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EDITOR'S NOTE:
This article is part of the special series “Applications of Bayesian Networks for Environmental Risk Assessment and

Management” and was generated from a session on the use of Bayesian networks (BNs) in environmental modeling
and assessment in 1 of 3 recent conferences: SETAC North America 2018 (Sacramento, CA, USA), SETAC Europe 2019
(Helsinki, Finland), and European Geosciences Union 2019 (Vienna, Austria). The 3 sessions aimed at showing the state‐of‐
the‐art and new directions in the use of BN models in environmental assessment, and focusing on ecotoxicology and water
quality modeling. This series aims at reflecting the broad applicability of BN methodology in environmental assessment
across a range of ecosystem types and scales, and discusses the relevance for environmental management.

ABSTRACT
Saltwater intrusion (SWI) is a global coastal problem caused by aquifer overpumping, land‐use change, and climate change

impacts. Given the complex pathways that lead to SWI, coastal urban areas with poorly monitored aquifers are in need of
probabilistic‐based decision support tools that can assist in better understanding and predicting SWI, while exploring
effective means for sustainable aquifer management. In this study, we develop a Bayesian Belief Network (BBN) to account
for the complex interactions of climatic and anthropogenic processes leading to SWI, while relating the severity of SWI to
associated socioeconomic impacts and possible adaptation strategies. The BBN is further expanded into a Dynamic
Bayesian Network (DBN) to assess the temporal progression of SWI and account for the compounding uncertainties over
time. The proposed DBN is then tested at a pilot coastal aquifer underlying a highly urbanized water‐stressed metropolitan
area along the Eastern Mediterranean coastline (Beirut, Lebanon). The results show that the future impacts of climate change
are largely secondary when compared to the persistent water deficits. While both supply and demand management could
halt the progression of salinity, the potential for reducing or reversing SWI is not evident. The indirect socioeconomic burden
associated with aquifer salinity was observed to improve, albeit heterogeneously, with the application of various adaptation
strategies; however, this was at a cost associated with the implementation and operation of these strategies. The proposed
DBN acts as an effective decision support tool that can promote sustainable aquifer management in coastal regions through
its robust representation of the main drivers of SWI and linking them to expected socioeconomic burdens and management
options. Integr Environ Assess Manag 2021;17:202–220. © 2020 SETAC

Keywords: Bayesian network Saltwater intrusion Aquifer management Adaptation Decision models

INTRODUCTION AND BACKGROUND
Saltwater Intrusion (SWI) has been reported in various

coastal zones around the world such as New Zealand
(EnviroLink 2011), China (Zhang et al. 2011), Philippines
(Sales 2009), Korea (Park et al. 2012), US (Conrads et al. 2010;
Sanford and Pope 2010), Bangladesh (Rahman et al. 2014),

and India (Bobba 2002). The Mediterranean basin is no
exception, with SWI reported along its northern, southern,
and Eastern sections (e.g., France [De Montety et al. 2008],
Italy [Capaccioni et al. 2005], Spain [Fatoric and Chelleri
2012], Turkey [Cobaner et al. 2012], Syria [Allow 2012; Abou
Zakhem and Katta 2017], Lebanon [Rachid et al. 2017;
Saadeh and Wakim 2017; Zaarour 2017], Israel [Levi
et al. 2018; Mushtaha et al. 2019], Gaza [Selmi 2013],
Egypt [Attwa et al. 2016; Eissa et al. 2016], Tunisia
[Kouzana et al. 2009], Libya [El Hassadi 2008] and Morocco
[El Yaouti et al. 2009]).
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Complex coastal aquifer hydrodynamics and the un-
certainties associated with future climate change limit our
abilities to quantify and predict SWI (Sanford and Pope
2010; Werner et al. 2013). Moreover, interactions between
global climate change and local environmental drivers (e.g.,
urbanization with land use and land cover) remain poorly
characterized. As such, the ability of coastal cities to manage
and adapt to SWI is constrained by the complexity of the
process, the limited data availability, and the associated
high uncertainties (Tribbia and Moser 2008). In this context,
Bayesian networks (BNs) can be an attractive decision sup-
port tool for risk analysis and management (Barton
et al. 2008; Fenton and Neil 2012; Gonzalez‐Redin
et al. 2016; Li et al. 2018; Marcot and Penman 2019). The
BNs are models that use the probability theory to quantify
relations between variables and calculate outcomes (Pearl
1988; Marcot 2012). The BNs link variables (each with a set
of states and prior probabilities) in a directed acyclic graph
and calculate posterior probabilities of outcome states,
while propagating the associated uncertainties. They are
effective in accommodating incomplete data, accounting for
uncertainty, and integrating knowledge‐based and expert‐
based information (Aguilera et al. 2011; Eurie Forio
et al. 2015; Marcot and Penman 2019). The BNs also allow
for forward and backward propagation of information. This
allows new information to be easily incorporated in the
model as soon as it is made available. The BNs are also
attractive as decision support tools given their legible
graphical interface that is user‐friendly for the nontechnical
users (Fenton and Neil 2012; Fienen et al. 2013; Molina
et al. 2013; Gonzalez‐Redin et al. 2016). Additionally, BNs
can be built as Bayesian decision networks through in-
corporating decision variables and the associated utility
values. Traditionally, BNs have been run as standalone
models that are static with respect to time. Recent devel-
opments have expanded the capabilities of traditional BNs,
coupling networks together to generate Object‐Oriented
Bayesian Networks, which allow complex domains to be
described in terms of interrelated subnetworks (Gine‐
Garriga et al. 2018). Further, time slicing has permitted the
development of Dynamic Bayesian Networks (DBNs) for
temporal analysis and predictions of future states (Molina
et al. 2013).
Given these advantages, Bayesian decision networks have

been successfully used to manage surface water resources,
water contamination, and groundwater abstraction as well
as to model catchments and irrigation needs (Ames
et al. 2005; Sadoddin et al. 2005; de Santa Olalla et al. 2007;
Molina et al. 2010; Fienen et al. 2013; Keshtar et al. 2013;
Moe et al. 2016). The BNs in the environmental realm were
also used in risk assessments, hazard analysis, ecological
modeling, natural resources management, water quality
assessment, and water and/or groundwater management in
addition to conflict resolution (Borsuk et al. 2004; Bromley
et al. 2005; Newton 2009; Alameddine et al. 2011; Giordano
et al. 2013; Wu et al. 2016). However, their application in
climate change related studies and adaptation management

remains limited (Hall and Twyman 2005; Cuddy et al. 2007;
Catenacci and Giupponi 2013; Couture et al. 2018) and their
use toward assessing saltwater intrusion is lacking. In this
study, a conceptual DBN framework is developed and pre-
sented as an environmental management tool with applic-
ability to semiarid coastal areas affected by SWI with the aim
of improving our understanding about the interaction be-
tween local anthropogenic drivers and global climatic de-
terminants responsible for SWI in data‐scarce and poorly
monitored urbanized coastal aquifers. Additionally, we as-
sess the socioeconomic implications of SWI that are asso-
ciated with the projected changes in the physical
environment and/or in the implementation of different
policy drivers, while ensuring that the associated un-
certainties in the data are accounted for and propagated
transparently. The DBN is then used to compare between a
set of proposed demand and supply management scenarios
by assessing their abilities towards limiting and/or reversing
SWI under projected climatic changes and sociodemo-
graphic transformations.

MATERIAL AND METHODS

Study area

The study area consists of the highly urbanized metropol-
itan area (Beirut, Lebanon) located on a relatively flat
triangular‐shaped peninsula extending westward into the
Mediterranean Sea (Figure 1). It has a surface area of 40 km2

with a 5‐km shoreline and diverse features including rocky
shores, sandy beaches, and cliffs. Topographically, the study
area starts at sea level, then gains elevation along the
Southwest and Northeast directions to reach a maximum of
95m asl (Abdel Basit 1971). Its population is nearly 1.2million
(CDR/DAR 2014) residing in about 18 000 buildings
(MoE/UNDP 2011) at a density of around 20 167 person/Km2

(Ayash 2010). The population growth has been reported to
range from 0.4 to 2.5% per year (El Fadel et al. 2000;
CAS 2008; MOEW 2010; WB 2010). The study area has
witnessed rapid urbanization, at a 111% increase between
1963 and 2005 (Faour and Mhawej 2014). With increased
urbanization, the natural terrain of the study area was
converted rapidly to impermeable surfaces (ESCWA 2005).
The annual rainfall in the city ranges from 700 to 900mm/y
(Atlas Climatique du Liban 1977; Peltekian 1980; El‐Samra
et al. 2016) with an average annual temperature of
20.9 °C (Atlas Climatique du Liban 1977; tu.tiempo 2016).
Climatic predictions point toward a drier and warmer future
as well as to a rising sea level at a rate of 20mm/y,
which may reach up to 30–60 cm by 2040 (MoE 2011;
MoE/UNDP/GEF 2016).
The underlying geology of the study area belongs to the

Cretaceous and Quaternary periods with pockets of the
Tertiary periods (Figure 1). Groundwater occurs mainly in
2 principal aquifers of sand and carbonate (Abdel
Basit 1971). Available water resources to the city consist
mainly of the water supplied through the public water
network from nearby basins and groundwater wells
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Dynamic Bayesian Networks to Assess Saltwater Intrusion—Integr Environ Assess Manag 17, 2021 203

 15513793, 2021, 1, D
ow

nloaded from
 https://setac.onlinelibrary.w

iley.com
/doi/10.1002/ieam

.4355 by H
IN

A
R

I-L
E

B
A

N
O

N
, W

iley O
nline L

ibrary on [17/04/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



(Acra et al. 1997; El Fadel et al. 2000; Saadeh 2008; Nasr
et al. 2012). The daily supplied volume is estimated at
183 000 and 283 000m3/d for the summer and winter sea-
sons, respectively; while the demand is estimated to exceed
303 000m3/d (Saadeh 2008). As a result of this deficit, the
residents rely heavily on tapping into subsurface aquifers to
fulfill their unmet water needs (Acra et al. 1997; Ayash 2010).
According to CAS (2008), out of the 18 000 buildings in Beirut
at least 5000 operate a private well with a total yield of more
than 14MCM (million cubic meters) per year (Peltekian 1980;
Saadeh 2008; MOEW 2010; MoE/UNDP 2011).

The SWI along the Beirut coastal aquifer

Signs of SWI in Beirut were observed as early as 1969,
through geoelectrical processing that confirmed SWI
through tectonic fractures (FAO 1997). Since then, Cl−

concentrations steadily rose from 340mg/L in 1970 to over
4200mg/L in 1985 (Khair 1992). In a more recent study,
Rachid et al. (2017) analyzed 170 wells between 2012 and
2014 and reported that the aquifer suffers from advanced
salinity (average Cl− concentration= 4600mg/L) albeit with
significant spatial and temporal heterogeneity. While these
high levels of Cl− are mostly driven by increased water de-
mand and groundwater overextraction (abstraction beyond
the recharge capacity of the aquifer), they are expected to

further intensify in the future under the synergy of climate
change impacts and population growth.

Conceptual model development and parameterization

Anthropogenic and climatic drivers will influence the
propensity of SWI in coastal aquifers. Studies have generally
focused on three main drivers, namely groundwater ab-
straction, aquifer recharge, and sea level rise (SLR)
(Harbor 1994; Purandara et al. 2010; El Shinnawy and
Abayazid 2011; Cobaner et al. 2012; Sophiya and
Syed 2013; Safi et al. 2018). Population growth and in-
creased urbanization are the main anthropogenic inducers
of SWI, as they increase water demand and reduce natural
groundwater recharge (Cobaner et al. 2012; Koussis
et al. 2012; Selmi 2013). In addition, the daily water con-
sumption rate plays an important role in determining the
total water demand for a given area. The rate is known
to differ geographically, temporally, and as a function of
affluence (Whitcomb 2005). When the supply is short of
the demand, groundwater extraction and SWI increase,
especially when monitoring and enforcement are weak.

Climate change is another driver of SWI through multiple
routes including the reduction in precipitation, the increase
in ambient temperature and evapotranspiration, and the rise
of sea level (Javadi et al. 2012; Sherif et al. 2012). A de-
crease in precipitation is expected to reduce the recharge

Integr Environ Assess Manag 2021:202–220 © 2020 SETACwileyonlinelibrary.com/journal/ieam

Figure 1. Location and geology of the study area.
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and negatively affect available freshwater resources. On the
other hand, an increase in ambient temperature is asso-
ciated with a greater water demand (Goodchild 2007;
Jarboo and Al‐Najar 2015) and evapotranspiration (Bates
et al. 2008; Jackson et al. 2011; Neukum and Azzam 2012).
The rise in sea level is expected to imbalance the saline‐
freshwater hydrostatic pressure and enhance the lateral
seawater intrusion (Reilly and Goodman 1985; Conrads
et al. 2010; Chang et al. 2011; Carretero et al. 2013; Werner
et al. 2013). While the general trends governing the phys-
ical, geological, and chemical interactions between these
drivers and the intensity of SWI are common, the direction
and magnitude of these interactions are highly context‐
specific (Loáiciga et al. 2011; Ferguson and Gleeson 2012;
Ivkovic et al. 2012).
As groundwater salinity levels increase, it becomes un-

usable for most purposes. Hence, salinization is associated
with an economic burden in terms of incurring “avoidance
costs” such as tapping into alternative resources, purchase of
water, or the treatment of the salinized water to acceptable
levels prior to use (Characklis et al. 2005; Connor et al. 2012;
Catenacci and Giupponi 2013). Moreover, consuming high
salinity waters shortens the useful lives of piping systems,
fixtures, and appliances (water heaters, coolers, faucets,
clothes washers, and dishwashers) and damages the infra-
structure. These in turn result in increased expenditures on
maintenance and repairs (Ragan et al. 2000; Wilson 2004;
Howitt et al. 2009; Connor et al. 2012; Alameddine
et al. 2018). Additionally, the consumption of high salinity
water has been associated with adverse health impacts (Frank
and Boyer 2014; Talukder et al. 2016; Ur Rahman et al. 2017).

Overall, the scale of these damages is expected to intensify
in view of the synergies between the seemingly inevitable
impacts of climate change and the ever‐increasing human‐
induced pressures (Nicholls et al. 2007).
For the study area, the available literature, exploratory data

analysis, and experts' knowledge were used to formulate a
conceptual framework for SWI (Kragt 2009; Giordano
et al. 2013; Keshtkar et al. 2013; Phan et al. 2016). Figure 2
depicts the framework of SWI along coastal aquifers repre-
senting the drivers, their effects or impacts, their potential
interactions, and their implications.
Transforming the conceptual framework into a BN model

requires the identification of variables representing the pa-
rent and child nodes as well as establishing the conditional
relationships between them (Kragt 2009; Catenacci et al.
2013; Keshtar et al. 2013; Phan et al. 2016). Starting with the
conceptual framework (Figure 2), the structure and variables
of the SWI Directed Acyclic Graph (DAG) were developed in
an iterative process involving reviews and feedback from
domain experts. While most nodes in the conceptual
framework were directly represented as variables in the SWI
DAG (e.g., temperature, rainfall, population growth rate,
consumption rate, aquifer salinity, freshwater recharge),
others were captured by a set of variables (e.g., avoidance
costs, lateral flow).
The final SWI DAG (Figure 3) consisted of multiple

variables categorized into 4 components, namely a climate
component, a hydrogeological component, a demo-
graphic component, and a socioeconomic component.
The climate component accounts for the current con-
ditions of temperature, rainfall, and evapotranspiration, as

Integr Environ Assess Manag 2021:202–220 © 2020 SETACDOI: 10.1002/ieam.4355

Figure 2. Conceptual framework for the main drivers of saltwater intrusion and their impacts.
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well as their projected future changes as defined by the
RCP 4.5 and RCP 8.5 scenarios (IPCC 2014). Note that
while the impact of SLR on aquifer salinity was initially in-
cluded as a node in the conceptual framework, it was
omitted due to the inconclusive nature in the direction and
intensity of the relationship between SLR and salinity
(Reilly and Goodman 1985; Chang et al. 2011; Carretero
et al. 2013; Werner et al. 2013). The main route by which
SLR affects salinity is through the advancement of the
freshwater‐seawater mixing zone and the interface toe, the
dynamics of which can only be described through a spa-
tially distributed numerical model specific for the aquifer.
In this context, Safi et al. (2018) reported that the impact of
SLR on salinity levels was negligible when compared to the
magnitude of existing anthropogenic drivers. The demo-
graphic component of the model relates the current
population and its potential growth over time along with
the water consumption rates to estimate water demands.
The hydrogeological component was divided into 2 sub-
components, namely lateral flow and salinity. The lateral
flow subcomponent characterizes the recharge area out-
side the aquifer domain that contributes freshwater into
the study area. It links the infiltration, pervious area, and
abstraction rates in the mountainous recharge area, over-
looking the city to the net freshwater recharge inflowing
into the study area. Thus, it represents the total lateral

flow. On the other hand, the salinity subcomponent de-
fines the relationships governing how the drivers of SWI
(freshwater recharge, rainfall infiltration, pervious area,
abstraction, and safe yield) affect the salinity levels of the
aquifer. Finally, the socioeconomic component relates the
resulting salinity levels to the direct and indirect costs in-
curred by the targeted population as a function of avoid-
ance costs that included the cost of treatment (e.g.,
reverse osmosis), damages to installations, or costs of
using alternative sources (i.e., trucking water).

As the DBN is intended to be used as a decision support
tool, a management component was included to explore
the implications of potential or planned mitigation measures
and adaptation strategies (i.e., demand and supply man-
agement options). Figure 3 illustrates the resulting
DAG including the nodes and links associated with the
multiple model components. Full details on the model
set up and its components are presented in the online
Supplemental Data.

The definition of the states for each node was based on
reported literature, field surveys, and stakeholders' elic-
itation (Table 1) (Keshtkar et al. 2013; Phan et al. 2016;
Sperotto et al. 2017). The number of states was kept as
low as possible to account for the need to populate the
conditional probability tables (CPTs) (Table 1) (Chen and
Pollino 2012; Eurie Forio et al. 2015). As some nodes are

Integr Environ Assess Manag 2021:202–220 © 2020 SETACwileyonlinelibrary.com/journal/ieam

Figure 3. Proposed directed acyclic graph for the Saltwater Intrusion Dynamic Bayesian Network. Cloned node: are select variables that represent the interface
between 2 successive time slices in the DBN allowing for the modeling of time series.
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continuous, we implemented discretization to convert these
variables into a set of finite bins that will act as the node
states. Discretization is often a required step when im-
plementing BNs, since most inference algorithms can only
use categorical data. Based on Fienen et al. (2013), natural
thresholds evident from the physical environment were used
first in addition to meaningful ranges reported in the liter-
ature. This was followed with an iterative process of fine‐
tuning the discretization process to ensure the generation of
meaningful bins that are able to provide insights on the data
and reflect changes. For example, the discretization of
aquifer salinity followed the groundwater quality catego-
rization into slightly, moderately, highly, and very highly
saline based on the 6 salinity bins of Konikow and Reilly
(1999). From this starting point, the bins were further refined
whereby the extreme bins were compressed while the
middle bins were expanded in order to provide a reason-
able set of bins that can capture salinity changes (Table 1).
While the selection of the discretization method can have
potential impacts on the accuracy and computational effi-
cacy of the model (Uusitalo 2007; Aguilera et al. 2011;
Alameddine et al. 2011; Nojavan et al. 2014; Rahman
et al. 2014; Lucena‐Moya et al. 2015), the evaluation of the
impact of the discretization method, albeit recognized, was
kept out of scope of this study and should be examined in
future work on this BN model. Populating the prior proba-
bilities of the parent nodes as well as the subsequent CPTs
was based on available data, reported literature, official
statistics, field surveys, outputs from other models, expert
elicitation, and interviews (Table 1) (Cain 2001; Nyberg
et al. 2006; Pollino et al. 2007; Kjaerulff and Madsen 2008;
Kragt et al. 2009; Chen and Pollino 2012; Catenacci et al.
2013; Nojovan et al. 2014; Rahman et al. 2014). For ex-
ample, the probabilities for the nodes on RO price, RO
penetration rate, well penetration rate, and the water tanker
prices were populated based on field surveys (El‐Fadel et al.
2015; Constantine et al. 2017) and expert interviews. Elic-
itation was undertaken through the direct fixed value elic-
itation approach (Morgan and Henrion 1990; Clemen 1991;
Winkler 2003; Kashuba 2010). Additionally, a set of CPTs
were populated based on functions representing mass bal-
ances and regression equations (Table 1). Note that the time
span of the DBN was defined between 2014 and 2034, with
a time step of 1 y. The baseline year was set at 2014. Table 1
summarizes the developed DBN by highlighting the type of
nodes used, their states, and the basis for the parameter-
ization of their CPTs. The HUGIN EXPERT 8.8 was used to
build and run this DBN (HUGIN EXPERT 2019). Full in-
formation on the model parameters including the definition
of the nodes' states and parameterization of CPTs are pro-
vided in the online Supplemental Data.

Dynamic Bayesian network

While a BN is an effective decision support tool, it is
limited in its capacities to propagate information through
time. As such, the BN model was further developed into a
DBN. The latter has been applied in various fields including
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clinical (Orphanou et al. 2014; Zandona et al. 2019) and
environmental studies (Molina et al. 2013; Uusitalo
et al. 2018). The DBNs allow for the modeling of time series
by generating a BN for each time slice and allowing the
realization of selected variables at a given time to be
dependent on the state of the system at past times, while
maintaining the same DAG and node relationships
throughout the time slices (HUGIN EXPERT 2019; Marcot
and Penman 2019). These select variables are known as
temporal clones that represent the interface between
2 successive time slices in the model (HUGIN EXPERT 2019).
As such, simulations of the BN at any time slice will result in
updates to the probabilities of states for all nodes including
the clone nodes at that time slice. These clone nodes will
then communicate their updated states to their clone in the
next time slice so that the BN of the next time slice will
estimate the updated probabilities of all nodes accounting
for the carried input from the previous time slice. In this
study, 7 out of 37 nodes were designated as clone nodes
(refer to Table 1). In total, the DBN had 20‐time steps
(time step= 1 y) starting with the base year of 2014 and
ending in 2034.

Model sensitivity analysis and evaluation

The model's sensitivity and performance were evaluated
quantitatively and qualitatively. In terms of model sensi-
tivity, both the sensitivity to findings, which measures how
the posterior probability distributions (PPD) change under
different conditions, and the sensitivity to parameters,
which measures how PPD change when input variables are
modified, were implemented (Pollino et al. 2007; Chen
and Pollino 2012; Moe et al. 2016; Radl et al. 2018).
Sensitivity to findings was quantified through the calcu-
lation of the value of information (VOI) (Pollino et al. 2007;
Marcot 2012; Radl et al. 2018). The VOI identifies the
variables with the highest mutual information with respect
to a selected target node. The VOI ranges between
0 and 1, with lower values associated with mutually in-
dependent variables and higher values associated with
more informative variables (Pollino et al. 2007). The VOI
analysis was implemented on the 2 main model endpoints,
namely aquifer salinity and socioeconomic burden for year
1 of the model run. Calculating it for future times was not
possible due to time‐slicing. Meanwhile, sensitivity to pa-
rameters (also known as influence analysis) was evaluated
by: 1) quantifying changes in the PPDs of the target nodes
when the parent nodes are altered (Pollino et al. 2007;
Marcot 2012; Nojovan et al. 2014); and 2) computing the
posterior probability certainty index (PPCI) proposed by
Marcot (2012). The 1‐sample Kolmogorov‐Smirnov (KS)
nonparametric test was used to determine if introducing
evidence in 1 of the parent nodes resulted in a statistically
significant change in the PPD of the target nodes (at t = 1
and for t = 20) as compared to the normative case
(Marcot 2012). The PPCI was used to evaluate the un-
certainty of the model outcomes through indexing the
degree of dispersion of posterior probability values

among outcome states after normalization with the
number of states and possible minimum and maximum
values (Marcot 2012). The PPCI values range between
0 and 1; higher values suggest greater certainty in
outcome predictions. The PPCI values were calculated for
the normative scenario as well as for model runs where
input variables were modified. The PPCI were tracked over
the 20‐y time slices of the DBN for both aquifer salinity and
socioeconomic burden target nodes.

Regarding model validation, it was largely qualitative
and conducted through expert model walkthrough to re-
view the representation of the model and assess its
predictions in response to evidence initiation. We also
attempted to validate the model by comparing its results
to those from a 3D variable‐density flow and solute trans-
port model developed by Safi et al. (2018) for the same
aquifer to determine the level of agreement in salinity
predictions under a set of common scenarios. Finally, we
conducted an assessment of the internal consistency of the
target nodes through determining the area under the curve
(AUC) based on the generation of 10 000 cases with
the enforcement of a 10% missing completely at random
(MCAR) rule.

Model simulations

The DBN was used to assess the relative importance of
the projected changes in climatic forcing versus those as-
sociated with anthropogenic drivers on SWI through a set of
scenarios (Table 2) by comparing their marginal probabilities
on the target nodes (i.e., the salinity of the aquifer and the
ultimate socioeconomic burden). A baseline scenario (S1)
was defined under RCP 4.5 to represent the most probable
situation in the study area. The impact of climatic variability
was assessed in scenario (S2) under RCP 8.5. The worst case
scenario (S3) coupled RCP 8.5 with a higher consumption
rate of 200–300 l/c/d (instead of 100–200 l/c/d). Note that for
all 3 scenarios, no changes were considered to the existing
demand and supply management.

Several supply management scenarios were then de-
fined and run under RCP 4.5 and 8.5 (Table 2). Based on
governmental plans (MOEW 2010), S1‐Sa and S3‐Sa use
60 MCM of additional water by 2019 and scenarios S1‐Sb
and S3‐Sb use an additional 60 MCM starting in 2025. In
an effort to capture the urgency of implementing the
proposed governmental supply projects, 2 scenarios
(S1‐Sc and S3‐Sc) were proposed to capture the impact of
delaying project execution. These scenarios assumed that
the 120 MCM additional supply volume will only be made
available for use starting from 2025 onward. On the other
hand, scenario S1‐MAR was defined to quantify the po-
tential of Managed Aquifer Recharge (MAR) to limit the
salinity in the aquifer by examining the impact of injecting
~3.5 MCM/year of freshwater (MOEW/UNDP 2014) into
the Beirut aquifer under RCP 4.5. Finally, the impact of
implementing demand management (S1‐D and S3‐D) was
tested under both the most probable (S1) and the worst

Integr Environ Assess Manag 2021:202–220 © 2020 SETACwileyonlinelibrary.com/journal/ieam
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case (S3) scenarios by introducing a 150% increase in the
water tariff.

RESULTS

Climatic forcing and anthropogenic drivers under the
no‐action scenarios

Simulation of the most probable scenario (S1) showed
that while in the base year (2014) there was a 99% proba-
bility that the aquifer's average salinity is in the slightly to
moderately saline category (1000–7000 ppm), the proba-
bility that the average salinity level by the end year (2034)
will exceed the 10 000 ppm level exceeded 90%. This re-
flects a significant increase in the average salinity of the
aquifer (Figure 4). Under RCP 8.5 climatic forcing (S2), the
probability that the average salinity of the aquifer in 2034
will exceed 10 000 ppm (highly saline) increased to 96%,
with a 75% chance that the salinity will even exceed the
15 000 ppm (very highly saline). On the other hand, the re-
sults from the worst case scenario (S3) showed that the
probability that by 2034 the aquifer's salinity will exceed the

10 000 or 15 000 ppm was 99% and 89%, respectively
(Figure 4).
Naturally, this projected increase in aquifer salinity was

associated with an increase in the socioeconomic burden on
the community. The model projected that the burden per
year will not exceed US$2500/capita/year (around 18% of the
current average annual income per capita in Lebanon, esti-
mated at $14 000 (MOF/UNDP 2017)) at any given year over
the whole simulation period and across all scenarios
(Figure 4). Under S1, it was projected with 53% probability
that the burden is <$250/capita/year (around 2% of the cur-
rent average annual income per capita) at the end year 2034
(initially 70% probability at the start year 2019) as compared
to a 44% probability that the burden in 2034 is $500 to
$1500/capita/year (around 3.5 and 10% of the current
average annual income per capita) under S3. In parallel, the
model projected a probability of 94% that the cumulative
cost burden from avoidance costs and damages to
installations (over 20 y) will exceed $1500 per capita which
represents about double the cost per capita at the end year
of the implementation of mega supply projects, estimated at
a $820/capita. The probability that the cumulative costs will

Integr Environ Assess Manag 2021:202–220 © 2020 SETACDOI: 10.1002/ieam.4355

Table 2. Scenarios assessed including driver variabilities and management decisions

Scenario Scenario definition RCP
Consumption
rate l/c/d

Population growth
rate %

Municipal supply
projects

No management scenarios

S1 Most probable 4.5 100–200 1.2–2.2 0

S2 Worsening climatic conditions 8.5 100–200 1.2–2.2 0

S3 Worst case 8.5 200–300 2.2–3.2 0

Management scenarios

Supply management Yeara

S1‐Sa Most probable 2019 4.5 100–200 1.2–2.2 60 MCM

S1‐Sb 2019 4.5 100–200 1.2–2.2 60 MCM (2019)

2025 +60 MCM (2025)

S1‐Sc 2025 4.5 100–200 1.2–2.2 120 MCM

S3‐Sa Worst case 2019 8.5 200–300 2.2–3.2 60 MCM

S3‐Sb 2019 8.5 200–300 2.2–3.2 60 MCM (2019)

2025 +60 MCM (2025)

S3‐Sc 2025 8.5 200–300 2.2–3.2 120 MCM

S1‐MAR Most probable+MAR of
3.5 MCM/y

2025 4.5 100–200 1.2–2.2 0

Demand management

S1‐Da Most probable+Demand
Management (150% tariff increase)

2019 4.5 100–200 (rate
at base year)

1.2–2.2 0

S1‐Db 2025

S3‐Da Worst case+Demand Management
(150% tariff increase)

2019 8.5 200–300 (rate
at base year)

2.2–3.2 0

S3‐Db 2025

RCP= Representative Concentration Pathways; MAR=managed aquifer recharge; MCM=million cubic meters.
Yeara: indicates the year at which the MAR, Demand Management, or Supply Management projects will be initiated.
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exceed $5000 per capita (around 35% of the current average
annual income per capita) was 60% under S1 (Figure 4). The
drastic increase in aquifer salinity projected under the worst
case scenario (S3) was also associated with an equally sharp
increase in the cumulative socioeconomic burden on the
community projected at a 90% probability to exceed the
$5000 per capita (around 6 times the estimated im-
plementation cost of mega water supply projects at $820 per
capita at end year) (Figure 4). Under the conditions defined
for S2, this probability was estimated at 76% (Figure 4).

Projections with water management options

Managed aquifer recharge under the most probable con-
ditions. Under the S1‐MAR defined scenario, MAR ex-
hibited little effect on reducing the probability that the
aquifer salinity will exceed the 10 000 or 15 000 ppm marks
by 2034. The drop in probability reached 8% and 4%, re-
spectively, as compared to the probabilities estimated
under S1 (Figure 5). Moreover, MAR did not reduce the
socioeconomic burden significantly (Figure 6). The effec-
tiveness of MAR may improve under greater availability of
recharge volumes albeit the karst nature of the aquifer re-
mains a challenge.

Supply management scenarios. The S1‐Sa simulations
(Figure 5) show that the supply of an additional 60 MCM
starting 2019 can reduce the probability that the aquifer

salinity will exceed the 15 000 ppm (very highly saline) in
2034 from 63% (under S1) down to 32%. This also translates
into a significant decrease in the associated socioeconomic
burden. The probability that the cumulative socioeconomic
burden will exceed the $5000 per capita dropped from 60%
under S1 to 25% under S1‐Sa (Figure 6). Yet, this improve-
ment comes with a significant investment cost (capital,
maintenance, and operation) adding a financial burden on
the community equivalent to ~$430 per capita (where the
end year's (2034) population is estimated at 1 600 000 under
the most probable scenario for the calculation of cumulative
cost per capita). Increasing the supply under the S1‐Sb
scenario reduced the probability that the aquifer's salinity
will exceed the 15 000 ppm level from 63% under S1 down
to 15% (Figure 5). Similarly, this reduction in salinity trans-
lates into a reduction in associated socioeconomic burdens,
whereby the probability that the cumulative burden by the
end of the simulation period (i.e., by 2034) will exceed
$5000 per capita was reduced to 8% as compared to 60%
under S1 (Figure 6). Nevertheless, these benefits come at
the cost of implementing such mega projects, which has
been estimated at a cumulative cost of around $820 per
capita. This scenario seems to be very promising in terms of
delaying the deterioration of the aquifer and alleviating the
socioeconomic burden. Comparing the actual cost of supply
projects with the observed decrease in the projected salinity
levels and the societal relief from salinity‐induced burdens
highlights the cost effectiveness and worthiness of this

Integr Environ Assess Manag 2021:202–220 © 2020 SETACwileyonlinelibrary.com/journal/ieam

Figure 4. Probability of aquifer salinity (in ppm x1000) and socioeconomic burden (yearly in US$ per capita/y and cumulative in US$/capita) under S1: Most
probable; S2: Climatic forcing; S3: Worst case scenarios. Posterior probability certainty index (PPCI) per scenario over time is illustrated in the Supplemental Data.
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project. The provision of additional water supply to reduce
groundwater abstraction contributes also to the protection
of the aquifer with ecological benefits.
Under worst‐case conditions of climate and demand,

supplying 60 MCM starting in 2019 (S3‐Sa) can reduce
the probability that salinity will exceed the 15 000 ppm
(very highly saline) by 15% as compared to the worst
case scenario (S3) without management actions. This

improvement translates into a 21% reduction in the prob-
ability that the cumulative socioeconomic burden will ex-
ceed $5000 per capita (Figure 6). Under S3‐Sb (Figure 5),
the estimated probability that the average aquifer salinity in
2034 will exceed 15 000 ppm was 53%, which represents a
40% reduction in probability as compared to the no‐action
scenario under worst‐case conditions (S3). The associated
socioeconomic burden was also reduced, whereby the

Integr Environ Assess Manag 2021:202–220 © 2020 SETACDOI: 10.1002/ieam.4355

Figure 5. Probability of aquifer salinity (in ppm x1000) at end year (2034) under base cases, MAR, and demand and supply management scenarios; S1: Most
probable; S2: Climatic forcing; S3: Worst case; Sa: 60 MCM supplied in 2019; Sb: 60 MCM supplied in 2019 and additional 60 MCM supplied in 2025;
Sc: 120 MCM supplied in 2025; MAR: Managed Aquifer Recharge in 2025; Da: demand management starts in 2019; Db: demand management starts in 2025.
Posterior probability certainty index (PPCI) per scenario over time is illustrated in the Supplemental Data.

Figure 6. Probabilities of the cumulative socioeconomic burden (in US$ per capita) at end year (2034) under MAR, demand and supply management scenarios;
S1: Most probable; S3: Worst case; Sa: 60 MCM supplied in 2019; Sb: 60 MCM supplied in 2019 and additional 60 MCM supplied in 2025; Sc: 120 MCM
supplied in 2025; MAR: Managed Aquifer Recharge in 2025; Da: demand management starts in 2019; Db: demand management starts in 2025. Posterior
probability certainty index (PPCI) per scenario over time is illustrated in the Supplemental Data.
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probability that the cumulative burden per capita by
the end of the simulation period will exceed $5000 was
around 40% as compared to 90% under S3 (a decrease
of 55%) (Figure 6). These benefits, however, come with a
high investment in supply projects, which translate into a
cumulative cost per capita of $650 by 2034.

Demand management scenarios. Simulation of the impact
of demand management in terms of increasing the water
tariff by 150% under the conditions defined under the most
probable scenario (S1) showed an 85% reduction in
the probability that the average aquifer salinity exceeds
15 000 ppm as compared to S1 (Figure 5). The projected
reductions in salinities minimized the socioeconomic
burden significantly (Figure 6). Even under worst‐case
conditions of climatic change and population increase,
the increase in tariff resulted in a 66% reduction in the
probability that the average aquifer salinity will exceed
15 000 ppm by 2034 as compared to S3 (Figure 5). Addi-
tionally, the probability that the cumulative cost burden (over
20 years) will exceed $5000 per capita by 2034 was projected
to decrease by 80% as compared to S3 (Figure 6).

Value of time. The value of time was examined by delaying
the implementation of supply and demand management
projects by 5 years under the S1 (most probable) and S3
(worst case) scenarios. For the supply management
scenarios, the S1‐Sc scenario (supply of 120 MCM starting
2025) showed an increase in the aquifer salinity as com-
pared to scenario S1‐Sb (supply of 60MCM starting 2019,
additional 60MCM starting 2025) (Figure 5). As for the cu-
mulative socioeconomic burden, it was estimated to exceed
$5000 per capita, at the end year, by a probability of 17% as
compared to the 60% probability projected under S1 and
8.5% under S1‐Sb (Figure 6). These results reconfirm the
benefits of an earlier intervention (Year 2019) and highlight
the costs associated with these delays (Year 2025). Similar
trends were observed under the worst‐case conditions. The
results from the S3‐Sc scenario reflected a 17% increase in the
probability that the aquifer salinity will exceed 15 000ppm
(very highly saline) by 2034 as compared to the S3‐Sb
scenario (Figure 5). On the other hand, the delay in project
execution increased the probability that the cumulative soci-
oeconomic burden by 2034 will exceed the $5000 per capita
mark from 40% under S3‐Sb to 51% (Figure 6).
Delaying the implementation of demand management by

5 y under the most probable scenario (S1‐Db) increased the
probability that the aquifer average salinity levels will exceed
15 000 ppm (very highly saline) from 38% under S1‐Da to
74% (Figure 5). The delay also eroded the reductions in the
socioeconomic burden. The probability that the cumulative
socioeconomic burden per capita will not exceed the $5000
mark dropped from 96% if the project is initiated in 2019 to
76% if enforcement was delayed to 2025 (Figure 6). The
delay of demand management under the worst‐case con-
ditions (S3‐Db) resulted in even more significant losses. The
probability that the salinity levels will exceed 15 000 ppm

(very highly saline) by 2034 reached 67% as compared to the
30.5% if the tariffs were reformed starting in early 2019.
Additionally, the probability that the cumulative cost burden
(over 20 y) will exceed $5000 per capita by 2034 decreased
by 34% as compared to S3, while the reduction reached 80%
when the project was initiated in 2019.

DISCUSSION
The DBN clearly emphasized the high risk that the aquifer

will become unusable within the next 20 y under the worst
case scenario (increased water consumption coupled with
population growth). The findings of the model showed that
the impact of future climate change was largely secondary
as compared to the chronic water deficits in the study area.
Even under the favorable conditions of RCP 4.5, the aquifer
was predicted to experience continued salinity increases if
no management interventions are implemented. The major
pathway through which the climatic drivers affected salinity
was through increasing the water consumption rate as a
result of higher temperatures. The relative impact of the
predicted reductions in precipitation was comparatively low,
given the low infiltration potential in the study area. In terms
of the effectiveness of the considered management
measures, the DBN results clearly showed that MAR was not
an effective mitigation measure for the aquifer under study.
Meanwhile both supply and demand management inter-
ventions proved effective in reducing the increase of salinity
levels with time; yet their potential for reversing SWI was not
evident. Still, demand management, through increasing the
tariff rate to induce a reduction in the water consumption in
order to reduce the demand on water, proved more effec-
tive in reducing salinities as compared to supply projects.
However, the caveat with demand management is that it
might nudge to adopt alternative sources (either recom-
mended alternatives like greywater reuse and rainwater
harvesting, or potentially problematic alternatives like
unlicensed water tankers, unsafe water sources, and illegal
wells). With regard to the indirect socioeconomic burden,
the model results indicated that in the absence of
management interventions they tended to increase over
time. By the year 2034, the probability that the yearly soci-
oeconomic burden per capita will exceed $500/capita/year
(around 4% of the current average annual income per capita)
ranged between 30 and 45%, depending on the defined
scenarios. Moreover, the implementation of the defined
management interventions proved to be effective in
reducing or stabilizing this burden.

Regarding the sensitivity of the model, the results of the
VOI (refer to Supplemental Data V‐2) showed that ground-
water abstraction, safe yield, and RO price were the most
influential variables on the aquifer salinity target node.
These 3 nodes accounted for 92% of the overall sensitivity in
the aquifer salinity node. Regarding the socioeconomic
burden node, the 5 top variables with highest mutual in-
formation (cost tankers, water deficit, groundwater ab-
straction, safe yield, and water demand) were able to
account for around 78% of the observed sensitivity of the

Integr Environ Assess Manag 2021:202–220 © 2020 SETACwileyonlinelibrary.com/journal/ieam
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node. The PPCI results (refer to Supplemental Data V‐4 and
V‐5) showed greater certainty in the predictions of aquifer
salinity as compared to those of the socioeconomic burden
across the entire time frame. Moreover, the development of
prediction certainty over the defined time frame differed
between these 2 end nodes. While the PPCI of salinity
largely had a parabolic shape, with higher outcome un-
certainties occurring at intermediate times, the PPCIs of the
socioeconomic burden target node tended to increase over
time, with the exception of the high consumption rate sce-
nario, where uncertainty slightly increased over time.
Overall, the highest outcome certainty for future predictions
(at year 2034) for both end nodes was under the worst case
scenario. Meanwhile, the highest outcome uncertainty for
both target nodes occurred under the normative scenario.
Concerning the sensitivity of the target nodes to changes in
the states of their parent nodes, the results of the KS anal-
ysis showed that both salinity and socioeconomic burden
showed low sensitivity to changes in the climatic scenario
both for year 1 and year 20 (refer to Supplemental Data V‐3).
Meanwhile, changes in demand management tended to
have a significant impact on the PPDs of both target nodes
both at year 1 and year 20. Regarding the anthropogenic
forcings, only changes in the water consumption rate had an
impact on the PPDs of both target nodes.
The experts' review provided positive feedback on the

developed model. Meanwhile, the results of the AUC
(refer to Supplemental Data V‐1) returned AUCs > 0.7 for
all nodes with the majority of nodes with an AUC> 0.9 with
the exception of the nodes for % pervious area, infiltration
rate of the lateral recharge zone, and pervious area de-
crease. Those 3 nodes had an AUC of 0.58 to 0.65. These
AUC values suggest a good internal consistency of the
model. Moreover, the salinity predictions of the devel-
oped DBN were found to be consistent with those from
the mechanistic 3D variable‐density flow and solute
transport model (Safi et al. 2018). Both models running
compatible scenarios were aligned in the direction and the
relative impact of the investigated anthropogenic and
climatic factors, showing that while the aquifer system is
sensitive to both water consumption rates and population
growth rates, coupling of both has a synergistic effect.
Similarly, the 2 models underscored that while the pro-
posed adaptation strategies were effective in retarding the
rate of saltwater intrusion, they appear unable to reverse
the increase in salinity levels. Nevertheless, a closer look at
the 2 modeling frameworks shows major differences be-
tween them. The mechanistic model clearly has a better
spatial and temporal resolution and thus can be used to
predict salinity levels in 3D space on a daily basis and can
identify processes like upconing and the progression of
the saltwater wedge. Yet, its prediction uncertainties were
large due to the sparsity of available data needed for
calibration. Moreover, its computational requirements and
run times prohibited its use as an effective decision sup-
port tool for stakeholders. In comparison, the developed
DBN did not account for spatial variabilities and coarsely

represented time. While these simplifications limit the set
of questions that the model can answer, the developed
DBN was a controllable and parsimonious model whose
spatio‐temporal space was defined specifically to align
with the identified core management problems (Marcot
et al. 2006; Pollino and Henderson 2010).
Moreover, the developed model clearly showed the im-

portance of BNs in data‐poor regions, where significant ex-
pert knowledge (and uncertainty) can be elicited and used to
guide model development, provide transparent predictions
at meaningful endpoints, as well as identify gaps and the
relative sensitivities of decisions to parameter uncertainties.
The developed DBN also proved to be a metamodeling tool
(Barton et al. 2008) that successfully integrated interdiscipli-
nary knowledge and a diverse set of information types (expert
elicitation, multiple linear regression model predictions, field
data, and mass balance model). It also allowed for the in-
clusion of uncertainties both in the model parametrization
and in describing the strengths of certain pathways, thus al-
lowing for a transparent evaluation of uncertainties that can
be easily communicated with stakeholders. These features
are some of the main reasons behind the increased interest in
adopting BN in environmental and resource management
applications (Bromley et al. 2005; Barton et al. 2008; Pollino
and Henderson 2010; Fienen et al. 2013; Death et al. 2015;
Chee et al. 2016; Moe et al. 2016; Couture et al. 2018;
Gine‐Garriga et al. 2018; Uusitalo et al. 2018).
The developed DBN complements and builds upon

previous applications of BN that modeled water quality
changes (Fienen et al. 2013; Couture et al. 2018; Marcot and
Penman 2019). While several of these studies have at-
tempted to incorporate the effect of time (Molina
et al. 2013; Orphanou et al. 2014; Chee et al. 2016; Moe
et al. 2016), this current application is probably the most
developed. It adopted time‐slicing and the generation of
time clones of certain nodes to allow the system to evolve
over time. Yet, even this implementation still has several
limitations (refer to the limitation section). The seamless in-
tegration of time in BN remains an active research topic and
its advancement will increase the penetration of BN in the
environmental field, where most environmental variables
experience significant changes over time. The current DBN
was developed to be fit‐for‐purpose and ready for use by
local coastal managers as a decision support tool for more
informed and all‐inclusive decision making in the studied
aquifer. Nevertheless, while the states, prior probabilities,
and CPTs of the model were populated with data relevant to
the pilot aquifer, the DAG represents a generic model that
describes the main pathways of saltwater intrusion in any
coastal setting. Hence, it can be easily transferable to other
coastal aquifers subject to the update of selected nodes to
reflect the new context.

Limitations

In line with limitations reported in the BN literature
(Sperotto et al. 2017), the development of this model and its
application faced several limitations, including the availability

Integr Environ Assess Manag 2021:202–220 © 2020 SETACDOI: 10.1002/ieam.4355
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of data, the need to discretize continuous variables, diffi-
culties associated with model representation, and the chal-
lenges of implementing quantitative validation and sensitivity
analysis. To overcome data limitations, domain expert elic-
itation proved to be effective in constructing causal links and
populating the resulting CPTs (Table 1; Supplemental Data I).
Yet, future efforts should focus on collecting field‐based data
to validate expert judgment when possible. The approach
proposed by Pollino et al. (2007) should prove useful toward
combining real data with the elicited information once field
data become available. Regarding discretization, the model
incorporated several continuous variables. Yet, they were all
discretized taking into account natural thresholds and man-
agement significant cutoffs (Table 1). The sensitivity of the
model results to the adopted discretization was not analyzed
in this study and should be the focus of future work. The
impact that discretization may have on information loss has
been highlighted by several studies that recommended a
verification process to ensure that the conclusions made are
not an artifact of the adopted discretization approach (Ames
et al. 2005; Death et al. 2005; Alameddine et al. 2011;
Nojavan et al. 2017).
Our model, like most BNs, was not quantitatively vali-

dated. Validating forecast models is not possible given the
absence of future data; yet some attempt to validate models
through assessing hindcast skills (Marcot 2012). In this
paper, validation was restricted to rigorous peer review and
model reconciliation through a qualitative assessment of
model resilience against changes of inputs (Moe et al. 2016).
The validation of BN remains to date a major challenge and
shortcoming of most environmental BN models, largely due
to data scarcity and the dependence of the model (or parts
of it) on expert judgment. Even when data are available, the
ability to conduct cross‐validation is often limited given the
increase in model size and the associated data needed to
fully parameterize the CPTs. As such, and while several
validation approaches have been proposed (e.g., error rates
and confusion tables, AUC, k‐fold cross validation, spherical
payoff, Schwartz's Bayesian Information Criterion, Cohen's
Cappa), and some have even been successfully im-
plemented in several of the major BN commercial software
(Marcot 2012), model validation remains infrequent (Barton
et al. 2008; Aguilera et al. 2011; Moe et al. 2016).
The simplistic treatment of space and time in the devel-

oped DBN also limited its predictive skill and the type of
questions it can answer. All BN models make an implicit
assumption about their modeled geographical and tem-
poral scales (Barton et al. 2008). Our model assumes that
the whole study area is underlain by a homogenous aquifer.
This disregards the true heterogeneous karstic nature of the
aquifer and assumes that the internal and external stresses
along with the possible management actions will all have a
uniform impact on the entire domain space. Evidently, this is
an oversimplification of reality. Nonetheless, consultations
with the domain experts confirmed that such a simplification
was tolerated as it provides predictions at the scale of the
management problem. Yet, it should be clear that the

model should not be misused to downscale predictions to
spatial scales where uncounted for finer spatial drivers and
intermediary nodes become important. Regarding the
treatment of time in the model, time‐slicing proved to be an
effective approach to incorporate time in the BN model and
to transform it into a DBN. Yet, the DBN is limited to con-
necting related variables over time slices and thus assumes
that the relationships remain largely fixed. Accordingly, the
use of the term “dynamic” could be misunderstood for dy-
namic modeling rather than for temporal progression in the
DBN. Finally, while this model proved to be effective toward
assessing the impacts of different management decisions on
aquifer salinity and salinity‐related socioeconomic costs,
there is still a need to further develop the existing model
toward transforming it from a DBN into an influence dia-
gram model in order to facilitate decision making under
uncertainty with a fully integrated cost‐benefit analysis
capabilities. Unfortunately, existing software do not support
time‐slicing within influence diagram models.

CONCLUSION AND WAY FORWARD
A first attempt at developing a decision support tool for

the management of and adaptation to SWI using Bayesian
networks is presented. The DBN proved effective in ana-
lyzing complex systems, while catering for the dynamics and
uncertainties associated with data sparsity and imperfect
knowledge. Its application on the lifecycle of SWI provided a
valid representation of the interaction of multilayered fac-
tors and impacts with corresponding uncertainties and in-
terdependence. It exhibited robustness in accommodating
a series of scenarios with and without management options
confirming its suitability as a decision support tool.
Furthermore, it was able to compete with a data and
simulation intensive 3D model to represent complex proc-
esses and reliably inform decision making in data‐scarce
aquifers. while offering the advantage of flexibility and
transferability under an integrative platform.

The DBN results showed that while the impacts of the
projected future climate change significantly increased
aquifer salinity and socioeconomic burden, they proved to
be secondary when compared to anthropogenic stressors.
While demand and supply management options exhibited
promise in halting the progress of SWI, none could bring the
system to full recovery. Demand management options
promise better potential outcomes than supply scenarios,
but their implementation is challenging as they require
much awareness as well as cultural and behavioral shifts to
ensure that the poor are not disproportionately dis-
advantaged. Meanwhile, supply scenarios provide a faster
engineered fix that often requires greater investments. As
such, a combination of balanced supply and demand
measures is inevitable to control SWI, but in either case,
implementation delays were shown to significantly reduce
the cost‐effectiveness of any intervention.

Future work should explore the sensitivity of the results to
the discretization process with additional testing when new
temporal data sets are available. Transfer to aquifers with no

Integr Environ Assess Manag 2021:202–220 © 2020 SETACwileyonlinelibrary.com/journal/ieam

216 Integr Environ Assess Manag 17, 2021—G Rachid et al.

 15513793, 2021, 1, D
ow

nloaded from
 https://setac.onlinelibrary.w

iley.com
/doi/10.1002/ieam

.4355 by H
IN

A
R

I-L
E

B
A

N
O

N
, W

iley O
nline L

ibrary on [17/04/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



or early signs of salinization and/or under different use
patterns (i.e., agricultural) can also ensure wider applicability
of the model. Further development of the developed model
toward an influence diagram model will facilitate decision
making under uncertainty with full integration of the cost‐
benefit analysis.
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