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This study presents a spatially explicit sensitivity and uncertainty analysis approach to a GIS-based multi-criteria
groundwater potential zone model. The study addressed a deficiency in the way groundwater potential mapping
results are typically presented using discrete class outputs without assessment of their certainty with respect to
variations in criteria weighting, one of the main contributors to output uncertainty in GIS-based multi-criteria
decision analysis studies. We argue, moderating groundwater potential mapping results with localised uncer
tainty levels will help to refine and prioritise groundwater exploration efforts. The approach also enables a better
understanding of the underlying factors influencing uncertainty in model outputs, which can help to inform the
calibration of input parameters to improve model performance. Although the procedures presented in this study
have been applied to other types of multi-criteria evaluations, its integration in GIS-based groundwater potential
modelling has received little attention. We provide a case study focused on a fractured rock environment sur
rounding the township of Hawker in South Australia where new groundwater resources are sought. Small in
cremental weight changes were applied one-at-a-time and automated as a task in ArcGIS Pro, built using the
ArcPy Python module that interacts with spatial tools allowing geographical analysis. The approach is applicable
to both continuous and discrete class-based mapping outputs and enabled a deeper understanding of model
output behaviour with respect to criteria weighting alternatives. The case study findings demonstrate the po
tential value of the approach in mitigating uncertainty and improving confidence in locating sites with high
groundwater potential.
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1. Introduction
Groundwater potential zone (GPZ) modelling assesses the possibility
of groundwater occurrence in an area. It has been recognised as a costeffective and efficient technique to underpin hydrogeological surveys in
groundwater exploration efforts (Díaz-Alcaide and Martínez-Santos,
2019). Most GPZ models employ an expert knowledge-driven approach
where the quality of groundwater data is sparse or insufficient to employ
data-driven methods (Díaz-Alcaide and Martínez-Santos, 2019). Thus,
most GPZ models reflect a classic multi-criteria decision analysis
(MCDA) problem (Eastman, 1999; Steele et al., 2009) where

geographical information system (GIS)-based methods are used to
combine preferentially weighted criteria (such as rainfall, lithology,
landform, lineaments, soils, land use, slope, flow accumulation, etc.) as
judged by experts to highlight areas more favourable for groundwater
development. While the MCDA approach allows the best available evi
dence and proxies for missing data to be considered, it is vulnerable to
the behavioural biases affecting expert judgements in the decision
making process (Ferretti and Montibeller, 2016).
Typically, GIS-MCDA involves defining a set of objectives and rele
vant criteria (represented as spatial data layers), standardising criteria
values, a method for specifying criteria preferences, and an aggregation
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and Pelizaro, 2010; Ligmann-Zielinska and Jankowski, 2014), landslide
susceptibility mapping (Feizizadeh and Blaschke, 2014; Ghorbanzadeh
et al., 2017) and in flood vulnerability mapping (Feizizadeh and Kien
berger, 2017; Tang et al., 2018). In contrast, local SA considers only one
point of the factors’ space to estimate the ‘local’ response of model
outputs by varying the input factors One-At-a-Time (OAT). It does so
from a ‘baseline’ (or around a ‘nominal point’) while holding all other
factors ‘constant’ (Mountford et al., 2017; Saltelli and Annoni, 2010);
though typically adjusting them proportionately OAT in a constrained
summative model (e.g., Chen et al., 2010; Chen et al., 2013; de Brito
et al., 2019). Thus, the local SA OAT method is best suited to singleparameter evaluations, such as changes in criteria weightings. It has
been used to assess the effect of criteria weight changes in land suit
ability mapping (Chen et al., 2010; Chen et al., 2013; Xu and Zhang,
2013), while Dhami et al. (2017) and more recently de Brito et al. (2019)
used the OAT method to investigate the influence criteria weights have
on nature-based tourism and flood vulnerability modelling.
Despite these studies, the incorporation of SA and UA in spatial
MCDA is not a common practice, rather it is only rudimentarily applied
or mostly absent (de Brito et al., 2019; Ferretti and Montibeller, 2016).
In reviewing key challenges in multi-criteria spatial decision support
systems, Ferretti and Montibeller (2016) suggest this is largely because
of the technical complexities of implementation in the spatial domain
relative to the well-established tools for non-spatial SA and UA and the
lack of pre-built SA and UA tools in existing GIS software.
Furthermore, despite the significant advancements in both the the
ory and application of SA, it is a relatively new area of research (Razavi
et al., 2021). In their recent multidisciplinary position paper on the
current status of SA, Razavi et al. (2021) review the key challenges for
collective attention and engagement across ‘all areas of science’ to help
ensure the benefits of SA are fully realised. This is particularly relevant
to the geospatial sciences where the theory and application of SA (and
UA) in spatial modelling remains underrepresented. Increased use of SA
by spatial modellers and greater engagement in the broader science of
SA, is likely to have positive outcomes across many spatially related
disciplines, including hydrology.
As a result of the relatively small number of spatially explicit SA and
UA studies, there are few that demonstrate improved reliability over
conventional MCDA mapping. This is also because of the difficulties in
validating abstract conditions such as in land use capability, land suit
ability and flood vulnerability assessment, where spatially explicit SA
and UA evaluations have been primarily implemented. Nevertheless, its
incorporation in areas such as landslide vulnerability assessment has
been shown to improve predictability of mapping results (e.g., Feiziza
deh and Blaschke, 2014; Ghorbanzadeh et al., 2017). For this current
GPZ mapping study, the employment of a knowledge-driven MCDA
method was motivated by the absence of good quality well data, a
barrier also for validating mapping results. However, the GPZ model
shares the same model structure (criteria weighted linear aggregation)
and data format (rasterised spatial data layers) with those previously
mentioned, thus it is anticipated that incorporating a spatially explicit
SA and UA will also improve the predictability of GP model outputs.
Currently, very few GPZ mapping studies incorporate SA, and most
ignore UA. Only 3 of the 56 GP mapping studies recently reviewed by
Díaz-Alcaide and Martínez-Santos (2019) incorporated some form of SA
(Jahan et al., 2018; Oh et al., 2011; Patra et al., 2018). Along with more
recent work by Allafta et al. (2020), these studies used map-removal SA
(Lodwick et al., 1990) to assess the influence each criterion has on the
output of the GPZ model through iteratively excluding a single criterion,
while Jahan et al. (2018) also included a single-parameter SA approach
(Napolitano and Fabbri, 1996) to assess the influence of criteria weights
on model output. However, to our knowledge, there are no studies that
integrate GIS-based GPZ modelling with SA and UA in a combined
spatially explicit context for evaluation.
Thus, the aim of this study is to better understand the effects of
criteria weighting alternatives on the output of an AHP-based GIS-

method that combines the preferential criteria to yield a final score. The
result of the procedure is a suitability or vulnerability map(s) showing
the potential or vulnerability of a given location and is widely used in
land use/capability assessment, site selection, resource evaluation and
land vulnerability assessment (Greene et al., 2011; Malczewski, 2006).
At the heart of MCDA is the method used for preferential evaluation
(weighting) of criteria. Widely used methods include the technique for
order preference by similarity to ideal solution (Hwang and Yoon,
1981), the analytic network process (Saaty, 1996), and the analytic hi
erarchy process (AHP) (Saaty, 1977), where the latter has been
employed by numerous authors to assess groundwater potential (GP)
(Díaz-Alcaide and Martínez-Santos, 2019). The AHP technique for de
cision making was developed by Saaty (1977) to minimise the chal
lenges of ranking the relative importance of multiple criteria
simultaneously. Pairwise comparisons by experts are used to rank the
relative importance each criterion has on groundwater occurrence and
presented as a matrix of comparisons. Final weights for each criterion
are derived from the normalised values of the priority vector (eigen
vector) determined from the row means of the normalised comparison
matrix. A consistency ratio measure is computed to show the overall
consistency of pairwise judgments. However, while the AHP is an
‘objective’ approach to MCDA, it does not account for the uncertainty
and imprecision of the decision-maker’s perceptions conveyed into the
final weight assignment (Chen et al., 2013), which will propagate un
certainty in the MCDA output.
Among a range of input factors, the assignment of criteria weights is
considered the largest contributor to controversy and uncertainty in GISMCDA outputs (Chen et al., 2013; de Brito et al., 2019; Feizizadeh and
Blaschke, 2014; Şalap-Ayça and Jankowski, 2016). Notably, any human
judgment is to some degree imperfect (Boroushaki and Malczewski,
2008). Sensitivity analysis (SA) and Uncertainty analysis (UA) have been
widely promoted in GIS-MCDA to evaluate criteria contributions and
uncertainty in model outputs under different weighting scenarios (e.g.,
Chen et al., 2010; de Brito et al., 2019; Dhami et al., 2017; Feizizadeh
and Blaschke, 2014; Xu and Zhang, 2013) and frameworks to do so
proposed (e.g., Chen et al., 2010; Ligmann-Zielinska and Jankowski,
2008; 2014). A well-structured SA and UA are ideally integrated in one
process where UA examines and quantifies the variability in model
outputs as a result of the uncertainty in model inputs, while SA examines
how variability in the model outputs are attributed to uncertainty in the
model inputs (Crosetto et al., 2000). Thus, for GIS-MCDA, UA will help
to quantify and moderate mapping results with localised uncertainty
levels helping to refine and prioritise areas, while SA will help to identify
the most influential criteria, those requiring further refinement, and
those that have little impact on results, which in the interest of model
simplification (Malczewski, 2000) may be candidates for removal (de
Brito et al., 2019).
Notably, as GIS-MCDA model outputs are largely represented in the
spatial domain, spatially explicit SA and UA evaluations have been
proposed where model output sensitivity to weighting alternatives is
quantified and visualised geographically (e.g., Chen et al., 2010; Ferretti
and Montibeller, 2016; Malczewski, 2011). Several studies have inte
grated SA and UA of criteria weights in a spatially explicit context to
detect localised variations of decision outcomes with a goal to better
understand local parameter influences, improve model performance and
confidence in mapping results (Malczewski and Rinner, 2015). For GPZ
mapping, identifying areas with highly favourable GP with low uncer
tainty or burdened by high uncertainty, would not only refine the pri
oritisation of GPZs, but would also enable an assessment of the
aggregation of GP drivers (criteria) at specific locations that may
contribute to uncertainty with respect to weighting alternatives.
Both global SA and local SA have been employed in a spatially
explicit context. Global SA may consider criteria weightings but also
other input factors simultaneously providing a ‘global’ representation of
the full factors’ space (Pianosi et al., 2016). Global SA has been used to
investigate model output sensitivity in land suitability mapping (Benke
2
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MCDA model of groundwater potential by conducting a spatially explicit
SA and UA. We demonstrate the approach using a GPZ model initially
developed by Fildes et al. (2020) for the areas surrounding the town
ships of Quorn and Hawker in the Flinders Ranges of South Australia.
Like most GPZ modelling studies, the mapping results of Fildes et al.
(2020) reflected a conventional deterministic MCDA output where GP
classes were ranked from low to high potential, without quantifying the
uncertainties in the model output. This study addressed this deficiency
by moderating GP results with localised uncertainty levels to help refine
and prioritise areas for groundwater exploration. The goal is to provide
critical information that will better inform the decision making process
and improve model performance.
2. Methods
2.1. GIS-MCDA groundwater potential zone modelling
The spatially explicit SA and UA is demonstrated using data and
criteria weights established from an integrated remote sensing and GISbased study where AHP and the weighted linear combination were used
to evaluate GP (Fildes et al., 2020). The study was located in the semiarid and fractured rock region of the Flinders Ranges of South
Australia, surrounding the townships of Quorn and Hawker. Water
supply for these townships is currently under review by the South
Australian Water Corporation (SA Water) as part of a groundwater se
curity initiative for the region (Somaratne, 2019). The area experiences
hot, dry summers, cool to mild winters, and a low annual average
rainfall of approximately 300 mm (BoM, 2020). The Flinders Ranges are
a complex folded mountain range where groundwater exploration ef
forts are challenging. The ridges are composed of resistant Cambrian and
Neoproterozoic quartzites, limestones and calcareous meta-siltstones. In
the valleys these rocks are overlain by scree and alluvial deposits. The
ridges create groundwater divides and form the recharge zones for the
more distal parts of the aquifer down-dip in the basin (Fildes et al.,
2020). Except for minor supplies in recent alluvial deposits, the main
groundwater supply for the townships is present in fractured Neo
proterozoic – Cambrian metasediments rock aquifers, though little is
known about the extent of groundwater resources to support future
demands. To demonstrate the effectiveness of the spatially explicit SA
and UA, a 15 km area around Hawker was considered in this study
(Fig. 1).
Six key GP influencing factors (criteria) relevant to the local char
acteristics affecting groundwater accumulation were identified by
hydrogeologists with experience and knowledge of the study area
(Fildes et al., 2020) and are shown in Fig. 2a-e. They are (1) Rainfall;
determines the amount of water available for groundwater recharge, (2)
Aspect; provides some control on the supply of rainfall, (3) Slope; an
indicator of runoff potential which provides some control on the op
portunity for water to infiltrate, (4) Topographic Wetness Index (TWI); a
measure of the potential relative wetness and water accumulation
within a catchment, identifying areas with greater potential for water to
infiltrate, (5) Lineament Density; identifies zones of faulting and frac
turing, which provide pathways for water infiltration and storage, and
(6) Lithology; areas with rock types that can affect water infiltration,
occurrence and distribution of groundwater (Fildes et al. 2020). The
chosen criteria were consistent with the main GP drivers present in
almost all GIS-based GPZ mapping studies reviewed by Díaz-Alcaide and
Martínez-Santos (2019) and used as the primary input criteria for the SA
and UA.
Preferential evaluation of criteria was determined through expert
elicitation facilitated by a participatory AHP-MCDA weighting approach
by four experts, with knowledge of the study area. A pairwise compar
ison table was used to rank the relative importance each criterion has on
groundwater occurrence from the most influential to the least influential

Fig. 1. Study area with a 15 km radial zone around the town of Hawker in the
Southern Flinders Ranges of South Australia. The radial zone was defined based
on limiting the potential for developing groundwater.

on a scale of 1–9, where 1 indicates equality between factors and 9 in
dicates extreme importance of one factor over another. Sequential
pairwise comparisons between factors resulted in a ratio of importance
for each factor pair and were used to build a pairwise comparison matrix
(Fildes et al., 2020). Four sets of alternative pairwise comparisons were
developed to reflect the judgements of each participant from which a
single and final consolidated set of normalised criteria weights was
developed using a geometric mean (Aull-Hyde et al., 2006; Goepel,
2013) (Table 1). The highest weight for each criterion indicates its
highest possible influence. The consolidated set of AHP derived weights
was used as the primary ‘base run’ (or ‘nominal point’) around which the
full range of weighting alternatives and corresponding outputs was
assessed by the combined spatially explicit SA and UA (Section 2.2.1).
All criteria were spatially represented as raster datasets, gridded to a
30 m spatial resolution and transformed to the same coordinate system.
Each criterion grid cell was assigned a weight, also developed using the
AHP, to reflect the relative importance of sub-criterion classes (e.g.,
‘low’, ‘medium’ and ‘high’ slope areas). These class weights were
rescaled between 0 and 1 to standardise their score range with other
criteria (Malczewski, 2000). GP was then derived by multiplying each
cell value (standardised weight) by its corresponding criterion ‘global’
weight before summing each raster layer together in a GIS environment,
i.e., using the general form:
∑(
)
GP =
wj × xij
(1)
j

where wj is the normalised AHP weight of the j-th criterion, and xi is the
value function or standardised weight of the i-th class of the j-th criterion
for each alternative grid cell location. The weighted linear combination
yielded a final standardised range of values between 0 and 1
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Fig. 2. (a–e) primary criterion maps (GP influencing factors) for input to the GP model and the spatially explicit SA and UA; and (f) GP map derived from inputs a-e
using the weighted linear combination aggregation method. The GP map is also the ‘base run’ output of the SA and UA process.

2.2. Uncertainty in criteria weights for GPZ modelling

Table 1
Criteria and their corresponding consolidated weights (w) aggregated from four
individual expert AHP-facilitated pairwise criteria comparisons (from Table 2 in
Fildes et al. (2020)).
Criteria

Normalised consolidated weights (w)

Rainfall
Lithology
Lineament Density
TWI
Slope
Aspect

0.096
0.287
0.298
0.208
0.074
0.037

To investigate the effects of criteria weight changes on GP model
outputs and their uncertainty, a local SA OAT method was used as the
base function of the overall spatially explicit SA and UA. The OAT
method is well suited to single-parameter evaluations, is methodologi
cally simple, computationally cheap, and relatively easy to develop
(Chen et al., 2013).
Criterion weights used in traditional deterministic MCDA models
represent point estimates (with varying precision) with no indication of
error or confidence (Benke and Pelizaro, 2010). In multi-criteria eval
uations of GP, there may be different perceptions by experts and un
certainty on the influence each criterion has on surface water infiltration
and groundwater occurrence. These perceptions are routinely conveyed
from the expert’s opinion into the weight assignment (Feizizadeh et al.,
2014). In the study by Fildes et al. (2020), four participants’ AHP
derived criteria weighting sets were used to model separate GP mapping
results (raster maps). A standard deviation (SD) raster map was

representing the probability of GP per grid cell over the study area,
where 0 indicates no GP and 1 indicates the maximum GP. This range
was further classified into qualitative classes of very low to very high
GPZs, typical of many deterministic class-based GIS-MCDA mapping
outputs (Fig. 2f). The GP map shown in Fig. 2f, is also the base run
output of the SA and UA process (Section 2.2.1).
4
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generated showing the ‘degree of dispersion’ from the mean of all par
ticipants’ GP maps and was used as a measure of uncertainty for each
raster grid cell over the geographical setting. A low SD in a grid cell
meant that participants’ GP values were more clustered around their
mean, indicating closer agreement and less uncertainty in results.
Conversely, a high SD meant greater variance between participant re
sults indicating less agreement and greater uncertainty in results. Thus,
the SD map may be used to determine the uncertainty at any one loca
tion based on the degree of ‘agreement’ between the individual partic
ipant GP mapping results derived using different criteria weightings (e.
g., Benke and Pelizaro, 2010; de Brito et al., 2019; Dhami et al., 2017;
Ligmann-Zielinska and Jankowski, 2014; Şalap-Ayça and Jankowski,
2016). This spatially explicit SA and UA study builds on this method to
allow the criteria weights to vary over a much greater range to help
understand and quantify the uncertainty in GP model outputs and
sensitivity with respect to criteria weight changes.

base run and n is the total number of criteria.
To meet the summative constraint for all criteria per run, the weights
of the other criteria W(ci , pc) are adjusted proportionally in accordance
with W(cm , pc) derived in equation (2):
W(ci , pc) = (1 − W(cm , pc) ) × W(ci , 0)/(1 − W(cm , 0) ),
i∕
= m, 1 ≤ i ≤ n

where W(ci , 0) is the weight of the i-th criterion ci at the base run.
Running the OAT model simply requires the user to input the
standardised criteria as raster data layers, and then specify the IPC and
RPC for the iterative model runs.
2.2.2. Model outputs
Following similar studies by Chen et al. (2010), Mosadeghi et al.
(2015) and de Brito et al. (2019), we used a small IPC of ± 2% and a RPC
of ± 100%. Thus, the total number of model runs was 601 (100 runs × 6
criteria + the main base weight run) to produce an individual GP map
for each run. Fig. 3 shows the overall GIS-based GP model steps and the
integrated spatially explicit SA and UA process. Notably, the SA and UA
conducted in this study is applicable to both continuous (e.g., GP index
values) and discrete class (e.g., ‘very low GP’ to ‘very high GP’) mapping
outputs, which satisfy specific mapping conventions and project objec
tives, both common to many GP studies (Díaz-Alcaide and MartínezSantos, 2019). Specifically, as core to the analysis the OAT model (a)
reads and adjusts the base weight for each main criterion sequentially
within the aforementioned RPC and IPC using equations (2) and (3),
repeatedly substituting these weights into equation (1) producing 100
GP maps for each criterion; (b) reclassifies each map into 5 predefined/
fixed GP classes (GPZ map) (see Table 2); (c) produces a map that counts
and tracks the movement between GP classes on a cell-by-cell basis
(‘from-to’ GP class switches) between each model run, where a greater
number of class switches indicate a higher influence on model output
with respect to weight changes; (d) computes uncertainty maps based on
the standard deviation (SD) of GP index values (0–1) calculated from the
100 GP model runs for each criterion; (e) computes a ‘total uncertainty’
map based on the SD of GP index values calculated from all 601 model
runs; (f) computes a final GPZ-uncertainty map combining the total
uncertainty map with the base run GP map to geographically visualise
the spatial distribution of GP classes and their uncertainty; and finally

2.2.1. Model process
The study followed a similar OAT method to that described by Chen
et al. (2010), Chen et al. (2013) and more recently by de Brito et al.
(2019). In this study, the consolidated set of AHP derived weights
(Table 1) was derived using the AHP Microsoft Excel template developed
by Goepel (2013), while the OAT method was implemented as a task in
ArcGIS Pro, built using the ArcPy Python module that interacts with
spatial tools allowing geographical analysis.
The OAT method consisted of a series of model runs where each
criterion weight (the main changing criterion) was altered using a small
increment of percent change (IPC) of ± 2% to capture the behaviour of
GP output changes as the model runs progress to a specified range of
percent change (RPC) (e.g., ±20% or ± 50% or ± 100%). This is done
while weights of the other criteria were adjusted proportionally to
satisfy the summative constraint of the weighted linear aggregation
method, which requires all criteria weights to sum to 1 (Chen et al.,
2010).
As described by Chen et al. (2010), when varying the weight of the
main criterion cm under consideration, its weight W(cm , pc) at a certain
percent change (pc) level can be calculated as:
W(cm , pc) = W(cm , 0) + W(cm , 0) × (pc/100),

1≤m≤n

(3)

(2)

where W(cm , 0) is the weight of the main changing criterion cm at the

Fig. 3. Overall GIS-based GPZ model with integrated spatially explicit SA and UA.
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results). Only 35.97% and 38.74% respectively of all cells remained in
the same GP class when their weight was decreased by 100% compared
with the base run, and only 36.66% and 35.16% respectively remained
in the same class when their weight was increased by 100% (Table A.1).
The TWI criterion had a moderate influence on GP results with
approximately 74% of cells remaining in the same class when its weight
was changed by ± 100%. The slope and rainfall criteria had less influ
ence with approximately 80% or more of cells remaining in the same
class and the aspect criterion had the least influence with > 90% of cells
remaining in the same class when their weight was changed by ± 100%
compared with the base run.
To evaluate those GP classes most vulnerable to criteria weight
changes, Fig. 5 shows the number of cells in each GP class between
model runs with respect to criteria weight changes. While most classes
remained relatively stable, considerable changes occurred for the me
dium, high and very high GP classes (classes 3, 4 & 5, Table 2) when
increasing the weight for the lithology criterion and decreasing the
weight for the lineaments criterion. However, it was GP classes low,
medium and high (classes 2, 3 & 4) that underwent more change when
decreasing the weight for the lithology criterion and increasing the
weight for the lineaments criterion. This inverse relationship is common
to the weighted linear aggregation method in GIS outputs, where higher
importance given to one criterion trades-off against others in a con
strained model (Eastman, 1999) (all weights sum to 1) and its signifi
cance should not be lost in the weighting decision process.
The accumulative number of cells that changed from one GP class to
another (‘from-to’ class switches) with respect to criteria weight changes
is shown in Fig. 6 for all model runs. Most changes occurred from GP
classes 3 to 2 (medium to low) (24.34%), 3 to 4 (medium to high)
(18.89%) and 4 to 3 (high to medium) (16.09%) and was largely asso
ciated with the lineaments and lithology criteria. Fig. 6 also shows the
overall extent to which each criterion influences GP results (bar length)
and is consistent with the order of criteria influence presented in Fig. 4.
To see where these GP class changes took place and analyse how
similar the results are between model runs, ten maps at increments of ±
20% weight change were generated for the most influential criterion,
lineaments (Fig. 7). The spatial distribution of these GP class changes is
controlled by the trade-off between the main changing criterion weight
(lineaments) and the relative weights of all other criteria and their local
underlying class values. These trade-offs are most noticeable when a
− 100% weight change was applied to the lineaments criterion, which
removed its influence on GP altogether. This promoted the relative
importance of all other criteria and their underlying class values. As
observed, GP increased from class 3 through to 5 (medium through to
very high) in areas where highly influential lithology and TWI classes
dominate (green - blue areas), while GP decreased from class 3 to 2
(medium to low) in areas where lineament density was high and where
lithology and TWI class values are less influential (e.g., black squares).
Conversely, as the weight of the lineaments increased, GP increased
from class 3 through to 5 (medium through to very high) in areas of
higher lineament density (e.g., red squares), while GP decreased from
class 3 to 2 (medium to low) and 4 to 3 (high to medium) in areas of
lower lineament density and where lithology and TWI class values are
highly influential (orange and light green areas, respectively). Thus, the
higher lithology and TWI class values in these areas are reduced as they
trade-off with an increase in the lineament weighting, which aggregate
to an overall lowering of GP despite the increase in the global weight of
the lineament criterion. Class 3 to 2 (orange areas) accounted for up to
27.33% of the study area (see Fig. 7 table). Areas in white remained
unchanged from their original class in the base run and thus they were
insensitive to criteria weight changes. For a complete evaluation of the
spatial behaviour of GP class switches, a full set of maps for each cri
terion at specified IPC would be required.

Table 2
Groundwater potential class ranges for each model run delineating areas of
lower and higher interest for further on-ground investigation.
Class No.

GP Class Description

Class Ranges

Interest

1
2
3
4
5

Very low potential
Low potential
Medium potential
High potential
Very high potential

0.00 – 0.25
0.25 – 0.50
0.50 – 0.625
0.625 – 0.75
0.75 – 1.00

Lower
Lower
Higher
Higher
Higher

(g) produces a comprehensive summary table that quantifies the
changes in the GP map outputs for evaluation.
Note, class ranges shown in Table 2 were developed based on pre
liminary GP mapping results by Fildes et al. (2020) where GP values >
0.5 for Quorn and Hawker coincided with the higher yielding well areas
(between 6 and 10 L/sec). These areas were dominated by moderate to
high permeability rock units moderated by higher lineament densities
where groundwater resources are more likely. GP values < 0.5 largely
coincided with higher elevation quartzite ridges with low lineament
density where groundwater resources are less likely. Different
geographical settings may result in different interpretations and class
ranges, though for this study GP values > 0.5 (‘medium’, ‘high’ and ‘very
high’ GP classes) delineate areas worthy of further investigation and are
of key interest in the SA and UA. Upper- and lower-class ranges were
determined subjectively using a histogram of the GP index min–max
range (0.10–0.90).
Furthermore, a 3-class equal interval range was used to reclassify the
total SD map (total uncertainty map), where SD values > 66.6% of the
total SD range were classified as having the highest uncertainty, values
between 33.3 and 66.6% classified as medium to low uncertainty, and
SD values < 33.3% classified as areas with the lowest uncertainty.
3. Results
Using the OAT method, 601 GP index- (continuous) and class-based
maps were generated. From these, both non-spatial and spatial evalua
tions of GP output sensitivity to criteria weight changes are presented,
followed by a discussion of their implications for groundwater mapping
to support exploration efforts.
3.1. Groundwater potential Class-based evaluation
Fig. 4 shows the percentage of cells that remained in the same GP
class between each model run per criterion. These results can be used to
evaluate the limits of acceptable variation in criteria weights for stable
classification results (de Brito et al., 2019). It is observed that the line
aments and lithology criteria had the largest influence on GP with
respect to weight changes (see Table A.1 in the Appendix for detailed

Fig. 4. Percentage of GP class cells that remained unchanged after each IPC
(±2%) over the full RPC (±100%) per criterion.
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Fig. 5. Cell counts for each GP class from 100 runs for each criterion (the flatter the line, the smaller the number of class cell changes over the 100 model runs).

3.2. Groundwater potential Index-based evaluation
The OAT model generated a SD map calculated from the 100 GP
model runs for each criterion (Fig. 8a-f). This enabled a more straight
forward evaluation of localised criteria influence on GP model outputs,
accommodating index- rather than class-based mapping results (e.g.,
Benke and Pelizaro, 2010; de Brito et al., 2019; Dhami et al., 2017). The
SD maps show that the lineaments and lithology criteria had the highest
SD values, while the aspect criterion had the lowest, indicating their
relative influence on GP outputs with respect to weight changes. Also
observed is a good agreement between the spatial pattern of low to high
SD values for the lineaments criterion (Fig. 8d) with areas of low to high
range of class switches (Fig. 7).
With a goal to moderate GP mapping results with uncertainty levels,
the OAT model also generated a SD map calculated from all 600 model
runs (total uncertainty map), aggregating the influence of all criteria
(Fig. 8g). Results show a maximum SD of 0.079 (or 7.9%) and an average
SD of 0.047 across the study area. The total uncertainty map was

Fig. 6. Total accumulative GP ‘from-to’ class cell switches for each criterion for
all 600 runs. Percentages for each class are shown in brackets.
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Fig. 7. GP class switch maps at ±20% increments of weight change (WC) for the lineaments criterion, including percentage of study area changed per class switch
per ±20% increment of weight change shown in the accompanying table. Note the green through red table cells indicate from higher to lower stability in model run
outputs, respectively.
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Fig. 8. (a–f) uncertainty maps based on the SD of GP index values (0–1) calculated from the 100 GP model run outputs for each criterion; (g) total uncertainty map
based on the SD of GP index values for all 600 GP model run outputs; (h) the computed average of all 600 GP model run outputs (equivalent to the GP base run
output); and (i) the final GPZ-uncertainty map derived by combining maps (g) and (h). Note very high GP with lower uncertainty class areas/zones circled in red.
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numerically coded into 3 equal interval SD ranges to delineate areas
with ‘lower’, ‘medium’ and ‘higher’ uncertainty (using value ranges of
< 33.3%, 33.3–66.6% and > 66.6%, respectively). It was then summed
together with the 5-class GP base run map combining both sets of in
formation. Thus, the final GPZ-uncertainty map of the Hawker study
area (Fig. 8i) shows the spatial distribution of very low to very high GPZs
moderated by the three levels of uncertainty and can be compared with
the original mapping by Fildes et al. (2020) shown in Fig. 2f.

desired ‘stable’ classification of GPZs. For example, if a target of > 80%
of cells remaining unchanged is desired as the maximum acceptable
uncertainty level in mapping results, then participants’ judgements of
criteria weightings for the lineaments and lithology criteria would need
to be < ±20% in agreement (Fig. 4). However, this limit of weighting
variation could be relaxed or require tightening depending on (a)
whether more class switches occurred between a desired threshold of GP
interest (e.g., GP values cross between 0.5) or (b) where these class
switches occurred (e.g., for the lineaments criterion, the majority of
class switches occurred outside of the desired higher lineament density
areas) (Fig. 7). In this regard, the level of output uncertainty at any given
location may be more or less significant. The OAT model produced a GP
map for each IPC and for each main changing criterion allowing a full
evaluation of the localised spatial behaviour of GP class switches.
Notably, it is not only the criteria weights but also the criteria class
rankings that drive the trade-offs between criteria in the aggregation
process. To test the influence of criteria class aggregation on model
output, the OAT model was re-run using the same original model pa
rameters but using equal weights (0.1667) for each main criterion. This
in effect normalised the influence of the main criterion weight between
each set of 100 runs and thus GP model results are largely driven by the
spatial distribution of criteria class rankings (and assigned class weight).
The results are presented in Fig. 9 and include the SD maps for each
criterion. Observed, is a reduction in the difference between each cri
terion’s maximum SD, relative to the differences in the original set of
SD/uncertainty maps in Fig. 8, along with a reduction in the maximum
and average SD of the Total SD/uncertainty map (Fig. 9g). This com
parison demonstrates (a) how applying different weights to criteria (as
opposed to equal weights) increased the variability in model outputs,
and (b) given the similarities in the spatial pattern of GP mapping results
between unequally and equally weighted criteria (Fig. 8h & i and Fig. 9h
& i, respectively) a focus on class weightings is as important as devel
oping global criteria weights. Hence, the lineaments, lithology and TWI
criteria may warrant further careful criteria and class calibration as they
have the highest influence on GP for this geographical setting. In this
regard, the criteria weighting decision process should also extend to a
critical review of the criteria class rankings and their weightings.
Criteria calibration for continuous (index-based) data, such as line
ament density, slope, TWI, and rainfall may comprise user-defined linear
or nonlinear class interval ranges or a value function (e.g., linear,
sigmoidal, J-shape or user-defined) to represent ‘zones’ of criteria
behaviour on GP and for standardising disparate criteria measurements
between 0 and 1 (Malczewski, 2000). Typically, the value function, and
for this current study, criteria class ranges were defined independently
using expert-judgement. Hence, they are themselves subject to a degree
of uncertainty. Not using a suitable value function or set of class ranges
representative of a criterion’s on-ground spatial behaviour (e.g., the
influence of slope ranges on water runoff) is likely to exacerbate errors in
the model output, irrespective of their assigned global weight. While the
relationship between real-world phenomenon and their value function
or class ranges (as a spatial representation) has been investigated by
other authors (Eastman, 1999; Malczewski, 2000; Voogd, 1982), it is not
well justified within the GIS-based GP mapping literature. Other than a
preference for the inclusion of specific criteria (Díaz-Alcaide and Mar
tínez-Santos, 2019), this is a clear research gap.
Another interrelated factor influencing GP output variability is the
spatial resolution of input data (de Brito et al., 2019; Savage et al.,
2016). While all criterion maps were rasterised to a standard 30 m pixel
resolution before aggregation, the ‘resolution’ of source data varied
considerably, and is largely related to the limited availability of spatial
data at different capture scales. When applying weight changes to
criteria rasterised from broader scale generalised polygon datasets such
as lithology classes or where higher resolution raster datasets such as
slope or TWI are reclassified into broader discrete class ranges (areal
units), larger areas (thus larger cell counts) will be more vulnerable to
class switches (Savage et al., 2016). While this is more evident in class-

4. Discussion
The spatially explicit SA and UA enabled both discrete class- and
index-based evaluations of model outputs. From these the following
summary can be derived regarding the reliability of the GP model with
respect to criteria weight changes: (a) for all 600 model runs, GP class
switches were relatively low with 81.76% of all cells remaining in the
same GP class as they were in the base run, 17.45% underwent a oneclass switch and only 0.79% underwent a two-class switch, (b) the lin
eaments and lithology criteria had the largest influence on class changes
and GP output variation, while the aspect criterion had the least influ
ence, (c) areas with GP index values > 0.5 (medium, high and very high
GP) coinciding with lower model output variability (medium to lower
SD) should be the focus of groundwater exploration efforts.
The overall relative stability in model outputs was also confirmed
with a maximum SD of 0.079 (7.9%) over the study area (Fig. 8g)
consistent with other similar GIS-MCDA SA and UA studies (de Brito
et al., 2019; Ligmann-Zielinska and Jankowski, 2014; Şalap-Ayça and
Jankowski, 2016). However, local sensitivity to criteria weight changes
were evident. The spatial pattern of different uncertainty levels in the
final GP mapping is largely the result of trade-offs between criteria and
their class values with respect to weight changes, along with several
other interrelated factors effecting model output behaviour. An under
standing of these factors will help to evaluate their local significance and
focus efforts within the MCDA process to minimise uncertainty and
promote confidence in mapping results. This cannot be achieved by
considering only the overall measure of influence per criterion or class
change.
4.1. Factors influencing model output behaviour
The GP model employed a weighted linear combination method to
aggregate criteria, common to many GIS-based multi-criteria analyses
(Malczewski, 2011), where the importance of one criterion trades-off
against others in a constrained model. The behaviour of these tradeoffs is made clearer when evaluating the OAT model outputs in a
spatially explicit manner highlighting areas more vulnerable to weight
changes (Fig. 7).
These trade-offs are influenced by the starting weight value in the
base run (Table 1). As observed in other studies (e.g., de Brito et al.,
2019; Xu and Zhang, 2013) those criteria with higher weights tend to
contribute more to output variation and uncertainty. The same IPC
applied to a higher starting weight will incur a greater progressive
change (and thus influence) relative to criteria with smaller starting
weights in the OAT model. This was observed for the lineaments, li
thology, and TWI criteria for this geographical setting. Thus, an objec
tive, multi-participant/expert approach to weight development, using
tools such as the AHP, is warranted to carefully assess the relative
importance of each criterion, particularly those considered to have
greater importance. As argued by de Brito et al. (2019), when a degree of
consensus between multiple stakeholders with expertise are involved in
the modelling process, this tends to increase the reliability of results.
Hence, the SA and UA is better realised by helping to refine the cali
bration of input parameters using an iterative/circular decision process
(Fig. 3). In this regard, observed trade-offs shown in Fig. 7, along with
the small IPC (±2%) results in Fig. 4 and Table A.1, can be used to
evaluate the limits of acceptable variation in criteria weights for a
10
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Fig. 9. Results of the OAT model using equal weighting of criteria, showing: (a–f) uncertainty maps based on the SD of GP index values (0–1) calculated from the 100
GP model run outputs for each criterion; (g) total uncertainty map based on the SD of GP index values for all 600 GP model run outputs; (h) the computed average of
all 600 GP model run outputs (equivalent to the GP base run output); and (i) the final GPZ-uncertainty map derived by combining maps (g) and (h).
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based model evaluations, it is also inherent to index-based outputs as
well. Hence, the capture scale of some criteria may require refining to
ensure that the highest possible spatial variation in detail is captured to
improve model results. Notably however, even with a locally targeted
mapping exercise, the assumption of uniformity typically applies in
spatial datasets such as lithological classes, which do not take into ac
count the, often considerable, variation within a unit. Hence the best
way to take this into account is to undertake field observations and
measurements to help site drill holes within the higher GP mapping
zones.

Tarantola, 2001). One of the key challenges of spatially explicit SA is the
lack of methods inherently equipped to work in the spatial domain and/
or with common GIS software programs. An increasing range of SA
methods are becoming more openly available built using different pro
gramming languages. For example, the SALib open-source Python li
brary (Herman and Usher, 2017) exposes modellers and researchers to a
number of SA techniques, including the Morris method, which could be
developed and integrated into spatial modelling workflows.
As argued by Ligmann-Zielinska and Jankowski (2014) and de Brito
et al. (2019), irrespective of the specific method used, an essential
requirement of a comprehensive SA and UA of a GIS-based MCDA should
be conducted in a spatially explicit manner. Given that GPZ modelling
results are generated from the aggregation of spatial datasets and pre
sented as a map showing the spatial distribution of feasible alternatives
in GP, UA and SA should also be represented in a spatial format.

4.2. Model limitations
Despite the OAT model’s efficiency and intuitive simplicity, its lim
itations have been highlighted by several authors (Ligmann-Zielinska
and Jankowski, 2014; Saltelli et al., 2019; Saltelli and Annoni, 2010).
Firstly, the OAT moves one factor at a time (e.g., criteria weights)
repeatedly from a baseline (or ‘nominal’) value, which itself is an
imprecise point estimate with no measure of confidence (Benke and
Pelizaro, 2010). Thus, the full RPC from the base run may not reflect the
true magnitude or influence the criterion has on output uncertainty
(Ligmann-Zielinska and Jankowski, 2014). Secondly, the OAT model
(while adjusting proportionally all other criterion weights as the main
criterion weight is applied) assumes the criteria are independent of one
another and does not consider the fullness of criteria interactions on
model output variation and uncertainty. This is particularly problematic
in spatially heterogeneous problems where model inputs can be spatially
autocorrelated or can locally co-vary (Ligmann-Zielinska and Jankow
ski, 2014).
Alternatively, global SA often employ variance-based methods that
allow evaluation of independent criterion contributions to output un
certainty as well as ‘total effect’ interactions between criteria (Saltelli
and Annoni, 2010). However, global SA also has its own shortcomings,
including its high computational cost (Ligmann-Zielinska and Jankow
ski, 2014) often requiring a much larger number of iterations compared
with a OAT model. Moreover, the uncertainty in the input parameters is
typically sampled with some probability density function, the parame
ters of which are assumed known a priori (Crosetto et al., 2000) poten
tially introducing model bias which may affect the true influence input
parameters and their interaction have on output uncertainty. This is also
true for the OAT method where the criteria weight is treated as a uni
form random variable between a min–max range and sampled using 2%
increments. However, trade-offs between computational resources and
accuracy requirements necessary to meet the evaluation objectives
should be considered when selecting which SA and UA method to use
(de Brito et al., 2019).
Notably, the authors chose the OAT method using the framework
described by Chen et al. (2010) due to its practical simplicity and ease of
integration with ArcGIS Pro using ArcPy-based tasks, allowing spatially
explicit outputs and evaluations. However, other computationally effi
cient OAT methods are possible, such as the Morris method (Morris,
1991), which does not perturb ‘factors’ from a single baseline but from a
number of different starting points. The Morris method is a repeating
randomised OAT method and considered a global SA where factor in
teractions may be seen, which cannot be achieved by varying factor
values from a single baseline. It is considered a reliable OAT method for
screening factors that have little influence on model outputs before more
computationally expensive (and robust) variance-based global SA
methods are applied to a smaller set of influential factors (Crosetto and

4.3. Groundwater potential for the Hawker region
For the Hawker region, areas with GP values > 0.5 (medium, high
and very high GP) coinciding with lower model output uncertainty
(medium to lower SD) should be the focus of groundwater exploration
efforts and are shown in areas coloured green – blue in Fig. 8i. Indeed,
this has reduced the search area from approximately 53% (395 km2)
when considering areas with GP value > 0.5 only (i.e., conventional
mapping shown in Fig. 2f), to approximately 23% (173 km2) when
excluding higher uncertainty areas from these results. Those most
favourable areas with very high GP and lower uncertainty are circled in
red in Fig. 8i and account for only 0.06% (0.45 km2) of the study area.
Given their closer proximity to the Hawker township, the two most
easterly circled areas, which were not immediately apparent in the
original mapping, have been noted for further on-ground investigation.
They consist of highly favourable criteria (GP drivers), each aggregating
to a GP value > 0.85. The analysis has also helped refine several areas
from a broader range of feasible alternatives throughout the long east
–west ‘Wonaka Creek’ lineament zone and the ‘V-shaped’ lineament
zone in the south-east. These new priority areas consist of highly
favourable lineament densities, lithology units, lower slopes, and TWI
classes conducive to groundwater occurrence and where mapping re
sults are less susceptible to criteria weight changes.
Notably, areas of higher GP with higher uncertainty (yellow, red and
pink areas; Fig. 8i) should not necessarily be excluded from consider
ation, though more caution should be applied. For example, higher
yielding wells are located between the two forementioned lineament
zones, which have been mapped as medium to high GP but with higher
uncertainty. The higher uncertainty was generated from trade-offs
shown in the OAT outputs between lower lineament class values (i.e.,
lower lineament density) and more highly influential lithology (highly
porous limestone overlain by fluvial sediments), TWI, and slope classes.
However, the area is thought to have good groundwater prospects (as
evidenced by the higher yielding wells) because it is bound by two
adjacent pervasive lineament/fault zones where fracturing is likely
providing extra pathways for groundwater movement into this area.
Despite this, GP is not well represented here in the mapping results due
to the coarse resolution and highly generalised lineaments and lithology
source data.
Future on-ground investigations of local variations in lithology and
the presence and nature of fracture patterns will confirm whether the
influence from these fault zones extend beyond the current distances
used in the modelling. If so, then a review of the lineament density
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extent or the introduction of a new ‘distance from lineaments’ criterion
may improve GP model output performance. In this regard, a review of
the AHP criteria and class weightings would also be necessary to better
represent the potential relative influence and interrelated behaviour of
criteria. The aim would be to ensure a degree of consensus between
experts is reached on these new weightings to provide more confidence
in mapping results. The ‘uncertainty mapping’ has prompted this re
view, which was not apparent in the original GP mapping results shown
in Fig. 2f and as presented in Fildes et al. (2020).

criteria weight changes have on model output, and to explore the un
derlying factors and GP drivers influencing uncertainty at specific lo
cations before making final decisions on prioritising areas for
groundwater exploration.
Consequently, in future GPZ studies, expert evaluation of an inte
grated spatially explicit SA and UA would be encouraged as part of a
broader participatory MCDA approach. By doing so, the analysis acts as
an exploratory process by which decision-makers attain a deeper un
derstanding of the structure of the problem with a goal to improve GP
mapping results more broadly across a specific geographical setting.

5. Conclusions

CRediT authorship contribution statement

The spatially explicit SA and UA enabled an important refinement of
the traditional discrete GP class mapping approach by moderating the
spatial distribution of mapping results with uncertainty levels, thus
improving the reliability of GP output alternatives. The demonstrated
approach is best suited in assisting GP exploration over large and
hydrogeologically complex areas where the choice between feasible
alternative locations is potentially much greater. In this regard, the
incorporation of spatially explicit SA and UA in GP mapping helps to
alleviate project constraints such as time, cost, and risk by refining the
search area to better focus on groundwater exploration efforts leading to
drilling.
The analysis enabled a more transparent understanding of the
localised influence of criteria aggregations, which vary over space. This
is especially important when choosing between locations with similar
favourable GP and uncertainty levels aggregated from a different set of
criteria and class weighting combinations. Thus, identifying more
favourable criteria combinations from a range of feasible alternatives
helps to further prioritise GP areas.
The spatially explicit SA and UA will also help focus efforts on
minimising uncertainty in GP mapping outputs by way of an investi
gative model development process (Fig. 3). This can be achieved by (a)
ensuring a degree of consensus among experts is reached on the relative
importance of criteria weightings using an objective MCDA approach
(such as the AHP) to maintain a defined threshold of acceptable level of
output uncertainty, with a particular focus on those criteria assigned the
highest weights (note: lineaments, lithology, and TWI had the highest
influence on output variability for this geographical setting), (b)
ensuring equal importance is given to developing suitable value func
tions for standardising criteria measures as well as class range intervals
and their weighting (with an emphasis on the most influential criteria),
(c) ensuring the highest possible quality of each criterion’s spatial rep
resentation and its resolution, either locally or more broadly across the
study area, and (d) evaluating the behaviour of criteria aggregation over
all model runs at specific locations of interest. In doing so, a decision to
review (but not limited to) any of the forementioned objectives may be
implemented with a goal to improve certainty in mapping results.
Weight development is one of the most important steps in MCDA as it
is arguably the most influential on model results. If the results are to be
used in policy and decision making, then it is critical that some form of
SA and UA is performed to evaluate the effect criteria weights have on
model outputs. While the spatially explicit SA and UA presented in this
study can be applied to a range of multi-criteria evaluations, its appli
cation in GIS-based GPZ modelling is underrepresented. While
acknowledging its limitations, the OAT method is cost-effective, trans
parent and allows decision-makers to visualise geographically the effect
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Table A1
Percentage of GP class cells that remained unchanged after each weight change (WC) run with original weights (OW) shown for the base run. Note the green through
red table cells indicate from higher to lower stability in model run outputs, respectively.
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