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Text S1

Groundwater vulnerability (GV) is divided into “specific GV” and “intrinsic GV” re-
spectively focusing on the contaminant properties and the aquifer’s physical characteris-
tics [6,7]. So far, various strategies have been suggested for GV assessment, which can be
classified into four groups, namely (i) index-based methods [8], (ii) process-based meth-
ods [9], (iii) statistical methods [10], and (iv) hybrid methods [11]. Process-based methods
often assess the specific GV, and statistical and index-based methods usually deal with
intrinsic GV, whereas hybrid models are used as a combination of these three methods.
Further details regarding this classification can be found in Ref.[11].



Table S1. Recent review articles of the ML-based groundwater quality assessment

Ref.

Keywords

Geetha, et al. [12]

water quality parameters; water quality index; surface water; groundwater; monitoring; modeling;
artificial intelligence

Torres-Martinez, et al.
[13]

Machine learning; Groundwater quality; Supervised learning; Predictive modelling; Water pollution
indicators

Li, et al. [14]

Groundwater pollution; Machine learning; Groundwater quality; Pollution source identification;
Pollution risk; Hydrochemical evolution

Luo, et al. [15]

Machine learning; Surrogate model; Groundwater contaminant transport modelling; Artificial neu-
ral network

Nordin, ef al. [16]

Groundwater monitoring; Groundwater parameters; Statistical modelling; Artificial intelligence; Ar-
tificial neural network

Bhowmik, et al. [17]

Machine Learning; Groundwater contamination; Arsenic; Fluoride; Nitrate; Climate Change

Pandya, et al. [18]

Haghbin, et al. [19]

Huang, et al. [20]

Groundwater quality assessment; Groundwater quality prediction; Machine learning; Groundwater
modeling

Hanoon, et al. [21]

Groundwater quality (GWQ), Artificial intelligence (Al), Machine learning (ML), ANN, ANFIS

Chowdhury, et al. [22]

Contamination; Groundwater quality index; GIS; MODFLOW; Machine learning prediction

Kumari, et al. [23]

ANN; Groundwater; FFNN; LM algorithm; Groundwater Modelling

Haggerty, et al. [24]

Machine learning; Deep learning; Groundwater quality; Al




Table S2. The keywords (besides prediction, geospatial, mapping, GIS ) used during the search for MLGHM studies

Source Keywords

groundwater (/ aquifer / well) + pollution (/ contamination / vulnerability / hazard / risk) + artificial intelligence (/ data mining)

groundwater (/ aquifer / well) + pollution (/ contamination / vulnerability / hazard / risk) + artificial intelligence (/ data mining) + nitrate (/ other contaminants)
Google groundwater (/ aquifer / well) + pollution (/ contamination / vulnerability / hazard / risk) + artificial intelligence (/ data mining) + Iran (United States, India, Bangladesh / other
Scholar critical areas)

) ) groundwater (/ aquifer / well) + pollution (/ contamination / vulnerability / hazard / risk) + artificial intelligence (/ data mining) + nitrate (/ other contaminants) + Iran (United
ScienceDirect States, India, Bangladesh / other critical areas)
) ) groundwater (/ aquifer / well) + pollution (/ contamination / vulnerability / hazard / risk) + machine learning (/ supervised / unsupervised / model’s specific name)

SpringerLink groundwater (/ aquifer / well) + pollution (/ contamination / vulnerability / hazard / risk) + machine learning (/ supervised / unsupervised / model’s specific name) + nitrate (/
Science other contaminants)

Wiley Online

groundwater (/ aquifer / well) + pollution (/ contamination /vulnerability / hazard / risk) + machine learning (/ supervised / unsupervised / model’s specific name) + Iran (United

States, India, Bangladesh / other critical areas)

groundwater (/ aquifer / well) + pollution (/ contamination / vulnerability / hazard / risk) + machine learning (/ supervised / unsupervised / model’s specific name) + nitrate (/

Library
other contaminants) + Iran (United States, India, Bangladesh / other critical areas)
Search 1 Search 2 Search 3 Search 4 Search 5 Search 6 Search 7 Search 8
Row 1 groundwater (/ | groundwater (/ | groundwater (/ | groundwater (/ | groundwater (/ | groundwater (/ | groundwater (/ | groundwater (/
ow
aquifer / well) aquifer / well) aquifer / well) aquifer / well) aquifer / well) aquifer / well) aquifer / well) aquifer / well)
pollution (/ | pollution (/ | pollution (/ | pollution (/ | pollution (/ | pollution (/ | pollution (/ | pollution (/
Web £ Row?2 contamination / | contamination / | contamination / | contamination / | contamination / | contamination / | contamination / | contamination
e (6] ow
Sci vulnerability =~ / | vulnerability =~ / | vulnerability =~ / | vulnerability =~ / | vulnerability =~ / | vulnerability = / | vulnerability = / | / vulnerability /
cience
hazard / risk) hazard / risk) hazard / risk) hazard / risk) hazard / risk) hazard / risk) hazard / risk) hazard / risk)
machine machine machine machine
artificial artificial artificial artificial
learning (/ | learning (/ | learning (/ | learning (/
Row 3 intelligence  (/ | intelligence  (/ | intelligence  (/ | intelligence  (/
supervised / | supervised / | supervised /| supervised /

data mining)

data mining)

data mining)

data mining)

unsupervised  /

unsupervised  /

unsupervised  /

unsupervised /
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nitrate (/ other

model’s specific | model’s specific | model’s specific | model’s specific
name) name) name) name)

Iran (United Iran (United

States, India, States, India,

nitrate (/ other

nitrate (/ other

nitrate (/ other

Row 4 Bangladesh / Bangladesh /
contaminants) contaminants) contaminants) contaminants)
other critical other critical
areas) areas)
Iran (United Iran (United
States, India, States, India,
Row 5 Bangladesh / Bangladesh  /
other critical other critical
areas) areas)

Scopus

groundwater (/ aquifer / well) AND pollution (/ contamination /vulnerability / hazard / risk) AND artificial AND intelligence (/ data AND mining)

groundwater (/ aquifer / well) AND pollution (/ contamination / vulnerability / hazard / risk) AND artificial AND intelligence (/ data AND mining) AND nitrate (/ other

contaminants)

groundwater (/ aquifer / well) AND pollution (/ contamination / vulnerability / hazard / risk) AND artificial AND intelligence (/ data AND mining) AND Iran (United AND

States, India, Bangladesh / other critical areas)

groundwater (/ aquifer / well) AND pollution (/ contamination / vulnerability / hazard / risk) AND artificial AND intelligence (/ data AND mining) AND nitrate (/ other
contaminants) AND Iran (United AND States, India, Bangladesh / other critical areas)

groundwater (/ aquifer / well) AND pollution (/ contamination /vulnerability / hazard / risk) AND machine AND learning (/ supervised / unsupervised / model’s specific name)

groundwater (/ aquifer / well) AND pollution (/ contamination /vulnerability / hazard / risk) AND machine AND learning (/ supervised / unsupervised / model’s specific name)

AND nitrate (/ other contaminants)

groundwater (/ aquifer / well) AND pollution (/ contamination /vulnerability / hazard / risk) AND machine AND learning (/ supervised / unsupervised / model’s specific name)

AND Iran (United AND States, India, Bangladesh / other critical areas)

groundwater (/ aquifer / well) AND pollution (/ contamination /vulnerability / hazard / risk) AND machine AND learning (/ supervised / unsupervised / model’s specific name)

AND nitrate (/ other contaminants) AND Iran (United AND States, India, Bangladesh / other critical areas)
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Copernicus

Publications

Nature

Portfolio

groundwater (/ aquifer / well) pollution (/ contamination /vulnerability / hazard / risk) artificial intelligence (/ data mining)

groundwater (/ aquifer / well) pollution (/ contamination /vulnerability / hazard / risk) artificial intelligence (/ data mining) nitrate (/ other contaminants)

groundwater (/ aquifer / well) pollution (/ contamination /vulnerability / hazard / risk) artificial intelligence (/ data mining) Iran (United States, India, Bangladesh / other critical

areas)

groundwater (/ aquifer / well) pollution (/ contamination /vulnerability / hazard / risk) artificial intelligence (/ data mining) nitrate (/ other contaminants) Iran (United States,

India, Bangladesh / other critical areas)

groundwater (/ aquifer / well) pollution (/ contamination / vulnerability / hazard / risk) machine learning (/ supervised / unsupervised / model’s specific name)

groundwater (/ aquifer / well) pollution (/ contamination /vulnerability / hazard / risk) machine learning (/ supervised / unsupervised / model’s specific name) nitrate (/ other

contaminants)

groundwater (/ aquifer / well) pollution (/ contamination / vulnerability / hazard / risk) machine learning (/ supervised / unsupervised / model’s specific name) Iran (United

States, India, Bangladesh / other critical areas)

groundwater (/ aquifer / well) pollution (/ contamination /vulnerability / hazard / risk) machine learning (/ supervised / unsupervised / model’s specific name) nitrate (/ other

contaminants) Iran (United States, India, Bangladesh / other critical areas)
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Text S2

Further examination performed regarding the study area of some articles is as fol-
lows:

(i) Intwo efforts, viz. Ref.[25] that focused on Holocene multi-aquifers of Ganges Delta
and Ref.[26] that focused on Indo-Bangla Ramsar site, the study areas span across
both Bangladesh and India. Hence, both countries are counted for these two studies.

(if) There were several studies with supernational study areas (i.e., multi-country, con-
tinent-scale, and global-scale, as listed in Table S3). Whilst all these efforts are in-
cluded in the main dataset of this study, only multi-country studies (Refs.[27-30])
were counted in terms of the study area. In other words, continent-scale and global-
scale studies were omitted from geographical trend analysis because these studies
essentially focus on highlighting crucial parts of the world/continents. Hence, re-
stricting the geographical trend analysis to local and national study areas may yield
a better understanding of their relative frequency of examination.

(iii) Turkiye, being a transcontinental country, is counted for both Europe and Asia con-
tinents.

Table S3. MLGHM studies with supranational study areas

Cite Target Model Year Area

Ca, Mg, Na, K, HCO3, Cl,
S04, Sr, Fe, NO3 (as N), F,

Wood, et al. [31] ol e (@s N B N 2020 Global
Br, Si, DO, pH, Specific

conductance, Temperature

Podgorski and Berg [32] As RF 2020  Global

Amini, et al. [33] As ANFIS, MLR 2008 Global

Podgorski and Berg [34] F- RF 2022 Global

Amini, et al. [35] F ANFIS, MLR 2008 Global

Usman, ef al. [36] F NB-stacking 2024 Africa

Hajek, et al. [37] pH, Ca RF 2020 Europe

Podgorski, Kracht, Afrlca’.s Séhel o )

(Mauritania, Mali, Niger, Chad, Senegal, Guinea,

Araguas-Araguas, Terzer-

. SH RF 2024 Sierra Leone, Liberia, Cote d'Ivoire, Ghana,
Wassmuth, Miller, Straub, T Benin. Niceria, C Central Afri
Kipfer and Berg [27] 0go, .enm, igeria, Cameroon, Central African
Republic)
Podgorski, Araya and
Mn, Fe RF, BRT 2022  Southeast Asia and Bangladesh
Berg [28]
Araya, Podgorski and n Horn of Africa
salinity RF 2023 . Lo L .
Berg [29] (Djibouti, Eritrea, Ethiopia, Kenya, Somalia)
. .. Southeast Asi
Winkel, Berg, Amini, Hug outheast Asia ) ) )
As LgR 2008 (Bangladesh, Cambodia, Vietnam, Indonesia,
and Annette Johnson [30]
Myanmar, Thailand)
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S1. Trend Analysis

S1.1 Historical Trend

The number of MLGHM papers published per annum over the period 2005-2024 is
shown in Figure S1. There is a consistent rise in the rate of publication of such papers,
with sharp incremental increases in 2017, 2022 and 2024. These trends may be due to (i)
growing environmental concerns all over the world, (ii) advances in computational intel-
ligence and ML developments, (iii) facilitated interdisciplinary collaboration among ex-
perts, and (iv) greater availability of secondary geochemical and geographical data (e.g.,
through remote sensing).

80

70

60

50

No. of Studies

Figure S1. Historical (2005-2024) trends of number of MLGHM publications per annum. The red curve is an indicative

exponential trend.

51.2 Geographic Trend

The distribution by country-of-study of reviewed MLGHM papers is shown in Figure
S2. Asia (195 published studies) was the most studied part of the world, having Iran (71
studies), India (46 studies), China (25 studies), and Bangladesh (13 studies) as the most
frequently studied countries. Africa (54 published studies) gained the second rank with
Egypt (8 studies) and Tunisia (6 studies) leading. North America (43 studies) appeared
next, comprising United States (42 studies) and Mexico (1 study). In Europe (16 studies),
Spain (6 studies) was the most studied country. Lastly, Uruguay (1 study) was the only
representative of South America.

10
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Legend

No. of Studies
71
1

Figure S2. Geographical distribution of the study-focus of reviewed published MLGHM studies. Boundaries and
names were adopted from generalized shapefiles of the world obtained from the United Nations [1] and Environmen-

(a)

(b)

(0

(d)

tal Systems Research Institute (ESRI) [2]).

Explanations regarding the observed geographical distributions are as follows:
Asia: While the quality and quantity of groundwater resources are being negatively
affected by excessive exploitation in countries such as India and Bangladesh, the
general quality of groundwaters in Iran is good [38]. Hence, the biggest number for
the Iranian case studies can be attributed to the significant growth in the publication
of science and engineering articles during the past two decades in this country
[24,39] rather than being an indication of greater issues with groundwater quality.
Moreover, it should be noted that several recent publications with Iranian case stud-
ies focused on ML developments by introducing novel ensembles [40,41] and con-
ducting comparisons among the used models [42,43].

Africa: Only the northern half of the continent has been explored, reflecting the need
for conducting MLGHM studies in the southern half, particularly in critical coun-
tries such as Uganda [44].

Europe: The tangible difference between Spain and other countries can be explained
by the climate of Spain (i.e., facing considerable aridity and drought) that calls for
using groundwater for urban water supply and irrigation purposes [45].

North America: In the US, groundwater is a significant source of public and domes-
tic self-supply water [46]. Nonetheless, these resources are largely affected by ele-
vated concentrations of geogenic constituents (As, Mg, Sr, Ra, and adjusted gross
alpha) [47]. Besides this significance, the availability of adequate water data (e.g.,

11
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National Water-Quality Assessment (NAWQA) Program [48]) can be another rea-
son for the large number of studies in this country.

(e) South America: The quality of groundwater in many Latin American countries is
considerably affected by contaminants such as arsenic [49]. It necessitates conduct-
ing more MLGHM studies in critical areas such as Uruguay.

51.3. Target Parameters

The proportion of the target parameters (i.e.,, predicted variables) in reviewed
MLGHM literature is shown in Figure S3. There was a total of 414 predictions (of 55
unique target variables), meaning that many studies had more than one target parameter.
NO3 with 34% (= 122 studies) is the most frequently considered target, followed by WQI
with 16% (= 56 studies) and As with 12% (= 41 studies). The share of other contami-
nants/parameters from F~ to pH falls within 1-6% (= 5-21 studies). The remaining param-
eters are collectively labelled ‘Others’ with 10% (= 35 studies). Each parameter of this label
appeared in fewer than 5 studies, representing <1% of the whole. Detailed proportions are
illustrated by the pie chart on the right part of Figure S3.

[:> Legend Order

«Cr Cl- = *H = EC =H = SAR «Ca
Cd = Pb = Ni = NH3/NH4+ = Zn Se S04
Rn = Sp. Cond. = Temp. = Sr K HCO3 Na:COs
=1 = Al =P Si Br B = Cu
C6H50H = Fecal = GenX = PFAS = Turbidity = BEX E. coli
V1,7, 39;% Salinity, 12,3%  Mg2+/Mn, 10,3% ~ SWL8,2%  pg g 20,
IP(II:SZZIIZ‘{/‘; TDS, I0, 3% Fe, 8,2% Na, §, 1%
HI, 1, 6% Indices, 18, 5% PH,5,1%
PR, 1,6%
Pol I, 1, 6%
RI, 1, 6%

SDWA Viol, 1,6%
UOG Leak, 1,6% A =

WQI, 56, 16%

Figure S3. The proportion of the target parameters in the surveyed literature. Acronyms can be found in the Nomen-

clature. (Format of the included texts: Name, Frequency, Percentage of frequency)

It is worth noting that while NO3 [50], As [51], and F~ [52] are globally known as
serious groundwater contaminants, other studied parameters such as H, TDS, and EC are
typically (but not always) not considered as contaminants, but are rather treated as key
groundwater factors that can affect the level of contamination. Albeit, a combination of
them was frequently used for calculating WQI [53], which in this study represents inte-
grated WQI (IWQI) and entropy-weighted WQI (EWQI), too.

S§1.4. Predictive Variables

12
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The collected predictive variables were first classified into 9 major categories includ-
ing (a) Predefined Datasets, (b) Chemical, (c) Topography, (d) Geomorphology, (e) Cli-
mate & Weather, (f) Aquifer, (g) LCLU, (h) Anthropogenic, and (i) Time & Coordinate, as
detailed in Table S4. While it was aimed for each category to address distinct environmen-
tal/geochemical impacts on the groundwater hazard, several of them can be interrelated
and share features (e.g., Topography and Geomorphology). Predefined Datasets include
eight well-known GHM frameworks, namely DRASTIC, DRASTIC-LCLU, GALDIT,
GALDIT-NUTS, GALDIT-MW, GOD, AVI, and SPECTR. The details of these frameworks
are presented in Table S5.

13



Table S4. Details of the classification of the inputs used in the MLGHM literature

Geomorphology Climate / Weather

Geology / Lithology Precipitation

Dis. to Fault (+ Density) Evapotranspiration

Dis. to Waterbodies (Rivers, Lake, Sea  Elements in Atm. &

+ Density) Precipitation
Dis. to Lineament (+ Density) Evaporation
Soil Chemistry Aridity
Soil Type Climate / Weather
Soil Texture PTA Coefficient

Water Wilting
Others

Point

Others

Details:

14
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Soil Chemistry:

Organic

Soil Geochemistry (Elements)
Soil pH

Soil CEC

Others

Soil Texture:
Texture

Content (Sand)
Content (Silt)
Content (Clay)
Coarse Fragments

Water Capacity

Bulk Density

Others

Others:
Geomorphology

Others:

Land Surface
Temp.

Solar Radiation
Water Wilting
Point

Water Vapor
Pressure

Evapotrans./Prec.
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Table S5. Components of the included predefined datasets

DRASTIC GALDIT SPECTR GALDIT-NUTS
Depth to water Aquifer type Topography GALDIT

Net recharge Hydraulic conductivity pH Net recharge
Aquifer media Water level (asl) EC Topography

Soil media Dis. to the shore Hydraulic conductivity Depth to groundwater
Topography SWI status Saturated zone thickness LU
IoVZ Aquifer thickness Recharge
Hydraulic conductivity
AVI GOD DRASTIC-LU GALDIT-MW
Hydpraulic resistance Aquifer type DRASTIC GALDIT

Lithology of aquifer LU Aquifer Media

Water table depth Well Density

In this section, first, the frequency of use of the nine major categories is presented.
Next, knowing that most factors of the Predefined Datasets overlap with other major cat-
egories, the Predefined Datasets are combined with other major categories to achieve a
consistent format of predictive variables. Eventually, a detailed frequency assessment of
each single predictive variable is performed.

A total of 3921 predictive variables were used in all reviewed studies. As Figure 54
shows, Chemical category accounts for 32% of predictive variables, making it the largest
major category. Next, Geomorphology with 27% is the second largest category, followed
by Aquifer, Topography, Climate/Weather, Anthropogenic, LCLU, and Predefined Da-
tasets with respective shares of 13%, 11%, 6%, 5%, 4%, and 2%. Lastly, Time & Location
with < 1% is the least popular category. Moreover, the pie chart positioned on the right
part of Figure 5S4 indicates that among Predefined Datasets, DRASTIC with 55 (= 50 DRAS-
TIC + 5 DRASTIC-LCLU) and GALDIT with 11 (=9 GALDIT + 1 GALDIT-NUTS + 1 GAL-
DIT-MW) times of use are the most popular frameworks, whereas GOD, AVI], and
SPECTR were used only once.
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Topography, 365, 11%

DRASTIC-LCLU, 5, 7%

Climate / Weather, 216, 6%

GALDIT-NUTS, 1, 2% GALDIT-MW, 1, 2%
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SPECTR. 1,1%

DRASTIC, 50, 73%

Predefined Datasets, 69, 2%

LCLU, 127, 4%

Time & Location,
19, 0%

Figure S4. Frequency of use of major categories of predictive variables. Acronyms can be found in the Nomenclature.

(Format of the included texts: Name, Frequency, Percentage of frequency)

8 major categories are located Figure S5 depicts details of the used predictive varia-

bles in the form of Sankey Diagram showcasing the inter-category connectivity and fre-

quency of use. Guidelines for interpreting this diagram are
(i) on theleft, 8 Predefined Datasets are positioned in the middle-left, and specific pre-

(i)

(iii)

(iv)

dictive variables are shown on the right,

The thickness of the curves is scaled in proportion to the frequency of the involved

predictive variable,

The number shown beside each major category indicates the summed frequency of

the comprised predictive variables. For instance, it can be written for DRASTIC: 350

=7 predictive variables x 50 time of use,

The number shown beside each specific predictive variable indicates its summed

frequency, which was obtained as the summation of all engaged categories. For in-
stance, it can be written for Slope: 143 = 50 (from DRASTIC) + 5 (from DRASTIC-LU)
+ 86 (from Topography) + 1 (from SPECTR) + 1 (from GALDIT-NUTS).
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Figure S5. Sankey Diagram showing predictive variables and their frequency of use. See Tables S4 and S5 for details.
(Plotted using Sankeymatic [3])
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Explanations regarding predictive variables and Figure S5 are as follows:
Anthropogenic: Anthropogenic activities are among the key factors that affect the
environment [54], particularly GWQ through different ways, e.g., agricultural and
industrial activities [55]. In this category, Direct Anthropogenic — mostly addressing
the effect of Population/Households — was the most used factor followed by Dis-
tance to Contamination Centres that were expressed as the distance to various pol-
lution sources including wastewater sources, industrial centres, cemeteries, and
mines.

Time/Location: Time and location (i.e., spatial coordinates) were considered in a
few studies. A possible reason for not including time is the low temporal contami-
nation variability of groundwater resources. As for the location, the essence of geo-
spatial analysis accounts for the distribution of contaminants and influential factors,
hence, no urgent need for spatial coordinates to be specifically taken into calcula-
tions.

Climate: Climate change, apart from impacting recharge, is related to GWQ through
affecting groundwater temperature, which alters chemical reactions within the ag-
uifer [56]. Precipitation, evapotranspiration, and aridity status were the most com-
mon distinguished predictive variables from the Climate/Weather category.
Chemical: The importance of water’s physicochemical characteristics in GWQ is ev-
ident [55,57]. The most frequently used Chemical predictive variables were (major
ions of) Mg, Cl, S03~, Na, HCO3, K, Ca, NO3, F, and Fe, as well as the groundwater
characteristics of pH, EC, TDS, temperature, and H. It is pertinent to note that, pH
and EC were the only chemical attributes that were explicitly linked to a Predefined
Dataset (SPECTR).

Topography: Topographical features have received significant attention as they can
influence surface water-aquifer interaction and contaminant transport [58]. Slope
(represented by Topography in GALDIT-NUTS, DRASTIC, and SPECTR) was the
most favoured factor of this category, followed by Terrain Characteristics (notably
including TWI), and Elevation.

Geomorphology: Geomorphology accounts for the influence of various factors,
each playing a pivotal role in determining GWQ. For instance, geological settings
dictate the aquifer capacity and dilution of minerals [59,60]; soil is a natural filter
and its characteristics (type, texture, and chemistry) influence the cleanliness of the
water that reaches the aquifer [61]; lineaments and faults in the region can contribute
to the water flow and the reservoir’s capacity [62,63]; and nearby waterbodies such
as rivers, regulate water’s recharge and chemical composition [64]. Geomorpholog-
ical features are highly regarded in Predefined Datasets such as GOD, DRASTIC,
and GALDIT. In this category, soil characteristics (Soil Texture and Soil Chemistry)
appeared most frequently, tailed by Geology/Lithology, Soil Type and Distance to
Waterbodies (+ their Density).

Aquifer: This category addresses aquifer properties along with groundwater’s (and
well’s) hydraulic characteristics that contribute to delineating different elements of
GWQ [65]. Groundwater Depth, Recharge, and Hydraulic Conductivity were the
most frequent aquifer features that have been input to ML models. The reason for
this popularity can be sought in different features such as water exploitation and
soil saturation status that can be explained by these three factors, particularly
Groundwater Depth [66,67]. Figure S5 shows that most factors from the Aquifer cat-
egory are widely linked to the Predefined Datasets.
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(h) LCLU: LCLU affects groundwater resources, notably through changing re-
charge and water demand [68]. Many studies have addressed the effect of this factor
for critical countries such as Bangladesh [69] and India [70]. This category was con-
sidered through inputting NDVI and LC/LU/LCLU factors either directly or in ex-
tensions of the DRASTIC and GALDIT frameworks.

The most popular specific predictive variables (those with summed frequencies > 70)
are expressed in Table S6. According to this table, Chemical and Aquifer categories have
the largest number of representatives.
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Table S6. Specific predictive variables with highest frequencies of use

. . . Climate/ Time &
Freq. Chemical Geomorphology Aquifer Topography Anthropogenic Weather LCLU Location
Mg
pH Others - GW & Well
- Dis. to Waterbodi Densi
70-100 ?2?4 is. to Waterbodies (+ Density) Elevation Direct Anthropogenic - - -
Vadose Zone
Na
EC
Geology/Lithology Recharge Terrain
100-150 - Soil Tvpe - - LU/LC/LCLU -
yp Hydraulic Conductivity Slope
150-200 - - Groundwater Depth - - - - -
Soil Chemistry
> 200 - - - - - - -

Soil Texture
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S1.5. Feature Selection

When it comes to ML-based modelling, feature selection can play an important role
in optimizing the models. Through dimensionality reduction, feature selection enables the
model to retain only those predictive variables that have a significant contribution to the
task. Proportions of feature selection models used in the reviewed MLGHM literature are
shown in Figure S6, acknowledging a total of 348 feature selection applications (with 41
unique methods). 31% (= 100 studies) of articles employed tree-based models - mostly
RE. Correlation was the second popular technique with 13% (= 43 studies), followed by
PCA, Regression, PDP, and ANN with 11%, 9%, 8%, and 5% of the articles, respectively.
Boosting Ensemble and SHAP secured the next position with 4% and 3%, and other meth-
ods were spotted in < 3% of the surveyed articles.

Ensemble (Boosting), 13,4% SHAP,11,3%  SensA, 6,2%
Clustering, 4, 1%
SVM, 4, 1%
RFE, 4,1%

ANN, 15, 5%

Wald St., 2, 1%
BrFS, 2, 1%
JT,2,1%
MDA, 2, 1%

Others, 21, 6%

Correlation, 43, 13%

BFS, KNN, Max.Ent, MI, MRSA,
OneR, PMF, QDA, RDA, EBF,GEP,
Rel. I, SEnt, FFS, SFS, FR, WAI,
SMEI, Stacking, Gamma, OCW
(All, 1, <1%)

Figure S6. The frequency of use of feature selection techniques used in the surveyed literature. Acronyms can be
found in the Nomenclature. (Format of the included texts: Name, Frequency, Percentage of frequency)
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Table S7. Classification of the ML models used in the MLGHM literature

Supervised Unsupervised
Tree-
B:: d ANN Ensemble 1 SV-Based Regression Ensemble 2 Probabilistic Others NF Clustering SOM DL
RF ANN Bst SVM LgR MOA Gaussian KNN NF/ANFIS FeM SOM DBN
KMC
DT DL Bag SVR MLR MM Discriminant GEP Others (& K-Me- GNG DSA
doid)
CART Others Dag RVM GLMs DH Bayesian PIML HCA igi/l/[-
. SOM-
ERT RS MARS Markovian APC KMC
M5 Others Others
Others
Details:
Others: Others: Others: Others: Others:
BART glmnet
RotF ELM BRR
J48 GMDH RR
LMT ELNN PolyR HyFIS
RT MNN AFR CANFIS
RndT BRNN LsR MaxEnt DENFIS
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Text S3

Take supervised DL — a deep MLP neural network — as an evident example of

opaque-box ML. This model belongs to the ANN’s family, that are innately complicated
models due to their configuration and the used non-linear activation functions. However,

as shown in Figure S7, the following ideas can be considered to increase the transparency

of the model (and the end-user favoured trustworthiness):

Providing a clear illustration of the model’s structure,

Data visualization and utilizing a feature selection technique that elucidates the role
of the input factors used,

Addressing the hyperparameters that can influence the model’s performance,
Detailing the main internal processes through a shallow simplified (surrogate) ver-
sion to delineate the calculations/decision-making rules,

If possible, transforming the solution into explicit mathematical formats.
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Figure S7. A schematic example of increasing the transparency of a DL opaque-box model (Feature Selection image reproduced from Podgorski, Wu, Chakravorty and Polya
[4], licensed under CC BY 4.0, and the graph of Tansig activation function adopted from Mathworks.com [5])).
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Text 54

The metaheuristic family has a reputation in optimizing ML models. Taking ANN
and ANFIS as examples, when an MOA is coupled with them, it finds the optimized val-
ues for weights and biases (in ANN) and membership functions parameters (in ANFIS).
This optimization can be particularly helpful when the ML is dealing with a complex and
high-dimensional dataset. GS is another famous optimizer — used in many studies e.g.,
Refs.[71,72] — that, due to its deterministic basis, is different from the MOAs.

While Table S8 gives applications of MOAs in MLGHM studies, the literature con-
tains many other applications of MOAs for optimizing groundwater quality assessment
through using (i) non-ML frameworks such as DRASTIC and (ii) numerical predictions of
quality indices (without mapping). Some examples of these studies are presented in Table
59. Among these algorithms, GA is a very popular and long-standing technique whose
earlier applications can be found in studies by Rao and Jamieson [73] and Inoue, et al. [74]
for groundwater-related optimizations.

Table S8. Application of optimization algorithms in the MLGHM literature
Ref. Baseline model(s) Optimizer algorithm(s)
Fijani, et al. [75] CMAI GA
Asadi, et al. [76] MLR GA
Mohammadrezapour, et al. [77] FCM, KMC GA
Elzain, et al. [78] ANFIS PSO, DE, GA
Agrawal, et al. [79] NBC, SVM PSO
De Jesus, et al. [80] ANN PSO
Pham, et al. [81] RF Ant, FA, MOE, PSO, GWO
Saha, et al. [82] RF PSO, GWO, GOA
Jamei, et al. [83] ANFIS AO, ACO, SMA
Wang, et al. [84] KELM, SVM PSO
Gholami and Sahour [85] SOM GA
Sahour, Khanbeyki, Gholami, Sahour, ANN PSO. GWO
Karimi and Mohammadi [41] ’
Gholami, ef al. [86] ANN GA
Bakhtiarizadeh, et al. [87] PolyR, MARS GA, PSO

firefly algorithm (F

A), genetic algorithm (GA), differential evolution (DE) algorithm, particle swarm op-

timization (PSO), ant optimization (Ant), multiple objective evolutionary (MOE), grey wolf optimization

(GWO), grasshopper optimization algorithm (GOA), aquila optimization (AO), slime mould algorithm
(SMA), ant colony optimization (ACO)

Table S9. Examples of using MOAs out of (but relevant to) the MLGHM literature

Ref. Baseline model Optimizer algorithm
Lakshminarayanan, et al. [88] Basic: DRASTIC BBO
Nadiri, et al. [89] Basic: DRASTIC GA
Nadiri, ef al. [90] Basic: DRASTIC GA
Balaji, et al. [91] Basic: DRASTIC TLBO
Jahromi, ef al. [92] Basic: SINTACS ABC
Lakshminarayanan, et al. [93] Basic: DRASTIC FA
Siarkos, et al. [94] Basic: DRASTIC-L GA
Bordbar, et al. [95] Basic: GALDIT GWO
Alizamir, et al. [96] ML: ANN GWO
Mazraeh, et al. [97] ML: SVM HHO
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Kisi, et al. [98] ML: ANN PSO
Harris-Hawkes optimization (HHO), artificial bee colony (ABC), teaching learning-based optimization
(TLBO), biogeography-based optimization (BBO)
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