIT variables for the Shabestar Plain aquifer. 

After constructing the raster files with grid cells (pixels) with a 50 m 
resolution for each GALDIT variable, the final GALDIT maps repre-
senting the spatial distribution of the GALDIT vulnerability index in the 
Shabestar Plain (Fig. 3) were created by overlaying the six layers after 
multiplication of each layer with the corresponding standard weight, as 
proposed by Chachadi and Lobo-Ferreira (2001a,b). The final maps were 
created with the raster calculator tool of the Spatial Analyst module in 

Fig. 3. Rating maps of the GALDIT variables for the Shabestar Plain aquifer.  
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ArcGIS 10.2 software. 

2.6.2. Design of ML-based groundwater vulnerability models 
Index-based vulnerability methodologies such as GALDIT are 

generated without an underlying theory regarding the number of vari-
ables, or their ratings and weights. While there is no empirical method to 
measure the vulnerability of an aquifer, contaminant concentration has 
been considered a proxy for a vulnerability index, where the greater the 
contamination, the greater the groundwater vulnerability. Several pre-
vious studies (e.g., Motevalli et al. (2018), Bordbar et al. (2020)), have 
used TDS as an indicator of groundwater contamination to validate the 
GALDIT method. As highly vulnerable aquifer systems have greater 
groundwater TDS values, TDS can be assumed to reflect the vulnera-
bility of an aquifer system. Using this assumption, the groundwater 
vulnerability in the study area was mapped and the original GALDIT 
indices were adjusted using the maximum values of the TDS and GALDIT 
index. The adjusted GALDIT indices were then used as target values for 
the ML-based models. Adjustment of the GALDIT indices were carried 
out according to the following equation recommended by Barzegar et al. 
(2018): 

GALDITadj =
GALDITmax

TDSmax
TDSi (6) 

where i denotes the number of the observation well (i = 1,2,3,⋯,

41); GALDITmax is the maximum vulnerability calculated from the 
GALDIT framework for the study area in the training step; TDSmax de-
notes the maximum measured value of TDS as a contamination indicator 
for the study area in the training step; and TDSi is the TDS at observation 
well i. Note that Eq. (5) was used for adjusting GALDIT values in the 
training step. 

Individual ML models (i.e., XGBoost, CatBoost, LGBM, AdaBoost, 
and RF) and their corresponding hybrid models developed using BA and 
DA algorithms, were adopted to map groundwater vulnerability in the 
Shabestar area. Each ML model used six predictor variables (G, A, L, D, I, 
and T) to predict the target variable, the adjusted GALDIT groundwater 
vulnerability index (GALDITadj). Before constructing the models, the 
dataset was randomly partitioned into training (70%) and validation 
(30%) datasets, a commonly adopted partitioning procedure (Barzegar 
et al., 2018). The ML codes for the RF and AdaBoost models were 
developed using the open-source Python package scikit-learn (Pedre-
gosa et al., 2011); for CatBoost, LGBM and XGBoost, the original li-
braries, also in Python, were used. For each developed model, a set of 
hyper-parameters required optimization to obtain the most accurate 
result. The hyper-parameters for each model were optimized within the 
ranges outlined in Tables S1–S5 using the GridSearchCV function in 
scikit-learn. As part of the GridSearchCV function, 5-fold cross- 
validation was applied to the training dataset to ensure the robustness 
of the selected hyper-parameters and also to check the models’ gener-
alization ability. While both 5- and 10-fold cross validations are 
commonly considered in the development of machine learning models 
(Noori et al., 2011; Baykan and Yılmaz, 2011; Marcot and Hanea, 2020; 
Barzegar et al., 2021), we used 5-fold cross validation where the highest 
accuracy was obtained for the models. By using hyper-parameter opti-
mization, the hyper-parameters offering the least error for the training 
set could be found and the results generalized and applied to the vali-
dation set (Feurer and Hutter, 2019). The tuned model parameter values 
are given in Tables S1–S5. 

2.7. Model validation 

No theoretical framework currently exists to validate GALDIT-based 
groundwater vulnerability. In the present study, we used two metrics 
including Pearson’s correlation coefficient (r) (Pearson, 1896) and dis-
tance correlation (DC) (SzéKely and Rizzo, 2013), to validate the 
developed original/adapted GALDIT frameworks using TDS measured in 
the study area. The r metric measures the linear association between two 

random variables. It is defined as (Pearson, 1896): 

r(X,Y) =
cov(X, Y)
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Var(X)Var(Y)

√ − 1 ≤ r ≤ 1 (7)  

where, cov(X,Y) is the covariance of X and Y, and Var (X) and Var (Y) 
represent the variance of X and Y, respectively. 

Due to the heterogeneous and anisotropic characteristics in the 
aquifer media, the relationship between groundwater vulnerability and 
contaminant (here TDS) could be both linear and nonlinear. Pearson’s 
correlation measures the linear association between the vulnerability 
index and contaminant concentration. However, employing a metric 
which considers both linear and nonlinear relationships (that are 
detectable by the DC) between the vulnerability indices and TDS is 
required. The DC metric is an extension of Pearson’s correlation coef-
ficient and can capture both linear and nonlinear associations between 
two random variables. In the distance correlation test, dependency be-
tween two variables are measured through a permutation test. Involving 
the re-centering of Euclidean distance, first, the distance correlation 
between two random variables are calculated, and then the calculated 
value is compared to the distance correlations of many shuffles of the 
data. Being X ∈ Rp and Y ∈ Rq two random variables, the DC is defined 
as (Ordóñez et al., 2018): 

R
2(X, Y) =

⎧
⎪⎨

⎪⎩

v2(X, Y)
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
v2(X)v2(Y)

√ , v2(X)v2(Y) > 0

0, v2(X)v2(Y) = 0

(8) 

where 

v2(X,Y) =
1

cpcq

∫

Rp+q

⃒
⃒fX,Y(t, s) − fX(t)fY(s)

⃒
⃒2

|t|1+p
|s|1+q (9) 

is the distance covariance, a level of the distance between fX,Y , the 
joint characteristic function of random vectors X and Y, and the product 
fXfY of the characteristics functions of X and Y, respectively. cp and cq are 
constants depending on the dimensions p and q, respectively. 

The statistical significance of the Shapiro–Wilk’s statistic (Shapiro 
and Wilk, 1965) of the TDS values and vulnerability indices demon-
strated that the data did not follow a normal distribution, an assumption 
for using the Pearson’s correlation. So, a logarithmic transformation was 
performed before Pearson’s correlation analysis (Panagopoulos et al., 
2006; Jia et al., 2019). The r is commonly applied to validate ground-
water vulnerability maps and has been used for validation purposes in 
several studies (e.g., Javadi et al., 2011; Güler et al., 2013; Wu et al., 
2018; Jaunat et al., 2019; Motevalli et al., 2018; Jia et al., 2019). 
However, the DC metric was used in this study for the first time to 
validate the original and adapted GALDIT frameworks using ML models. 

3. Results 

3.1. Original GALDIT and standalone ML models 

The original GALDIT framework showed groundwater vulnerability 

Fig. 4. Original GALDIT vulnerability map of the Shabestar plain.  
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indices ranging from 72.5 to 85 across the Shabestar Plain. The south-
west portion of the plain and the portion near Lake Urmia showed high 
to very high vulnerability, while the remaining regions showed very low 
to moderate vulnerability (Fig. 4). The Pearson’s correlation (r) between 
the GALDIT vulnerability indices and TDS was 0.465, indicating that the 
vulnerability indices were insignificantly correlated with TDS. More-
over, the DC metric had a value of 0.511, which showed that the 
nonlinear correlation of the GALDIT vulnerability indices and TDS 
concentrations was low as well. This could be attributed to uncertainty 
in the data, the structure of GALDIT (i.e., the mathematical formulation 
of the method), the assumed relationship between the GALDIT index and 

TDS concentration and subjectivity issues in the GALDIT framework, 
which need to be addressed to produce a reliable vulnerability map. The 
GALDIT vulnerability framework does not consider classification ranges 
for the vulnerability values obtained as outcomes. Moreover, ground-
water vulnerability is a relative and site-specific parameter. Therefore, a 
commonly used interval classification approach was applied. Several 
grading approaches including natural breaks, equal, quantile and 
geometrical intervals were tested by Huan et al. (2012), to specify the 
class ranges of the groundwater vulnerability to contamination. As 
recommended by previous studies (e.g., Huan et al. (2012), Kazakis and 
Voudouris (2015) and Barzegar et al. (2019)), we used a geometrical 
interval classification to categorize the original and adapted GALDIT 
indices into very low, low, moderate, high, and very high classes. The 
original GALDIT map categorized the vulnerability of the study area into 
very low (17.9%), low (40%), moderate (36.5%), high (3.5%) and very 
high (2.1%) classes. 

Improvement over the original GALDIT framework was achieved 
using advanced ML models (see Section 2.6.2) After building and cali-
brating the models, a validation step was undertaken. The validation 
metrics for different models are given in Table 2. In the first step, 
standalone ML models including XGBoost, CatBoost, LGBM, AdaBoost, 
and RF, were run and validated using the r and DC metrics. The r value 
between the modeled standalone ML-based GALDIT indices and TDS 
demonstrated that the XGBoost model (r = 0.613) showed the greatest 
improvement among the standalone ML models, followed by RF (r =
0.564), AdaBoost (r = 0.532), LGBM (r = 0.514) and CatBoost (r =
0.476). However, the nonlinear correlation metric (i.e., DC) showed that 
XGBoost (DC = 0.647) outperformed the other developed standalone ML 
models: AdaBoost (DC = 0.625), RF (DC = 0.623), CatBoost (DC =
0.568) and LGBM (DC = 0.551). The vulnerability indices of all 

Table 2 
Calculated distance correlation (DC) and Pearson’s correlation coefficient (r) of 
the developed GALDIT framework/models (correlation values at p > 95%).  

Framework/Model DC r 

Original GALDIT  0.511  0.465 
XGBoost – GALDIT  0.647  0.613 
LGBM – GALDIT  0.551  0.514 
AdaBoost – GALDIT  0.625  0.532 
RF – GALDIT  0.623  0.564 
CatBoost – GALDIT  0.568  0.476 
BA-XGBoost – GALDIT  0.699  0.659 
BA-LGBM – GALDIT  0.582  0.525 
BA-AdaBoost – GALDIT  0.667  0.591 
BA-RF – GALDIT  0.639  0.591 
BA-CatBoost – GALDIT  0.632  0.584 
DA-XGBoost – GALDIT  0.634  0.562 
DA-LGBM – GALDIT  0.628  0.571 
DA-AdaBoost – GALDIT  0.647  0.587 
DA-RF – GALDIT  0.662  0.616 
DA-CatBoost – GALDIT  0.662  0.571  

Fig. 5. ML-based GALDIT vulnerability maps of the Shabestar plain.  
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standalone ML models correlated better with TDS (both linearly and 
nonlinearly) than those of the original GALDIT model (r = 0.465 and DC 
= 0.511), indicating the efficacy of these ML models in enhancing the 
accuracy of the vulnerability maps. The spatial distribution mapping 
achieved with the standalone ML-based GALDIT indices (Fig. 5) showed 
that XGBoost generated relatively accurate vulnerability indices in most 
sampling locations, and categorized the groundwater of the study area 
as belonging to very low (25.76%), low (13.84%), moderate (21.06%), 
high (20.2%) and very high (19.15%) classes, with the western parts of 
the plain being less vulnerable than the eastern parts. Although the 

CatBoost and LGBM had the worst performances based on r and DC 
values, respectively, the vulnerability distribution map shows that 
CatBoost-GALDIT, with a classification of very low (25.76%), low 
(13.84%), moderate (21.06%), high (20.2%) and very high (19.15%) 
classes had a better agreement with the TDS concentrations than LGBM- 
GALDIT, with a classification of 17.6%, 13.52%, 26.17%, 27.44%, and 
15.27% of the plain, respectively. 

Fig. 6. Resampling-ML-based GALDIT vulnerability maps of the Shabestar plain.  
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3.2. Hybrid models 

The r and DC values for the hybrid ML models showed an improve-
ment not only over the original GALDIT model but also over the 
standalone ML models. Coupling the BA with XGBoost (r = 0.659; DC =
0.699) yielded the greatest r and DC values amongst the BA-based 
GALDIT models, followed by the BA-AdaBoost (r = 0.591; DC =
0.667), BA-RF (r = 0.591; DC = 0.639), BA-CatBoost (r = 0.584; DC =
0.632) and BA-LGBM (r = 0.525; DC = 0.582). The main difference in 
maps prepared from BA-ML GALDIT model outputs (Fig. 6) was found in 
the western part of the plain. The modeled BA-XGBoost groundwater 
vulnerability in the western part of the plain mostly varied from very 
low to low, which was in good agreement with the low TDS concen-
trations in this part of the aquifer. In contrast, for the other BA-based 
groundwater vulnerability maps, vulnerability ranged from very low 
to very high, particularly for BA-LGBM in which observation wells with 
low TDS values (217.5–588 mg L− 1) were placed in the high to very high 
groundwater vulnerability categories. 

Generally, DA resampling-based ML models not only showed im-
provements with respect to the original GALDIT model but also 
compared to the BA-based ML models, except for the resampled XGBoost 
and AdaBoost models where BA-based models were better than DA- 
based models. It was found that DA-RF-GALDIT with an r of 0.616 and 
DC of 0.662 had the highest correlation with the contaminant (TDS), 
whereas, DA-XGBoost-GALDIT with an r of 0.562 and DA-LGBM- 
GALDIT with a DC of 0.628 had the worst performances among the 
developed DA-ML models. Similar to the BA-based GALDIT maps, the 
main difference in spatial maps developed with DA-based GALDIT 
models (Fig. 6) was in the western part of the plain, where the vulner-
ability was mainly categorized as very low to high based on the best DA- 

based model (i.e., DA-RF). The DA-RF GALDIT model classified the plain 
as 28.16% very low, 12.29% low, 18.03% moderate, 24.16 high % and 
17.36% very high vulnerability zones (Fig. 7). According to the 
groundwater vulnerability distribution maps for DA-XGBoost-GALDIT 
and DA-LGBM-GALDIT, DA-XGBoost-GALDIT was in good agreement 
with TDS concentration compared to DA-LGBM-GALDIT. Therefore, it 
was found that DC was a much better metric than the r metric in 
assessing the performance of the groundwater vulnerability maps. 

Fig. 8 shows the relative improvement of the developed standalone 
and resampling-based ML models over the original GALDIT method. 
According to the r metric, CatBoost and BA-XGBoost with 2.33% and 
34.51% had the lowest and highest improvement over the original 
GALDIT method. According to the DC metric, LGBM and BA-XGBoost, 
with 7.53% and 31.07%, had the minimum and maximum improve-
ment compared to the original GALDIT framework. Overall, the com-
bination of a resampling algorithm and ML model considerably 
improved the GALDIT framework performance. It is observed that the 
accuracy of the developed models is not very high. This might be 
contributed to the fact that six variables of the GALDIT method are not 
sufficient to determine the vulnerability of the groundwater and other 
potential variables, e.g., sea water rise, should be added to the 
groundwater vulnerability framework. Moreover, the high vulnerability 
does not necessarily correspond with a high level of contamination. 

4. Discussion 

Hybrid BA and DA-based algorithms’ performance depended on the 
base algorithms reported in previous studies (e.g., Nguyen et al. (2019)). 
The BA-XGBoost outperformed other hybrid algorithms in improving 
the original GALDIT method, which is not surprising since the stand-
alone XGBoost also demonstrated the highest r amongst standalone ML 
algorithms. However, among DA resampling-based models, the DA-RF 
had the best performance while the standalone RF had the second 
rank performance among the standalone ML models in improving the 
GALDIT method. Therefore, the base algorithm performance does not 
guarantee the performance of the resampling-based ML models. 

Generally, resampling methods reduced overfitting and increased 
modeling accuracy, as has been demonstrated in other hydrological 
studies where models were built using relatively small training datasets 
(Barzegar et al., 2019; Erdal and Karakurt, 2013). The resampling al-
gorithms benefited from ensemble learning through the combination of 
multiple ‘weak’ learners (i.e., base models); accordingly, they out-
performed a single weak learner through reducing the bias and/or 
variance of weak learners (Nguyen et al., 2020). In a study by Nguyen 
et al. (2020), the performance of a standalone Credal Decision Trees 
(CDT) ML model was improved using different ensemble algorithms 
including BA, DA, Decorate (DE), Multiboost (MB), and Random Sub-
Space (RSS) for groundwater potential modeling in Vietnam. They 

Fig. 7. Distribution of the vulnerability class percentage (%) according to each 
applied framework/model. 

Fig. 8. Improvement of the ML models’ performance based on a) Pearson’s correlation (r) and b) distance correlation (DC) compared to the original GALDIT method.  
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concluded that the hybrid CDT ensemble model MB-CDT followed by 
BA-CDT, DA-CDT, DE-CDT, and RSS-CDT significantly improved the 
performance of the standalone CDT model. 

Our findings demonstrated that developing various ML models pro-
duced different results in improving the GALDIT framework. This was 
attributed to differences in the structures and complexity of the imple-
mented algorithms. The proposed hybrid models proved to be more 
accurate than the standalone ML models in improving the GALDIT 
vulnerability framework. The present results agreed with several pre-
vious studies in which hybrid models were used to model nonlinear 
hydrological processes and were found to outperform standalone ML 
models by decreasing both bias and variance in their predictions (Bui 
et al., 2014, Hong et al., 2018). For example, Nguyen et al. (2019) 
concluded that BA and DA-based hybrid models performed better than 
alternating decision trees in landslide susceptibility mapping. Chen et al. 
(2020) showed the superiority of the hybrid BA- and DA-based J48 
Decision Trees (J48) over the standalone J48 model in groundwater 
spring potential mapping. Moreover, hybrid models can overcome over- 

fitting issues in regression modeling (Chen et al., 2020). Although BA 
and DA-based hybrid models have been successfully applied for pre-
diction purposes and groundwater potential mapping, the current study 
showed that these hybrid models were robust and promising algorithms 
in improving the GALDIT framework for groundwater vulnerability 
modeling. 

Discrepancy mapping was also used to distinguish the origin of the 
differences between vulnerability maps developed with different 
models. As suggested by Brindha and Elango (2015), a score of 1 to 5 
was applied to each vulnerability class: 1 was assigned to the very low 
vulnerability class, 2 to the low vulnerability class and so on, with a 
score of 5 for the very high vulnerability class. The score-based maps 
developed for different ML and resampled ML vulnerability maps were 
subtracted from the original GALDIT vulnerability map. These discrep-
ancy maps (Fig. 9) illustrate differences between the developed ML- 
based GALDIT maps and the original GALDIT map. A high discrepancy 
score indicated a large difference in vulnerability between the devel-
oped models and that of the original GALDIT model. A value of zero for 

Fig. 9. Discrepancy maps to compare developed ML-based GALDIT versus original GALDIT groundwater vulnerability classes (area percentage of discrepancies is 
given in parenthesis). 
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the discrepancy indicated that mapping by both frameworks was the 
same. Negative scores suggested underestimation and positive numbers 
represented overestimation of the adapted GALDIT framework 
compared to the original GALDIT framework (Brindha and Elango, 
2015). Although the discrepancy values of the maps ranged between − 4 
and 4, the contribution of very high discrepancies (i.e., |4|) was mar-
ginal and could be ignored. Discrepancies with scores of |1| and |2| were 
dominant for all developed standalone and hybrid ML models, indi-
cating that the calculated vulnerability was different by one class (e.g., 
very high vs. high) or two classes (e.g., moderate vs. very low) between 
the developed models and original GALDIT maps. The minimum and 
maximum “no difference” area between the developed models and 
original GALDIT belonged to CatBoost-GALDIT (14.1%) and DA- 
AdaBoost-GALDIT (29.94%), respectively. It was observed that the 
developed models mostly overestimated groundwater vulnerability. 
Overestimation of the developed ML-based GALDIT vulnerability vs. 
that of the original GALDIT in the central and east of the plain indicated 
that the models estimated high ratings and weight values for the GALDIT 
variables, which were considered lower than the reliable values in the 
original GALDIT framework. However, in the west of the plain where the 

models gave lower ratings and weight scores to the GALDIT variables, 
underestimation occurred. 

As indicated by Mehr et al. (2019), the groundwater surface is above 
the Urmia Lake water level in all parts of the plain except for the west of 
the plain where the aquifer connects to the lake. Overexploitation of the 
aquifer has caused the water table to drop below the Urmia Lake water 
level and the lake bottom in the west of the plain. If the saline lake water 
or water stored in the salt marshes has migrated into the Shabestar 
aquifer, the western end of the plain should be most likely affected by 
aquifer salinization. However, the groundwater in this part of the plain 
has a low TDS concentration and the resulting groundwater vulnera-
bility maps showed that this part is less vulnerable, which confirms the 
findings of Mehr et al. (2019). 

In the original GALDIT framework, regardless of the hydrogeological 
characteristics of the area, the weights are constant and universal, where 
these weights are used in assessing all aquifers’ vulnerability, which may 
result in errors and uncertainty in generating the final GALDIT vulner-
ability map. Although ML models can decrease the uncertainty of the 
original GALDIT map, they cannot suggest a new weight or rating score 
for each variable because the ML models are ‘black box’ models. 

Fig. 9. (continued). 
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However, the uncertainty of the developed ML models can be decreased 
by using cross validation and hyperparameter tuning procedures during 
the training of the models. Limited studies have investigated the un-
certainty of the overlay-index vulnerability methods, although this has 
been done for the DRASTIC method. For example, Armengol et al. 
(2014) explored uncertainty within DRASTIC data layers using various 
geostatistical techniques and analyzed the outcomes by the concept of 
the degree of confidence. Dizaji et al. (2020) successfully used the Monte 
Carlo uncertainty analysis method to detect the reliability of the 
vulnerable areas against groundwater pollution. 

This study highlighted the applicability of boosting and tree-based 
ML models to enhance the reliability of GALDIT groundwater vulnera-
bility maps, particularly when there is a small water quality sample size. 
Moreover, novel resampling algorithms were successfully employed and 
represent a promising tool to help scientists and decision makers protect 
groundwater against pollution. Developing accurate groundwater 
vulnerability maps can lead to improved groundwater management and 
environmental sustainability. 

Future studies should consider using the proposed hybrid models to 
improve other groundwater vulnerability assessment methods, e.g., 
DRASTIC and SINTACS. It is also recommended that when improving 
groundwater vulnerability maps, one applies BA and DA algorithms as 
ensemble learners to develop hybrid models with other ML algorithms e. 
g., lazy learners, neuron and rule-based algorithms. It is also suggested 
to use other potential variables such as sea level rise which can affect 
groundwater vulnerability in coastal areas to obtain more reliable 
groundwater vulnerability maps. Future research can be focused on 
quantifying the uncertainty of the GALDIT method using the General-
ized Likelihood Uncertainty Estimation (GLUE) method or stochastic 
approaches such as the framework explored in Quilty and Adamowski 
(2020). 

5. Conclusions 

This study was designed to develop a GALDIT groundwater vulner-
ability framework for the Shabestar plain, NW Iran, using advanced 
boosting (i.e., CatBoost, AdaBoost, XGBoost and LGBM) and tree-based 
(i.e., RF) machine learning models and their corresponding hybrid 
models, while applying the resampling techniques of BA and DA algo-
rithms. The original GALDIT framework yielded groundwater vulnera-
bility indices for the study area ranging from 72.5 to 85.0 which showed 
very low to moderate vulnerability over most of the plain, while highly 
to very highly vulnerable areas were mostly situated in the southwest 
portion of the plain, near Lake Urmia. The original GALDIT framework 
resulted in a low correlation (i.e., measuring both linear and nonlinear 
dependency) between the vulnerability indices and total dissolved solid 
(TDS) concentration values (i.e., r = 0.465 and DC = 0.511). This could 
be due to uncertainty in the data and structure of GALDIT (i.e., the 
mathematical equations used for calculation of the vulnerability index 
based on the rating system), the assumed relationship between the 
GALDIT index and TDS concentrations and expert judgement in 
assigning variables’ ratings and weights in the GALDIT framework. 
Therefore, these issues had to be addressed to obtain more accurate 
groundwater vulnerability maps. 

After building ML models using GALDIT variables as inputs and 
adjusted vulnerability indices based on TDS as a target, the statistical 
metrics (i.e., r and DC) for the validation step indicated that the XGBoost 
model (r = 0.613; DC = 0.647) showed the greatest improvement among 
the standalone ML models, followed by the RF, AdaBoost, CatBoost and 
LGBM. All standalone models’ vulnerability indices showed higher DC 
and r values than the original GALDIT model, indicating the efficiency of 
these models in enhancing the accuracy of the vulnerability maps. The 
spatial groundwater vulnerability maps confirmed that the DC metric 
was more reliable than the r metric in validating groundwater vulner-
ability. Integrating the resampling algorithms (e.g., BA and DA) with ML 
models not only improved the original GALDIT model but also the 

standalone ML models. Generally, the BA-based ML models improved 
the GALDIT framework to a larger extent than the DA-ML models. For 
example, among the best hybrid models, BA-XGBoost-GALDIT (r =
0.659; DC = 0.699) outperformed DA-RF-GALDIT (r = 0.616; DC =
0.662). Generally, resampling methods reduced the variance of the 
models and consequently overfitting, and therefore increased modeling 
accuracy. It was concluded that with the DA-resampling technique, the 
most accurate results were obtained when coupled with the tree-based 
model rather than the boosting-based models. The discrepancy map 
shows that the ML-based GALDIT models overestimated vulnerability in 
the eastern regions and underestimated it in the central and western 
parts compared to the original GALDIT model. 
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SzéKely, G.J., Rizzo, M.L., 2013. The distance correlation t-test of independence in high 
dimension. J. Multivariate Anal. 117, 193–213. 

Ting, K.M., Witten, I.H., 1997. Stacking bagged and dagged models. 
Torkashvand, M., Neshat, A., Javadi, S., Yousefi, H., 2020. DRASTIC framework 

improvement using Stepwise Weight Assessment Ratio Analysis (SWARA) and 
combination of Genetic Algorithm and Entropy. Environ. Sci. Pollut. Res. 1–21 
https://doi.org/10.1007/s11356-020-11406-7. 

Wang, Z., Hong, T., Piette, M.A., 2020. Building thermal load prediction through shallow 
machine learning and deep learning. Appl. Energy 263, 114683. 

Wu, X., Li, B., Ma, C., 2018. Assessment of groundwater vulnerability by applying the 
modified DRASTIC model in Beihai City. China. Environ. Sci. Pollut. Res. 25 (13), 
12713–12727. 

Xiaoyu, W.U., Bin, L.I., Chuanming, M.A., 2018. Assessment of groundwater 
vulnerability by applying the modified DRASTIC model in Beihai City, China. 
Environ. Sci. Pollut. Res. 25 (13), 12713–12727. 

Yariyan, P., Janizadeh, S., Van Phong, T., Nguyen, H.D., Costache, R., Van Le, H., 
Pham, B.T., Pradhan, B., Tiefenbacher, J.P., 2020. Improvement of best first decision 
trees using bagging and dagging ensembles for flood probability mapping. Water 
Resour. Manage. 34 (9), 3037–3053. 

Zhang, Y., Zhao, Z., Zheng, J., 2020. CatBoost: A new approach for estimating daily 
reference crop evapotranspiration in arid and semi-arid regions of Northern China. 
J. Hydrol. 588. 

R. Barzegar et al.                                                                                                                                                                                                                               

http://refhub.elsevier.com/S0022-1694(21)00417-0/h0350
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0350
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0350
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0355
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0355
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0355
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0360
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0360
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0360
http://refhub.elsevier.com/S0022-1694(21)00417-0/h9000
http://refhub.elsevier.com/S0022-1694(21)00417-0/h9000
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0365
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0365
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0365
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0365
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0370
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0370
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0370
https://doi.org/10.1007/978-981-15-3689-2_1
https://doi.org/10.1080/10106049.2020.1837262
https://doi.org/10.1080/10106049.2020.1837262
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0390
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0390
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0395
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0395
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0395
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0395
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0405
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0405
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0410
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0410
https://doi.org/10.1007/s11356-020-11406-7
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0430
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0430
http://refhub.elsevier.com/S0022-1694(21)00417-0/h9050
http://refhub.elsevier.com/S0022-1694(21)00417-0/h9050
http://refhub.elsevier.com/S0022-1694(21)00417-0/h9050
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0435
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0435
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0435
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0440
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0440
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0440
http://refhub.elsevier.com/S0022-1694(21)00417-0/h0440
http://refhub.elsevier.com/S0022-1694(21)00417-0/h9010
http://refhub.elsevier.com/S0022-1694(21)00417-0/h9010
http://refhub.elsevier.com/S0022-1694(21)00417-0/h9010

	Improving GALDIT-based groundwater vulnerability predictive mapping using coupled resampling algorithms and machine learnin ...
	1 Introduction
	2 Materials and methods
	2.1 Study area
	2.2 Data preparation
	2.3 GALDIT framework
	2.4 Machine learning (ML) models
	2.4.1 eXtreme Gradient Boosting (XGBoost)
	2.4.2 Categorical boosting (CatBoost)
	2.4.3 Light Gradient Boosting Machine (LGBM)
	2.4.4 Adaptive boosting (AdaBoost)
	2.4.5 Random Forest (RF)

	2.5 Resampling algorithms
	2.5.1 Bagging (BA)
	2.5.2 Disjoint aggregating (dagging)

	2.6 Developed framework and models
	2.6.1 Original GALDIT framework
	2.6.2 Design of ML-based groundwater vulnerability models

	2.7 Model validation

	3 Results
	3.1 Original GALDIT and standalone ML models
	3.2 Hybrid models

	4 Discussion
	5 Conclusions
	CRediT authorship contribution statement
	Declaration of Competing Interest
	Acknowledgements
	Appendix A Supplementary data
	References


