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A B S T R A C T   

Identifying groundwater-dependent ecosystems is the first step towards their protection. This paper presents a 
machine learning approach that maps groundwater-dependent ecosystems by extrapolating from the charac-
teristics of a small sample of known wetland and non-wetland areas to find other areas with similar geological, 
hydrological and biotic markers. Explanatory variables for wetland occurrence include topographic elevation, 
lithology, vegetation vigor, and slope-related variables, among others. Supervised classification algorithms are 
trained based on the ground truth sample, and their outcomes are checked against an official inventory of 
groundwater-dependent ecosystems for calibration. This method is illustrated through its application to a 
UNESCO Biosphere Reserve in central Spain. Support vector machines, tree-based classifiers, logistic regression 
and k-neighbors classification predicted the presence of groundwater-dependent ecosystems adequately (>96% 
test and AUC scores). The ensemble mean of the best five classifiers rendered a 90% success rate when computed 
per surface area. This method can optimize fieldwork during the characterization stage of groundwater- 
dependent ecosystems, thus contributing to integrate wetland protection in land use planning.   

1. Introduction 

Wetlands comprise some of the most productive ecosystems of the 
world, and provide a wide range of environmental services to humans 
(MEA, 2005). These include, but are not restricted to, flood control, 
groundwater replenishment, shoreline stabilization in coastal areas, 
nutrient cycling, water purification and support to fauna and flora, as 
well as important cultural and recreational values. Despite their envi-
ronmental and economic significance, the world’s wetlands are slowly 
disappearing. The Ramsar Convention estimates that two-thirds have 
been lost since 1900 (RCW, 2015). This problem is particularly acute in 
the case of inland ecosystems, as well as in the Asian and European 
continents. Take for instance the case of Spain, whose total wetland 
surface has shrunk by 60% in the last decades (De la Hera et al., 2011). 
Causes should be found in historical factors, such as disease prevention 
campaigns and the need for new arable lands, but also in major changes 
in land use and water diversion through dams and canals, and intensive 
groundwater pumping (Revenga et al., 2000; Martínez-Santos et al., 
2018). Despite growing awareness about the intrinsic value of wetlands, 
economic development continues to be favored over environmental 

conservation. This is largely because wetlands and their ecosystem 
services often are not well quantified, and are therefore difficult to 
incorporate into decision making and conservation planning (Chen 
et al., 2014). 

Wetland protection is most effective when coordinated with water 
and land-use policies. In this context, the role of ecosystem services 
remains in need of wider recognition, and there is still room to improve 
the strategies that integrate them in land management (Mitsch et al., 
2015; Aristizábal and Martínez-Santos, 2019). Furthermore, it is 
important to acknowledge that wetland functioning is controlled by 
factors that occur at different temporal and spatial scales, which makes 
ecosystem management and protection all the more complex (De la Hera 
et al., 2016). 

This research is specifically concerned with the development of tools 
to facilitate the conservation of groundwater-dependent ecosystems 
(GDEs), that is, those natural ecosystems that require access to 
groundwater to meet some or all of their water requirements on a per-
manent or intermittent basis (NWC, 2011). The concept of groundwater- 
dependent ecosystem takes into account the physical, chemical and 
biological linkages between aquifers and associated subterranean and 

* Corresponding author. 
E-mail address: pemartin@ucm.es (P. Martínez-Santos).  

Contents lists available at ScienceDirect 

Journal of Hydrology 

journal homepage: www.elsevier.com/locate/jhydrol 

https://doi.org/10.1016/j.jhydrol.2021.126873 
Received 11 February 2021; Received in revised form 17 August 2021; Accepted 21 August 2021   

mailto:pemartin@ucm.es
www.sciencedirect.com/science/journal/00221694
https://www.elsevier.com/locate/jhydrol
https://doi.org/10.1016/j.jhydrol.2021.126873
https://doi.org/10.1016/j.jhydrol.2021.126873
https://doi.org/10.1016/j.jhydrol.2021.126873
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jhydrol.2021.126873&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/


Journal of Hydrology 603 (2021) 126873

2

surface water bodies (Rohde et al., 2017; Cantonati et al., 2020), while 
also giving due importance to the need to maintain plant and animal 
communities, ecosystem processes and ecosystem services. 

A common point to groundwater-dependent ecosystems is the 
emergence or near-emergence of the water table above the topographic 
surface (EC, 2011; USFS, 2012). When groundwater arises at a point 
location it typically results in a spring or seep. Wetlands are similar, 
except that groundwater discharge takes place in a diffuse manner 
across a larger area. In certain classifications, groundwater-dependent 
ecosystems also include underground environments such as caves 
(Springer and Stevens, 2009). 

The first step in protecting a groundwater-dependent ecosystem is to 
identify its very existence. Establishing whether a wetland is dependent 
on groundwater can be difficult, partly because there can be a contin-
uum between groundwater-dependent ecosystems and those ecosystems 
dependent on other water sources, and partly because human 

intervention may have desiccated the wetlands a long time ago (EC, 
2011). These factors can be even more difficult to assess in the case of 
crypto-wetlands (i.e. wetlands underpinned by a shallow water table 
that do not have a standing water table but that present permanent or 
semipermanent phreatophyte vegetation (UNESCO, 2019)). While the 
local-scale dependency of ecological communities on groundwater can 
be established based on hydrological, geomorphological, physico- 
chemical and biological methods, approaches that rely on a combina-
tion of expert criteria, remote sensing and other sources have proven 
efficient over large regions (Doody et al., 2017). 

Flooded surfaces and flood-prone areas can be readily identified 
from remote sensing products (Degiorgis et al., 2012; Maxwell et al., 
2016; Chignell et al., 2018). These allow for the delineation of water 
bodies with a high degree of confidence. However, satellite images do 
not necessarily provide a univocal answer when dealing with crypto- 
wetlands. Furthermore, widespread irrigation may detract from the 

Fig. 1. Geographical setting. The map includes both major wetland areas (Daimiel and Zancara). Some sets of wetlands have been grouped in the legend for 
simplicity. Legend: “Known GDE” refers to the existing wetland inventory. “GDE” and “Non-GDE” represent input data used for the purpose of training/testing the 
algorithms. “GDE” represents a point identified as a point of groundwater discharge, whereas “Non-GDE” represents a point where there is no groundwater discharge. 
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effectiveness of vegetation-based indicators in semiarid regions. It is in 
these context where alternative approaches are required to identify 
groundwater-dependent ecosystems that may otherwise pass unnoticed. 
The goal of this paper is to present and validate a machine learning 
approach to map groundwater-dependent ecosystems based on a set of 
ground-truth examples. The method relies on several supervised classi-
fication algorithms, which are applied to identify those variables that 
better explain the presence of groundwater-dependent wetlands. 

Machine learning furthers the capabilities of natural resources 
mapping, which traditionally relied on expert criteria (simple addition, 
analytical hierarchical processes) and/or geospatial interpolation. The 
use of machine learning algorithms is becoming increasingly common in 
the environmental literature (Li et al., 2017; Walsh et al., 2017; Naghibi 
et al., 2017; Ceh et al., 2018; Díaz-Alcaide and Martínez-Santos, 2019a). 
Supervised classification is a type of machine learning technique that 
consists of developing estimates for a target variable based on a series of 
known examples and explanatory variables. Supervised classification 
has been used to map vegetation communities (Ohmann and Gregory, 
2002; Von Wehrden et al., 2009), mineral resources (Schetselaar et al., 
2008), groundwater potential areas (Chen et al., 2018; Díaz-Alcaide and 
Martínez-Santos, 2019a), fecal contamination in domestic wells (Díaz- 
Alcaide and Martínez-Santos, 2019b), and landslide susceptibility 
(Pham et al., 2016), among other spatially-distributed variables. 

Using machine learning approaches to map groundwater-dependent 
ecosystems is perceived as a methodological contribution in several 
ways. For one, while machine learning has been used in the past for 
spring mapping (Ozdemir, 2011a; Naghibi et al., 2015), the literature 
showcases very few precedents in the context of the protection of wet-
lands and other types of aquatic ecosystems. Furthermore, this tech-
nique represents a complement to traditional expert-based approaches, 
and may provide additional insight in environmental management 
practices by harnessing the potential of big data approaches to delineate 

ecosystems dependent on groundwater whose presence might otherwise 
pass unnoticed. From a site-specific perspective, the outcomes are 
meaningful enough to inform regional land use policy. 

2. Methods 

2.1. Study site 

The machine learning approach is illustrated through a well-known 
set of groundwater dependent wetlands located in central Spain 
(Fig. 1). These are all part of the Mancha Húmeda UNESCO Biosphere 
Reserve (UNESCO, 1980). The largest one, Las Tablas de Daimiel, is 
listed under the Ramsar convention. It is also a National Park since 1973 
(De la Hera and Villarroya, 2013). 

The study area has been described from the hydrogeological 
perspective by several authors (Martínez-Santos et al., 2018). It is best 
described as a vast plain that slopes gently over 150 km, from SW (600 
m.a.s.l.) to NE (730 m.a.s.l.). The region presents a continental semiarid 
climate, where short wet periods alternate with long dry spells. The long 
term average rainfall (1904–2014) is 405 mm/yr, with a yearly 
maximum in excess of 700 mm (1969 and 2010), and global minima of 
about 170 mm (1938 and 2005). Average monthly temperatures range 
between 5 ◦C in January and 26 ◦C in July, the mean standing at 15 ◦C. 

The drainage network is poorly defined, thus favoring surface–-
groundwater interactions. The region’s wetlands are fed by the Mancha 
Occidental aquifer system, a groundwater body which spans 6100 km2 

under its current administrative boundaries, and whose thickness ex-
ceeds 400 m in some areas (Fig. 2). The Mancha Occidental system 
comprises four major hydrogeological units. The upper aquifer is made 
up of unconfined, highly-transmissive Miocene materials. These overlay 
a low-permeability marly aquitard, which partially separates the 
Miocene unit from the semi confined limestone aquifer found 

Fig. 2. Schematic hydrogeological section. The section shows the effects of intensive groundwater pumping on the regional water table.  
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immediately below. The impervious basement is made up of Triassic and 
Paleozoic materials. 

The ensemble of both permeable units (“the aquifer”, hereon) pre-
sents excellent conditions for groundwater development. Transmissivity 
exceeds 20,000 m2/d in some areas, while the mean specific yield is 
2.5% (IGME, 2004). This explains why the region is subject to intensive 
pumping since the early 1970s. Groundwater-irrigated agriculture grew 
six-fold between 1975 and 2006, from 30,000 ha to 180,000 ha (Mar-
tínez-Santos et al., 2018). For years, pumping nearly doubled the long- 
term replenishment rate of the aquifer. This caused the water table to 
drop by a rate of 1–2 m/yr during that interval (IGME, 2004; Mejías 
Moreno et al., 2012). Changes in groundwater flow patterns took place 
as a result, triggering major alterations in the water balance, local 
subsidence collapses and the spontaneous combustion of peatlands 
(Llamas and Fornes, 2004; Castaño-Castaño et al., 2008; Moreno et al., 
2011). Most importantly, however, most groundwater-dependent wet-
lands, as well as rivers Guadiana, Záncara, Cigüela and Azuer, dried up 
(Llamas, 1988; Llamas et al., 1992; Castaño-Castaño et al., 2008; Mar-
tínez-Santos et al., 2008). 

An exceptionally wet period (2006–2010) resulted in a major re-
covery of the aquifer (Martínez-Santos et al., 2018). The water table rose 
significantly, up to 20 m in some areas (Fig. 3). Around 2011–2012 some 
of the main groundwater-dependent ecosystems, including Las Tablas de 
Daimiel National Park and the Ojos del Guadiana springs, experienced 
aquifer discharge for the first time since the mid-1980s. This trend 
continued for several years, thus allowing for the study of ecosystem 
dynamics and long-term changes in wetland water quality (Castaño- 
Castaño et al., 2018). 

De la Hera (1998) carried out a thorough assessment of the region’s 

groundwater-dependent ecosystems based on the National Inventory of 
Wetlands (DGOH, 1991). This author defined two major wetland areas 
in the Mancha Occidental aquifer, one towards the northern part of the 
system (Zancara area) and another one towards the west (Daimiel area) 
(Fig. 1). Both presented some degree of degradation at the time of that 
study due to intensive pumping. About 42% had completely dried up in 
the Zancara area, and 69% in Daimiel. These findings, together with 
some wetlands of minor importance identified means of satellite imag-
ing, constitute the baseline inventory for the ensuing analyses (De la 
Hera, 1998). 

2.2. Predictive mapping software 

This research uses MLMapper 2.0. This is the first evolution of 
MLMapper 1.0, a QGIS 3.2 plugin coded in Python 3.6 that performs 
multilayer pattern recognition to develop predictive maps based on 
point-source ground truth (Martínez-Santos and Renard, 2019). Aside 
from all the functionalities of its previous version, the software now 
incorporates a number of new automated routines. These include 
collinearity checks, recursive feature elimination, feature number opti-
mization, randomized search parameter fitting, and k-fold cross- 
validation. 

MLMapper integrates seven new supervised classification algorithms 
of the SciKit-Learn 0.24.1 toolbox (Pedregosa et al., 2011), which brings 
the software’s total number algorithms up to twenty. This large number 
of classifiers provides the user with a wide array of computational al-
ternatives, as well as the possibility of performing ensemble mapping 
automatically. The underlying principle is to apply as many algorithms 
as possible to a given problem, and then perform an ensemble of the 

Fig. 3. Long-term water table evolution in the Mancha Occidental aquifer (data from the Geological Survey of Spain). Maps represent: (a) The closest situation to 
natural conditions on record (1974); (b) The water table during an intense drought, at the point of maximum pumping (1992); (c) The lowest point on record after the 
recovery in humid years 1996–1998 (2005). (d) The water table during the last major recharge event (2011). 
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Fig. 4. MLMapper’s schematic workflow (after Martínez-Santos and Renard, 2019).  
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Fig. 5. Spatial distribution of explanatory variables. (a) Permeability; (b) Geology; (c) Soil type; (d) Water table elevation; (e) NDVI; (f) Flow accumulation potential; 
(g) Slope; (h) Topographic wetness index. 
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results of those which exceed a suitable performance score. Those al-
gorithms that perform poorly on the input dataset are discarded. 

MLMapper currently includes support vector machines (SVM), linear 
vector machines (LVM), logistic regression (LRG), decision tree classifier 
(CRT), random forest classifier (RFC), K-neighbour classification (KNN), 
linear discriminant analysis (LDA), Gaussian naïve Bayes classification 
(NBA), multilayer perceptron neural network (MLP), Ada-boost classi-
fier (ABC), quadratic discriminant analysis (QDA), gradient boosting 
classification (GBC), Gaussian process classifier (GPC), ridge classifier 
(RID), stochastic gradient descent linear classifier (SGD), perceptron 
(PRC), nearest centroid classifier (NCC), multinomial Naive Bayes 
classifier (MNB), complement Naive Bayes classifier (CNB) and extra- 
trees classifier (EXT). The underlying principles of each of these algo-
rithms have been thoroughly discussed in the literature (Kotsiantis, 
2007; Hastie et al., 2009; Pedregosa et al., 2011). 

2.3. Conceptual model: Target and explanatory variables 

MLMapper follows a classic machine learning workflow, character-
ized by the sequential application of data input, feature correlation and 
selection, data split, feature optimization, recursive feature elimination, 
parameter optimization and prediction (Fig. 4). In this case, the latter 

step consists in spatial extrapolation of the results into a map. For the 
purpose of the ensuing sections, the “target variable” is a binary 
outcome that defines the presence or absence of GDEs at each location of 
the study site; “explanatory variables” or “model features” are those 
elements expected to constrain the presence (or absence) of GDEs to 
some extent. 

A key assumption of this research is that the occurrence of 
groundwater-dependent ecosystems may be inferred from a combina-
tion of geological, geomorphological, hydrogeological and biological 
variables. Cantonati et al. (2020) point out that, from the hydro-
geological standpoint, wetland classifications rely on a number spatially 
distributed variables. Among others, these include parent rock geology 
(lithology, stratigraphy), structural geology of the groundwater basin, 
discharge driving forces (gravity, pressure or density/temperature 
dominated discharge), groundwater quality, and the geomorphology 
around the outlet. With that in mind, Fig. 5 and Table 1 present the 
spatial distribution and the reclassification values of the explanatory 
variables considered in this study. These include lithology, water table 
elevation, NDVI, flow accumulation potential, slope, topographic 
wetness index, soil type and permeability. Their importance will be 
discussed in the following paragraphs. 

Geology plays an important role in GDE dynamics. Lateral litholog-
ical changes result in local permeability contrasts that favor the rise of 
shallow groundwater to the surface. In certain cases, the density and 
orientation of faults and fractures may constrain groundwater flow, 
defining preferential paths that lead to the accumulation of water at the 
surface. This may also create a moist environment that allows for the 
development of certain soil features, while also providing adequate 
living conditions for fauna and flora. 

GDEs typically occur in valleys and depressions, where the water 
table intersects the topographic surface. This implies that both topog-
raphy and the elevation of the water table are likely predictors for GDE 
occurrence. Slope and slope-related parameters (steepness, curvature, 
topographic wetness index) can also be expected to behave as explan-
atory variables, as these control the accumulation of water above the 
surface. Changes in slope may also prove relevant in marking the edges 
of a wetland. 

Satellite surveillance reveals potentially important information 
about the presence of wetlands, particularly in arid and semiarid cli-
mates. This is typically captured by vegetation-related indices like the 
ratio vegetation index, the vegetation index number, the differenced 
vegetation index, and the normalized difference vegetation index 
(NDVI) (Bannari et al., 1995; Xie et al., 2008). The latter is widely used 
due to its ease of calculation and to its sensitivity to changes in vege-
tation patterns (Xue and Su, 2017). It is also useful for the identification 
of flooded areas because exposed water surfaces typically present low 
and uniform NDVI values. Moreover, in the absence of irrigation, 
patches of vigorous vegetation at the end of the dry season can be 
interpreted as a proxy for permanent springs or a shallow water table. 

2.4. Algorithm training and testing 

Two databases must be prepared prior to running MLMapper. The 
first one contains ground-truth data, and is used to train and test the 
machine learning algorithms. The ground-truth database comprises a 
suitably large number of points with the coordinates of each point, the 
known outcome of the target variable, and the pixel score for each GIS 
layer (explanatory variables). The second database is a list of all pixel 
values for all layers, also with coordinates. This second database is used 
to extrapolate the results and build the GDE map. 

MLMapper first carries out a collinearity test for the entire input 
dataset. Collinearity occurs when two or more explanatory variables 
present a high degree of correlation, and represents a problem because 
the regression coefficients of certain algorithms mat not be uniquely 
determined. Variables found to be redundant are eliminated prior to 
running the models. 

Table 1 
Explanatory variables for the presence of groundwater-dependent ecosystems.  

Variable Classification Resolution Source 

Digital elevation 
model (DEM) 

Pixel value 5 m Instituto Geográfico 
Nacional. MDT05 series. 

Piezometric surface 
(natural 
conditions)  

1. <610  
2. 610–630  
3. 630–650  
4. 650–670  
5. 670–690  
6. >690 

30 m Own elaboration (data 
from Spain’s Ministry 
for the Enviroment) 

Topographic Wetness 
Index (TWI)  

1. Very low  
2. Low  
3. Medium  
4. High  
5. Very high 

30 m Own elaboration from 
DEM 

Slope (%)  1. 0  
2. 5  
3. 10  
4. 15  
5. 20 

30 m Own elaboration from 
DEM 

Normalized 
Difference 
Vegetation Index 
(NDVI)  

1. − 1  
2. − 0.5  
3. 0  
4. 0.5  
5. 1 

30 m Own elaboration from 
Landsat 8 data 

Flow accumulation 
potential  

1. Very low  
2. Low  
3. Medium  
4. High  
5. Very high 

30 m Own elaboration from 
DEM 

Geology  1. Detrital  
2. Meta- 

detrital  
3. Carbonated  
4. Evaporitic  
5. Volcanic 

1:50,000 Geological Survey of 
Spain 

Aquifer permeability  1. Very low  
2. Low  
3. Medium  
4. High  
5. Very high 

1:200,000 Geological Survey of 
Spain 

Soils  1. Haplic 
calcisols  

2. Petric 
calcisols  

3. Calcaric 
fluvisols  

4. Chromic 
luvisols 

1:200,000 European Soil Data 
Centre (ESDAC),  
Panagos et al. (2012)  
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MLMapper then splits the ground-truth database into independent 
training and testing datasets. Training is the process whereby algorithms 
learn the patterns of explanatory variables that lead to the presence or 
absence of GDE at each pixel. At this stage each algorithm has access to 
the target outcome, so that it can establish the combinations that lead to 
a positive or negative outcome. The training score refers to how suc-
cessfully each algorithm is able to explain such patterns. 

The test phase is where the algorithms are prompted to predict the 
outcome of a given combination of explanatory variables. During this 
part of the process, the outcome is no longer known to the algorithms. 
These must estimate it correctly based on what they learned during the 
training phase. The test score is obtained by comparing estimates to the 
actual outcomes. It thus represents the predictive accuracy of each al-
gorithm on a scale of 0 to 1, where 0 means that all predictions made by 

Fig. 6. Outcomes of pair-wise correlation analysis. RDEM (digital elevation model), RFlowAccm (flow accumulation index), RLitol (lithology), RNDVI (normalized 
difference vegetation index), RPerme (permeability), RSlope (slope), RSoil (soil type), RTWI (topographic wetness index), RPiezom (elevation of the water table). 

Table 2 
Supervised classification outcomes for all algorithms (Train = optimized training score; Test = optimized test score; Prec_F = precision false; Prec_T = precision true; 
Rec_F = recall false; Rec_T = recall true; f1_F = f-1 score false; f1_T = f-1 score true; AUC = area under curve; TN = true negatives; TP = true positives; FP = false 
positives; FN = false negatives).  

Algorithm Train Test prec_F prec_T rec_F rec_T f1_F f1_T AUC TN TP FP FN 
RFC  0.98  0.98  1.00  0.96  0.96  1.00  0.98  0.98  1.00 22 22 1 0 
EXT  0.97  0.98  1.00  0.96  0.96  1.00  0.98  0.98  1.00 22 22 1 0 
SVM  0.97  0.98  1.00  0.96  0.96  1.00  0.98  0.98  0.96 22 22 1 0 
KNN  1.00  0.98  0.96  1.00  1.00  0.95  0.98  0.98  0.99 23 21 0 1 
LRG  0.97  0.96  0.96  0.95  0.96  0.95  0.96  0.95  0.96 22 21 1 1 
CRT  0.99  0.96  0.96  0.95  0.96  0.95  0.96  0.95  0.97 22 21 1 1 
LDA  0.92  0.91  0.95  0.88  0.87  0.95  0.91  0.91  0.96 20 21 3 1 
RID  0.92  0.91  0.95  0.88  0.87  0.95  0.91  0.91  – 20 21 3 1 
ADA  1.00  0.91  0.88  0.95  0.96  0.86  0.92  0.90  0.96 22 19 1 3 
QDA  0.97  0.91  0.88  0.95  0.96  0.86  0.92  0.90  0.96 22 19 1 3 
NBA  0.86  0.82  0.83  0.82  0.83  0.82  0.83  0.82  0.93 19 18 4 4 
MNB  0.79  0.82  0.83  0.82  0.83  0.82  0.83  0.82  0.91 19 18 4 4 
CNB  0.80  0.82  0.83  0.82  0.83  0.82  0.83  0.82  0.91 19 18 4 4 
MLP  0.80  0.80  0.79  0.81  0.83  0.77  0.81  0.79  – 19 17 4 5 
NCC  0.65  0.73  0.72  0.75  0.78  0.68  0.75  0.71  – 18 15 5 7 
SGD  0.50  0.51  0.51  0.00  1.00  0.00  0.68  0.00  – 23 0 0 22 
PRC  0.50  0.51  0.51  0.00  1.00  0.00  0.68  0.00  – 23 0 0 22 
LVM  0.50  0.51  0.51  0.00  1.00  0.00  0.68  0.00  – 23 0 0 22  
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the algorithm were wrong, and 1 that the predictions where 100% ac-
curate. A 0.5 score suggests that the predictions are no better than a 
random choice. 

The proportion of the ground-truth database used for training and 
testing typically ranges between 50/50 and 80/20 (train/test). This split 
is randomized, but remains roughly proportional to the number of target 
classes in the input dataset. In the case of a binary problem, such as the 
one at hand, it is convenient to work with a similar number of positive 
and negative outcomes in order to minimize bias in test scores. 

The ground-truth database comprises 150 entries, out of which 75 
are known wetland points (distributed among a sample of six major 

wetlands) and 75 are known non-wetland points (distributed randomly 
all over the aquifer) (Fig. 1). In practice, this means that 6 of the 20 
wetland polygons in the Zancara area and 3 out of the 12 in the Daimiel 
area are used to train the algorithms. The latter are then required to 
identify the remaining 23 polygons as wetlands based on the associa-
tions that were developed during training. 

Since each algorithm relies on different mathematical principles, a 
range of algorithm performances can be expected for a given input 
dataset. Due to the intrinsic complexity of machine learning models, it is 
difficult to predict which one will be more suitable in each case. 
MLMapper tackles this issue by using a large number of classifiers and 
then picking the ones that render the best results. Algorithm perfor-
mance is typically assessed based on a set of user specified metrics, 
typically test score and area under the receiver operating characteristic 
curve (AUC). A simple ensemble mean of the best performing classifiers 
is developed subsequently in order to show the degree of agreement 
among them. The outcome can also be interpreted as a proxy for 
uncertainty. 

Certain algorithms allow for recursive feature elimination. Variables 
that turn out to be either indifferent or counterproductive are eliminated 
from the conceptual model. This process also allows for the optimization 
of the number of input features. During this process, MLMapper uses 
automated parameter tuning to optimize algorithm performance. For 
this, it picks the best result out of running grid search and randomized 
search parameter fitting routines on each algorithm. Both these routines 
incorporate 10-fold cross-validation. 

Finally, MLMapper gives the user a choice as to whether to extrap-
olate the results to produce a predictive map. Individual maps are 
developed for all classifiers based on what the algorithms learned during 
the training and testing processes. This is an optional feature because the 
process of building the map can be time-consuming. 

2.5. Simple subtraction map 

In theory, a map representing simple subtraction of the water table 
elevation from the digital elevation model would render an accurate 
depiction of the flooded areas. This approach could contribute to the 
identification of ecosystems underpinned by a shallow water table if a 
suitable degree of tolerance were applied. Thus, several simple sub-
traction maps were developed for comparison purposes. These were 
computed by taking away the elevation of the water table in September 
1974 (earliest on record) from the 5 m MDT50 series of the high reso-
lution national DEM provided by the Geographical Institute of Spain. 
Tolerances of zero to five meters below the surface were defined to allow 
for the representation of crypto-wetlands. 

3. Results 

Feature collinearity is evaluated by means of pair-wise correlations 
between explanatory variables. A discrimination threshold of 0.70 is 
commonly used, although values between 0.40 and 0.85 can be 
acceptable depending on the circumstances (Dormann et al., 2013). 
Fig. 6 shows the correlation matrix. Results are expressed by means of a 
colour scale, where a value of − 1.0 represents a perfect inverse corre-
lation and a value of 1.0 represents a perfect direct correlation. Direct 
correlation between explanatory variables were found to range between 
− 0.7 and 0.7 in all cases. Thus, no explanatory variable was excluded 
from the conceptual model. 

Table 2 presents standard performance metrics for all algorithms. A 
wide range of classifier families yielded test scores in excess of 0.90. 
These include tree-based classifiers, support vector machines, logistic 
regression and k-neighbours classifiers, among others. Tree-based clas-
sification proved particularly adept at predicting the occurrence of 
groundwater-dependent ecosystems, as all three tree-based algorithms 
(RFC, EXT, CRT) made it into the top six performers. Conversely, SGD, 
PRC and LVM rendered a very low predictive potential (0.51). 

Table 3 
Parameter tuning results and parameter descriptions for the five best performing 
classifiers.  

Algorithm Parameter optimized 
value 

Parameter description 

RFC Max_depth = 3 The maximum depth of the tree. If ‘none’, 
then nodes are expanded until all leaves are 
pure or until all leaves contain less than 
min_samples_split samples.  

Max_features = 0.3 The number of features to consider when 
looking for the best split.  

N_estimators = 150 Number of trees in the forest.  
Random_state = 0 Controls both the randomness of the 

bootstrapping of the samples used when 
building trees and the sampling of the features 
to consider when looking for the best split at 
each node. 

EXT Max_depth = 3 The maximum depth of the tree. If ‘none’, 
then nodes are expanded until all leaves are 
pure or until all leaves contain less than 
min_samples_split samples.  

Max_features = 0.8 The number of features to consider when 
looking for the best split.  

Min_sample_leaf = 2 The minimum number of samples required to 
be at a leaf node.  

N_estimators = 110 Number of trees in the forest.  
Random_state = 0 Controls the sources of randomness, including 

the bootstrapping of the samples used when 
building trees, the sampling of the features to 
consider when looking for the best split at 
each node, and the draw of the splits for each 
of the max_features 

SVM C = 1 Regularization parameter. The strength of the 
regularization is inversely proportional to C. 
Must be strictly positive. The penalty is a 
squared l2 penalty  

Gamma = 2.5817 Kernel coefficient for ‘rbf’, ‘poly’ and 
‘sigmoid’.  

Kernel = “linear” Specifies the kernel type to be used in the 
algorithm. It must be one of ‘linear’, ‘poly’, 
‘rbf’, ‘sigmoid’, ‘precomputed’ or a callable  

Probability = “true” Whether to enable probability estimates.  
Random_state = 0 Controls the pseudo random number 

generation for shuffling the data for 
probability estimates. Ignored when 
probability is ‘false’. 

KNN Algorithm =
“kd_tree” 

Algorithm used to compute the nearest 
neighbors.  

N_neighbors = 9 Number of neighbors to use by default  
P = 1 Power parameter for the Minkowski metric.  
Weights = “distance” Weight function used in prediction. 

LRG C = 2.1848 Inverse of regularization strength.  
Class_weight =
“balanced” 

Weights associated with classes.  

Max_iter = 1361.488 Maximum number of iterations taken for the 
solvers to converge.  

Multi_class =
“multinomial” 

If the option chosen is ‘ovr’, then a binary 
problem is fit for each label. For ‘multinomial’ 
the loss minimised is the multinomial loss fit 
across the entire probability distribution, 
even when the data is binary.  

Random_state = 0 Used to shuffle the data with certain solvers.  
Solver = “newton- 
cg” 

Algorithm to use in the optimization problem.  
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In terms of test score, there is a clear break between the best six 
classifiers, all of which exceeded 0.96, and the seventh one (LDA), which 
scored 0.91. Therefore, a discrimination threshold of 0.96 was defined. 
This means that all algorithms rendering a lower test score were dis-
carded for the purpose of ensemble mapping. CRT was also left out to 
simplify the ensuing discussion, as this classifier is essentially a less- 
sophisticated version of EXT and RFC. Parameter descriptions for each 
of the top five algorithms and their optimized values are presented in 
Table 3. 

Fig. 7 displays the outcomes of recursive feature elimination. Opti-
mized tree-based classifiers (RFC, EXT) maximized their outcome when 
relying exclusively on four out of the nine explanatory variables, 
namely, DEM, lithology, permeability and water table elevation. In 
contrast, LRG and SVM attributed some importance to all variables 
except for the topographic wetness index. KNN uses an approach based 
on the distance between input points and similitude among possible 
outcomes. This does not allow for recursive feature elimination or 
computing feature importance, which means that KNN was dealt with 
separately. 

Fig. 8 presents feature importance for the tree-based classifiers. 
Feature importance is computed both in terms of weighted importance 
(the sum of all variable weights equals one), and in terms of permutation 
feature importance. The main difference between the two classifiers is 
the relative importance of lithology and water table elevation, as EXT 
places a greater emphasis on the former, while RFC stresses the latter. 
Topographic elevation and permeability are the most and least impor-
tant features in each case, respectively. 

SVM and LRG present feature importance results in terms of co-
efficients (Table 4). Both attribute the greatest importance to NDVI and 
rely heavily on lithology. There is an inverse consideration to the second 
most important parameter. SVM uses slope preferentially, and attributes 

little weight to soil, whereas LRG does the exact opposite. DEM, flow 
accumulation, permeability and elevation of the water table are rela-
tively unimportant in both cases. 

In the case of KNN, feature importance was calculated by means of 
feature subtraction, that is, by removing one explanatory variable at a 
time and evaluating the effect on test score. KNN relies chiefly on the 
DEM, the water table elevation, slope, lithology and permeability. Flow 
accumulation and topographic wetness index had a negligible effect on 
the results. Soil and NDVI were found to be counterproductive (i.e. the 
overall test score dropped by taking each of these variables under 
consideration). 

Figs. 9 and 10 present the map outcomes for each of the five classi-
fiers, as well as for the simple ensemble mean. In the case of individual 
classifiers, blue pixels represent areas labelled as GDE, whereas red 
pixels mean non-GDE. The ensemble mean is the arithmetic mean of all 
five algorithms for each pixel. Colors therefore represent the degree of 
agreement among classifiers. Blue pixels mean that all classifiers 
“agreed” on a positive outcome (1), whereas red means that all classi-
fiers labelled the pixel as negative (0). Green, orange and yellow reflect 
different degrees of agreement/disagreement, thus providing a measure 
of uncertainty. 

There seems to be a good spatial correlation between the machine 
learning classifiers and the existing inventory of wetlands. Local inac-
curacies are however observed. These could be partly attributed to the 
regional nature of this study, as well as to imprecisions in input data. 
More specifically, an important input variable for most classifiers (the 
water table map) presents some known shortcomings that stem from its 
reliance on old data records. The elevation of the natural water table 
(mid 1970s) is based on a sample of about 100 wells, which represents a 
density of one reading in 60 km2. While this is sufficient to define the 
main groundwater flow patterns at the aquifer scale, further detail could 

Fig. 7. Outcomes of feature number optimization. (a) RFC; (b) EXT; (c) SVM; (d) LRG.  
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be needed to depict local conditions. Furthermore, the piezometric 
dataset is not entirely consistent, as there is a spread of several weeks in 
the dates in which the original field measurements were collected. 
Finally, it must be borne in mind that the 1974 conditions respond to the 
oldest available records, which are the closest to a natural state. It is 
however known that the aquifer was already subject to some degree of 
groundwater extraction in the late 19th Century, and that some of the 
most fragile wetlands had been lost by the 1970s (Martínez-Cortina, 
2003; De la Hera, 2003). These factors could all explain why the algo-
rithms fail to detect the smaller wetlands in the Zancara area. 

Martínez-Santos et al. (2021) show that standard machine learning 
metrics do not necessarily provide an unequivocal measure of algorithm 
performance, and contend that case-specific indicators could provide 

additional insights. A suitable additional benchmark in this case could 
be the total surface area correctly identified as groundwater-dependent. 
When appraising the results in these terms, the RFC classifier identified 
93.3% of the wetland area in the official inventory, EXT 86.5%, SVM 
86.1%, LRG 85.8%, KNN 84.1%, and the ensemble mean 90.3% 
(Table 5). 

An important consideration is that some wetland boundaries in the 
official inventory exceed the actual boundaries of GDEs. Attaining a 
value of 100% per surface area would therefore be unrealistic. Besides, 
the official inventory includes some wetlands that, not experiencing 
direct groundwater recharge, are the result from the accumulation of 
upstream spring flows. This could well explain why most classifiers fail 
to identify the Alcahozo Chico, Navalengua and Melgarejo lagoons 

Fig. 8. Feature importance as computed for the optimized (a) RFC and (b) EXT classifiers. Charts on the left represent weighted feature importance (the sum of all 
variable weights equals one), while the charts on the right refer to permutation feature importance. 

Table 4 
Feature importance coefficients for SVM and LRG. RDEM (digital elevation model), RFlowAc (flow accumulation index), RLitol (lithology), RNDVI (normalized 
difference vegetation index), RPerme (permeability), RSlope (slope), RSoil (soil type), RTWI (topographic wetness index), RPiezom (elevation of the water table).  

Classifier RPiezom RPerme RLitol RSlope RSoil RFlowAc RDEM RNDVI 
SVM  0.129  0.160  1.087  1.262  0.076  0.431  0.643  1.645 
LRG  0.125  0.229  0.980  0.027  1.139  0.488  0.426  1.632  
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(Table 5). This is consistent with the fact that most classifiers identify 
groundwater discharge areas immediately upstream. 

The official inventory is a suitable benchmark for comparison in the 
sense that it provides much-needed ground truth. However, the list of 
springs and wetlands is not necessarily comprehensive. The fact that the 
total surface labelled as GDE by all five classifiers is larger than that in 

the inventory suggests that there are many other areas whose charac-
teristics would justify the existence of ecosystems underpinned by 
shallow water tables (Fig. 11). 

All five classifiers in Fig. 9 depict a highly likely spatial distribution 
of GDEs. Blue regions highlight the areas of the aquifer which have been 
identified as GDE-prone. These have traditionally been considered 

Fig. 9. Likelihood of GDE occurrence in the Mancha Occidental aquifer as per the machine learning classifiers versus official wetland inventory. Color scales are 
presented in overlay form so that the satellite image can be used for reference. (a) Support vector machine, Daimiel wetlands; (a) Support vector machine, Zancara 
wetlands; (c) Logistic regression, Daimiel wetlands; (c) Logistic regression, Zancara wetlands; (e) Random forest classifier, Daimiel wetlands; (f) Random forest 
classifier, Zancara wetlands; (g) Multilayer perceptron, Daimiel wetlands; (h) Multilayer perceptron, Zancara wetlands. 

P. Martínez-Santos et al.                                                                                                                                                                                                                      



Journal of Hydrology 603 (2021) 126873

13

natural discharge areas. KNN provides the sole exception, with a blue 
SW-NE band that runs along the southern sector of the system. This 
seems to be associated with the lithology layer. Based on the elevation of 
the water table this is unrealistic, which is the reason why KNN is 
removed from the mapping ensemble in Fig. 10. 

On a final note, simple subtraction identified correctly 80.9% of the 
actual wetland area, which is considerably less than all five machine 
learning classifiers. This leads to the conclusion that machine learning 
provides a more robust approach than simple subtraction by incorpo-
rating additional variables. As explained above, a comparatively worse 
performance on the part of the simple subtraction method possibly stems 
from the absence of a sufficiently precise representation of the quasi- 
natural water table. This can be problematic to obtain in regions with 
few observation wells, or in heavily modified aquifer systems such as the 
one at hand, where old data records are needed to recreate pristine 
conditions. 

4. Discussion 

Wetland characterization has often been conducted on the basis of 
soil, water and vegetation factors (Corwardin, 1979; Brinson Mark, 
1993), but there is no international consensus as to the methods that 
should be applied at different spatial scales. To a large extent, this is 
because the knowledge base in each site is different, and often controlled 
by the domain in which researchers have worked preferentially. 
Furthermore, a frequent problem at the regional scale is the imbalance 
of information. While the better-known wetlands, such as Las Tablas de 
Daimiel National Park in the case at hand, can be well characterized 
from multiple perspectives, basic data may be lacking for many other 
groundwater-dependent ecosystems. In this context, wetland surface 
area under pristine conditions is a key element in environmental pro-
tection efforts, for it allows us to delineate wetland influence areas 
retrospectively, as well as to estimate the degree of degradation each 

Fig. 10. Likelihood of GDE occurrence in the Mancha Occidental aquifer. Color scales are presented in overlay form so that the satellite image can be used for 
reference. (a) Ensemble mean of machine learning classifiers, excluding KNN. (b) Simple subtraction between the topographic surface and the piezometric elevation 
(water table depths up to 5 m below the surface are considered likely to support wetlands). 
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ecosystem has experienced over time. In intensively exploited aquifers, 
where wetlands disappeared long ago, estimating the natural wetland 
surface area requires innovative techniques. This is where supervised 
classification algorithms may provide an added value. 

A major difference between the approach presented in this paper and 
the standard supervised classification tools that usually come with GIS 
platforms is that MLMapper uses several variables simultaneously in 
order to determine whether a given pixel should be labeled “GDE” or 
“non-GDE”. In other words, multi-layer classification allows us to take 
into account several GIS layers simultaneously. Overall, the resulting 
area of GDE occurrence is noticeably larger than the field inventory 
(Figs. 9 and 10). This is because the existing inventory only caters to 
springs and wetlands, but not so much to crypto-wetlands or gaining 
river reaches. In this context, the results imply that the area where 
groundwater underpins surface ecosystems could be ten times larger 
than the surface currently delineated as wetlands. In this regard, the 
machine learning approach is best described as an aprioristic method 
that allows us to identify zones where shallow water tables may be of 
environmental significance. This finding could be used to inform land 
use planning and the delineation of wetland protection buffers, as well 
as to locate areas where wetlands dried up in the past due to intensive 
pumping. Additionally, an approach such as this one could optimize the 
costs associated with fieldwork in remote or scarcely-known areas. 

In relation to the explanatory variables, the importance of the 
topographic elevation in predictive spring mapping is consistent with 
the literature. For instance, Martínez-Santos et al. (2021) applied 
random forests and support vector machines to delineate aquatic eco-
systems in a tropical Colombian catchment characterized by the coex-
istence of abrupt and flat areas. These authors found the presence of 
aquatic ecosystems to be constrained by landforms, water table depth, 
slope and slope-related indices (topographic wetness index, stream 
power index). They also stressed the importance of using a high 

resolution digital elevation model. Naghibi et al. (2015) applied tree- 
based methods, including random forests, to predict spring occurrence 
in a karst basin of Iran. Topography, drainage density and the presence 
of faults were found to be adequate predictors, while land use, plan 
curvature and profile curvature were less important. The work by 
Dadgar et al. (2017) in a different region of the same country suggests 
that topography and slope could be the major factors determining spring 
occurrence, while geology, stream density and lineaments had relatively 
little weight on the results. Finally, Chen et al. (2018) combined weights 
of evidence, logistic regression and functional tree models to predict 
spring occurrence in a catchment of northern China. They found dis-
tance to streams, altitude and lithology to be the key variables 
explaining spring presence; whereas land use, NDVI and plan curvature 
ranked among the least important. 

Most of the studies mentioned above deal specifically with spring 
occurrence. Their findings are relevant in the context of this work 
because springs, like groundwater-dependent wetlands, are points of 
aquifer discharge. However, springs may take place in steep slopes and 
other places where wetlands are unlikely. This means that some degree 
of variability can be expected in terms of the explanatory variables they 
used and the ones we considered in our research. Take for instance the 
elevation of the water table. While this parameter is relatively uncom-
mon in spring potential studies, it is crucial for wetland identification. 
Conversely, major landforms, faults and fractures may be important to 
identify wetlands in mountain catchments, but perhaps not so relevant 
in large plains such as the Mancha Occidental aquifer. Much like it 
happens with the classification of springs, which typically escapes 
standardization (Springer and Stevens, 2009), this all suggests that the 
preferred set of explanatory variables to map wetland potential should 
be picked based on case-specific considerations. In this sense, it is 
acknowledged that a potential indicators of GDEs are vegetation com-
munities. GDEs can have unique vegetation communities and the 

Table 5 
Percentage of wetland surface correctly identified per GDE by each of the machine learning classifiers (RFC = random forest classifier; EXT; extra trees classifier; SVM 
= support vector machine; LRG = logistic regression; KNN = K-neighbor classifier; ENS = ensemble mean of classifiers; SS = simple subtraction, tolerance 5 m).  

GDE Max. surface (km2) RFC EXT SVM LRG KNN ENS SS 
Laguna de La Nava  0.819  100.0  98.9  98.9  97.7  96.5  95.2  87.2 
Laguna de La Albuera  0.602  100.0  91.4  99.7  94.7  93.7  89.7  28.2 
Laguna del Escoplillo  0.191  100.0  100.0  100.0  100.0  100.0  100.0  27.7 
Laguna de Navaseca  0.162  100.0  98.8  98.8  98.8  97.2  98.8  100.0 
Las Tablas de Daimiel  40.962  100.0  98.0  99.9  98.9  93.3  98.0  87.0 
Ojos del Guadiana I  5.131  85.0  1.6  0.0  1.6  1.6  74.7  69.8 
Ojos del Guadiana II  0.122  64.8  57.4  82.0  49.2  45.2  57.4  1.3 
Ojos del Guadiana III  0.027  33.3  37.0  74.1  37.0  37.0  37.0  100.0 
Laguna de Cerro Mesado  0.159  100.0  94.3  0.0  94.3  94.3  66.0  100.0 
Laguna de Navalengua  0.352  0.0  0.0  0.0  65.3  65.3  0.0  100.0 
Laguna de Alcahozo  0.691  100.0  97.0  62.2  97.0  97.0  79.6  12.1 
Laguna del Alcahozo Chico  0.412  0.0  0.0  0.0  0.0  0.0  0.0  100.0 
Laguna de Melgarejo  0.175  100.0  0.0  0.0  22.9  22.9  22.9  7.7 
Laguna del Pueblo  0.396  100.0  96.0  63.1  96.0  96.0  82.1  10.3 
Laguna de Manjavacas  2.076  23.5  99.2  82.9  100.0  100.0  95.9  100.0 
Laguna de la Dehesilla  0.116  20.7  100.0  100.0  100.0  100.0  99.1  100.0 
Laguna de la Celadilla  0.041  0.0  0.0  0.0  0.0  0.0  0.0  100.0 
Laguna de la Navazuela  0.111  100.0  0.0  0.0  0.0  0.0  0.0  88.0 
Laguna del Huevero I  0.255  100.0  82.4  0.0  82.4  82.4  49.0  8.5 
Laguna del Huevero II  0.133  100.0  100.0  0.0  100.0  100.0  56.4  100.0 
Laguna del Taray  0.071  100.0  84.5  0.0  98.6  70.6  49.3  77.8 
Lagunas de las Celadillas I  0.003  0.0  0.0  0.0  0.0  0.0  0.0  100.0 
Lagunas de las Celadillas II  0.002  0.0  0.0  0.0  100.0  100.0  0.0  45.5 
Lagunas de las Celadillas III  0.002  0.0  0.0  0.0  100.0  100.0  100.0  100.0 
Lagunas de las Celadillas IV  0.002  100.0  0.0  0.0  100.0  100.0  100.0  100.0 
Lagunas de las Celadillas V  0.009  100.0  100.0  0.0  100.0  100.0  100.0  75.8 
Lagunas de las Celadillas VI  0.011  100.0  90.9  0.0  90.9  90.9  45.5  100.0 
Laguna de Navahonda  0.033  27.3  0.0  0.0  90.9  90.9  30.3  100.0 
Laguna de Carrion I  0.009  55.6  100.0  100.0  100.0  22.0  55.6  37.0 
Laguna de Carrion II  0.001  100.0  100.0  100.0  100.0  100.0  100.0  28.7 
Laguna de Sanchez Gomez I  0.511  50.7  93.9  50.9  100.0  100.0  78.3  100.0 
Laguna de Sanchez Gomez II  0.080  100.0  100.0  100.0  100.0  100.0  56.3  100.0 
% GDE surface identified (weighted avg)  –  93.3  86.5  86.1  85.8  84.5  90.3  80.9 
Total surface identified within inventory boundaries (km2)  53.7  50.1  48.4  47.7  47.1  46.5  49.6  43.4  
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presence or absence of these vegetation communities or indicator spe-
cies could potentially help identify GDEs that have become degraded. 
Vegetation data particularly older vegetation maps potentially could be 
used as training and verification data to help identify other GDEs. In our 
case, however, such data was unavailable. 

A similar reasoning applies to classification algorithms. Ozdemir 
(2011a) and Ozdemir (2011b) found frequency ratio and weight of ev-
idence approaches to outperform logistic regression at identifying 
springs in a basin in southern Turkey. Similarly, Naghibi et al. (2015) 
found the decision tree classifier to be more accurate than the RFC in 
mapping groundwater potential in Iran. Along the same lines, our 
research shows that different algorithms can render very different test 
scores on an identical dataset. This implies that including a large number 
of classifiers from the outset, like we propose in this research, could 
contribute to optimize the outcomes in a wide range of circumstances. 

In the case at hand, tree-based algorithms were observed to outper-
form most other supervised classification families, both in terms of raw 

test score, surface area and number of explanatory variables required for 
mapping. This suggests that the tree-based algorithms may be particu-
larly efficient at mapping GDEs. By taking permeability and lithology 
under consideration, they actually improved the outcomes obtained by 
simple subtraction when computing the results in terms of the total 
surface area correctly identified as GDEs. 

5. Conclusions 

Adequate characterization is a prerequisite for the protection of 
groundwater-dependent ecosystems, particularly in regions where 
springs and wetlands are at risk of disappearing due to anthropogenic 
factors. Attempts to delineate protection buffers should always take into 
account the fact that a significant part of the environmental value of 
groundwater is hidden beneath the surface, and that ecosystems 
underpinned by shallow water tables may extend across much larger 
expanses of land than flooded surfaces. Land use policies should take this 
into consideration in order to safeguard these vulnerable environmental 
assets. 

This research used twenty multi-layer supervised classification al-
gorithms to map groundwater-dependent ecosystems in the Mancha 
Húmeda UNESCO Biosphere Reserve, Spain. Self-validated by design, 
supervised machine learning opens up a whole new dimension to the 
characterization and protection of groundwater-dependent ecosystems. 
This research shows that tree-based classifiers (random forests and extra 
trees classification), logistic regression, support vector machines and k- 
neighbour classification may all be well suited to delineate 
groundwater-dependent ecosystems, even with a limited number of 
explanatory variables and a small wetland dataset to rely upon. The 
ensemble mean approach, though simple, predicts the presence of 
groundwater-dependent ecosystems with an accuracy in excess of 90% 
per surface area. This represents a benefit over the individual classifiers 
by providing a measurement of uncertainty. The methodology presented 
in this paper is versatile enough to be exported to any setting where 
spatially distributed sets of explanatory and target variables may be 
available. 

Results reveal that the extent of groundwater-dependent ecosystems 
in the region is most likely underestimated. Indeed, the existence of a 
large surface area with similar hydrogeological, geographical and biotic 
markers to the official inventory of springs and wetlands implies that 
environmental services could extend well beyond the official delineation 
of these ecosystems. 
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the delineation of wetlands as per the official inventory. 
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