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A B S T R A C T

The prediction of areas susceptible to floods is essential for the protection of the population living in vulnerable
conditions. It is only possible when the main contributing factors are pointed out. It is very challenging for
hydrologists to run models when the input data are not representative. Alternative methods, such as the mul-
ticriteria decision analysis, represent a good solution for the simulation of future scenarios. However, the criteria
selection affects the accuracy of the further modelling process. The purpose of the current study was to select and
attribute scores to all the feasible criteria that contribute to flood susceptibility in the coastal plains of the
Juqueriquere river basin, Brazil. First, the Delphi method was employed in the expert-based survey. Then, the
root square judgement scale was adapted to an extended Analytic Hierarchy Process approach for the final
allocation of priority values. Even though the initially ranked scores were within a limited range, the proposed
methodology could adequately redistribute these scores in the final scale from 1 to 10. The consistency and
sensitivity analyses revealed that the findings were coherent, providing the weight vector of the achievable
criteria that affect the flood likelihood in the study area.

1. Introduction

Floods have always represented one of the most destructive natural
hazards to the humankind. The occurrence of floods worldwide impacts
human lives and jeopardise the economy of many regions [1,2]. In
urban areas, the decrease of infiltration naturally occurs upon the in-
crease of imperviousness. It subsequently generates a higher peak flow,
in a shorter time, which flows to the outlet of the basin, increasing the
load in the downstream areas. Besides, in the low-lying areas of coastal
cities, floods tend to increase due to the tide variation effects [3].

For the prevention or attenuation of floods, it is essential to have full
awareness about the hydrological behaviour of the basin, which de-
pends on physical, climatic and anthropic aspects, such as the land use
and land cover (LULC). Hydrological and hydraulic modelling are es-
sential tools for the design of infrastructure but might be impaired
when inappropriate techniques and variables are chosen [4,5].

Traditional methods of prediction are not always possible when data
are unavailable, inconsistent or non-representative. Questions like
“how does this or that variable control the hydrological phenomena in
the area?” or “how sensible is the area to the magnitude of this or that
variable?” are commonly raised by modellers. In case the watershed is

ungauged, and previous studies cannot efficiently reveal the sig-
nificance of the model input parameters, it is challenging to choose an
ideal approach to predict future scenarios.

The Multicriteria Decision Analysis (MCDA) has been effectively
used by policymakers and urban planners for resolving conflicts re-
garding water resources [6–9]. Many studies have shown a significant
improvement in flood management problems when MCDA is used
[5,10–13]. One of the reasons is that the structured aggregation of
elements, based on the expert's knowledge of the area or phenomena,
cannot be comprehensively analysed by traditional hydrological
methods. Besides, participatory processes of environmental governance
are recognised to be useful for sustainable developments [14], ad-
dressing the global concerns that are not covered by local environ-
mental tools [15].

The MCDA approach can be characterized by diverse mechanisms to
achieve the contributing criteria and calculate the weight of each cri-
terion. For instance, [16] studied the flood vulnerability of a region in
China using a neuro-fuzzy inference system. Even though their meth-
odology was coherent providing robust outcomes, it is important to
notice that the study area which had been chosen for the proposed
methodology was due to the data availability and the amount of 195
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monitored flood events.
However, there are not many alternatives for ungauged basins,

which normally occur in underdeveloped countries. The amount of
available data is not enough for calibrating and validating the criteria
acquisition models. Moreover, input data for the estimation of criteria
become more challenging and less trustworthy. Thus, the innovative
purpose of the current research is to meet the demand of watersheds
lacking monitoring data. Indeed, it gives the modeller the opportunity
of determining the most significant criteria, responsible for controlling
the hydrological processes of watersheds, even when data are limited.
By means of a theoretical and systematic approach, each criterion is
considered throughout the research, in a complex environment of
coastal areas, with potential orographic rainfalls and low altimetry. In
addition, the statistical and AHP treatment of the criteria weights also
enhance their reliability towards the modelling process.

2. Material and methods

2.1. Multicriteria decision analysis

Among all the existing multicriteria evaluation techniques, there is a
common purpose of providing the decision makers with aid to reach the
ideal solution for a problem. Structured decision-making is essential for
sustainable predictive models [6,7,9,17]. It enhances the effectiveness
of the process and reduces the decision uncertainties [7,18]. In struc-
tured decision-making (DM) approaches, complex decisions can be di-
vided into elements to simplify the construction and the evaluation of
the process.

According to [19], consistent objectives (or criteria) must be es-
sential, independent, controllable, operational, decomposable, non-re-
dundant, complete, measurable, concise and understandable. A natural
tendency of decision-makers is to define alternatives without com-
pletely explaining the objectives [7,8,17]. Conversely, decision situa-
tions cannot be controlled by this alternative-focused thinking ap-
proach, which identifies alternatives before articulating values.
Alternatives are the means to achieve values. When the DM is based on
value-focused thinking, the objectives are properly defined and asso-
ciated to their quantitative functions [18].

The identification of the objectives is essential to achieve a decision
in a smarter value-focused thinking approach [20]. The fundamental
objectives (or ends) are related to the ultimate value of the DM (i.e.
they are the broader objectives of the DM which have to be accom-
plished through decision making), while the means objectives are the
methods to achieve the ends [19,21]. All the decisions strategically
influence the objectives. Finally, process objectives concern how the
decision has been made [17,20].

The structural identification of criteria is not a trivial task. It re-
quires creativity and appropriate communication skills [18]. Making a
list of objectives without profound concepts provides a weak set of al-
ternatives [21]. A logical and structured discussion should be guided by
sequential questions for each criterion. For instance, the use of “how” to
ask about the means to be used to achieve the ends; and “why” to in-
dicate the importance of the criterion and lead the ends back to the
means, which, depending on the answer, may become an alternative.
The “why” question has to be repeated until no further answers can be
given, i.e. the respondent can only say that it is crucial for its own sake
[21].

Cognitive maps are normally employed for the construction of ob-
jectives, improving the display of ideas and clarifying perceptions [22].
The main advantages of the cognitive mapping are the organised clas-
sification of the concepts and the simplified access and visualization of
the previously discussed concepts [23].

In the current study, the Delphi method is applied to the expert-
based survey. Then the Analytic Hierarchy Process (AHP) uses the root
square judgement scale [24] adapted to an extended approach of [25].
The prior articulation of preferences among the experts, from the se-
lection to the attribution of each criterion, was later ranked in a
prioritisation mechanism of pairwise comparisons.

2.2. Delphi method

In a participatory process of knowledge and judgement, the selec-
tion and participation of motivated experts are crucial for the DM ap-
proach [26]. In the Delphi method, the participation of experts in the
DM process is anonymous. The distribution of outcomes is represented
statistically, and post-evaluation feedback is used to search for a con-
sensual “ideal” solution (Fig. 1).

The method assumes that the structured use of knowledge, experi-
ence, and creativity of all the experts is better than the opinion of single
individuals to achieve ideal solutions, especially when there is in-
sufficient quantitative data to predict a scenario or when new factors
may change future trends [27]. The negative effects caused by the in-
teraction of groups, such as the respondent biases, can be avoided since
the method works with written opinions [26]. Recent applications of
the Delphi method are found in the field of sustainable development
and policy planning, such as [26] and [28].

A disadvantage of the Delphi method is that the relative importance
of the criteria might be reduced due to the proposed statistical treat-
ment. By removing the judgement weights considered outliers (which
occurs when these weights are out of the interquartile range), the dis-
tances among all the criteria weights tend to be narrowed between the
values 7 and 9, while the initial scale ranges from 1 to 10 [25].

Fig. 1. The Delphi judgement procedure in a consensus-building process.
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However, before the use of the AHP, the weights and their importance
level might be properly redefined again.

2.3. The analytical hierarchy process

This multilevel and hierarchical structural technique was developed
by [29] and has been mainly used due to the simplification of complex
and subjective problems [9,30,31]. The AHP evaluation is based on the
pairwise comparison of the A matrix (n x n), given by:
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where n is the number of criteria, aij is the pairwise comparison
(1≤ i,j≤ n), which is the importance of criterion i according to cri-
terion j, and z1, z2…zn is the relative priority.

The A matrix is then normalized, and the matrix A’ is achieved. For
that, all the elements of the A matrix are divided by the sum of the
respective element column.
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Accordingly, the sum of each row of the normalized judgement
matrix A’ leads to the definition of the vector matrix V.
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The vector matrix V is finally normalized and converted to the final
weight vector matrix W.
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2.3.1. Consistency analysis
One of the advantages of the AHP is the employment of consistency

analysis to evaluate the outcomes. [29] initially proposed a metho-
dology where the matrix highest eigenvalue (λmax) is calculated using
Eq. (5) for the definition of the consistency index (CI), as expressed by
Eq. (6).

Av nv( ) /( )max
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n

i i
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= (5)

CI n n( )/( 1)max= (6)

With the advance of pairwise comparisons, it was also necessary to
improve the evaluation of consistency errors [32].Therefore, [33] re-
commended the measure of the consistency ratio (CR), given as:

CR CI RI/= (7)

where RI is the random index (Table 1). The best solution would be for
CI = 0. Thus, consistent values correspond to CR < 1.

2.3.2. Judgement scale selection
Depending on the judgement scale, the results may differ sig-

nificantly [32]. The linear scale of [29] has been prevailing in the AHP
studies since its proposal [26,32,34]. It varies from 1 to 9, and attri-
butes priorities to the hierarchical structures according to their im-
portance level. Level 1 represents equal importance, while level 9 in-
dicates the dominant importance of a criterion compared to the others.
Subsequently, other numerical scales have also been developed to in-
dicate importance levels, based on specific mathematical concepts [34].

The selection of a judgement scale is not a trivial task, as the weight
attributions of the decision-making process have their specificities.
Some considerations for the proper selection of the judgement scale are:

• the limited range among the attributed scores [25];
• the evaluation of clustered-valued scores [32];
• the sensitivity analysis of the outcomes when integer values from 1
to 9 are used for disperse data [35];
• the variation of priority-value allocation [32];
• the scale sensitivity to consistent and inconsistent matrices [32].
Franek and Kresta [32] evaluated the consistency of the matrices

and the variation of priority-value allocation of the judgement scales.
For the consistent matrices, the most sensitive judgement scales were
the root square and the logarithmic scales, and the criteria ranking was
uniform for all the scales. The asymptotical and root square judgement
scales provided the most uniform allocation of priority values. The final
classification of judgement scales, according to their consistency sen-
sitivity and priority-value allocation is summarized in Table 2.

2.3.3. The AHP extended approach of Zuffo
As stated before, a limited range of scores between 7 and 9 (in a

scale from 1 to 10) mostly results from the employment of the Delphi
method, which affects the relative importance given to the criteria [25].
The AHP extended approach of [25] enables an effective redefinition of
the criteria scale originated by the Delphi method. Some of the adap-
tations to the traditional AHP approach are listed below:

• The criteria are initially ordered in descending order in a square
matrix (n x n).
• The relative differences are calculated between the criterion i and
the least dominant criteria, then between the criterion i+1 and the
least dominant criteria, successively.
• The relative differences are substituted with the numbers that define
the Saaty's scale (i.e. varying from 1 to 9), forming an upper diag-
onal matrix with this scale.
• Finally, the weights are redefined using the traditional AHP ap-
proach, where the inferior matrix is filled in with the inverse of the
row values in each column.

Table 2
Classification of the judgement scales for consistency and priority-value allocation aspects.
Source: Adapted from [32].

Classification level Consistency sensitivity Variation of priority-value allocation

High Root square, Logarithmic Power, Geometric
Moderate Linear, Power Linear, Balanced
Low Geometric, Inverse linear, Asymptotical and Balanced Root square, Inverse linear, Asymptotical

Table 1
Relative scores according to the level of importance of each criterion.
Source: Adapted from [33].

n 2 3 4 5 6 7 8 9 10
RI 0 0.58 0.90 1.12 1.24 1.32 1.41 1.45 1.51
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3. Description of the case study

3.1. Study area

The study area is located in Caraguatatuba municipality, along the
northern coastline of the state of Sao Paulo, Brazil (Fig. 2a). As the
plains are surrounded by the Serra do Mar Mountains, they are affected

by intense orographic rainfalls and high tides. Low elevation, shallow
water tables and highly saturated soils are the main physical con-
straints. The average annual temperature is 25 °C, and the average
annual precipitation (measured between 1977 and 2015) is 1652.8mm.
The weather is subtropical and rainy, especially in the summer. The
downstream area of the plains is already urbanised, while the upstream
area is rural, mostly covered by pastures and cultivated lands. Both

Fig. 2. (a) The floodplains of the Juqueriquere river basin and the main infrastructure developments, (b) the distribution of rivers in each subbasin of the
Juqueriquere river basin.
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regions are affected by frequent episodes of inundation in the Juquer-
iquere river basin [36] (Fig. 2b).

After the historical development of agricultural activities, an emerging
economic and political speculation has been raised for the local land use
and land cover (LULC) change, particularly after the establishment of the
gas exploration plant (UTGCA) in 2012. Other infrastructure develop-
ments, such as the Tamoios highway and the Port of Sao Sebastiao (about
20 km from the plains) also motivated the urbanisation of the area [15],
despite its vulnerability to natural disasters [37].

On the 18th of March 1967, the daily rainfall was 240.8mm. In that
year, the annual rainfall was 2141.2mm. After more than 13 h of extreme
rainfalls, debris flows from the saturated steep slopes devastated the area.
In Caraguatatuba, more than 436 people lost their lives, and about 3000
inhabitants had their houses destroyed. After 50 years, it is still considered
the most destructive natural disaster in the State of Sao Paulo [38].

3.2. Proposed methodology

Two main phases were carried out in the study: (1) the criteria se-
lection and attribution by the expert-based survey (Delphi method), (2)

the weighting and ranking of hierarchical criteria (AHP). The metho-
dological approach is shown in Fig. 3.

3.2.1. The expert-based survey: Delphi method
The fundamental objective of the survey was to evaluate the phy-

sical and hydrological criteria that affected the flood susceptibility in
the neighbouring urban coastal and riverine area of the Juqueriquere
plains. The decision-framing was incorporated in the first phase when
the experts iteratively attributed criteria in accordance with the ap-
proach used in the study. In the thorough expert-based survey, there
were three rounds: two anonymous rounds with the general experts
using video conferences or individual interviews, and one round di-
vided into parts I and II with the hydrology experts in a DM conference.

At first, 22 general experts were invited to take part in the survey, but
only 15 were available to take part in both rounds. Their careers were in the
field of geography, hydrology, meteorology, ecology, oceanography, civil,
agricultural, survey and environmental engineering. In the first round, a
pre-elaborated form (brainstorming criteria) was presented to the general
experts for the initial brainstorm. It was based on the study area physical
features, available hydrological modelling parameters and a previous

Fig. 3. Methodological procedure adopted in the study.
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literature review: [2,3,5,13,39-41]. Additional criteria were suggested,
while others were considered insignificant by the experts and thus, they
were removed. The interview used a guided sequence of questions for each
criterion (with “how” and “why” questions), according to [21].

An aggregated cognitive map was prepared with all the discussed
criteria and presented to the experts in the 2nd round. Between the 1st
and the 2nd rounds, all the criteria were analysed based on the key
features defined by [19] and on the constraints of the study. The ana-
lysis was presented to each expert in the 2nd round to achieve a con-
sensual outcome. Furthermore, they attributed scores from 1 to 10,
according to the likelihood of each criterion to affect the flood sus-
ceptibility as shown in Fig. 4.

Between the 2nd and 3rd rounds, the criteria scores were statistically
treated. The mean and quartile (Q1 and Q3) values were calculated, to
measure the variation of each scored criterion. All the outliers out of the

quartile ranges were removed, according to the Delphi method approach.
The 3rd round was carried out in a DM conference, attended by five hy-
drology experts. Part I started with an initial discussion about the concepts
of the previously selected criteria, and then each expert wrote anonymous
criteria scores based on the importance level. The scores were collected and
immediately computed to achieve the final mean values for each criterion.
In part II, the final results were presented to the hydrology experts.

3.2.2. The criteria weight ranking: AHP
After the attribution of scores by the experts, the mean value was used

to assess the behaviour of the data set. The AHP extended approach of
[25] was then applied. The root square judgement scale [24] was adopted
based on the prior dispersion analysis of the dataset, as it is the most
sensitive scale considering the consistency aspect and provides the most
uniform allocation of priority values. Later, the linear judgement scale
[29] was also used for comparison purposes to evaluate the consistency
sensitivity and the variation of priority-value allocation among the criteria.

In the AHP approach, the pairwise judgement matrix was initially
normalised. Then the vector matrix was found and also normalised, re-
sulting in the weight vector matrix. Furthermore, the matrix highest ei-
genvalue was derived, and the consistency index and ratio could be de-
termined.

A final sensitivity analysis was carried out by increasing and decreasing
the most dominant criterion and evaluating if the other criteria varied ac-
cordingly. Several approaches to analyse the sensitivity of the AHP are
found in literature [42,43]. In this study, the purpose was not to study the
particularity of the sensitivity analysis but to use it as a tool to evaluate the
coherence of the model towards the hierarchy order and weight vector.

4. Results and discussion

4.1. Criteria selection

The objective of the survey was to explore and select criteria that

Fig. 5. Cognitive map of the aggregated criteria discussed with the experts in the 1st round.
Note: CN=Curve Number, LULC= Land Use and Land Cover, HSG=Hydrological Soil Group.

Fig. 4. Scores attributed to each criterion for the likelihood of flooding.
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affect the flood susceptibility in the study area. Floods frequently occur
in the region, showing the natural vulnerability of the plains of the
study area to this phenomenon. Thus, the questions raised by the ex-
perts were: What criteria mostly affect the flood likelihood in the study
area? How much does each criterion affect the response of the wa-
tershed to floods?

The constraints of the study were that the criteria had to be physi-
cally related, or originated by hydrological phenomena. Besides, the
data had to be available or feasible to estimate. The brainstorming
criteria were also brought up at the discussion with the experts, who
suggested the addition of new ones (refer to Table A1 in the Appendix).
Finally, after interviewing all the available experts, the cognitive map
of the aggregated criteria was drawn (Fig. 5), enabling the evaluation of
the key features of [19] and to assess if the criteria were conclusive to
be considered in the current study.

In the 2nd round, the aggregated cognitive map was presented to
the experts. All the important concepts about each of the criteria and
the evaluation of the key features [19] were taken into consideration.
The means to achieve the criteria were also approached and the final
decision was made. The concepts and evaluation of the attributed cri-
teria (in the highlighted rows) are presented in Table 3.

4.2. Score attribution

After achieving a consensual outcome regarding the criteria that
should be removed, the general experts assigned a score to the selected
criteria (refer to Table A2 in the Appendix). Between the 2nd and the
3rd round, the data were statistically analysed, according to the Delphi
method. All the quartile outliers were removed. In the 3rd round, five
hydrology experts took part in the DM conference. In part I, the ag-
gregated cognitive map was presented, and there was a consensual
outcome about the appropriate criteria to be used. Then, each of the
experts individually assigned the respective scores.

The scores were collected, and the statistical treatment was done
before part II. There were no outliers among the scores given by the
hydrology experts. Further, the final results were presented and ap-
proved (refer to Table A3 in the Appendix). The scores of the 2nd and
3rd rounds and the hierarchy variation among the criteria are shown in
Table 4.

After the statistical treatment of both rounds, the deviation between
the most and least dominant importance levels slightly changed. In the
2nd round, the deviation was 0.67, and in the 3rd round, it was 0.52.
The criteria were constrained in the range between 8 and 9 (in a scale

Table 3
Evaluation of the criteria discussed in the 2nd round.

Criteria Concepts raised in the survey Evaluation

Curve number (CN) It is a variable used in hydrological modelling, that associates the land
use and land cover (LULC) change, the soil type and its infiltration
conditions. [44] proposed a methodology to achieve the CN based on
Brazilian types of soils and the underground water level.

This criterion was considered appropriate to be used in the study. The
LULC and (Hydrological Soil Group) HSG raster maps are achievable
input data. In the study area, some samples of a geological underground
water survey [45] might also be used to infer the hydrological soil
behaviour.

Drainage density (Dd) According to [46], the Dd affects the concentration time and thus, the
peak flow, as the flow velocity is increased in the river network.

This criterion was judged appropriate to be used in the study. It might be
achieved through the river network of Sao Paulo [47].

Elevation Low lying areas, where the DEM cells have lower elevation, are naturally
susceptible to flow accumulation [2]. In coastal areas, these areas are
also more affected by the high tide [3].

This criterion was considered appropriate to be used in the study. It
might be achieved through a Digital Elevation Model (DEM), which is
available for the study area.

Flow length It is the distance of the flow from any point of the basin to the outlet. The
lag time of the basin is represented by the division of the flow length by
the flow velocity, which concerns the contribution of the basin towards
the outlet.

This criterion is not appropriate as it is not decomposable from the slope.
In a Geographical Information System (GIS), the equivalent flow length
is calculated in a similar way to the slope of a segment. It is not
operational and not concise either, as the value depends on the selected
segment. Moreover, it should not be used in the study.

Peak flow (upstream) The peak flow is related to the occurrence of rainfalls. The level of water
in rivers rises when there are heavy rainfalls.

It is not decomposable from the rainfall or operational. As the basin is
ungauged, there is no representative data available. So, this element
should not be used in the study.

Presence of highways It refers to the presence of highways and how it affects the drainage
system in the surrounding area.

This is a redundant criterion, as it is achieved by the use of a LULC map.
It is not operational either. As there is no micro or macro drainage plan
for the area yet, nothing can be inferred about the drainage. Thus, it
should not be used in the study.

Presence of riparian forests It refers to the presence of riparian forest (vegetation situated on the
banks of a river) and how it affects the discharge, roughness and
infiltration along the length of the rivers.

This is a redundant criterion, as it is achieved by the use of a LULC map.
The same area is classified and converted to a CN value, which takes into
consideration the soil infiltration of the respective LULC class. Moreover,
it should not be used in the study

Presence of wetlands It refers to the areas where there is a natural flow accumulation,
especially in the rainy season.

This is a redundant element, as it is achieved by the use of a LULC map.
The same area is classified and converted to a CN value, which takes into
consideration the soil infiltration of the respective LULC class. Thus, it
was judged inappropriate for the study.

Slope It influences the direction and the total area available for the surface
runoff. It contributes essentially to the duration of the surface flow,
infiltration and subsurface flow [2].

Appropriate to be used in the study. It might be achieved through
geoprocessing techniques applied to a DEM, which is available for the
study area.

Rainfall Heavy rainfalls are the triggering cause of floods. As the plains of the
study area are surrounded by high and steep mountains, they are also
affected by orographic rain.

This criterion is appropriate to be used in the study. Data is available
from rain gauges distributed around the basin. Thus, geoprocessing
techniques and spatial analysis will be necessary for the rainfall
interpolation.

Tide level The plains of the study area are in a coastal low lying region. This
criterion refers to how tide level could affect the flow in the river
network.

There is no data recorded in the field regarding how different the
dispersion of the tide is throughout the plains. Then, this element is not
operational, and not measurable, as there are no available data.
Consequently, it may not be applied in the study.

Time of concentration It is the average time need for the water to flow towards the outlet of the
basin. The calculation might use different equations, which mostly use
the slope and area as input variables. The equation is chosen based the
LULC and area.

The element is not decomposable from the slope. It is not concise,
because If the sub-basins are divided into smaller portions, other
equations have to be applied, providing different results. Therefore, it is
inappropriate to be used in the study.

Underground water level It refers to the natural infiltration condition of the soil. When the
saturation level is high, the infiltration decreases.

There is no representative data available. As it is not achievable for the
time being, it was considered not measurable and judged as
inappropriate for the study.
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out of 10) in both rounds. This is one of the peculiarities of the Delphi
method outcomes, i.e. to be in a limited range due to the removal of the
quartile outliers (see the 3rd paragraph of item 2.2 - Delphi method).
The variation of hierarchy was observed between the 1st and 2nd most
dominant criteria (elevation and Dd). Regarding the weakest ones (i.e.
CN and slope), they were both in the 4th position after the 2nd round
and then they were allocated in the 4th and 5th positions, respectively,
after the 3rd round.

4.3. Hierarchical process

The first step after the score attribution was to analyse the disper-
sion of the data (Fig. 6). Even though the range was limited, there were
two evident clusters. The first was with the two most dominant criteria
and the other with the three least dominant ones. One of the features of
the root square judgement scale [24] is that the weight allocation might
be smoothly distributed in disperse data sets. Thus, this scale was the
one used in the AHP.

The extended AHP approach of [25] was carried out, generating the
pairwise comparison matrix with the root square judgement scale. The
further AHP steps were conducted until the normalised weight vector
was obtained (refer to Table A4 in the Appendix).The same procedure
was developed using the linear judgement scale [29] up to the con-
sistency evaluation. The comparison results are presented in Table 5.

The root square judgement scale showed more consistent results
than the linear scale for the CI and CR which were both less than 0.1

and closer to zero. The allocation of priority values was also smoother
for the root square judgement scale. The discrepancy of values allocated
to the 2nd most dominant criterion (Dd) was not high, but very sig-
nificant compared to the weakest criteria (Rainfall, CN and slope).
Therefore, the selection of the root square judgement scale for the AHP
in the study was corroborated.

At last, the sensitivity analysis (SA) was carried out by the evalua-
tion of two different scenarios: the increase of 10% and the decrease of
0.5% of the most dominant score. The decrease was of 0.5% as there
was only a deviation of 1% between the 1st and 2nd most dominant
criteria. If more than 0.5% was deducted, a hierarchical change would
occur in the AHP. As there were no significant differences noticed at the
results of the SA within the two testing scenarios, the methodology
applied in the study might be considered consistent. The final outcomes
are shown in Table 6 and the complete AHP matrices using the two
sensitivity testing scenarios are displayed in the Appendix on Tables A5
and A6.

In both scenarios, there was no change in the hierarchical order. As
expected, the values of the 2nd most dominant criterion were modified,
but a slight discrepancy occurred in the three least dominant criteria.
The model was also consistent for the two different scenarios.

In future works, the selected criteria might be implemented in a GIS
model to simulate the response of the basin in different scenarios. The
numerical value of each criterion may vary in different periods of time
but the criteria weights, which were selected in this study, will remain
the same. For instance, pretending that the CN is currently 70, due to a
LULC of a forest in a HSG of type C, and in the future the CN becomes
90 (after the urbanisation process), the criteria weight to be inserted in
the GIS model will still be 3.31 for both scenarios (i.e. for CN1 = 70 and
CN2 = 90), but the value of the criterion CN will vary from 70 to 90.
However, if the effect of each criterion changes or even more criteria
start affecting the response of the basin to floods, the methodology of
this study has to be carried out again and updated weights need to be
attributed.

5. Conclusions

In the current study, we presented the expert-based survey by the
use of the Delphi method, which was enhanced by the cognitive map of
the aggregated criteria and the evaluation of the key elements of [19].
The outcomes were consensual, and the common respondents' biases
that normally occurs in DM surveys could be avoided. The judgement of
all experts was statistically treated, resulting in a limited range of
weights (8.36 to 8.88). Moreover, the use of the extended AHP ap-
proach of [25] was effective to convert this restricted scale to a wide
range of priority values.

We proposed the use of the root square judgement scale [24], which
provided a better consistency than the linear scale [29]. The final cri-
teria weights were also better distributed, especially for the three least
dominant values. By the use of the linear scale, the criteria weights had
a similar behaviour to the initial ones (assigned by the experts), which

Table 5
Results of the pairwise comparison carried out in the study using both linear
and root square judgement scales.

Criteria Criteria weight
linear root squared

Elevation 10.00 10.00
Dd 7.42 7.72
Rainfall 3.04 4.25
CN 2.06 3.21
slope 1.39 2.45
Consistency Evaluation CI 0.0503 0.0244

CR 0.0449 0.0218

Table 6
The sensitivity analysis of the two different scenarios.

Criteria Weight
vector
(current
scenario)

Weight vector
(Elevation+ 10%)

Weight vector
(Elevation -
0.5%)

Elevation 10.00 10.00 10.00
Dd 7.72 5.14 8.72
Rainfall 4.25 3.48 4.38
CN 3.21 2.96 3.31
Slope 2.45 2.57 2.53
Consistency

Evaluation
CI 0.0244 0.0151 0.0213
CR 0.0218 0.0135 0.0190

Table 4
Criteria score and hierarchy in 2nd and 3rd rounds.

Criteria 2nd Round Hierarchy 3rd Round Hierarchy

CN 8.20 4 8.43 4
Dd 8.87 1 8.80 2
Elevation 8.67 2 8.88 1
Rainfall 8.53 3 8.50 3
Slope 8.20 4 8.36 5

Fig. 6. Analysis of the dispersion among the criteria scores.
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were split into two main clusters: one with the two most dominant
weights and the other with the three least dominant weights. Conse-
quently, the root square judgement scale [24] enhanced the AHP out-
comes of the study model.

Lastly, the sensitivity analysis demonstrated the coherence of the
weight vector. The simulation of different scenarios by the modification
of the most dominant criteria only affected the final weights but not the
hierarchy. The methodology proposed in the study was very useful to
evaluate the consistency and the sensitivity of the model, providing
reliable matrices and appropriate allocation of priority values.

Acknowledgements

We gratefully acknowledge UNICAMP and the Brazilian National
Council for the Improvement of Higher Education (CAPES) for the study
support, the IFSP for the professional qualification incentive, and the
Australian Government for the Research Training Program (RTP) Fees
Offset Scholarship at Swinburne University of Technology. We would
also like to express our great appreciation to the experts for their
contribution in the survey, to Dr Melanie Dare and CPEng Glenn
Mummery for proofreading the article, and to the reviewers, who sig-
nificantly contributed for the improvement of this paper.

Supplementary materials

Supplementary material associated with this article can be found, in the online version, at doi:10.1016/j.orp.2019.100116.

Appendix

Table A1, A2, A3, A4, A5, A6.

Table A2
Analysed criteria in the 2nd round.

Criteria General experts Statistical analysis
01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 mean Q1 Q3

CN 10 9 8 8 9 7 10 8 8 8 7 9 7 8 7 8.20 7.5 9.0
Dd 10 9 10 9 8 10 8 8 10 10 8 8 8 8 9 8.87 8.0 10.0
Elevation 10 10 9 8 8 10 10 8 10 9 8 7 7 7 9 8.67 8.0 10.0
Rainfall 10 8 9 8 8 9 10 8 8 8 8 9 9 8 8 8.53 8.0 9.0
Slope 10 10 8 7 7 9 8 8 8 8 9 8 9 7 7 8.20 7.5 9.0

Table A3
Analysed criteria in the 3rd round.

Criteria General experts Hydrology experts Statistical analysis
01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 01 02 03 04 05 mean Q1 Q3

CN – 9 8 8 9 – – 8 8 8 – 9 – 8 – 8 9 9 9 8 8.43 8.0 9.0
Dd 10 9 10 9 8 10 8 8 10 10 8 8 8 8 9 8 10 9 8 8 8.80 8.0 10.0
Elevation 10 10 9 8 8 10 10 8 10 9 8 – – – 9 8 8 9 9 8 8.88 8.0 10.0
Rainfall – 8 9 8 8 9 – 8 8 8 8 9 9 8 8 9 9 9 9 9 8.50 8.0 9.0
Slope – – 8 – – 9 8 8 8 8 9 8 9 – – 8 9 9 8 8 8.36 8.0 9.0

Note: (-) represents the quartile outliers (i.e. from the Q1 and Q3), which were removed from the 2nd round (refer to item 4.2 - Score Attribution).

Table A1
Criteria selected by the experts in the 1st round of the survey.

General Experts 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 votes %

Brainstorming criteria CN x x x x x x x x x x x x x x x 15 100
elevation x x x x x x x x x x x x x x x 15 100
flow length – – – – x x x x x – – – – x – 6 40
peak flow (upstream) x x x – – – – x – – x x – – – 6 40
presence of highways X x x x – – – – – – – – – – – 4 27
presence of riparian forests X – x – – – – x x x x x – x x 9 60
presence of wetlands X x x x – x – x x – x x – – x 10 67
rainfall X x x x x x x x x x x x x x x 15 100
slope X x x x – x x x x x x x x x x 14 93
presence of riparian forests X – x – – – – x x x x x – x x 9 60
tide level X x x x – x – x x x – – x x – 10 67

Suggested criteria drainage density X – – x x x – x x x x x – x x 11 73
time of concentration – – x – – – – – – – – – x – – 2 13
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Table A5
AHP matrices used for the SA considering the elevation weight+ 10%.

Criteria Elevation DD Rainfall CN Slope

AHP extended approach of [25] Weight 9.77 8.80 8.50 8.43 8.36
Elevation 0.00 0.97 1.27 1.34 1.41
Dd – 0.00 0.30 0.37 0.44
Rainfall – – 0.00 0.07 0.14
CN – – – 0.00 0.07
Slope – – – – 0.00

Pairwise Comparison Matrix Elevation 1.000 2.646 3.000 3.000 3.000
Dd 0.378 1.000 1.732 2.000 2.000
Rainfall 0.333 0.577 1.000 1.414 1.414
CN 0.333 0.500 0.707 1.000 1.414
Slope 0.333 0.500 0.707 0.707 1.000
Total 2.378 5.223 7.146 8.121 8.828

Normalisation Elevation 0.421 0.507 0.420 0.369 0.340
Dd 0.159 0.191 0.242 0.246 0.227
Rainfall 0.140 0.111 0.140 0.174 0.160
CN 0.140 0.096 0.099 0.123 0.160
Slope 0.140 0.096 0.099 0.087 0.113

Eigin Vector Criteria Mean Vector V Vector W λ λmax (average)
Elevation 0.411 2.1021 10.00 5.1118
Dd 0.213 1.0810 5.14 5.0725
Rainfall 0.145 0.7313 3.48 5.0439
CN 0.124 0.6211 2.96 5.0242
Slope 0.107 0.5406 2.57 5.0507 5.0606

Table A4
AHP matrices with the extended approach of [25] and the root square judgement scale [24] of the current scenario.

Criteria Elevation Dd Rainfall CN Slope

AHP extended approach of [25] Weight 8.88 8.80 8.50 8.43 8.36
Elevation 0.00 0.08 0.38 0.45 0.52
Dd – 0.00 0.30 0.37 0.44
Rainfall – – 0.00 0.07 0.14
CN – – – 0.00 0.07
Slope – – – – 0.00

Pairwise Comparison Matrix Elevation 1.000 1.732 2.646 2.828 3.000
Dd 0.577 1.000 2.450 2.646 2.828
Rainfall 0.378 0.408 1.000 1.732 2.000
CN 0.354 0.378 0.577 1.000 1.732
Slope 0.333 0.354 0.500 0.577 1.000
Total 2.642 3.872 7.173 8.784 10.561

Normalisation Elevation 0.378 0.447 0.369 0.322 0.284
Dd 0.219 0.258 0.342 0.301 0.268
Rainfall 0.143 0.105 0.139 0.197 0.189
CN 0.134 0.098 0.080 0.114 0.164
Slope 0.126 0.091 0.070 0.066 0.095

Eigin vector Criteria Mean Vector V Vector W λ λmax (average)
Elevation 0.360 1.8528 10.00 5.1443
Dd 0.277 1.4301 7.72 5.1542
Rainfall 0.155 0.7877 4.25 5.0850
CN 0.118 0.5947 3.21 5.0412
Slope 0.090 0.4532 2.45 5.0628 5.0975
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