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Abstract: The appraisal of appropriate levels of investment for devising flooding mitigation and to
support recovery interventions is a complex and challenging task. Evaluation must account for social,
political, environmental and other conditions, such as flood state expectations and local priorities.
The evaluation method should be able to quickly identify evolving investment needs as the incidence
and magnitude of flood events continue to grow. Quantification is essential and must consider
multiple direct and indirect effects on flood related outcomes. The method proposed is this study is a
Bayesian network, which may be used ex-post for evaluation, but also ex-ante for future assessment,
and near real-time for the reallocation of investment into interventions. The particular case we study
is the effect of flood interventions upon mental health, which is a gap in current investment analyses.
Natural events such as floods expose people to negative mental health disorders including anxiety,
distress and post-traumatic stress disorder. Such outcomes can be mitigated or exacerbated not only
by state funded interventions, but by individual and community skills and experience. Success is
also dampened when vulnerable and previously exposed victims are affected. Current measures
evaluate solely the effectiveness of interventions to reduce physical damage to people and assets.
This paper contributes a design for a Bayesian network that exposes causal pathways and conditional
probabilities between interventions and mental health outcomes as well as providing a tool that can
readily indicate the level of investment needed in alternative interventions based on desired mental
health outcomes.

Keywords: Bayesian network; cost-effectiveness intervention; evaluation; flood risk management;
mental health impacts; QALY

1. Introduction

Natural hazards can have large societal impacts. It is estimated that they caused
7700 human fatalities and $110 billion loss of infrastructural assets worldwide just in
2014 [1]. Out of the set of natural hazards, flooding is often regarded as the most frequently
occurring type of natural disaster with increasing risk to society (particularly in the UK and
Europe), and with the greatest impact on humans [2]. Of the e150 bn in reported damages
caused by natural hazards in Europe in the period from 1999 to 2009, over one-third of the
damages (i.e., e50 bn) were due to flooding. Furthermore, annual flood losses are expected
to increase five-fold by 2050 and nearly 17-fold by 2080 in Europe, drawing attention to the
urgency for cities in Europe to construct resilience against flooding [3].

Similar to other natural disasters, when flooding occurs, it creates significant damage
to homes, communities, businesses, public services, and so forth. Residential properties
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usually suffer the greatest proportion of flood damage, with 25% of total damage, for exam-
ple, costs of £320 million incurred by 10,465 properties due to flooding [4]. Therefore, flood
risk management is a disaster administration priority for European countries, particularly
the UK.

It has been argued that flood risk management is usually measured as direct property
and infrastructure losses, since these are the most important input for cost–benefit analysis
to guide the government bodies to invest in flood risk management strategies [5]. However,
the impacts of flooding on urban populations are multi-faceted and wide-ranging. It is
well-known that floods also have enormous impacts on people, both directly and indirectly
(see Figure 1). Distinctions must be made between direct/indirect and tangible/intangible
flood damages. Direct damage becomes immediately visible in the affected areas due to
close physical contact with floodwater, while indirect damage emerges with a time delay
and/or outside the area affected by floods [6].

The most apparent intangible impact of flooding is on human health. Direct intangible
damage is a primary loss, which manifests as physical injury or even loss of life. Indirect
health impacts are mental health disorders, which are caused by the experience of being
flooded, or being impacted during the restoration process. Estimating flooding impacts
will provide valuable insights for decision making and risk mitigation, policy-making,
civil protection, emergency alertness and response, insurance and reinsurance, damage
estimation practice/research, and so forth [7].

Figure 1. There are direct and indirect impacts of flood damages that are not easily quantified in
monetary terms [6].

On account of this, a comprehensive societal cost–benefit assessment must take into ac-
count the intangible losses caused by floods, such as psychological disorders or anxiety [8],
as well as tangible losses. Due to the anticipated complications of converting intangible
values, such losses are generally ignored in risk assessments [9]. Thus, the economic
evaluation of the convincing levels of investment, which should be made into interventions
to mitigate flood risk and support recovery from floods, is very challenging.

In this paper, the primary focus is on the evaluation of flood impacts on human health,
particularly mental health [10]. Flood impact assessment is a key component of the practice
of flood risk management. Flood risk is defined in the European Flood Directive as “the
combination of the probability of a flood event and of the potential adverse impacts on
human health, the environment, cultural heritage and economic activity associated with a
flood event” [11]. Flood damage estimates are therefore useful at all the stages of what is
known as the flood mitigation cycle.
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It is thus crucial to embrace social, political, environmental and other conditions, such
as flood likelihood and local priorities, in the comprehensive evaluation. The evaluation
method must be also able to swiftly determine changed investment requirements as the
incidence and magnitude of flood events continue to grow. This quantification is essential
and must examine various direct and indirect flood impacts on flood related outcomes in a
probabilistic manner.

In this paper, we illustrate how the Bayesian network (BN) probabilistic method can
be used efficiently for ex-post economic evaluation, as well as ex-ante for future assessment,
and indeed near real-time for reallocation of investment into interventions.

In general, BNs provide a robust and flexible analytic approach to the challenge
of complex health datasets, which pose specific computational challenges because of
missing data, large or small size of data, complexity (of relationships not only between
variables but also within the datasets themselves), changing populations, and nonlinear
relationships between exposures and outcomes [12]. Unlike the regression-based models
or multivariate copula models [13], BNs are historically most commonly used in clinical
risk prediction analysis and risk stratification [14] in medicine. They provide compact
and instinctive graphical representations that can be used to conduct causal reasoning
and risk prediction analysis. Furthermore, the cause and effect statements can be readily
exploited in BN networks to reduce the computational time and cost. This can be considered
another important advantage of this modelling approach in comparison to the conventional
approaches, such as joint probability distribution, which only encodes the values of the
outcomes of interest, given the input variables. Therefore, Bayesian networks offer a
compact tool for dealing with the uncertainty and complexity of a system. In this study, the
benefits, efficiency and limitations of the BN-based evaluation method will be studied by
examining the effect of flood interventions upon mental health, which is a gap in current
investment analyses.

In order to construct the proposed probabilistic methods, we need to have a holistic
overview of the relationship between flood events, their aftermath and population well-
being, and risk factors causing psychological disorders. The psychological health impacts of
flooding, and their relationship with flooding and other risk factors will be briefly discussed
in the next section. Estimating the cost of flooding on human health, in particular on human
mental health, is very challenging but essential so that investment into interventions can
be evaluated against reduced mental health impacts. It is essential to use metrics/methods
to monetize mental health impacts.

In order to reduce the damage to the community and people caused by flood events,
environmental agencies are using various interventions each with different outcomes,
efficiencies and costs. Any combination of interventions results in different value for money,
with multiple conditional dependencies between interventions, choices of implementation
and their contexts. This study provides an efficient construction of a probabilistic BN that
displays causal pathways and their probabilities between interventions and mental health
outcomes, as well as providing a tool that can readily indicate the level of investment
needed for alternative interventions based on anticipated mental health outcomes.

2. Psychological Impacts of Flooding

The psychological impacts of flooding can be very significant and long-lasting. Diffi-
culties in evaluating the mental health impacts of flooding arise because accurate diagnosis
of any condition is not straightforward, and mental health impacts are often under-reported
and can be overlooked in comparison to the physical health impacts.

There are some studies that evaluate the impact of flooding on mental health. In
one of the earlier studies, Reference [15] conducted a study to evaluate the psychological
impacts attributed to severe flooding in Kentucky, US in 1984. The findings indicated
that the flood exposure had psychological impacts on the population and these impacts
included depression and anxiety. Ref. [16] conducted a similar study with a group of
participants from a flood affected population in the town of Lewes in the UK, to evaluate
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both the physical and mental health effects of the flooding in the area in the year 2000. The
study’s findings identified a high correlation between flood exposure and psychological
distress. Such physical and psychological consequences denote people’s vulnerabilities as
they interact with nature [17]. Tapsell et al. go on to assert that the quantification of natural
disaster impacts on population health is an intricate task due to the delay in receiving
feedback from the population. Nevertheless, they conducted a similar piece of research on
the impacts of the flooding in 1998 in large parts of England and Wales. Their longitudinal
study took place over a period of four and a half years, and evaluated both physical and
psychological impacts. The top four psychological impacts in the few weeks or months
after the flood were claimed to be ‘Anxiety’, ‘Increased Stress Levels’, ‘Sleeping Problems’,
and ‘Mild Depression’. Nonetheless, the order by which these health effects were reported
varied from one geographical area to another.

The UK and England in particular are prone to flooding. In 2005, a severe flood hit
Carlisle, UK, and many homes were affected. Carroll et al. [18] conducted qualitative
research to evaluate the psychological impact of this specific flood and to evaluate the
impacts of disasters and how they could inform policies. They concluded that the main
psychological impacts are anxiety, stress and post-traumatic stress disorder (PTSD). Another
study reported specifically that females were psychologically more vulnerable than males
in the event of flooding [19].

Research in other regions provide similar findings. Vietnam is also susceptible to
natural disasters and specifically to flooding. Bich et al. [20] highlight that controlling
communes significantly reduces psychological impacts when flooding occurs. There
are different strategies to mitigate the impact of flooding from low impact development
technologies [21] and relocation [8] to forestation [22]. It was also reported that relocation
during flood recovery, as an intervention, is correlated with a 600% increase in mental
health symptoms [8].

Zhong et al. [23] provide a better understanding of what is currently known regarding
the long-term health impacts of flooding and the factors that may influence health outcomes
(including psychological health) by conducting a systematic mapping. Their findings
indicate that 68% of these studies focused on the psychological impacts of flooding, whereas
only 16% of these studies evaluated the physical effects following exposure to flooding.
They have underlined that future research needs to quantify the long-term health impacts
of flooding and identify their major determinants using some novel quantitative tools.
These tools should be able to quantify the influence of multiple social interventions, such as
flood management, on long-term health outcomes, and also identify the most influencing
factors affecting the psychological and physical impacts.

3. Cost Estimation of Flooding

Estimating the cost of flooding on human health, including mental health, is extremely
challenging. The study by [24] reports the best indicative estimates for the loss of life
and health for the 2015 to 2016 UK winter floods (i.e., £43 m, within a range of £32 m,
£54 m). The best estimate of loss of life and health impacts is calculated as “surrogate
cost of fatalities” plus “surrogate cost of health impacts”, where surrogate cost of fatalities
(£5 m) is measured as the number of fatalities due to flooding times the ‘average value
of prevention of fatality’. The “surrogate cost for health impacts” (£38 m) is calculated as
‘cost per household’ times the ‘number of households affected’. The first term (cost per
household) is defined as household willingness to pay per year to avoid the health impacts
of extreme flood events, times the discount factor in the year, and the second term (number
of properties affected) is measured as the ‘number of residential properties flooded’ times
the ‘number of households likely to have health affects’.

Most studies focused on direct impacts. The common types of health metrics used are:
death; hospital admissions and out-patient visits; cases of acute morbidity or injuries; and
mental disorders or reduction in well-being [25].
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However, loss of life or the number of injured are commonly used to measure the
health burden associated with any natural disaster and, therefore, the impact of flooding on
individuals’ mental health is often overlooked. In order to monetize health impacts in the
flooding context, the following should be considered: Healthcare resource use; Productivity
loss; Dis-utility from suffering or life-shortening.

The monetary value of the latter component is typically evaluated by wealth–health
trade-offs that the affected people reveal in surrogate markets, or which can be implemented
through multiple choice experiments. The monetary value of dis-utility associated with
an adverse health outcome is thus attributed to the willingness to pay (WTP) to avert
outcomes or, when considering mortality risk, the value of a statistical life that is derived
from individuals’ aggregated WTP for a small change in survival probabilities [25]. In
the studies that used loss of life numbers to quantify health impacts, only a few of them
applied a monetary value to this outcome by multiplying it with a value of statistical life.
This is not surprising, given that monetizing death is less useful for descriptive studies
that are investigating trends in effects, or for studies reporting results from population-
based surveys.

Matsushima et al. [26] valued WTP to avoid mental damages from flooding using an
option value approach, in order to address potential strategic bias that would lead to an
over-valuation of WTP. The WTP was also reported in [27] to estimate the willingness to
contribute in terms of labour, in order to circumvent the fact that most individuals would
not be able to afford any financial payment. They have also concluded that flood damage
was estimated on average to represent about 20% of households’ annual income. However,
it was not possible to solve the welfare loss from morbidity and well-being reduction
from the welfare loss due to damages to assets. Poor households were found to be more
vulnerable to flooding as the associated damages made up a significantly larger portion of
their annual income. Households heavily dependent on agricultural activities were also
found to be more vulnerable.

The UK Environment Agency (EA) has recently studied the new economic costs for
the mental health impacts of flooding by analysing the data provided by Public Health
England (PHE). It was illustrated that the mental health prevalence of people disrupted
or affected by flooding is considerably higher than the unaffected groups, over 12 and
24 month periods. The findings of the study are comparable to the results from the flooding
occurred in 2007. It was also reported that the chance of any type of mental health outcomes
among the affected population will increase with the flood severity (or depth of flood). The
same study confirms that WTP could be a very useful metric to evaluate the social cost of
the flood impact; however, it cannot be used to include the actual cost of the mental health
outcomes to the economy.

A study commissioned by Defra suggested that households were, on average, willing
to pay £200 per year (2004 prices) to avoid the negative health impacts of flooding (e.g., for
events occurring less frequently than 1 in 75 years) [28]. Defra’s climate change risk
assessment report [29] considers the costs of treating a case of mild depression following
a flood event as £970 (2010 prices), which can be used as an indicator of mental health
impacts. It should be noted that these monetary values are normally used as predictions
in policy assessments to allocate resources to protect against an abstract individual’s loss
of life or suffering from harm. They were not designed to include post-event analysis.
Without any official post-event values, however, these values were used as a surrogate in
both the 2007 and 2013 to 2014 ’cost of flood reports’ to provide an indicative sum for loss
of life and health impacts. Nevertheless, the above research and other studies conducted
by PHE intended to better understand the health impacts of flooding and these efforts
have resulted in some changes in the 2013 to 2014 methodology for estimating the cost of
flooding. More research is urgently required to estimate the cost of treating cases of anxiety,
depression and PTSD, using the existing and other relevant data. The factors affecting the
cost of mental health outcomes are:
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• Knowledge of each outcome (or condition);
• Prevalence of these outcomes;
• Presence of known treatment plans;
• Duration of any treatment;
• Likely impact of the outcome over the short term in terms of days of work lost.

The quantification of the benefits of flood risk prevention measures is still an unre-
solved challenge in disaster management research. In particular, there is no clear flood risk
management to quantify the effect of interventions in reducing the flooding impacts on
people including the effects on the affected population’s mental health. The most widely
adopted framework in flood risk reduction is represented as the calculation of the expected
damages as a function of flood hazard, physical vulnerability and exposure [30]. According
to this framework, flood hazard is characterized by specific return periods—an estimate of
the likelihood of the flood. Moreover, together with the vulnerability, it is usually expressed
as an index, while the exposure is expressed with the unit(s) of measurement of the ele-
ments at risk, in physical or monetary terms. However, floods can impact socio-ecological
systems in various forms, and therefore this framework is limited to assess damages to
constructed infrastructure only. Furthermore, there have been a few other attempts to
provide such a holistic risk assessment (see [31,32]), yet, these methods primarily focus on
assessing direct tangible costs, since there is only enough relevant information to justify
decisions regarding structural risk reduction measures. The main challenge with traditional
frameworks is that they neglect the fact that the magnitude of flooding costs is determined
by the adaptive behaviour of communities to absorb the flood hazards. It is obvious that
the human dimension of vulnerability must be addressed as one of the main elements of
the flood risk. The human aspect of vulnerability relates to the ability to cope with the
hazard after a flood and the capacity to adapt to the flood hazard before the event [33].
More recently, emphasis has shifted from just being prepared, informed and minimising
the dimension of vulnerability, to strategic proactive planning and management. There are
two main reasons for this shift in recent flood risk management:

1. The uncertainty of flood occurrence has noticeably increased due to intensified climate
change; and

2. The consequences of flooding considerably depend on the behaviour of the affected
people and their capability to adapt.

4. Mitigating the Impact of Flood Health Damages

There are various interventions that reduce the damages caused by flood events on
communities, local environmental agencies, with different outcomes, efficiencies and costs.
For instance, an intervention can be to use an early warning system (EWS) to reduce the
amount of direct tangible costs (e.g., people can move transportable properties outside of
the exposed area when the flood hazard is anticipated). The aim of a flood warning system
is to provide useful information, for instance, by issuing alerts or activating the required
protection measures with a view to improve decision making and action. The connections
and feedback between hydrological and social spheres of early warning systems are key
elements of successful flood mitigation.

The behaviour of the public and first responders during flood situations is determined
by their preparedness, and is heavily influenced by numerous behavioural traits such as the
perceived benefits of protection measures, risk awareness, or even denial of the effects that
might occur. In the UK, the Environment Agency (EA) has an important role in warning
citizens about the risk of flooding with a view to reducing the impact of flooding from
rivers and the sea as well as pluvial floods.

In November 2009, Cumbria experienced devastating flooding in its different regions
due to the heaviest rainfall ever recorded in the UK [34]. Following this, the EA carried out
qualitative and quantitative research to evaluate the impact of the EA’s flood intervention
methods, including early warning systems, partnership work, and on-ground assistance.
These research works also highlight opportunities to improve the EA’s ability to respond
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to future floods. The affected residents received warnings in the various forms, including
EA Flood-line Warnings Direct, people’s own observations of the local area, warnings
on weather forecasts, warnings from neighbours, friends, and/or family, the Flood-line,
and warnings by the emergency services [35]. They found that early warning systems
themselves could add to stress. Most people also found Flood Action Groups very helpful
in protecting their homes against flooding. However, they valued the idea of making a
flood action plan, though such flood action planning was not yet widespread.

Another intervention to reduce mental health harm is to relocate people away from
the affected regions as soon as possible, and to support them during and after a flood. This
also has rebound effects.

A probabilistic method is needed to consider all sources of uncertainty that may influ-
ence an intervention in a particular context in order to evaluate its value for money There
are complex relationships between flood events, their aftermath, population well-being
and risk factors causing people’s health deterioration and/or psychological disorders [36].

To understand the potential benefits or drawbacks of any intervention for reducing
the damaging impacts on people’s health, and particularly their mental health, the nature
of the hazard and the vulnerability of the community and its exposure need to be taken into
consideration. Figure 2 illustrates a conceptual model of a customised version of the risk
framework considering the impacts that EWS may have on people [33]. In this framework,
Hazard refers to the potential occurrence of flooding that may cause loss of life, injury, or
other health impacts, as well as damage and loss of property, infrastructure, livelihoods,
service provision and environmental resources.

Figure 2. Customised application of the risk framework by including an early warning system (some information derived
from the original framework developed by [33]).

5. Flooding and Health Risk Factors: Modelling Approaches

There are currently several statistical methods to explore the relationship between
flooding and the health risk factors discussed above. For instance, a multivariable logistic
regression model was proposed by [37] to model individuals’ revealed changes in mental
health outcomes between year one and year two after flooding, by considering some of the
above-mentioned factors. A similar method (logistic regression analysis) was used to select
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the risk factors and to predict flooding victims’ mental health states [38]. Applications of
the multivariate regression-based methods are very limited. Their performance is hugely
dependent on the size of the dataset, and can hardly be used to efficiently model the
complex relationships between flood events, their aftermath impacts, and risk factors
causing people’s health deterioration and/or psychological disorders. In addition, they are
not useful for assessing risks in complex systems and scenarios of ‘decision making under
uncertainty’ to optimise cost-effective decisions.

Alternatively, probabilistic methods, particularly BNs, have become an increasingly
popular method for modelling uncertain and complex systems [39] and are considered a
powerful tool for presenting knowledge and interpreting insights from available data [40].
Applications of BN methods are found in a growing number of studies and disciplines [41].
BNs are particularly useful for evaluation due to their capability of classification based on
observations. BNs have been also widely used in environmental management contexts and
are appropriate for decision making under uncertainty [42,43]. Moreover, unsupervised
learning from a dataset can be performed using a BN by adopting the learning algorithm to
find both structure and conditional probabilities. This means the evaluator does not need
to know how to create a BN, although it is possible to aid the learning algorithm with prior
knowledge about relations and probabilities. Dealing with uncertainty when evaluating
policy is a challenge that can be addressed using BNs, since uncertain probabilities of
variables may be safely ignored to reach the desired probabilistic quantity of a random
variable. Furthermore, BNs engage directly with subjective data in a transparent way.
Hence, the method could be considered more as a tool to explore beliefs, evidence and
their logical implications, rather than as a means to ’prove’ something in a somewhat
absolute sense. They, therefore, are useful for producing the balanced judgements required
for evaluation in a Value for Money context. Additionally, BNs can be used privately to
structure and inform the evaluator’s understanding, or publicly in a participatory process
to stimulate and challenge collective views [41]. Finally, BNs are user-friendly and practical,
and can present the ‘story’ behind a finding intuitively and graphically.

6. Evaluation Method: Probabilistic Graphical Models

Bayesian network (BN) is a mathematical model that graphically and numerically
represents the probabilistic relationships between random variables through the Bayes
theorem. This technique is becoming popular for aiding decision-making in several do-
mains due to the evolution of computational capacity, which makes possible the calculation
of complex BN [44]. Applications of BN methods are found in a growing number of
disciplines and policies [14,41,45,46].

In the BN, as a probabilistic graphical model which is used to represent knowledge
about an uncertain domain [44], each random variable is represented by a node. The BN, B,
is a directed acyclic graph (DAG) that represents a joint probability distribution over a set
of random variables X = (X1, X2, . . . , Xn). The network is defined by the pair B = {G, θ},
where G = (X, E) is a DAG with nodes X representing random variables and edges E
representing the direct dependencies between these variables. θ is the set of probability
functions (i.e., node probability table), which contains the parameter θxi |pai

= PB(xi|pai)
for each xi in Xi conditioned by the parent set of xi, denoted by pai, as the set of parameters
of Xi in G. The joint probability distribution defined by B over X is given in Equation (1):

PB(X1, . . . , Xn|θ) =
n

∏
i=1

PB(Xi|pai) =
n

∏
i=1

θXi |pai
. (1)

A simple example of a BN is illustrated in Figure 3, where the probability of a person
having cancer can be computed in terms of “Relatives had cancer” (Y1) and whether the
person is smoking or not (denoted by Y2).
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Figure 3. A simple BN model indicating the inter-dependencies between a lung cancer classifier and
the affecting risk factors (adopted from [47]).

As can be observed, a conditional probability table (CPT) is attached to each node.
The CPT on each node is associated with the conditional probability distribution, as
given in Equation (1). The CPTs (or conditional probabilities) can be estimated from the
observed data or expert opinions [14,48]. A link (or ‘edge’) between two nodes represents
a probabilistic dependency between the linked nodes. The links are shown with an arrow
pointing from the causal node(s) (Y1, Y2 in Figure 3) to the effect node (X: Lunge cancer in
Figure 3). There must not be any directed cycles: one cannot return to a node simply by
following a series of directed links. Nodes without a child node are called leaf nodes, nodes
without a parent node are called root nodes (Y1, Y2), and nodes with parent and child nodes
are called intermediate nodes. In other words, a BN represents dependence and conditional
independence relationships among the nodes using joint probability distributions, with an
ability to incorporate human oriented qualitative inputs. The method is well established
for representing cause–effect relationships.

BN learning consists of two general steps: (i) Finding DAG, which illustrates the
interdependency between the variables/nodes and (ii) Finding CPT for each node given
the values of its parents on the learned DAG. Finding the best DAG is the crucial step in
BN design. The construction of a graph to describe a BN is commonly achieved based on
probabilistic methods, which utilise databases of records [48] such as the search and score
approach. In this approach, a search through the space of possible DAGs is performed to
find the best DAG. The number of DAGs, f (p), as a function of the number of nodes, p,
grows exponentially with p [49].

In this paper, BN will be used to evaluate the effect of flood interventions upon mental
health to explore and display causal and complex relationships between key factors and
final outcomes in a straightforward and understandable manner. The proposed BN is also
used to calculate the effectiveness of the interventions and the uncertainties associated
with these causal relationships, which will be discussed in the next section. Due to the lack
of data, the proposed BN in this study was learned based on expert judgments (including
experts from EA and Public Health of England (PHE)), and narrative in the relevant
literature (as discussed in the next section). However, this approach will effectively work
with data from a variety of sources, and handles a mix of subjective and objective data
that can be incorporated with variables from different contexts [14,48]. Moreover, BN
is a reasonable supplement to traditional statistical methods, since traditional statistical
methods were unable to update complex systems in the light of new information, while
BNs can update the system when new evidence is added during analysis. The proposed
BN developed an understanding of the effect of flood interventions, and the risk factors
associated with a higher impact on mental health outcomes.

To construct a BN for the evaluation of the effect of flood interventions upon mental
health, the following steps need to be performed:

1. BN structure learning: There are a number of risk factors related to the flood interven-
tions upon mental health including healthcare resources, flood management practices,
existing mental disorders and many more, which will be considered as input and
mediate nodes in the proposed BN model. The level of effectiveness of these nodes
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and the causal relationships between them are presented by edges, which can be
elicited from the domain experts and the available data to construct the BN structure.

2. Parameter learning: prior probabilities assigned to root nodes and conditional proba-
bilities for dependent (leaf) nodes are elicited from the experts’ domain and existing
information. In the BN, the state of some nodes could be influenced by their prior
states, or affect other nodes. The probabilities of these nodes are determined before
propagating evidence to the model [50,51].

3. Outcomes of BN (Posterior probability learning): The final step in BN is to run the
model at agreed intervals. As new information is added to the model, the current
priors/states will be updated using the Bayesian paradigm in a very efficient way.

It is also straightforward to use the BN to identify which variables have the largest
influence on the final outcomes of the network. A unique feature of BNs is the ability to
back propagate the model’s conditional probabilities through the model structure. This
means that we can test how to achieve desired outcomes by identifying the most likely
combination of risk factors.

The BN model can be used to develop an effective and efficient decision support tool.
In the next section, the BN-based decision support tool will be developed to evaluate the
cost-effectiveness (in terms of monetary value) of various flood interventions upon mental
health in the presence of different uncertainties and under certain constraints.

7. Results
7.1. Using Bayesian Network to Evaluate the Effect of Flood Interventions upon Mental Health

In this section, we evaluate the impact of the flood interventions on the mental health
of people affected by flooding using a BN trained by a combination of the data extracted
from a narrative in the relevant literature from the published reports and expert judgments
(including experts from EA and PHE). However, it is very straightforward to train a
BN based on a combination of the heterogeneous data collected from surveys and other
methods [14].

We first need to learn the BN for a subset of the risk factors selected in relation to
the flood intervention’s impact upon mental health, including the prevalence of probable
depression in people who have been flooded (Flood), loss of sentimental items (LSOI),
prevalence of loss of sentimental item as secondary stressor in those exposed to flooding
(PPD), less severe depression (Lsever), and more severe depression (Msever).

It is usually recommended that the BN structure and model parameters should be
learned from the combination of data and expert judgments [48]. However, Vepa et al. [14]
argue that the best BN structure learns from data only and, by employing various score-
based or constraints-based methods [49], would not result in a model favoured by the
domain experts. As a result, the BN structure illustrated in Figure 4 is learned based on
the expert opinions only (as suggested in [14,48]). The learned BN for the selected risk
factors was validated by the domain expert (Economic Evidence expert from the English
Environment Agency). It should be noted that “CU” and “CQALY” in the learned BN
shown in Figure 4 stand for “change in utility” and “change in QALY”, respectively, which
will be discussed later in this section.

In the next step, we need to estimate or determine the CPTs. Due to the lack of data,
the conditional probabilities of each node of the BN shown in Figure 4 are determined
using the expert opinions [52] and the information extracted from the narrative of the
literature. Table 1 shows the summary of the probabilities of each node, illustrated in
Figure 4, and the source of information used to determine these probabilities. For instance,
the probability of LOSI is reported to be 62% based on opinions elicited from the EA and
PHE experts, while the prevalence of probable depression in people who have been flooded
(denoted by “Flood”) is determined to be 20.1% [53] from the English National Study
of Flooding and Health (denoted by NSFH2020 hereafter), which is published in 2020
and available at https://bit.ly/3eXiKwt. The probability of PPD was determined to be

https://bit.ly/3eXiKwt
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18.6% [53]. The probabilities of Lsever and Msever are respectively determined to be 48.3%
and 21.1% (NSFH2020).

Flood LOSI

PPD

Lsever Msever

CU

CQALY

Figure 4. Static Bayesian network to evaluate the effect of flood interventions upon mental health
where LOSI indicates the loss of sentimental items, PPD indicates the prevalence of probable depres-
sion, Msever and Lsever indicate the more severe depression and less severe depression respectively,
CU indicates the change in utility and CQALY indicates the change in QALY.

Table 1. The elicited probabilities and corresponding source of data for each node of BN illustrated
in Figure 4.

Input Parameter (Node) Probability Source of Data

Flood 20.1% [53] (p. 8)

LOSI 62% domain experts’ opinions

PPD 18.6% [53] (p. 15)

Lsever 48.3% NSFH2020

Msever 21.1% NSFH2020

Following [54], the three mental health states in this study were remission, less severe
depression (Lsever), and increased or more severe depression (Msever). The utility value
of being in remission from depression was suggested to be 0.85, while having less severe
depression is 0.60 and more severe depression is 0.42. For the sake of simplicity at this
stage, we assume these utility states are monitored over one year, and that remission
from depression is equivalent to not having depression. Moreover, there could be some
overlap between the two states of Lsever and Msever, which then need the change in
utility to be computed as illustrated in Table 2. It should be noted that the mean values
reported in Table 2 are computed as the means of the suggested Beta distribution (denoted
by Be(α, β) in the fourth column). These Beta distributions can be used to determine the
cost-effectiveness intervention by optimising the Expected Value of Perfect Information
measures [55,56], which is beyond the scope of this article and will be considered as the
further development of this study.
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Table 2. The states of mental health and their corresponding utility values, as suggested in [54].

Input Parameter Mean Change Probability Source
(Health States) Value in Utility Distribution of Data

Remission 0.85 Be(923, 163) [54]

Lsever 0.60 (0.85− 0.6) = 0.25 Be(182, 122) [54]

Msever 0.42 (0.85− 0.42) = 0.43 Be(54, 75) [54]

Next, the proposed BN presented in Figure 4 computes the change in QALY (CQALY)
caused by loss of sentimental items (Table 3). A QALY is a measure that combines health-
related quality of life and length of life into a single measure of health gain. The National
Institute for Health and Clinical Excellence (NICE) provides the cost-effectiveness threshold
range, which is between £20,000 and £30,000 per QALY [57,58].

Table 3. The change in QALY outcomes due to an intervention taken by the EA.

Health Before After The CQALY
State Intervention Intervention Difference Outcomes

Msever 0.055 0.033 0.022 0.022× £20,000 = £440

Lsever 0.062 0.038 0.024 0.024× £20,000 = £480

Let us assume that before taking an intervention (e.g., using flood early warning
system by the local EA to inform the people in advance about flood hazard) that could lead
to an individual losing their sentimental item, the changes in QALY for two mental health
states (i.e., Msever and Lsever) are computed from the learned BN illustrated in Figure 4
as follows:

• For Msever: CQALY = 0.055;
• For Lsever: CQALY = 0.062.

The above CQALYs are computed based on the mean values suggested for the mental
states as given in Table 2.

The QALY values, if the intervention was decided to be taken by the local EA prior to
the flooding, will be computed (from the BN) as follows:

• For Msever: CQALY = 0.033;
• For Lsever: CQALY = 0.038.

The differences that the intervention will make to the mentioned mental health states
are given by

• For Msever: 0.055 − 0.033 = 0.022;
• For Lsever: 0.062 − 0.038 = 0.024.

Finally, by multiplying these changes in QALY by the lowest point of NICE’s QALY
cost-effectiveness threshold (e.g., £20,000), we can evaluate the cost-effectiveness of the
suggested intervention on reducing the mental health impact due to the loss of sentimental
items, as:

• For Msever: 0.022× £20,000 = £440;
• For Lsever: 0.024× £20,000 = £480.

This suggests that using a flood early warning system from the local EA to inform
people could save at least £480 to ensure that an individual will not suffer the less severe
depression due to losing their sentimental items in flooding events.

It should be noted that the early warning system could itself create further stress. An
alternative way would be to relocate people away from the affected regions as soon as possi-
ble, and to support them during and after a flood. However, any of these strategies or their
combinations could affect the flooded people’s mental health, with each strategy imposing
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varying benefits and costs. The method proposed above can provide us with an effec-
tive cost–benefit analysis approach in comparing the suggested interventions, by taking
into account the complex relationships between flood events, their aftermath, population
wellbeing and risk factors causing people’s health deterioration and/or psychological
disorders, and the costs and benefits of the interventions.

8. Conclusions

BNs have been written to evaluate (ex-post) the effect of different factors on outcomes,
in contexts other than flooding. For instance, a BN has represented the interactions of
indoor climate factors on the mental performance of office workers, to demonstrate that
investment in improved thermal conditions is economically justified in most cases with
different building designs [44]. This paper is interesting because it is not an evaluation
of a single case, but attempts to gain insights across a diversity of past cases. Clearly,
if a BN accurately reflects the conditional probabilities of past cases, it can be used for
assessment (ex-ante) and quantification of forthcoming designs of buildings, but there are
considerations to be addressed.

A BN used for evaluation, based on retrospective data and expert opinion, would need
to change to represent the future scenario being assessed. The scenario may introduce new
variables (and associated changes to prior probabilities), for example, to represent how the
future complexity of the system will work. The scenario may require changes to the values
of existing variables, for example, to reflect future efficiencies or the effects of different ways
of organising. In fact, a number of BNs may be developed to examine alternative viable
futures. Every BN will have a set of unique conditional probabilities which will assess the
future conditions or scenarios. Across all BNs, a range of potential outcomes will ensue
and will provide an indication of future outcomes. However, scenarios are speculative
and indeed deterministic [59], but if they extend current representations of factors upon
outcomes, they may be argued as rational extensions of current understanding. In general,
a BN-based modelling approach would enable us to compute the costs and benefits, based
on multiple causal factors including individual risk factors or interventions on the system,
by taking into consideration uncertainty in the input parameters. The derived estimated
outcomes could be presented in the form of probabilities if an appropriate probability
distribution could be considered for the input parameters (see Section 7.1). It should be
noted that the BN, similar to many other machine learning methods, is a data-driven
approach. As a result, the results derived using BN are not generalisable and are fully
dependent on the collected data and the assumption that the data sources are accurate. We
identify this as a limitation of the proposed approach.

The health economic evaluation methodology proposed in this study, to explore the
level of investment required for alternative interventions based on desired mental health
outcomes, could be developed further by computing the value of information (VoI) analy-
sis [55] (e.g., the expected value of perfect information or EVPI). The cost-effectiveness of
the suggested interventions for flood morbidity related mental health depression should be
compared in terms of both the healthcare perspective and the societal perspective, using the
evaluation method proposed in this study and a VoI analysis, which estimates the expected
value of eliminating the uncertainty surrounding cost-effectiveness estimates, for both
perspectives. Furthermore, the concept of the expected value of perfect information, which
is a particular measure of VoI analysis, can be used to examine probabilistic sensitivity
analysis for the discussed cost-effectiveness problem (see [55,56]).

It would also be interesting to further explore the price or threshold that a healthcare
decision maker or policymaker would be willing to pay/meet to have perfect information
regarding all factors that influence which intervention choice is preferred as the result of
a cost-effectiveness analysis. However, this could be answered by VoI analysis to find
the value (in monetary terms) after removing all uncertainty from such an analysis, more
research and data are required to investigate the effectiveness of the proposed method in
this regard.



Int. J. Environ. Res. Public Health 2021, 18, 7467 14 of 16

Author Contributions: T.S., L.V., A.H.-F. and A.D. contributed to the study design. T.S., L.V., A.H.-F.
and A.D. contributed to data collection. T.S. and A.D. contributed to data analysis. T.S., L.V., A.H.-F.
and A.D. contributed to original draft preparation, review and editing. All authors have read and
agreed to the published version of the manuscript.

Funding: We kindly acknowledge the support of ESRC grant ES/N012550/1 regarding the Centre
for the Evaluation of Complexity Across the Nexus (CECAN) on complex policy evaluation.

Institutional Review Board Statement: Not applicable.

Data Availability Statement: Due to the lack of the relevant secondary data, the machine learning
model proposed in this study was learned based on the domain expert opinions and the narrative
of the relevant literature, such as the English National Study of Flooding and Health (NSFH2020),
which is published in 2020 and available at https://bit.ly/3eXiKwt.

Conflicts of Interest: The authors declare that they have no known competing financial interests or
personal relationships that could have appeared to influence the work reported in this paper.

Abbreviations
The following abbreviations are used in this manuscript:

BN Bayesian Network
CI Conditional Probability
CQALY Change in QALY
CU Change in Utility
DAG Directed Acyclic Graph
EA Environment Agency
EWS Early Warning System
LOSI Loss Of Sentimental Items
Lsever Less severe depression
Msever More severe depression
NSFH2020 English National Study of Flooding and Health
PHE Public Health England
PPD Prevalence of Probable Depression
PTSD Post-Traumatic Stress Disorder
QALY Quality-Adjusted Life Year
WTP Willingness to Pay

References
1. Munich, R. Topics Annual Review: Natural Disasters 2014; Mnchener Rckversicherungs-Gesellschaf: Munich, Germany, 2014.
2. UNISDR. Global Assessment Report on Disaster Individual Flood Protection; Revealing Risk, Redefining Development; UNISDR:

Geneva, Switzerland, 2011.
3. World Economic Forum. The Global Risks Report 2018, 13th ed.; World Economic Forum: Geneva, Switzerland, 2018.
4. Chatterton, J.; Clarke, C.; Daly, E.; Dawks, S.; Elding, C.; Fenn, T.; Hick, E.; Miller, J.; Morris, J.; Ogunyoye, F.; et al. The Costs and

Impacts of the Winter 2013 to 2014 Floods. Report SC140025, 1. 2016. Available online: https://rpaltd.co.uk/uploads/report_
files/the-costs-and-impacts-of-the-winter-2013-to-2014-floods-report.pdf (accessed on 5 July 2021).

5. Mechler, R. Reviewing estimates of economic efficiency of disaster risk management: Opportunities & limitations of using
risk-based cost-benefit analysis. Nat. Hazards 2016, 81, 2121–2147.

6. Hammond, M.J.; Chen, A.S.; Djordjevic, S.; Butler, D.; Mark, O. Urban flood impact assessment: A state-of-the-art review. Urban
Water J. 2015, 12, 14–29. [CrossRef]

7. Walker-Springett, K.; Butler, C.; Adger, W.N. Wellbeing in the aftermath of floods. Health Place 2017, 43, 66–74. [CrossRef]
[PubMed]

8. Lamond, J.E.; Joseph, R.D.; Proverbs, D.G. An exploration of factors affecting the long term psychological impact and deterioration
of mental health in flooded households. Environ. Res. 2015, 140, 325–334. [CrossRef] [PubMed]

9. Prettenthaler, F.; Koberl, J.; Bird, D.N. ‘Weather Value at Risk’: A uniform approach to describe and compare sectoral income risks
from climate change. Sci. Total Environ. 2016, 543, 1010–1018. [CrossRef] [PubMed]

10. Fewtrell, L.J.; Kay, D.; Ashley, R. Flooding and Health an evaluation of the health impacts of urban pluvial flooding in the UK. In
Health Impact Assessment for Sustainable Water Management; IWA Publishing: London, UK, 2008; pp. 121–148.

11. European Council. EU Directive of the European Parliament and of the European Council on the Estimation and Management of
Flood Risks; 2007/60/EU. 2007. Available online: https://eur-lex.europa.eu/eli/dir/2007/60/oj (accessed on 5 July 2021)

https://bit.ly/3eXiKwt
https://rpaltd.co.uk/uploads/report_files/the-costs-and-impacts-of-the-winter-2013-to-2014-floods-report.pdf
https://rpaltd.co.uk/uploads/report_files/the-costs-and-impacts-of-the-winter-2013-to-2014-floods-report.pdf
http://doi.org/10.1080/1573062X.2013.857421
http://dx.doi.org/10.1016/j.healthplace.2016.11.005
http://www.ncbi.nlm.nih.gov/pubmed/27898313
http://dx.doi.org/10.1016/j.envres.2015.04.008
http://www.ncbi.nlm.nih.gov/pubmed/25909883
http://dx.doi.org/10.1016/j.scitotenv.2015.04.035
http://www.ncbi.nlm.nih.gov/pubmed/25929802
https://eur-lex.europa.eu/eli/dir/2007/60/oj


Int. J. Environ. Res. Public Health 2021, 18, 7467 15 of 16

12. Arora, P.; Boyne, D.; Slater, J.J.; Gupta, A.; Brenner, D.R.; Druzdzel, M.J. Bayesian networks for risk prediction using real-world
data: A tool for precision medicine. Value Health 2019, 22, 439–445. [CrossRef] [PubMed]

13. Daneshkhah, A.; Parham, G.; Chatrabgoun, O.; Jokar, M. Approximation multivariate distribution with pair copula using the
orthonormal polynomial and Legendre multiwavelets basis functions. Commun. Stat. Simul. Comput. 2016, 45, 389–419. [CrossRef]

14. Vepa, A.; Saleem, A.; Rakhshan, K.; Daneshkhah, A.; Sedighi, T.; Shohaimi, S.; Omar, A.; Salari, N.; Chatrabgoun, O.;
Dharmaraj, D.; et al. Using Machine Learning Algorithms to Develop a Clinical Decision-Making Tool for COVID-19 Inpa-
tients. Int. J. Environ. Res. Public Health 2021, 18, 6228. [CrossRef]

15. Phifer, J.F. Psychological distress and somatic symptoms after natural disaster: Differential vulnerability among older adults.
Psychol. Aging 1990, 5, 412. [CrossRef]

16. Reacher, M.; McKenzie, K.; Lane, C.; Nichols, T.; Kedge, I.; Iversen, A.; Hepple, P.; Walter, T.; Laxton, C.; Simpson, J.; et al. Health
impacts of flooding in Lewes: A comparison of reported gastrointestinal & other illness & mental health in flooded/non-flooded
households. Commun. Dis. Public Health 2004, 7, 39–46.

17. Tapsell, S.M.; Penning-Rowsell, E.C.; Tunstall, S.M.; Wilson, T.L. Vulnerability to flooding: Health and social dimensions.
Philosophical transactions of the royal society of London. Ser. A Math. Phys. Eng. Sci. 2002, 360, 1511–1525. [CrossRef] [PubMed]

18. Carroll, B.; Morbey, H.; Balogh, R.; Araoz, G. Flooded homes, broken bonds, the meaning of home, psychological processes and
their impact on psychological health in a disaster. Health Place 2009, 15, 540–547. [CrossRef] [PubMed]

19. Mason, V.; Andrews, H.; Upton, D. The psychological impact of exposure to floods. Psychol. Health Med. 2010, 15, 61. [CrossRef]
20. Bich, H.; Quang, N.; ThanhHa, T.; DucHanh, T.; Guha-Sapir, D. Impacts of flood on health: Epidemiologic evidence from Hanoi,

Vietnam. Glob. Health Action 2011, 4, 6356. [CrossRef]
21. Hu, M.; Zhang, X.; Li, Y.; Yang, H.; Tanaka, K. Flood mitigation performance of low impact development technologies under

different storms for retrofitting an urbanized area. J. Clean. Prod. 2019, 222, 373–380. [CrossRef]
22. Patricia S.T.D.; Filipe S.F.L.; Manuel, V.C.R.; Paulo, M.J.; Antonio, L.P.F. Can land cover changes mitigate large floods? A reflection

based on partial least squares-path modeling. Water 2019, 11, 684.
23. Zhong, S.; Yang, L.; Toloo, S.; Wang, Z.; Tong, S.; Sun, X.; Crompton, D.; FitzGerald, G.; Huang, C. The long-term physical &

psychological health impacts of flooding: A systematic mapping. Sci. Total Environ. 2018, 626, 165–194. [PubMed]
24. Marsh, T.; Kirby, C.; Muchan, K.; Barker, L.; Henderson, E.; Hannaford, J. The Winter Floods of 2015/2016 in the UK—A Review;

NERC/Centre for Ecology and Hydrology. 2016. Available online: http://nora.nerc.ac.uk/id/eprint/515303/ (accessed on 5
July 2021).

25. Schmitt, L.H.; Graham, H.M.; White, P.C. Economic evaluations of the health impacts of weather-related extreme events: A
scoping review. Int. J. Environ. Res. Public Health 2016, 13, 1105. [CrossRef]

26. Matsushima, K.; Onishi, M.; Kobayashi, K. Economic valuation of victims’ mental damage in flood disaster. In Proceedings of the
IEEE International Conference on Systems, Man and Cybernetics, Montreal, QC, Canada, 7–10 October 2007; pp. 1848–1853.

27. Navrud, S.; Huu Tuan, T.; Duc Tinh, B. Estimating the welfare loss to households from natural disasters in developing countries:
A contingent valuation study of flooding in Vietnam. Glob. Health Action 2012, 5, 17609. [CrossRef]

28. DEFRA. The Appraisal of Human-Related Intangible Impacts of Flooding; R&D Technical Report FD2005/TR; DEFRA: London,
UK, 2004.

29. DEFRA. UK Climate Change Risk Assessment; Evidence Report; DEFRA: London, UK, 2012.
30. Crichton, D. The Risk Triangle. In Natural Disaster Management; Ingleton, J., Ed.; Tudor Rose: Leicester, UK, 1999; Volume 566,

pp. 102–103.
31. Gain, A.K.; Mojtahed, V.; Biscaro, C.; Balbi, S.; Giupponi, C. An integrated approach of flood risk assessment in the eastern part of

Dhaka City. Nat. Hazards 2015, 79, 1499–1530. [CrossRef]
32. Jonkman, S.N.; Kok, M.; Vrijling, J.K. Flood risk assessment in the Netherlands: A case study for dike ring South Holland. Risk

Anal. Int. J. 2018, 28, 1357–1374. [CrossRef] [PubMed]
33. Balbi, S.; Villa, F.; Mojtahed, V.; Hegetschweiler, K.T.; Giupponi, C. A spatial Bayesian network model to assess the benefits of

early warning for urban flood risk to people. Nat. Hazards Earth Syst. Sci. 2016, 16, 1323–1337. [CrossRef]
34. Sibley, A. Analysis of extreme rainfall and flooding in Cumbria. Weather 2010, 55, 287–292. [CrossRef]
35. Coles, D.; Yu, D.; Wilbey, R.L.; Green, D.; Herring, Z. Beyond ‘flood hotspots’: Modelling emergency service accessibility during

flooding in York. JoH 2017, 566, 419–436. [CrossRef]
36. Lowe, D.; Ebi, K.L.; Forsberg, B. Factors increasing vulnerability to health effects before, during and after floods. Int. J. Environ.

Res. Public Health 2013, 10, 7015–7067. [CrossRef] [PubMed]
37. Jermacane, D.; Waite, T.D.; Beck, C.R.; Bone, A.; Amlôt, R.; Reacher, M.; Kovats, S.; Armstrong, B.; Leonardi, G.; Rubin, G.J.; et al.

The English National Cohort Study of Flooding and Health: The change in the prevalence of psychological morbidity at year two.
BMC PH 2018, 18, 330. [CrossRef]

38. Huang, P.; ZTan, H.; Liu, A.; Feng, S.; Chen, M. Prediction of posttraumatic stress disorder among adults in flood district. BMC
Public Health 2010, 10, 207. [CrossRef]

39. Fenton, N.; Neil, M. Risk Assessment and Decision Analysis with Bayesian Networks; CRC Press: Boca Raton, FL, USA, 2018.
40. Uusitalo, L. Advantages & challenges of BNs in environmental modelling. Ecol. Model. 2007, 203, 312–318.

http://dx.doi.org/10.1016/j.jval.2019.01.006
http://www.ncbi.nlm.nih.gov/pubmed/30975395
http://dx.doi.org/10.1080/03610918.2013.804557
http://dx.doi.org/10.3390/ijerph18126228
http://dx.doi.org/10.1037/0882-7974.5.3.412
http://dx.doi.org/10.1098/rsta.2002.1013
http://www.ncbi.nlm.nih.gov/pubmed/12804263
http://dx.doi.org/10.1016/j.healthplace.2008.08.009
http://www.ncbi.nlm.nih.gov/pubmed/18996730
http://dx.doi.org/10.1080/13548500903483478
http://dx.doi.org/10.3402/gha.v4i0.6356
http://dx.doi.org/10.1016/j.jclepro.2019.03.044
http://www.ncbi.nlm.nih.gov/pubmed/29339262
http://nora.nerc.ac.uk/id/eprint/515303/
http://dx.doi.org/10.3390/ijerph13111105
http://dx.doi.org/10.3402/gha.v5i0.17609
http://dx.doi.org/10.1007/s11069-015-1911-7
http://dx.doi.org/10.1111/j.1539-6924.2008.01103.x
http://www.ncbi.nlm.nih.gov/pubmed/18761731
http://dx.doi.org/10.5194/nhess-16-1323-2016
http://dx.doi.org/10.1002/wea.672
http://dx.doi.org/10.1016/j.jhydrol.2016.12.013
http://dx.doi.org/10.3390/ijerph10127015
http://www.ncbi.nlm.nih.gov/pubmed/24336027
http://dx.doi.org/10.1186/s12889-018-5236-9
http://dx.doi.org/10.1186/1471-2458-10-207


Int. J. Environ. Res. Public Health 2021, 18, 7467 16 of 16

41. Sedighi, T.; Varga, L. CECAN Evaluation and Policy Practice Note (EPPN) for Policy Analysts and Evaluators—A Bayesian
Network for Policy Evaluation. 2019. Available online: https://www.cecan.ac.uk/wp-content/uploads/2020/08/EPPN-No-13
-A-Bayesian-Network-for-Policy-Evaluation.pdf (accessed on 5 July 2021).

42. Barton, D.N.; Kuikka, S.; Varis, O.; Uusitalo, L.; Henriksen, H.J.; Borsuk, M.; de la Hera, A.; Farmani, R.; Johnson, S.; Linnell, J.D.
BNs in environmental and resource management. Integr. Environ. Assess. Manag. 2011, 8, 418–429. [CrossRef]

43. Bedford, T.; Wilson, K.J.; Daneshkhah, A. Assessing parameter uncertainty on coupled models using minimum information
methods. Reliab. Eng. Syst. Saf. 2014, 125, 3–12. [CrossRef]

44. Jensen, K.L.; Toftum, J.; Friis-Hansen, P. A Bayesian Network approach to the evaluation of building design and its consequences
for employee performance and operational costs. Build. Environ. 2009, 44, 456–462. [CrossRef]

45. Sedighi, T.; Varga, L. Evaluating the Bovine Tuberculosis Eradication Mechanism and Its Risk Factors in England’s Cattle Farms.
Int. J. Environ. Res. Public Health 2021, 18, 3451. [CrossRef] [PubMed]

46. Chatrabgoun, O.; Hosseinian-Far, A.; Chang, V.; Stocks, N.G.; Daneshkhah, A. Approximating non-Gaussian Bayesian networks
using minimum information vine model with applications in financial modelling. J. Comput. Sci. 2018, 24, 266–276. [CrossRef]

47. Nunes, J.; Barbosa, M.; Silva, L.; Gorgonio, K.; Almeida, H.; Perkusich, A. Issues in the probability elicitation process of
expert-based Bayesian networks. Enhanced Expert Systems. 2018. No. 5. Available online: https://www.intechopen.com/
books/enhanced-expert-systems/issues-in-the-probability-elicitation-process-of-expert-based-bayesian-networks (accessed on
5 July 2021).

48. Zhou, Y.; Fenton, N.; Neil, M. Bayesian network approach to multinomial parameter learning using data and expert judgments.
Int. J. Approx. Reason. 2014, 55, 1252–1268. [CrossRef]

49. Lee, C.; van Beek, P. Metaheuristics for score-and-search Bayesian network structure learning. In Canadian Conference on Artificial
Intelligence; Springer: Cham, Switzerland, 2017; pp. 129–141.

50. Sedighi, T. Using Dynamic and Hybrid Bayesian Network for Policy Decision Making. Int. J. Strateg. Eng. (IJoSE) 2019, 2, 22–34.
[CrossRef]

51. Smith, J.Q.; Daneshkhah, A. On the robustness of Bayesian networks to learning from non-conjugate sampling. Int. J. Approx.
Reason. 2010, 51, 558–572. [CrossRef]

52. Daneshkhah, A.; Oakley, J.E. Eliciting multivariate probability distributions. Rethink. Risk Meas. Report. 2010, 1, 23.
53. Waite, T.D.; Chaintarli, K.; Beck, C.R.; Bone, A.; Amlôt, R.; Kovats, S.; Reacher, M.; Armstrong, B.; Leonardi, G.; Rubin, G.J. The

English national cohort study of flooding and health: Cross-sectional analysis of mental health outcomes at year one. BMC Public
Health 2017, 17, 1–9. [CrossRef]

54. National Institute for Clinical Excellence. Depression in Adults: Treatment and Management. 2018. Available online: https:
//www.nice.org.uk/guidance/gid-cgwave0725/documents/short-version-of-draft-guideline (accessed on 5 July 2021)

55. Oakley, J.E. Decision-theoretic sensitivity analysis for complex computer models. Technometrics 2009, 51, 121–129. [CrossRef]
56. Daneshkhah, A.; Hosseinian-Far, A.; Chatrabgoun, O. Sustainable maintenance strategy under uncertainty in the lifetime

distribution of deteriorating assets. In Strategic Engineering for Cloud Computing and Big Data Analytics; Springer: Cham,
Switzerland, 2017; pp. 29–50.

57. McCabe, C.; Claxton, K.; Culyer, A.J. The NICE cost-effectiveness threshold. Pharmacoeconomics 2008, 26, 733–744. [CrossRef]
58. Vallejo-Torres, L.; García-Lorenzo, B.; Castilla, I.; Valcárcel-Nazco, C.; García-Pérez, L.; Linertová, R.; Polentinos-Castro, E.;

Serrano-Aguilar, P. On the estimation of the cost-effectiveness threshold: Why, what, how? Value Health 2016, 19, 558–566.
[CrossRef] [PubMed]

59. Rounsevell, M.D.A.; Metzger, M.J. Developing qualitative scenario storylines for environmental change assessment. Wiley
Interdiscip. Rev. Clim. Chang. 2010, 1, 606–619. [CrossRef]

https://www.cecan.ac.uk/wp-content/uploads/2020/08/EPPN-No-13-A-Bayesian-Network-for-Policy-Evaluation.pdf
https://www.cecan.ac.uk/wp-content/uploads/2020/08/EPPN-No-13-A-Bayesian-Network-for-Policy-Evaluation.pdf
http://dx.doi.org/10.1002/ieam.1327
http://dx.doi.org/10.1016/j.ress.2013.05.011
http://dx.doi.org/10.1016/j.buildenv.2008.04.008
http://dx.doi.org/10.3390/ijerph18073451
http://www.ncbi.nlm.nih.gov/pubmed/33810385
http://dx.doi.org/10.1016/j.jocs.2017.09.002
https://www.intechopen.com/books/enhanced-expert-systems/issues-in-the-probability-elicitation-process-of-expert-based-bayesian-networks
https://www.intechopen.com/books/enhanced-expert-systems/issues-in-the-probability-elicitation-process-of-expert-based-bayesian-networks
http://dx.doi.org/10.1016/j.ijar.2014.02.008
http://dx.doi.org/10.4018/IJoSE.2019070103
http://dx.doi.org/10.1016/j.ijar.2010.01.013
http://dx.doi.org/10.1186/s12889-016-4000-2
https://www.nice.org.uk/guidance/gid-cgwave0725/documents/short-version-of-draft-guideline
https://www.nice.org.uk/guidance/gid-cgwave0725/documents/short-version-of-draft-guideline
http://dx.doi.org/10.1198/TECH.2009.0014
http://dx.doi.org/10.2165/00019053-200826090-00004
http://dx.doi.org/10.1016/j.jval.2016.02.020
http://www.ncbi.nlm.nih.gov/pubmed/27565273
http://dx.doi.org/10.1002/wcc.63

	Introduction
	Psychological Impacts of Flooding
	Cost Estimation of Flooding
	Mitigating the Impact of Flood Health Damages
	Flooding and Health Risk Factors: Modelling Approaches
	Evaluation Method: Probabilistic Graphical Models
	Results
	Using Bayesian Network to Evaluate the Effect of Flood Interventions upon Mental Health

	Conclusions
	References

