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A discursive, many-objective approach for selecting more-
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Abstract: The development of more-evolved urban vulnerability assessment (UVA)
models has become an increasingly important issue for both policy agendas and academia.
Several requirements have already been set for this goal; they should be pursued
simultaneously. However, methods with such integration are yet to be developed. The
present paper addresses this integration via a discursive process in which interactions
between decision makers and the method contribute to the selection of a model fulfilling
these requirements. That model yields a UV A built upon both qualitative information and
quantitative data from indicators selected for the neighbourhood, city, province, region
and country political-administrative scales. The characteristics demanded are encoded
both into the UVA assessment model and in the optimization and control modules
governing the process. While the optimization produces compromise solutions, the
control module supervises the process, provides dynamic control and enables the
interactions. Interactions are informed with knowledge derived from the cognitive
approach entailed by the method and afford a better understanding of the process
dynamics. We conclude that the goodness of fit and time dynamics objectives are aligned.
Therefore, UVA methods performing well for these objectives are available, although at

the expense of medium to poor preferences and robustness of performance.
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1. Introduction

Urban vulnerability (UV) in general and its adaptive component in particular have
become key issues for urban strategic planning (USP) (Rigillo & Cervelli, 2014) with the
aim of achieving sustainable development (Malekpour et al., 2015) and coping with
climate change (McCarthy, 2001; Turner et al., 2003; Adger, 2006; Chang & Huang,
2015). Specifically, improvements of adaptive governance and strategic planning in the
context of climate change and socio-economic transformation are demanded (Birkmann
et al., 2014). As a consequence, methods that assess vulnerability are increasingly being
developed for countries around the world (Fekete, 2009).

The IPCC Assessment Report (McCarthy et al., 2001) defines vulnerability as follows:
“The degree to which a system (entity) is susceptible to, or unable to cope with, adverse
effects of climate change, including climate variability and extremes. Vulnerability is a
function of the character, magnitude and rate of climate variation to which a system is
exposed, its sensitivity and its adaptive capacity.”

This concept is, to a high degree, negatively correlated with that of resilience (Adger,
2006), whose improvement is in turn considered essential by USP for the sake of urban
sustainability.

Nevertheless, there are many other definitions that challenge current thinking, to the
extent that it is necessary to perform research specifically aimed at conceptual
clarification (Fiissel & Klein, 2006; Wolf et al., 2013), which exceeds the scope of this
study. A few aspects, however, are beyond question, the first being that vulnerability
should be assessed with regard to not only its current state alone but also its future risk,
and the other being the attributes demanded by the research community for the assessment
of this concept.

Concerning the first aspect, several authors have pointed out the dynamic character of
vulnerability over time and that, in consequence, along with the current state of
vulnerability, the risk of becoming (more) vulnerable also needs to be measured (Adger,
2006; Birkmann et al, 2014; Fiissel, 2007; Nahiduzzaman et al., 2015). Therefore, “the
ability to monitor and anticipate vulnerability would be a public good for all potentially
affected places and systems” (Stern et al., 2013, pg. 609) and can help solve resource-
allocation problems (King & Blackmore, 2013; Nahiduzzaman et al., 2015; Rigillo &
Cervelli, 2014) by providing prioritization guidelines. According to Brooks (2003), a
quantitative assessment of risk is desirable in order to develop integrated vulnerability
assessment models. However, there are not many examples of how to conduct such

assessments on a quantitative footing (Birkmann et al., 2014; Lummen et al., 2014). In
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the particular case of UV A, models quantitatively assessing risk are yet to be developed.
As to the second aspect of vulnerability, the attributes demanded are robustness as a way
to cope with uncertainty (Dominguez et al., 2011; Hall et al., 2012; Malekpour et al.,
2015),use of cognitive approaches (Mustafa et al., 2011;Yepes et al., 2015; Pamungkas
et al., 2014), a better understanding of UV dynamics over time and political-
administrative scales (Adger, 2006; Birkmann et al., 2014; Liu el al., 2010; Pamungkas
et al., 2014), and having a strategic, multi-objective capacity to avoid eventual tunnelling
effects and to improve the system’s adaptive capacity (Munda, 2004). Also, it is necessary
to account for the subjective and complex nature of urban vulnerability (Adger, 2006).
Previous works have pointed out the need to develop methods that integrate most of these
research requirements in order to advance the field of UV A assessment methods towards
the discursive stage in urban strategic planning. This stage represents the latest trend in
this field (Dominguez et al., 2011; Malekpour et al., 2015) and conveys the adaptive
policy capacity demanded to face system’s vulnerability (Adger, 2006; Fussell & Klein,
2006). Although works dealing with these requirements separately have already been
developed, a UVA method integrating them all is still lacking.

On the other hand, in spite of the amount of works pointing out the importance of the
dynamic nature of urban vulnerability across its multiple scales (Adger, 2006; Giezen et
al., 2015; Lundqvist, 2016; Pemberton & Searle, 2016; Romero-Lankao & Qin, 2014;
Toubin et al., 2015), there is still a gap in the development of quantitative models for the
assessment of UV that take into account the multiple political-administrative scales in
which entities are contextualized.

The integration of methods addressing the research requirements may be achieved by
means of multi-objective optimization modelling methods that encode the research
requirements in objectives such as robustness of the model (as opposed to its sensitivity)
or goodness of fit (Boada et al., 2016). These objectives work as the attributes that define

the behaviour of the model.

Optimization modelling has been previously employed to deal with problems concerning
urban management. Among those techniques, genetic algorithms are robust and efficient
heuristic algorithms for solving problems defined by urban vulnerability assessment
(UVA) methods and for looking for solutions in large, complex, non-linear and little-
understood search spaces. This method has already been proposed for addressing
unstructured urban issues and multi-objective land-use planning problems, as well as in

the development of more sustainable strategies (Marti et al., 2016; Mousavi-Avval et al.,
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2017; Zhang & Chiong, 2016).

The objective of this paper is to present a new method, embodying the attributes
demanded for UVA, that is capable of selecting an optimized urban vulnerability
assessment model by assessing, on a quantitative footing, the current State and the future
Risk of Urban vulnerability on the basis of both the available socio-economic indicators
and expert preferences. To obtain the optimal satisfaction of the attributes demanded by
both USP and UV research, this method was designed, by means of its optimization
module, to maximize the subjective preferences expressed by practitioners (DO-1, Figure
2), maximize the robustness of UVA models (DO-2, Figure 2), maximize their overall
goodness-of-fit (DO-3, Figure 2), maximize the similarity among indicators of different
political-administrative scales and the dynamic connection over time (CO-1, Figure 2),
and maximize the goodness of fit at each scale (CO-2, Figure 2). Moreover, while other
assessment models fail to take into account, when assessing vulnerability, of the linkage
between political-administrative scales, the method designed relates them in the
quantitative assessment framework, thus incorporating the context-dependent character
of urban vulnerability. On the other hand, its control module allows interaction (I-1 to I-
3) between practitioners, decision-makers (DMs), and the model while providing trade-
offs between objectives. From these trade-offs, guidelines can be elicited which, together
with the participation of the DMs in the process, furnish these latter with an improved
knowledge of the problem at issue (Torres-Machi et al., 2017), enabling them to carry out
an informed selection.

Therefore, the novelty of the method presented mainly relies on the following aspects:
first it enables DMs, through a process embodying the abovementioned attributes, to
make an informed selection of a UVA model; second, it provides a quantitative
assessment of both the state and risk of UV; and finally, it takes into account, within the
qualitative assessment framework, the multiple scales shaping the political-administrative

context of the entities within the area evaluated.

The remainder of this paper is organized as follows. In the methods section, the general
workflow describing the relation between the control and optimization modules and the
quantitative framework, as well as a detailed description of these three modules, is
presented. The methodology proposed is applied to an actual case in the case study
section, and the results are presented and discussed in the subsequent section. Finally,

general conclusions are drawn in the last section.
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2. Methods.

This section describes the whole process, analysing its elements one by one as indicated
in Figure 1. We begin describing how the process works in general and then, for each of
its stages, detailed explanations are given.

General Workflow:

For UV As, satisfying the above mentioned requirements means integrating them into a
framework. For this purpose, a general workflow comprising three modules, namely the
Assessment, Optimization and Control modules (Figure 1), was designed. The
Assessment Module, which is the UVA model itself, undertakes accounting for
subjectivity and for the dynamic character of urban vulnerability. The second module,
namely the optimization model, contributes toward handling the many-objective, multi-
scale, cognitive and robustness requirements by encoding them into the optimization
objectives. In addition, both its subjectivity and its dynamic nature should be considered,
which has been addressed by embodying these features in the former modules and by
running the general workflow through a discursive approach (Dominguez et al., 2011).
The latter took form as the Control Module implementing an iterative dialogue between

the DMs and the model.

The idea is to elicit general guidelines by following a three-step process. In the first step,
the quantitative and qualitative information required by the UVA Assessment Module
(Figure 1, 2.1) is obtained. Then, the Assessment Module is executed and, in a second
step, a set of Pareto-optimal models (Figure 1, S-1 & S-2) is elicited through the
Optimization Module (Figure 1, 2.2). As the third step, the Control Module allows for the
inference of the guidelines for the selection of a characterization model (Figure 1, G).

Steps 2 and 3 are repeated for every subsequent period.

2.1 Control module (Figure 1, 2.3)

The control module implements the discursive approach, and operates upon the
Optimization and the Assessment modules by implementing three main interactions
(Figure 1): I-1, introducing a set of basic conditions, the entities to be classified as
vulnerable or non-vulnerable, into the assessment model; I-2, choosing an initial model,
via the designed characterization framework, capable of achieving the desired behaviour
in terms of robustness, subjective preferences and GOF; and I-3 giving continuity to the
starting model by selecting that of the subsequent period. For each entity, year and period,

the UV State and Risk were assessed, allowing its integration in strategic planning
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processes.
The interaction I-1 implies that the whole model will be built under some basic, subjective
assumptions relating both to criteria used for the basic evaluation and its thresholds. In
addition, since the second and third interactions require the selection of one model from
many models via DMs, subjectivity is also present in those stages. Nevertheless, though
improvement in objectivity should be pursued to satisfy the already noted UVA
requirements (Munda, 2004), a certain degree of subjectivity is unavoidable, and

therefore acceptable in the field of vulnerability assessment methods (Solin, 2012).

2.2 Optimization module (Figure 2, 2.2)

The problem of the modelling system’s behaviour was addressed via the multiple
objectives the optimization model sought to achieve (Boada et al., 2016). Therefore, with
the aim of fulfilling the already-stated requirements for UV A methods, the behaviour was
evaluated in terms of the preferences of practitioners as the required aggregation of
external judgment (Adger, 2006), robustness (Hermeling et al., 2013), and GOF (Boada
et al., 2016), each of these being an objective in the optimization process (Figure 2, DO
1 to 3; Table 2, f obj 1 to 3).

This resulted in the formulation of a many-objective optimization problem (MOOP)
aiming to find the best compromise solutions for the designed characterization
framework. For this purpose, the aforementioned qualities of robustness, GOF and
preferences of DMs were introduced as decision objectives in the MOOP (Figure 2, DO).
The objectives should not only demonstrate the model’s behaviour but also provide them
with the required supervision. This supervision must ensure proper guidance of the
process of searching for solutions and eventually achieve the compliance with the
minimum conditions where required. This can be settled by aggregating the control
objectives into the MOOP itself and by introducing constraints in the form of penalty
functions (Zhou et al., 2011). Control objectives (Figure 2, CO) handling issues regarding
both the multi-scale and the dynamic nature of urban vulnerability were therefore
incorporated in the MOOP. In addition, penalty functions were introduced in the UVA.
These constraints make eventual violations of the conditions evident to the statistical
techniques employed across the whole process by penalizing the value of the solution in
the objectives, allowing the DM to decide whether to discard them.

In this way, embodying the already stated requirements into the process entailed the

development of the following objectives:
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Definition of decision objectives (DO):

Decision objectives describe the behaviour of a set of solutions (Fig. 2) and offer criteria
for selecting one of them:

Subjective preferences (DO1). This objective was evaluated as the sum, over the set of

indicators shaping the model, of the weights derived for each variable/indicator:

P = i Wy (D
k=1

In order to evaluate the degree to which indicators of any UVA model are preferred by
practitioners, the preferences of these latter should be previously modelled. Analytic
Hierarchy Process (AHP) is a systematic method comprising participatory processes
(Pellicer et al., 2016) that, with the aim of grasping the stakeholders preferences, has been
commonly used in the field of strategic planning (Kubler et al., 2016; Penades-Pla, et al.,
2016) for the aggregation of qualitative information concerning social sustainability
(Zamarrén-Mieza et al., 2017). Specifically, AHP has proved to be effective for urban
management when planning the participation of citizens by recognizing their values
(Hong & Chung, 2016), as well as for grasping preferences for indicators (Khalil et al.,
2016) (our case). Furthermore, AHP can be integrated within many-objective
optimization processes (Leong et al., 2017; Yepes et al., 2015). Therefore, we adopted
this method for modelling the preferences of practitioners (DMs) for indicators, and
integrating them within the MOOP process.

For this purpose, a questionnaire was developed in which the indicators were structured
into a hierarchy of 3 levels: goals, vulnerability approaches, vulnerability aspects and
vulnerability indicators (Table 1). This hierarchy basically followed the well-established
qualitative analysis of the selected indicators made by Alguacil et al. (2014). For the
administration of the survey, a letter of invitation and the questionnaire were distributed
to experts (Khalil et al., 2016). The respondents were asked to assess, via pair-wise
comparison of elements within the same hierarchical level, how much each element was
preferred over the others, as a useful indicator for evaluating urban vulnerability in an
area. Therefore, biophysical aspects were pair-wise compared with the socio-economic
aspects, which in turn were internally compared, and so on. This enabled identifying the
relative importance, in terms of weights of variables, given by the involved practitioners

(DMs) to all the assessed concepts.

Robustness (DO2). Uncertainty analysis conducted via the Monte Carlo simulation

method is recognized as an appropriate method for assessing the robustness of index-
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based rankings (Marozzi, 2016; Hermeling et al., 2013), which is the case here. Broadly
speaking, this method analyses how a model’s outcome behaves when the inputs vary
within an expected range of values. Having performed the Monte Carlo simulation, the
robustness of the model can be evaluated by assessing, for each k input variable, the
relative size of its variance v with respect to its mean m, and then aggregating these ratios,

obtained for the n variables composing the model, to assess its overall robustness R:

e @

Models with small variance in comparison with the mean are robust (Hermeling et al.,
2013). This method adds sensitivity to the uncertainty analysis, thereby enhancing the
information thus obtained. Therefore, we selected this approach for our method. This

objective was stated as

Goodness of fit (DO3). The goodness of fit (GOF) is crucial when treating both the
accuracy and validity of a model. This has been commonly tackled by analysing the
model’s output error in general (Boada et al., 2016). The use of the Normalized Root
Mean Square Error (NRMSE) as a criterion to select the most appropriate model in the
case of the existence of extreme values in the data-set has been successful in the
development of UVA methods (Karagiorgos et al., 2016; Akumaga et al., 2017). We

therefore formulated the GOF objective, for each scl scale, as follows:

Z?zl(si - Oi)z
p

GOFyy = x100/0 (3)

Where the index i runs over p number of observations, and S;, 0; and O respectively

represent the value predicted by the model, the value observed and mean of the values

observed.

In consequence, the overall GOF is formulated as the sum of all the GOF by scales:
GOF = 33581% GOFsy 4)

Where nscales is the number of political-administrative scales considered.

Definition of control objectives (CO):
Control objectives are the objectives that contribute to guiding the search process and
identifying the solutions with the above mentioned attributes that are demanded for UVA,

despite their not being relevant in the selection of the characterization model.
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Both resilience and vulnerability are complex, context-dependent concepts that
dynamically change over time and space. The latter refers not only to the physical position
of the analysed systems but also to the socio-political scale by which it is affected (Fuchs
& Glade, 2016; Herslund et al., 2016). The proposed UVA framework addresses this
feature by comparing the evolution of systems along time and political-administrative
scales. Therefore, some control is required in linking the different moments and scales
considered in the analysis. For this purpose, two classes of control objectives additional
to the basic classes were employed.

The first class provided a criterion through which the different intervals constituting the
overall time span are connected, and was evaluated in terms of the higher p-value
resulting from the ANOVA test (Mzolo et al., 2015):

Hop = p(ty—1) = u(te) (5)

Where k and t are, respectively, the interval analyzed and the instant of time that is both
the end point of the k period and the prediction projected, for that instant, by the risk
assessment produced at the k — 1 period. That relation enabled us to connect the time
slices by looking for models that behave alike, which we implemented through the

maximization of those p-values as the first of the control objectives (Figure 2, CO1).

The second class, on the other hand, gathers a series of objectives, which afforded models
with the best fitting for each scale, and therefore made more explicit the effects that
between them might be conveyed to hierarchically-dependent systems. This was
implemented by setting up as many objectives as scales, maximizing the GOF
corresponding to each scale (Figure 2, CO2). For the sake of simplicity, we looked after
some heterogeneity in the variables selected across the scales by introducing a criterion
of similarity among them. This was evaluated through the Euclidean model, whose
distances were transformed into similarity as the inverse of the modified exponential
decay (Jo et al., 1997):
Sap = €%, v dg, (6)

Where S, is the similarity between cases a and b, and d,, is the Euclidean distance
between these cases.

The increase in the number of objectives arising from having to consider those dynamic
aspects impelled us to a many-objective configuration of the problem, which is considered
an appropriate method for dealing with real-world, complex problems (Zhou et al., 2011).
Table 2 portrays all the objectives considered in the many-objective configuration

(column B), which can be formulated as:

p. 9 of 36



minimize F (x) = (fl(x), . ..,fobj(x)) T (7)
s.t.x € 1,
where () is the decision space, x € () is a decision vector and obj is the objective function
accordingly to Table 2.
2.3 UVA Assessment Module (Figure 2, 2.1)
Data Pre-processing
As mentioned in the general workflow section, the process begins with the interaction 1
(Figure 1, I-1), in which basic indicators and thresholds are decided. This interaction
allows performing a basic identification of entities as vulnerable and non-vulnerable in a
given time, depending on whether thresholds are exceeded or not (Figure 2, BC-1). This
classification was carried out for the first and last years of each period considered,
allowing the statement of a basic UV evolution classification (Figure 2, BC-2) into three
categories, according to whether entities changed from non-vulnerable to vulnerable, or
vice-versa, or experienced no change. The result of this classification (Figure 2, BE-n)
was aggregated as a dynamic variable always present in the analysed data set, and used
as a reference to supervise the searching of the proper set of indicators in the Optimization

Module (Figure 2, DO3).

Ranking of UV State (Figure 2, O-1):

PCA is a statistical technique based on the analysis of variance that has previously been
used to both assess the relative importance of socio-economic and physical indicators
(Shen et al., 2012) and to build resilience rankings (Kotzee & Reyers, 2016). Further,
PCA relies on variation and covariation of the data and produces factors accounting for
the variance of the data set. A set of factors explaining at least 85% of the variance of
data is regarded an adequate model. On this basis, a comprehensive assessment model
can be developed by going through the following four step process (Shen et al., 2012):

i. Selection of a set of factors accounting for more than 85% of total variance.

il. Transformation of principal components into a relation between a correlation

coefficient in the factor loading matrix ( rxipcj) and the coefficient vector of each
principal component (denoted by a;;). That relation is given by Equation (8), with 1,

being the eigenvalue of the pct® principal component factor.

Tx;pc; = ’ A npcij (8

iii. Using this method, as many equations as principal components are obtained,

allowing us to calculate a general equation using which the weight of each variable can
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be derived. This can be obtained by normalizing each eigenvalue to the sum of

eigenvalues of the whole set of components (Lin & Zhang, 2005; Zhang, 2006), as shown:
A npc

A1+ 1224+ Atpc

sV=3 PCnpc (9)
( )

1v. The last equation provides normalized values of each A1i for each principal
component PC;, that is to say, for each one of the equations obtained in in step (ii), and
therefore allows directly relating the data variables through their weights calculated in
step (iii), with the comprehensive assessment model outcome, SV. We can now pass each
observation though the assessment model to obtain a corresponding Vulnerability State

value, which will be the criterion used for its ranking (Figure 2, O-1).

Risk and opportunity (Figure 2, O-2):

For each entity, the risk of becoming more vulnerable, i.e. of losing positions in the
vulnerability state ranking, was obtained as a result of the product of the probability of
becoming more vulnerable and the impact on the ranking previously derived (Villa et al.,

2016; Dai et al., 2002; Kaplan& Garrick, 1981; Brooks, 2003).

¢ Risk Evaluation: Impact Component (Figure 2, R-1). For each scale, entities
were ranked accordingly to their UV state. The assessment of the impact for each period
relates its evolution, in terms of positions gained or lost in this ranking, with that of the
indicators shaping the model. Using variance as a measure of impact has been previously
attempted in the field of risk assessment (Osanloo & Rahmanpour, 2017; Parvizimosaed
et al., 2017; Mi et al., 2017).
For the formulation of impact, multiple linear regression was performed using the data
set variation from the starting to the finishing year of the period considered as predictors
and the UV state rank variation, i.e. number of positions gained or lost, as the response.
A minimum value of 0.3 for R? parameter and a maximum value of 0.05 for the p-value
were granted by setting these conditions as constraints via a penalty function (Zhou et al.,
2011), affecting the GOF objective in the optimization process. The coefficients thus

obtained were used to assess the impact for each entity.

e Risk Evaluation: Probability Component (Figure 2, R-2). Discriminant
analysis has been widely used as a density estimation approach to tackle the probability
estimation problem (Malley et al., 2012; Nielsen et al., 2016) and is therefore used for

risk assessment purposes. This supervised technique aims to find the so-called
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discriminant functions, following the principle of maximizing the difference between two
classes while minimizing that among members of the same group. In addition, for each
observation (entity), the posterior probability of belonging to each class is given.

The model uses DA to assess the possibility of falling within each one of the three possible
classes for all observations. These classes refer to the type of evolution experienced by
each observation through the period of time considered: negative, stable or positive, when
observations exhibited a vulnerable, indifferent or resilient behaviour, respectively, in
terms of the basic classifications elicited in the data pre-processing stage (Figure 2, BE-1
to 2). As a result, DA was performed by considering the evolution of variables as
predictors and that of the basic classification as responses, thus obtaining the probabilities

required for the risk assessment.

3. Case study

3.1  Assessment of Urban Vulnerability in Spain

We considered the presented UVA method’s application for assessing the UV in Spain.
Following the three-step process mentioned above, the objective is to provide DMs with
the guidelines required for the selection of a proper UVA model. Spain is a country
concerned with UV to the point of having invested, from 1999 to 2013, up to
1.103.107.807 € through the URBAN I, URBAN II, and Iniciativas Urbanas-FEDER
European programs, which were designed to face urban vulnerability. Based on the work
of Gémez et al. (2014), this country has developed an Observatory of Urban Vulnerability
(OUV) that plays a key role in the development of strategies involving housing,
transportation and infrastructure investments (Infrastructure, transportation and housing
plan-PITV 2012-2020, Spanish Ministry of Public Works). Using the data obtained from
the population and housing censuses of 1991, 2001 and 2011 of the Spanish National
Institute of Statistics (INE), this observatory provides an assessment of vulnerability
levels on a neighbourhood scale for cities of the country with more than 100,000
inhabitants or the capital of the province (OUV). Also, they have put the data for 1991
and 2001 that were used for the assessment at the disposition of the public. As the first
step of our process, we retrieved the data of those years. In order to extend the assessment,
we added the data corresponding to the scales of city, province and autonomous
community (INE), and also added more variables, regarding the built environment, that
were available (Table 1). In synthesis, for the years 1991, 2001 and 2011, data
corresponding to 36 indicators for up to 142 cities, 52 provinces and 19 regions (17

autonomous communities plus Ceuta and Melilla) were collected. For the suburbs, of the
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687 neighbourhoods identified, only material corresponding to the years 1991 and 2001
was used, since that of 2011 was unavailable.

3.2  Collection and pre-treatment of data and expert-judgment

All this information was assembled in an SQL database, which in turn was linked to the
Matlab® code automating the whole process described in the methodology section,
including the UV assessment framework (2.4), the optimization (2.3) and control (2.2)
modules. Since the statistical techniques used in the UVA required a normal distribution
in the input, a Box—Cox transformation was applied (Box & Cox, 1964). At the same
time, based on the AHP method described above, a survey was conducted of experts in
urban planning, resulting in 10 answers in which consistency was tested (Saaty, 1990).
According to Saaty and Ozdemir (2014), AHP does not require a pre-determined number
of surveys for granting its validity. During the data entry, the consistency of the responses
was evaluated and improved if possible without altering priorities in judgments (Singh &
Nachtnebel, 2016). Of the 10 responses, only 9 were accepted for further analysis. Then,
the overall preference of each UVA practitioner was elicited as the non-normalized
geometric mean of all individual preferences, and the results are shown in Table 1.

3.3  Set-up of the process

As with the basic classification of vulnerability, we accepted the standard adopted by
OUYV of setting up a threshold for a set of basic indicators. Those basic indicators were
the proportion of unemployed population, proportion of population without studies, and
the proportion of dwellings, or of people living in dwellings without bathroom or toilet
(OUV). As a result, the model regarded as vulnerable those entities falling 1.5 times
further than a given reference. As this reference, the OUV considered values at the
country scale and compared with it all neighbourhoods in the country regardless of the
city, province and region containing, and therefore contextualizing, them. Since UV is
context dependent (Fuchs & Glade, 2016; Herslund et al., 2016), instead of the absolute
approach employed by the OUV we applied a relative one in which entities were referred
to that entity of the upper scale containing them.

As the second step, we conducted the dynamic process associated with the control and
optimization modules described in the methodology section. Based on the methodology
reported, the model was formulated as a nine-objective optimization problem (Table 2)
with binary variables, i.e. the values the variables can take are 1 or O depending on
whether they exist or not in each characterization model. For the robustness objective, we
followed the process described in the methodology section, producing 100 random

outcomes for each candidate via the Monte Carlo simulation method. Since we had
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several scales, the decision objectives were expressed as the sum of the results
corresponding to each scale, except for the case of subjective preference, expressed as the
mean of the values. The program was coded in Matlab® with an INTEL® CoreTM i7-
4712 CPU processor at 2.3 GHz. Starting from an initial random population of 300
individuals, 500 iterations (a number of iterations that has been found acceptable for the
case of multi-objective optimization of binary-real coded variables (Abdul-Rahman et al.,
2013) were set as the maximum number of generations to be obtained (Alajmi & Wright,
2014). Crossover and mutation probabilities were set to 0.6 and 0.5, respectively.

3.4  Run of the process

We thus obtained a set of Pareto-optimal UV A models corresponding to the first period,
i.e. 1991-2001, which we analysed in order to obtain the guidelines of their behaviour.
As expected, these solutions show a trade-off between the criteria used for its assessment.
With this knowledge, a model was selected and the UVA framework was applied for
period 2 (2001-2011). Again, a set of optimal UVA models was obtained. This time,
however, during the optimization process a dynamic control for time was added to the set
of previous objectives, which served as criteria for the evaluation of alternatives (Table
2). This additional objective enabled DMs to select among those UVA models of the
second period better connected with that of the first period providing the feedback. As a
result of that latter, a desired behaviour was identified and the corresponding selected
UVA model was realized, which enabled ranking the neighbourhoods, cities, provinces

and regions assessed from less to more vulnerable.

To test the performance of the breaking down of the overall GOF objective into as many
factors as there are scales, a comparison was made between the results obtained in both

cases, and the results are presented and discussed at the end of the next section.

4. Results and Discussion

4.1 Guidelines for Period 1, 1991-2001

The above mentioned process was used to yield results for periods 1 and 2.

In the first period, i.e. 1991-2001, a set of Pareto-optimal solutions, represented in Figure
3, was obtained. To improve the extraction of knowledge from the results, we furthered
the analysis by using a cognitive approach entailing a comparison of the best solutions
for each decision objective (Table 1).

The interpretation of these results provides guidelines regarding the trade-offs between

the decision objectives just mentioned. This enables us to draw conclusions on the
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behaviour of models in terms of their robustness, coincidence with expert’s preferences,
and their GOF. In addition, with the knowledge thus acquired, DMs are in a better position
to define the desired behaviour to subsequently select, directly from the Pareto front, a
UVA model that gives way to the evaluation of period 2.

Figure 4 portrays the trade-off between the robustness and GOF objectives. Solutions
performing well in terms of robustness are poor in terms of GOF and vice versa, showing
that these two objectives are contradictory. In addition, we implemented a semi-
automated alternative for enhancing the extraction of guidelines (Boada et al., 2016). The
solutions gathered were clustered according to their performance and the similarity-
among-scales control objective. Solutions with low similarity, marked with asterisk, are
spread throughout the space, while those with higher similarity, marked with squares,
were concentrated close to the best solution for the GOF criterion. The solutions with
higher similarity, in turn, are also directly related with those performing better for the
preferences objective (Figure 5) and inversely related with the robustness criterion
(Figure 5). As a result, for the first period the following guidelines were elicited (Figure
2, I-1):

. Models with more robust behaviour are less related to practitioner’s preferences
and have less accuracy. In addition, in such models, the similarity between the set of
indicators across political-administrative scales is low.

. Preferences of practitioners, GOF and similarity between scales are aligned with
each other.

4.2  Guidelines for Period 2, 2001-2011

With the knowledge thus obtained, we decided to choose, as the reference for the time
dynamic-control objective of the second period, the most robust model among the models
fitting the guideline above.

The results for the second step are presented in Figure 6. The analysis of these results
allows extracting, as in the previous case, the guidelines for identifying a desired
behaviour. For period 2, solutions were clustered according to the time-dynamics control
objective instead of the similarity across scales. The time-dynamics criterion's
performance is slightly and directly related with that of GOF and strongly and inversely
related with those of robustness and preferences which, in turn, also exhibit an inverse
relation among themselves.

Regarding the GOF objective, Figure 6 shows that the solutions most preferred by
practitioners have not overcome the 0 value in the GOF scale, which means that the

threshold, required for p-value and R? values of the impact assessment, was not reached
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in any of the scales, penalizing the GOF. Besides, the inverse relation which for the case
of GOF and robustness was noticeable in period 1 is also present in period 2. Models
preforming better in terms of the time-dynamics objective are present throughout the
space of compromise solutions. However, they are clearly concentrated in the proximity

of solutions better for the GOF but worse for the preference objectives (Figure 6).

On this basis, the following guidelines can be drawn for period 2 (Figure 2, I-2):

. The most preferred solutions are not the best dynamically connected over time
and do not fulfil the statistical conditions required by the UVA framework. The DM
should decide whether they wish to relax those requirements.

. The inverse relations identified in period 1 between the preferences and GOF
objectives and the robustness objective are still present in period 2. This, together with
the fact that the time-dynamics criterion is akin to that of the GOF, affords a range of
solutions behaving well in terms of the GOF and time-dynamics, yet medium to poor for

preferences and robustness criteria, respectively.

4.3 Improvements rendered by the many-objective approach

Table 1 portrays how the set of variables selected as indicators changes across scales for
better representing the UV. The use of a many-objective approach has proven efficient
for the sake of attaining the best overall GOF by pursuing the best GOF scores by each
scale, allowing UVA to consider the complex character of this concept. Table 1 also
depicts the equality in the share of importance bestowed upon biophysical and socio-
economic aspects, suggesting the preference of practitioners for comprehensive
approaches considering both standpoints. This is consistent with the conclusions of
previous publications in the literature, considering the comprehensive approach as a
requirement for attaining more-evolved UV As.

Regarding the employment of the many-objectives approach for dealing with the multi-
scale character exposited in the control objectives section, Table 2 portrays a comparison
between the results obtained by using this approach with those from a single overall GOF
objective. The results show that for all periods, the addition of GOF objectives by scale
contributes to improve the results in the overall GOF. This leads, however, to slightly
worse results for the preferences and multi-scale objectives in the case of period 1, and
for that of robustness in period 2.

As to the optimization algorithm employed, NSGA-II modified the selection operators of
the original NSGA. Via this approach, the lack-of-elitism problem was alleviated but not
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completely overcome. In fact, the state-of-the-art of evolutive optimization algorithms
suggests that the most widely used selection operators still do not work well when dealing
with more than three objectives, i.e. with many-objective problems (Zhou et al., 2011),
an idea which the present paper seems to support. Our results demonstrate the difficulties
this algorithm has to avoid the loss of performance in some objectives, when their number

of these objectives increases.

4.4  Improvements regarding the current UVA in Spain

On the other hand, the share of importance conferred by practitioners on the indicators
available to assess urban vulnerability greatly varies from one indicator to another. Table
1 shows how this relative importance varies from the most to the least preferred
indicators, pointing out Population density, Dwellings density and Elder 75 years or more,
as the most important for the experts consulted. In contrast with the assessment adopted
by the Spanish Government, the method hence proposed embodies this information and
allows selecting UVA models shaped by those indicators considered more relevant by
practitioners for the assessment of both the Vulnerability State and Risk. As well, a
comprehensive assessment of the whole country, across its different political-
administrative scales, of entities contextualized within their environment, is provided.
With this information, DMs can identify both current states of vulnerability and trends
for the future, and extend the evaluation of entities beyond the current mere classification
into vulnerable or non-vulnerable. Further, it allows a deeper and wider analysis of the
UV problem, and the design of more complete and better adapted strategies. For example,
entities still at the first stages of degradation but yet at high risk, which would be

considered as a prior target, can now be identified, and plans can accordingly be made.

Through the employed cognitive approach, DMs are now enabled to select, according to
the knowledge acquired, a proper solution from among the set of compromise solutions
yielded by the optimization module (Figure 2, 2.2). This mechanism serves, in fact, as the
scenario generator required for developing bottom-up uncertainty analysis methods (Hall
et al., 2012). For period 2, 80 compromise solutions fulfilling the statistical requirements
were found, with values ranging from 2,002.35 to 8,217.39 in the case of the Robustness
objective, from 1.09 to 1.85 in the case of GOF, and from 0.46 to 0.86 in that of

Preferences.

5. Conclusions and further research
In pursuit of sustainable urban development, the improvement of UVA methods is a key
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issue that has attracted the attention of many governments (Fekete, 2009; Rigillo &
Cervelli, 2014; Malekpour et al., 2015). This improvement can be realized by developing
models integrating the features demanded in this field. This paper puts forward a method
integrating the aforementioned requirements that can be used to determine the optimum
set of indicators which, for the proposed UVA assessment model, follow a desired
behaviour. This behaviour is modelled in terms of robustness, GOF and preferences of
practitioners, and the overall process is formulated as an MOOP. Moreover, a set of
underlying control objectives provided insights on the dynamic character of UV over time

and context.

The proposed method uses a discursive approach in which DMs and the model interact
and give each other the required support, which affords DMs with more knowledge on
the dynamic interactions between criteria. This enables them to make an informed,
evidence-based decision on the issue at stake. First, this study introduced the aspects
required for UVA and proposed the formulation of a process encompassing all
requirements, as an MOOP to be solved by the NSGA-II algorithm. Then, the whole
process was described and tested via a case study. For this purpose, Spain has been used
as an example, and quantitative data on the neighbourhood, city, province, region and
country political-administrative scales was gathered. In addition, qualitative information
in terms of the preferences of practitioners for the indicators available was elicited,
showing great differences from one practitioner to another. With this information, the
process was performed, and the results showed that the method is endowed with the
qualities demanded and is able to draw out general guidelines of the model’s behaviour.
Finally, the guidelines suggest that for the proposed UV A assessment model it is possible
to select models better dynamically connected over time and fitting well in terms of GOF,

at the expense of a medium or bad performance in preferences and robustness.

As to the Urban Vulnerability Assessment module, the method proposed provides UV As
which involve practitioners by taking into account their subjective preferences, are robust
in the face of data uncertainty, and are statistically derived through commonly accepted
techniques. Since there are UVA methods making use of these features separately, the
novelty of this work consists in their integration to take advantage of the benefits of their
synergies. Besides, the process provides a UV State and Risk Assessment according to
the requirements demanded, enabling planners to carry out an improved analysis of the

UV problem in Spain in order to develop better adapted strategies.

All this together means moving on the assessment of Urban Vulnerability in Spain, from

the earlier stages of development in urban strategic planning and vulnerability
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assessment, to the discursive and adaptive governance stages characterizing present
trends in these fields (Malepour et al., 2015; Fussell et al., 2006). At the same time, the
method proposed helps bridge the gap as to the development of the demanded
improvements in adaptive governance and strategic planning in the context of climate

change and socio-economic transformation.

As to modelling of the multi-scale nature of urban vulnerability, our study shows how to
use many-objectives approaches to tackle this problem, improving the outcome of the

optimization in the objective affected.

Despite the remarkable outcomes, there are still limitations to this study. More research
is required on the selection of the basic criteria upon which the whole process rests,
exploring different indicators, thresholds and references. Also, the use of other machine-
learning methods such as neural networks, SVM or Naive Bayes networks, can be tested
to obtain more accurate models. In addition, this methodology embodies a basic dynamic
control over time and context that should be improved in future research focusing on this
issue. Regarding this latter, research on the spatial correlation among entities could
disclose valuable information with which to improve the assessment module. Finally, in
addition to the abovementioned limitations, two more can be pointed out for the case
study. First, the number of expert-judgment collected for the elicitation of preferences
was relatively low, suggesting a broader survey in order to obtain more representative
values. Second, the output of the process was a rather large set of optimum solutions,
among which DMs must choose one with the aid of the guidelines provided. The
implementation of dimension-reduction techniques, such as cluster analysis, would
facilitate the decision making by synthesizing the set of optimum solutions into a smaller,

affordable number of representative ones.

List of Abbreviations:

UVA: Urban Vulnerability Assessment
UV: Urban Vulnerability

USP: Urban Strategic Planning

DM: Decision Maker

GOF: Goodnes Of Fit

RMSE: Rooth Mean Square Error
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NRMSE: Normalized Rooth Mean Square Error
AHP: Analytic Hierarchy Process

MOOQP: Multi Objective Optimization Problem

DA: Discriminant Analysis

PCA: Principal Componentes Analysis

NSGA-II: Non-dominated Sorting Genetic Algorithm

SVM: Support Vector Machine

List of Notations:

P Preferences

Wy Weight of the k indicator

n Total number of indicators

R Robustness

v Variance of the set of monte carlo simulations
m Mean of the set of monte carlo simulations
GOFg = Goodness of Fit for the scale number scl

i Number of each observation

D Total number of observations

S Value predicted

0 Value observed

0 Mean of the values observed

nscales Total number of scales

Hy Null hypothesis for the ANOVA test of equal means for the k period
7 Means at the t instant

Sab Similarity between a and b

e Number e

dap Euclidean distance between a and b

F Function of the f continuous objective functions
obj Total number of objective functions

x Decision vector

0 Decision space

T Set of Pareto-optimal solutions

Tx,PC; Factor loading matrix

tpc Total number of principal components

npc Number of the principal component

PC Principal component vector

a;j Coefficient vector of each principal component
A Eigenvalue of each principal component

SV State of Vulnerability
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Table 1. Results of the AHP process and of the best model for each decision objective:

Period 2: Indicators setting up

AHP best models by Decision

Relativ Objectives
Prece
Concepts Id dent € Robust GOF Prefere
Import ness nces
ance
(%) (%) (%)
Scale Scale Scale
2 2 3 4 2
Approaches:
Socio-Economic SE - 51,81
A
Biophysical BA - 48,19
Aspects:
Social structure SST 27,68
R
Population Activity level IC’{\F SEA 11,49
Population Educational level PE 12,64
DU
Area occupation AO 9,6
cC
Dwellings condition DC 11,75
ON
Dwellings size DZSI BA 16,37
Dwellings usage DU 5,63
SA
Dwellings age DA 4,84
GE
Indicators:
Area Population 1 3,64 0 1 1 1 1
Population density (pop/ha) 2 8,84 1 1 1 1 1
Eder 75 years or more (%) 3 5,85 1 110 1
Households of one person 4 SSTR 3,68
older than 64 years (%) 0 1 0 1 1
Households of one adult and at 5 5,67
least one minor (%) 1 1 1 1 1
(*) BI-1: Unemployment rate 6 4,47
(%) 1 1 11 1
Youth unemployment rate (%) 7 PACT 1,99 1 1 1 1 1
Tempory employee(%) 8 2,02 0 1 0 0 1
Unqualified workers (%) 9 3 1 1 1 1 1
() NI-2. Population o 424
uneducated (% ) 1 1 1 0 1
Population with primary 11 3,8
education (%) PED 0 1 1 1 1
Population with secondary 12 U 1,75
education (%) 1 1 0 1 1
Population with higher 13 2,85
education (%) 0 1 1 1 1
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Number of dwellings(u)
Dwellings density (u/Ha)
Area (Ha)

(*) BI-3: Dwellings rate (%
Population with no WC in
the dwelling)

Dwellings in ruin condition
(%)

Dwellings in bad condition (%)

Dwellings in deficient
condition (%)

Dwellings in good condition
(%)

Dwellings without running
water (%)

DCO

Dwellings with less than 30
m2 (%)

Dwellings total usable surface
(m2)

Mean usable surface by
dwelling (m2)

Mean usable surface by
habitant (m2 )

Number of rooms by dwelling
(u/dwell)

DSIZ

Main Dwellings (u)

Empty Dwellings (u)
Owned Dwellings (u)
Rented Dwellings (u)

Dwellings in buildgs built
before 1951 (%)
Total buldings (u)

Buildings older than 30 years
(w)
Buildings older than 50 years
()
Buildings older than 80 years
(w)

35

36

1,45

0,96

0 1
1 1
1 1
1 1
1 1
0 1
0 1
1 1
1 1
0 1
0 0
1 0
1 1
1 1
1 1
1 1
0 1
1 1
0 1
1

1 1
1 1
0 0

(*) Criteria selected for the basic classification starting up the

UVA framework
(**) Scales: 2 =City; 3 =
Province; 4 = Region.
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Table 2: Objectives describing behaviour and comparative between optimizations with and without breaking down the GOF objective

Functions Period 1 Period 2
Best by objective Best by
Objectives f (minimize)* objective(minimize)*
obj Eq A/B A/B

A B A B
Decision Objectives:
Preferences 1 1 -0,953 -0,95 1,003 -0,957 -0,913 1,048
Robustness 2 2 -67.213 -79.776 0,843 -21.184 -21.405 0,990
GOF Overall 3 4 -2,243 -2,32 0,967 -1,696 -1,879 0,903
Control Objectives:
Multi-Scale Simirarity 4 6 -0,048 -0,037 1,297 -0,108 -0,065 1,671
Time Dynamics 4 5 -2,989 -2,989 1,000
GOF scale 1: Neighborhood 5 3 -0,08
GOF scale 2: City 6 3 -0,25 -0,303
GOF scale 3: Province 7 3 -1 -0,674
GOF scale 4: Region 8 3 -1 -1,000

A:GOF represented by 1 overall objective
B: GOF represented by 1 overall objective and independient objectives by scale

(*) Compriomise solutions after 500 iterations and a population of 300 individuals
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Figure 1: General Workflow and Case-Study.

Period 1 Period 2
Surve I-1: Set-up, Basic Indicators 1-2: Analysis of Guidelines P. 1 1-3: Analysis of Guidelines P. 2
E ResultZ- :
E Table 1 —el | BI-1: Unemployment rate | | | |DO—1: Preferences: Aligned | |( - | |D0—1: Preferences: Medium | k -
%] : |
| - 9. i " . X N
w : el | BI-2: Population uneducatedl | | |DO—2: Robustness: Opposite | |(— 1 | |D0—2: Robustness: Opposite | |(-- 4
< % T ; [
O —9' [B1-3:Dwellings rate [ [ Tpo-3: Goodness of Fit: Aligned | k< [ [po-3: Goodness of Fit: Aligned | k o
m - | !
--%I ':;:;h\glﬁel.s x National | | | |C0-1: Similarity: Aligned | |(— I | |CO—1:Time Dynamics: Aligned | |(-- q
: T i T !
I I I '
s - i i i — [
e R e G-1: Guidelines |  _  ~ _  _ . _ L _ . _N G-2:Guidelines |
< H r for Period 1 | 1’ for Period 2
E w preferences of I-1:.Selgction of | FEEDBACK | T
5( Il Practitioners —— BasicInicators & Trade-Offs I FEEDIBA'CK g
g w (Table 1) : Threshold I N N I
=0 : ! | [
) ' : ff:
T X Trade-Offs
L Inout Data Data for / | Datafor /| L
P Period “1” 1 Period 2 1
Set of optim UVA Set of optim
L Quantitative UVA UVA's for Period 1 Period 1 Quantitative UVA UVA's for Period 2
= Framework : Framework
':: Set of .
= available \|/ re—e ! : \l/ UVAfor
E indicators X ) I — ] Periods 1 &2
< O Generation of Alternatives: . Generation of Alternatives:
S > FEEDBACK
et )
dl o | m o= ==
Z(' | | DO: Decision Objectives | | Lo— = ) | | DO: Decision Objectives | | | UVAoutput: :
)
2 ecti ecti I 0-1UVAS I
o) CO: Control Objectives CO: Control Objectives | - tate
— | / _02:UVARisk _/ :
T Process/
c . . . .
[5) I:I Combination E Data Decision C) Start/End
® Sub-Pocess
-

Fig. 1. Figure 1: Method for selecting UV A models, General Workflow and Case-Study.
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Figure 2: UVA Framework, Detailed Workflow
T
|
|
{ Legend: Idem Figure 1
[ SRR
Al
wil SQL DATA-BASE: START:
8I BOX-COX Years 1991, 2001 and 2011; SELECTION OF
z! TRANSFORMATION Scales neighborhood, city, | CUANTITATIVE
C*I- : province, region & country | VARIABLES FOR DB
w
| |
a | |
< |
<l BC-1: BASIC UV : DEFINITION OF ELICITATION OF
[aY] |DENTIFICATION CRITERIA FOR BASIC PREFERENGES
| : UV CLASSIFICATION
| l l
| : l
: BE-n: EVOL BC-2: BASIC UV | |-1: SELECTION OF
| PERIOD n EVOLUTION BASIC INDICATORS PAIR-WISE
| & THRESHOLD COMPARISON
- ——— q
|
UVA FRAME WORK '
|
1 1 !
0-1: UV CLASSIFIER: . .
w .
] STATE: PCA DA CO1: SIMILARITY KN Exist a Period
=) AMONG SCALES n-1?
[a)
o L L i
= R-1: IMPACT R-2: PROBABILITY |
= REGRESSION ASSESSMENT ASSESSMENT (BY | Yes
z (BY PERIOD) PERIOD) |
S |
a 02: 0V !
e | ANOVA between
% UV. STATE RISK | Periods n & n-1
(%] RANKINGS EVAL
l
< (BY YEAR) |
= I
~
l
|
T
-+t lT--——-—---""""-""--""-"-""—-""—-" "—""-""-" """ """ —"—"—-"—"—-" - — — — — ¥~ - —
! |
' DO: DECSION !
| 4
| ] oBECTIVES :
w : AHP pot: 3 €O: CONTROL ! €O1: DYNAMIC
=1 PREFERENCES oBECTIVES [ FEEDBACK CONTROL: TIME
a! |
ol |
|
= | | | [MONTE cario DO2: \ :
g | SImM ROBUSTNESS NSGA-I |
=1 |
i €O2: EACH SCALE |
N| DO3: OVERALL GOODNESS OF |
= CLASSIFIER: DA GOODNESS OF AT !
B! AIT !
a| |
(o]} |
NI !
N / Set of ; | E|_NnD
! optimal UVA ! Guidelines & Selection
| models | of UVA
| for Period n | for Period
| | 'or Period n
| |
! !

Fig. 2. Figure 2: UVA Framework, Detailed Workflow
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Non-dominated Solutions (F1 ) for Period 1:
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Fig. 3. Set of compromise solutions for period 1.
0
Similarity
i 0.2 @ High
@ Medjum | Medium
o) 0.4 @ Low
® )
L] 0.6
° ]
) ol @ 08 3
’ )
=
®
>
8 o 1§
o
o
1.2 %
° ° g
® o
14
w
o -
1.6
Ideal
@ 1.8
@
<}
20 15 10 5 0 -5 -10

2" Opjective: GOF
Fig. 4. Trade-off between Robustness and GOF for period 1.
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Fig. 5. Trade-off between GOF and preferences for period 1.
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Fig. 6. Compromise solutions for period 2.

p. 36 of 36



