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Insights from an Initial Exploration
of Cognitive Biases in Spatial Decisions

Valentina Ferretti

7.1 Introduction

Behavioral decision research has demonstrated that judgments and deci-
sions of ordinary people and experts are subject to numerous biases,
from both the cognitive and motivational points of view (Tversky and
Kahneman 1974; von Winterfeldt and Edwards 1986). This line of
research stimulated the study of behavioral issues and their implications
across many disciplines, recently reaching the domain of Operational
Research (Kunc et al. 2016).

Within the broad field of Operational Research, the domain of spatial
multi-criteria decision analysis, i.e. the integration of geographic informa-
tion systems (GIS) with multi-criteria decision analysis (MCDA) tech-
niques, has been attracting increasing interest in the last two decades, from
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both the research and application points of view (e.g. Malczewski 2006;
Ferretti 2013), especially in the environmental decision-making field (e.g.
Huang et al. 2011).

Several reasons may explain this growing trend. First, recent tech-
nological developments in spatial analysis have allowed to upscale GIS
capabilities leading to the embedding of GIS and MCDA within the
same software packages (Malczewski 2006). Second, the increased aware-
ness about the important role of the spatial dimension (it has indeed
been estimated that 80% of data collected and managed across all sectors
of society include geographic references; Williams 1987, p. 151) has led
to more integrated decision-making processes (e.g. Ferretti and Gandino
2018). Indeed, combining information on location or geographical
extent with structured expert judgment elicitation processes helps ana-
lysts fuse disparate data sets into new and valuable information, thus
gaining important insights on the decision problems under analysis.

While the attention toward possible biases has already permeated the
non-spatial MCDA field (e.g. Morton and Fasolo 2009), the presence
of both traditional and possibly new biases has not yet been explored
in the growing domain of spatial MCDA. Given how the World Wide
Web has profoundly reshaped the public perception and usage of maps
making them an ordinary tool across all domains, the time seems ripe
to investigate the maps’ role as mediators leading to possible behavioral
implications for human judgment in spatial decision-making processes.

The objective of this research is thus to initiate the exploration as
well as a preliminary discussion of behavioral aspects in both the design
of spatial MCDA models and in the interpretation of their results. To
detect modelers’ behavior trends and patterns, this chapter proposes a
review of the recent literature on spatial MCDA processes according to
multiple dimensions of interest (field of application, decision problem
type, choice of the MCDA method to use in combination with GIS and
corresponding justification for its choice, degree of balance of the deci-
sion models and type of classification used in the final maps’ legend for
the interpretation of the spatial results).

The contribution of this study is twofold. First, this chapter will
initiate a discussion about the implications of the observed behav-
iors in GIS-MCDA applications. Second, it will propose preliminary
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guidelines on how to design spatial decision processes able to convert
unconscious effects into beneficial competences.

The remainder of the chapter is organized as follows: Sect. 7.2 illus-
trates the literature survey method and the study research questions,
Sect. 7.3 presents the preliminary results of the review and classification
of the literature and, finally, Sect. 7.4 concludes the chapter by discuss-
ing implications of the findings and initial guidelines.

7.2 Literature Survey
Method and Research Questions

This study is the first one to explore the presence and implications of
behavioral aspects in spatial decision-making processes. As a conse-
quence, a research based on keywords linked to the fields of behavioral
science and spatial decision-making processes is unable to provide rel-
evant results. Authors, spatial decision support systems designers and
modelers are indeed not yet aware of the presence of behavioral aspects
(i.e. cognitive and motivational biases) in map-mediated judgments and
therefore do not mention them in their scientific papers. This study has
thus performed a literature search using the SCOPUS scientific database
and the list of keywords from Table 7.1 with the aim of identifying all
applications of spatial decision analysis starting from the environmen-
tal decision-making domain. The reason for a preliminary focus on the
environmental domain is its intrinsic need for the integration between
geographical information science and decision science, which results in
this field being the most active one in the development of applications of
spatial decision analysis (Malczewski and Rinner 2015). Indeed, in envi-
ronmental decision-making processes all key components of the decision
have a spatial nature: from the alternatives under analysis that have a
spatial localization, to the geographic distribution of their impact, to the
spatially non-homogeneous values of the decision-makers and stakehold-
ers’ preferences (e.g. value functions and weights; Simon et al. 2014).

To be able to identify key and recent behavior’s trends and patterns
associated to the design and use of spatial decision support systems, this
study reviewed in detail and classified the literature published between



V. Ferretti

122

([.IAN3,, ‘VI¥VLDIrans]
OL-LIIAIT) ANV ([.Swa3sAs 1ioddng uoispaq |enreds,, YO ,SWaisAs
uolrewJoyu| d1ydeabosn,, YO .SID.] ANV [, IDNS. HO ,uonen|eay
eI N [e1reds,, YO ,uollien|eAs elaild 13N\ |eneds, YO
Loupje uoispaqg eludNAL, YO BUeA uoIsIdaQ eliald
IHNIAL, HO ,SIsAjeuy eUayDdIYNIAL, YO LSIsAleuy euaid 11 NAL,
4O ,Sishjeuy uoispaq eldudINAL, YO LSIsAjeuy uoisiaq elad

6€S 11NN, 4O L INADINL, YO . VDWW, O . VADINL,]) AIN-SAV-I1LIL  910Z ke

§l0¢ 19qwiedeqg LE
pue 0661 Aienuer | usamiaq paysi| yoJess
-qnd siaded Buiynsai Jo JaquinN spJomAay 4O 1sI7T By} JO 91eQ

aseqelep d111Ua1ds SNJODS Y3} UO Ydieas ainielall| a3 104 pasn splomAay L/ ajqeL



7 Insights from an Initial Exploration ... 123

1 January 2013 and 31 December 2015, i.e. 229 papers, which repre-
sent 42% of the whole body of literature published on the topic. After
removing duplicates, papers written in a language different than English
and papers not including an application, 149 articles were left for a full
review.

The following three research questions underpin the exploration of
the novel field of research of behavioral spatial decision science:

1. How do modelers in spatial environmental decision-making choose
the MCDA method to be integrated with GIS?

2. Are decision models in GIS-MCDA studies balanced or unbalanced
in terms of criteria structures and what are the associated implica-
tions for human judgment?

3. How are the final maps resulting from the spatial decision-making
process presented with reference to the class break choice (e.g. equally
sized sub-ranges versus use of different cut-off points) and what are
the associated implications for human judgment?

The answers to the above questions will be illustrated and discussed in
Sect. 7.3.1.

7.3 Meta-Analysis of the Literature

The last two decades have experienced a constant and rapid increase
in the yearly number of publications dealing with the integration of
MCDA and GIS to address decision problems in various domains (e.g.
Malczewski 2006; Ferretti 2013).

Table 7.2 shows how the 149 reviewed studies have been classified
according to the field of application and the decision problem.

Most decision problems concerned land suitability analyses
(49.66%), followed by site selection problems (16.78%), with applica-
tions mostly in the water resources/hydrology and environment/ecology
domains (22.15% and 20.13%, respectively). These findings confirm
the trend highlighted in previous reviews by Malczewski (2006) and
Ferretti (2013).
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The term land suitability analysis includes site search problems,
with the definitions of land suitability analyses, site search problems
and site selection problems being those by Cova and Church (2000,
pp. 402—-403) and Malczewski (2004, pp. 4-5). Hence, a site selection
problem is present, if all relevant characteristics of the candidate sites
are known and sites are ranked to find the best one for a certain activ-
ity. When a set of alternative sites is not available, a site search prob-
lem is present. In this case, the boundaries of the best site are defined
within the problem-solving process.

The following paragraphs will illustrate and discuss the answers to the
research questions introduced in Sect. 7.2.

7.3.1 How Do Modelers in Spatial Environmental
Decision-Making Choose the MCDA Method
to Be Integrated with GIS?

As highlighted by Himildinen (2015, p. 246), there is the danger
in environmental decision-making that modelers who only know
one modeling technique interpret every problem as solvable with it.
Therefore, when faced with the decision problem of a client, they
choose the MCDA method they know, even though another method
might be more appropriate to provide meaningful recommendations.
Focusing on integrated GIS-MCDA approaches, the choice of which
MCDA method to combine with GIS has indeed recently been high-
lighted as one of the key meta-choices for spatial decision support
systems designers (Ferretti and Montibeller 2016). The 149 articles
resulting from the literature search proposed in this study have thus
been reviewed with the aim of identifying which MCDA methods have
been integrated with GIS across the many available applications and
of highlighting whether a justification for the choice of the particular
MCDA method was provided.

Table 7.3 illustrates the results of the literature review from the point
of view of the MCDA method being used, while Table 7.4 highlights
how many studies provided indeed a justification for the selection of the
MCDA approach.
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Table 7.3 MCDA methods used in the reviewed studies

MCDA method Frequency %

Analytic hierarchy process 91 61.07
Weighted linear aggregation 20 13.42
Fuzzy analytic hierarchy process 7 4.70
Analytic network process 7 4.70
ELECTRE 4 2.68
Ordered weighted average 4 2.68
Compromise programming 3 2.01
Fuzzy overlay 2 1.34
Boolean overlay 1 0.67
Choquet integral 1 0.67
Compound value method 1 0.67
Point allocation method 1 0.67
Ideal point method 1 0.67
Rapid impact assessment matrix method 1 0.67
Not defined 14 9.40

Table 7.4 Number of studies providing a justification for the selection of the
MCDA approach

MCDA method choice justified Number of studies %
Yes 80 53.69
No 69 46.31

Some articles used more than one MCDA method, thus leading to a
frequency column in Table 7.3 with 158 total cases (from 149 reviewed
papers).

Consistently with previous reviews (e.g., Malczewski 2006; Ferretti
2013; Huang etal. 2011), the vast majority of the studies selected
the Analytic Hierarchy Process (AHP) (Saaty 1980) as the MCDA
approach to be integrated with GIS in spatial decision-making pro-
cesses (61.07% of the studies). The present literature review tries to look
beyond the above descriptive statistics by checking first if a justification
for the selection of the speciic MCDA method is indeed provided in
the reviewed paper and, if yes, by analyzing the type of the provided jus-
tification. Table 7.4 summarizes the trends in the 149 reviewed papers
with reference to the presence or absence of a justification for the selec-
tion of the MCDA approach.
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In 46% of the studies in which the applied MCDA method was
defined, modelers do not justify their MCDA method selection (e.g.
Bagdanavi¢iute and Valiunas 2013). This may be considered an indica-
tor for the presence of the hammer and nail bias, i.e. the tendency for
modelers who know only one modeling technique to interpret every
problem as solvable with it, which has been highlighted as a key danger
in environmental decision-making (Himildinen 2015). The hypothesis
of the author is that modelers not influenced by the hammer and nail
bias would justify the selection of the MCDA method to be integrated
with GIS by stating, for instance, its advantages over other MCDA
methods (e.g. Dragicevi¢ et al. 2014; Malekmohammadi and Rahimi
Blouchi 2014).

Moreover, among the 69 studies (46%) which do not provide a justi-
fication for the selection of the MCDA method, there is none that uses
more than one MCDA approach. Hence, modelers in these studies may
just know one MCDA technique and perceive every decision problem
as solvable with it.

Zooming into those studies that used the AHP approach (i.e.
61.07% of the total), Table 7.5 shows the frequency of the papers pro-
viding a justification for the selection of the method.

As 41% of the studies employing the AHP approach do not provide
a justification for its selection (e.g. Gdoura et al. 2015), this trend may
suggest the presence of the hammer and nail bias.

After analyzing the arguments provided by the modelers to jus-
tify the selection of their modeling approach, it is worth highlighting
that among 54 studies which provide a justification for the selection
of the AHP, 26 of them (48%) referred only to the popularity of this
approach (e.g. Bagheri et al. 2013) and 21 of them (38%) referred to its
use in other similar studies (e.g. Esquivel et al. 2015). This trend may
also show the presence of a groupthink bias, resulting in modelers and

Table 7.5 Number of studies providing a justification for the selection of the
AHP approach

AHP method choice justified Number of studies %

Yes 54 59.34
No 37 40.66
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context experts applying popular modeling techniques without ques-
tioning them (Himildinen 2015, p. 247).

7.3.2 Are Decision Models in GIS-MCDA Studies
Balanced or Unbalanced in Terms of Criteria
Structures and What Are the Associated
Implications on Human Judgment?

Recently, Marttunen et al. (2018) highlighted the importance of objec-
tives hierarchy related biases by reviewing the literature on real world
applications of MCDA. Key findings from this study show that the
hierarchy structure and content can substantially influence weight dis-
tributions. For example, hierarchical weighting seems to be sensitive
to the asymmetry bias, which can occur when a hierarchy has branches
that differ in the number of sub-objectives. These results have trig-
gered research question 2 in this chapter with the aim of studying
whether the same trends can be highlighted also for spatial applications
of MCDA.

To this end, the 149 papers have been reviewed by checking the size
and structure of the decision model structures (i.e. value trees, objec-
tives hierarchies and networks of clusters of objectives). If model struc-
tures were only described verbally, they were reproduced based on the
provided descriptions.

A GIS-MCDA structure of criteria was considered balanced if
it fulfilled two requirements. Firstly, the level of each lowest-level
sub-objective should be the same for all sub-objectives. Secondly, the
difference in the number of lowest-level sub-objectives between the
objective with the most sub-objectives and the objective with the least
sub-objectives should not be more than two (see Figs. 7.1 and 7.2 for
the visualization of the differences between a balanced and an unbal-
anced structure of criteria).

Constraints criteria were not considered within the analysis of the
GIS-MCDA structure of criteria, as they are typically not evaluated by
decision-makers and only used in the screening phase to identify relevant
alternatives. For criteria structures different than the hierarchical one
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Fig. 7.1 Example of a balanced value tree
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Fig. 7.2 Example of an unbalanced value tree

Oifl

(e.g. in the Analytic Network Process models), the number of criteria
in each cluster was counted and it was checked whether the difference
between the cluster with more elements and the one with less elements
was bigger than two.

Table 7.6 summarizes the trends in the 143 papers with reproducible
criteria structures with reference to their level of balance.

The results of the review show that 32.17% of the models in GIS-
MCDA applications may be considered as based on unbalanced criteria
structures (e.g. Yal and Akgiin 2013). When criteria structures are not bal-
anced, those objectives which are decomposed into several sub-objectives
and are thus defined in more detail, are more likely to receive a higher
total weight. This judgment distortion effect is known as the splitting bias
(Jacobi and Hobbs 2007; Himaildinen and Alaja 2008).
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Table 7.6 Classification of the reviewed papers according to the structure of
the decision criteria

Criteria structure Number of studies %

Balanced 97 67.83
Non-balanced 46 32.17
Total 143 100.00

Table 7.7 Classification of the studies according to the number of criteria
included in the decision structure

Number of criteria in the decision structure Number of studies %
>7 20 62.94
<7 53 37.06

Table 7.8 Justification for criteria selection

Justification for criteria selection Frequency %

Literature 81 54.36
Expert judgment 28 18.79
Data availability/data driven approach 28 18.79
Legislation/institutional recommendations 13 8.72
No justification 1 7.38

When analyzing the trees, Miller’s (1956) 7 %2 rule was also consid-
ered. According to this rule, the limit for receiving, remembering and
transmitting information on different elements is in the range of 7+2
elements. Saaty and Ozdemir (2003) highlighted that the rule is also
valid when developing pairwise comparisons and argue that considering
more than seven elements in pairwise comparisons leads to inconsist-
ent judgments and hence flawed weights, for instance, within the AHP
process. Therefore, the literature review presented in this paper also ana-
lyzed the number of criteria included at the same level or within the
same cluster in the decision structures, as too large decision structures
might lead again to judgment distortion and flawed weights (Table 7.7).

As in 62.94% of the studies the number of criteria on the same
level was bigger than seven, there is an additional danger of incon-
sistent weight judgments in GIS-MCDA studies in environmental
decision-making because of too large decision structures.
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To explore possible reasons explaining large and unbalanced decision
structures, the arguments used by the authors to justify their criteria
selection were analyzed. Table 7.8 lists the five most frequent justifi-
cations. As authors of some studies used multiple arguments to justify
their criteria choice, the total number of studies in the frequency col-
umn is bigger than 149.

Interestingly, the “Data availability/data driven approach” category
is the second most frequently used justifications for criteria selection.
Studies categorized as data driven highlight, for example, that within
the process of criteria selection, data availability and quality was an
important argument (e.g. Mighty 2015). This may indicate that in GIS-
MCDA applications in the environmental decision-making domain a
special form of the availability bias, i.e. the human tendency to think
that examples of things that come readily to mind are more representa-
tive than is actually the case, may occur. Indeed, the decision to include
or exclude an evaluation criterion when structuring a spatial decision
model may be influenced by the easiness with which an evaluation crite-
rion map can be created. Hence, researchers might consider a criterion
in their analysis because the evaluation criterion map already exists or
is easy to construct, even though the evaluation criterion map indicates
spatial homogeneity, or the criterion is not relevant, i.e., it is not refer-
ring to a fundamental objective for the decision.

7.3.3 How Are the Final Maps Resulting from the
Spatial Decision-Making Process Presented
with Reference to the Class Break Choice
and What Are the Associated Implications
for Human Judgment?

In GIS-MCDA applications, modelers usually have to describe the final
spatial distribution of the multi attribute aspect under study (e.g. risk
index, vulnerability index, suitability index, etc.) by means of a geo-
graphical output map (Malczewski and Rinner 2015). For this purpose,
common mapping techniques allow them to color areas proportionally
to the represented variable by means of classification methods. However,
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Monmonier (1991) has highlighted that the applied classification method
can have effects on the pattern of a map. Therefore, even though different
versions of the map provide the same information, decision-makers’ judg-
ment about risk/vulnerability/suitability and their associated decisions
may be different depending on which classification method is used.

For example, the study by Jung etal. (2013) provides two differ-
ent final output maps of fire risk in the Kolli Hills in India obtained
through a GIS-MCDA approach. Both maps are based on the same
final scores, but apply different classification methods. The visual com-
parison of the two maps shows that when the equal interval method
is employed (i.e. the modeler uses the lowest and highest value of the
relevant distribution and then divides this range into equally sized sub-
ranges; Monmonier 1993), most values fall in the interval belonging to
the “high risk” category. When, instead, the map uses the natural breaks
method (i.e. the variance within classes is minimized and the variance
between classes maximized; Jiang 2013), most areas are categorized as
“very high risk” areas.

Imagining a decision-maker who has to allocate a budget for forest
fire protection, he/she may perceive the overall risk as higher when visu-
alizing the map obtained using the natural breaks method, as more areas
are classified as having a very high fire risk. Therefore, he/she may be
willing to invest more in forest fire protection when making a decision
based on the latter map, compared to one based on the map where the
equal interval method was employed, even though the two maps were
generated from the same final data.

To explore GIS-MCDA applications’ trends with reference to the
map classification approach, this paper reviews the type of legend used
in the final output maps of the 149 papers under consideration. When
the study used classification methods and provided linguistic labels for
the different classes in the legend, the study was categorized as using
qualitative output maps (e.g. unsuitable areas, suitable areas, etc.; Akin
etal. 2013). When the authors reclassified scores on a numerical scale
indicating different levels of intensity, the study was categorized as using
quantitative output maps (e.g. Hamzeh etal. 2015). Both qualitative
and quantitative maps are based on classification procedures. When the
authors used continuous color scales in the final output map to indicate
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Table 7.9 Trends in GIS-MCDA applications with reference to the type of output
map

Type of legend Frequency %
Qualitative legend 89 59.73
Continuous color scale 19 12.75
Quantitative legend 16 10.74
Different maps with different legends 5 3.36
Other 20 13.42
Total 149 100.00

the range between the minimum and maximum values (e.g. Wanderer
and Herle 2015), studies were categorized as using maps based on a
continuous color scale. Table 7.9 summarizes the trends in the reviewed
papers with reference to the type of output map being generated.

The “Different maps with different legends” category refers to stud-
ies in which different final output maps with different types of legends
were used (e.g. Romano et al. 2015). At least one of the maps presented
in these studies used a classification method.

Considering categories “Different maps with different legends”,
“Qualitative legend” and “Quantitative legend”, 73.38% of the studies
applied classification methods when creating the final output map. Thus,
in the majority of the GIS-MCDA applications reviewed, class break
choice can influence human judgment in the interpretation of the out-
put map. Zooming into those studies that used a classification method to
present the final output map, 22 of them (20.18%) used the equal interval
method, 46 (42.21%) used a classification method different from the equal
interval one and 41 of the studies (37.61%) did not state which classifica-
tion approach was used. This may suggest poor practice, as not all relevant
information to replicate the results of the studies are adequately presented.

7.4 Conclusions: Preliminary Guidelines

This section builds on the answers to the three research questions pre-
sented in Sect. 7.3 with the aim of suggesting preliminary guidelines
for the improvement of judgments and decisions in spatial modeling
processes.
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Starting from research question 1, key findings highlight that in
almost half the applications a justification for the selection of which
MCDA approach to integrate with GIS was missing, thus suggest-
ing that a hammer and nail bias may exist. When a justification was
instead provided, it often referred to the popularity of the method,
thus opening the possibility for a groupthink bias. Choosing the right
MCDA approach is indeed one of the key meta-choices for spatial deci-
sion support systems designers, as recently highlighted by Ferretti and
Montibeller (2016). A solution for debiasing the hammer and nail bias
and groupthink might be for modelers to use a set of guiding questions
when deciding which MCDA method to combine with GIS (Ferretti
and Montibeller 2016). For example, the first guiding question could be
“what type of results would you need to obtain?” The possible choices
available for this question are land suitability maps (choice problem),
or comparison among existing alternatives (ranking problem), or clus-
tering alternatives into predefined categories (classification problem).
The second guiding question for the selection of the most appropri-
ate MCDA method to be integrated with GIS could refer to the type
of elicitation protocol to be used to gather information from experts/
stakeholders. The available choices with reference to this question refer
to the use of qualitative elicitation protocols or quantitative elicitation
protocols. Another important guiding question for the selection of the
MCDA approach in spatial applications considers the relevant char-
acteristics of the problem in terms of compensability, uncertainty and
interaction. Indeed, depending on the level of compensation accepted
by the decision-maker, the level of uncertainty characterizing the inputs
to the model and the level of interaction among the decision criteria,
different methods could and should be selected. The interested reader
can refer to Ferretti and Montibeller (2016) for a more detailed discus-
sion of the guiding questions and associated meta-choices available for
GIS-MCDA designers.

The author believes that this set of guiding questions may help GIS-
MCDA modelers to question the MCDA method they know or those
approaches that are very popular in their field of research and therefore
select the most appropriate one given the characteristics of the decision
context under analysis.
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With reference to research question 2, 32% of the analyzed spatial
models proposed unbalanced criteria structures, which may lead to the
splitting bias and important implications on both the elicited weights
and on the final results. Possible guidelines to tackle this issue consist in:
(i) building concise objectives’ hierarchies and considering opportunities
to simplify the hierarchy, (ii) carefully considering if asymmetric hier-
archies are appropriate and in that case use either weighting procedures
which are insensitive to the hierarchy structure or consistency check
questions across branches, and (iii) avoiding deep hierarchies as they are
more prone to behavioral and procedural biases than flatter hierarchies
(Marttunen et al. 2018).

Finally, with reference to research question 3, over 59% of the studies
used qualitative legends with ambiguous labels and incomplete informa-
tion when creating final output maps, which indicates bad practice and
may lead to judgment distortion in the interpretation of the results. It is
indeed known in the behavioral decision science domain that different peo-
ple associate different meanings to the same qualitative label (e.g. high risk
or medium risk or low risk of a certain event happening) when a clear defi-
nition is not agreed, thus resulting in the need to avoid ambiguity as one of
the key properties of a good set of attributes (Keeney and Gregory 2005).

A possible recommendation in this case is to always develop a spa-
tial sensitivity analysis over different classification methods, which will
allow to detect (i) the presence of significant differences in final output
maps when varying the classification approach and (ii) the possibility of
consequently different interpretations from the decision-makers.

The following two limitations of the present literature review should
be highlighted. First, the search in the SCOPUS scientific database has
been limited to the environmental science field of research, but it is not
possible to guarantee that all relevant studies were classified as environ-
mental science studies by the database. Second, due to missing informa-
tion about the evaluation criteria maps in the sample, the analysis of the
classification methods was limited to output maps. Yet, different classifi-
cation methods can also influence the pattern of criteria maps.

In conclusion, the findings from this review and classification of the
recent literature on GIS-MCDA in the environmental decision-making
field show that spatial multicriteria decision-making processes represent
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a new and interesting domain of research for behavioral sciences.
Indeed, the answers to the research questions explored in this paper
have highlighted several biases affecting judgments in GIS-MCDA
processes. First, the hammer and nail syndrome and groupthink may be
relevant biases playing a role in the design phase of the models. Second,
the splitting bias and the availability bias may be relevant biases play-
ing a role in the structuring phase of the models. Finally, ambiguity
in the final output maps could be a relevant issue playing a role in the
interpretation phase of the model results and in the subsequent recom-
mendation stage. Preliminary debiasing solutions have been suggested
for each identified bias in spatial decision-making processes and future
developments of this innovative field of research will focus on testing
and comparing the efficacy of the proposed debiasing approaches.
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