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ABSTRACT Planning an itinerary is a complex activity, which includes the choice of a few places to see,
coupled with information on timing, transferring methods and related activities. Intelligent tools such as
recommender systems have been used in order to support these activities. While decisions regarding the type
of trip to undertake are strongly influenced by tourists’ personalities, currently only a few recommenders
exploit information about this aspect. Our aim is to provide itinerary recommender system designers with
some guidance on the integration of knowledge on personality traits and itinerary factors in a recommender.
To do so, first we modeled the most important aspects of an itinerary, starting from the state-of-the-art
literature on recommender systems for tourism. We identified thirteen factors, from the variety (in type
and topic) of Points-of-Interest (POIs) to the expected duration of transfer times, grouped into three broader
dimensions (POIs, time and choice modality). Then, we carried out a survey-based study on Generation Z
(namely, the generation of people born between 1996/1997 and 2012) to investigate if the Big Five personality
traits can affect the user’s decision-making process when planning an itinerary, and, in particular if they are
related to user preferences for the itinerary factors in our model. Finally, we used our findings to define some
guidelines for the design of advanced itinerary recommender systems.

INDEX TERMS Itinerary, personality-traits, decision-making, user study, recommender systems, correlation
analysis, simple regression, canonical correlation analysis.

I. INTRODUCTION
In organizing a journey, tourists usually spend some time in
the complex activity of planning an itinerary, which is a route
composed of one or more points of interest (POIs), coupled
with basic information on timing, transferring methods and
related activities and attractions [1], [2]. The time spent on
the planned activity can be positively or negatively affected
by some itinerary factors [3], such as the type of travel
planned. People tend to spend more time planning trips
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that are expensive or involve particularly far and hard-to-
reach destinations. On the contrary, the quantity of time
spent planning a trip usually decreases if the person has
already a certain familiarity with the destination or if the
planning activity is entrusted to a travel agent [4], [5], [6].
Other user-related variables influencing itinerary planning
are the traveller’s age, income, motivations, educational
level [7], and the word of mouth, i.e. the opinions of other
users [8], [9].

Thus, itinerary planning represents a complex decision-
making processwhich involvesmany different factors besides
people’s preferences and interests [10], especially for the
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younger generations [11]. For example, when tourists plan
trips to new cities, given their interest (‘‘I like Baroque
Churches.’’) they have to choose: what to see, and in
particular, the type of attractions to see according to their
interests (‘‘I’d like to visit Baroque Churches.’’); how similar
the attractions should be (‘‘Would I like to see only one type
of attraction, e.g., only churches, or heterogeneous types,
so also museums, shops, parks, squares?’’); whether to see
as many things as possible (‘‘I’d like to see ALL the Baroque
Churches in the city.’’) or fewer things but in more detail
(‘‘I’d like to visit very well the two most important Baroque
Churches in the city.’’). In making their decisions, tourists
also have to take into account different aspects related to
time, e.g., the total time they can devote to the trip, the time
needed to visit each attraction, the opening times of each
attraction, the time needed to move from one attraction to
another, how to distribute time during the entire trip, if they
want to carve out some free time for other activities, which
are the peak visiting hours for each attraction. The tourist can
apply different choice modalities, e.g., some people prefer to
carefully plan the trip before departure, while others prefer
not to plan and instead to follow the inspiration of themoment
during the trip ( [12], [13], [14]). Some people prefer to plan
their trips autonomously, while others prefer to be guided by
the people they consider experts ( [9], [15]).

In order to support people in the decision-making process,
intelligent tools such as Recommender Systems (RSs) [16]
have been used. RSs ‘‘produce individualized recommen-
dations as output or have the effect of guiding the user
in a personalized way to interesting or useful objects in a
large space of possible options’’ [17]. Recommendations are
usually related to simple low-risk decision-making processes,
such as products to buy, music to listen to, or movies to watch.
However, these systems can also be exploited to make more
complex high-risk decisions, related to e.g., health, money,
time management, and itinerary planning red [18]. In this
context, in order to provide effective support, a recommender
system should act similarly to theway people make decisions:
i.e., it should manage a large amount of information about
places and users, as well as take into account the different
aspects that impact the decision-making processes. Instead,
many early works on itinerary recommendation [19], [20],
[21] are only based on the orienteering problem [22],
where the main objective is to recommend an itinerary that
maximizes a global profit/reward and can be completed
within a specific budget. Other works used attraction
popularity [23], [24], [25]. In recent years, more researchers
have incorporated user interests and/or specific preferences
to personalize such itinerary recommendations [26], [27],
[28], [29].

Relevant work has shown that tourists’ decisions regarding
the experiences they choose to live and the type of trip
they decide to undertake are strongly influenced by their
personality [30], [31]. Personality also has an impact on user
perception of tourism-related information sources [32], travel
behavioural patterns [33], [34], [35] and preferred locations

and activities [30], [36], [37], [38]. However, only a few
studies consider psychological traits in the user profile and
in the recommendation process [39], [40], [41].

Starting from these considerations, our aim is to provide
travel recommender system designers with guidance on the
integration of personality traits in an itinerary recommender.
The main idea is that they can mediate user preferences for
several aspects of an itinerary. To do so, we first created
a model of an itinerary. We identified its most relevant
dimensions by analysing the state-of-the-art of itinerary
recommender systems and literature on the psychology of
tourism. Further, we investigated if specific psychological
traits can affect users’ decision-making process when choos-
ing an itinerary. More specifically, we refer to the five
personality traits included in the Big Five Model: openness
to experience, conscientiousness, extraversion, agreeableness
and neuroticism [42], which is probably the most popular
personality model nowadays. We carried out a survey-based
correlational study to understand if the Big Five traits can
be used to predict user preferences with respect to some
itinerary dimensions (such as type and topic variety, duration
of transfer times or availability of free time), or with
respect to the choice of methodology (planning or not,
source of the advice). We decided to focus on young adults
(19-24 years), the so-called Z generation.1 This is the
first generation which was exposed to the Internet from
early childhood, hence the people from this generation are
accustomed to the use of technology and social media, which
do affect their behaviour to a certain extent. They have been
referred to as ‘‘digital natives’’. This category of young adults
is an interesting target in the tourism domain for the following
reasons:

• they are skilled technology users, hence many are
capable of making informed decision when planning
their travel or organizing visits to the sites that interest
them

• for many of them traveling is an integral part of their
lives

• they have access to services which make them
autonomous in their travel organization and planning

• their behaviour, planning and motives are strongly
influenced by social media

• they are highly concerned about safety and privacy
• they are willing to collaborate with others, at the same
time respecting the private space of the others

• they are invested into well being of others and of our
planet.

Finally, we used the findings of this study to define
the guidelines which could be used to support the design
of itinerary recommender systems that consider itinerary
dimensions and users’ traits.

1The termGeneration Z (or Centennials, Digitarians, Gen Z, iGen, Plurals,
Post-Millennials, Zoomers) refers to the generation of people born between
1996/1997 and 2012, generally children of Generation X (1965-1980) and
the last Baby Boomers (1946-1964). This generation was preceded by the
Millennials.
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Thus, our paper provides multiple contributions:
• firstly, we defined a model of the most important
itinerary dimensions;

• secondly, we identified statistical correlations between
personality traits (represented according to the Big Five
model) and itinerary dimensions;

• thirdly, we provided a set of guidelines which suggest
how such correlations can be used to inspire the design
of itinerary recommender systems.

The paper is structured as follows. In Section II, we provide
the state-of-the-art on the psychology of tourism and itinerary
recommenders. Section III presents our itinerary model.
Section IV describes our user study, followed by the statistical
data analysis in Section V. The main findings are presented
and discussed in Section V-E. Section VI provides some
guidelines for the design of itinerary recommender systems.
Section VIII concludes the paper.

II. STATE OF THE ART
The expression ‘‘Psychology of tourism’’ has been coined
in recent years to account for a tendency to move from
understanding tourist activity as merely and purely economic
activity to considering other aspects as well, such as
psychological and social ones. Psychology also studies the
processes travellers follow to make their own decisions
and many factors, including personality traits, which can
influence the decision-making process [43]. In this section,
we start by providing a brief overview of the Big Five model
of personality and how it has been used in tourism and in the
domain of itinerary recommender systems.

A. THE BIG FIVE MODEL OF PERSONALITY
In psychology, trait theory is based on the idea that
personality can be described according to traits, i.e., habitual
patterns of behaviour, thought, and emotion. While they
differ across individuals, traits are relatively stable over
time and situations [44]. Trait theories have suggested a
variable number of traits: for example, Cattell [45] identified
16 personality factors, whereas Eysenck limited himself to
only three [46]. The so-called Big Five is a five-factor
model which has received wide attention as a comprehensive
model of personality traits. The five factors, each of
which represents a range between two extremes, are the
following [42]:

1) Openness to experience. This trait is related to
the imagination, audacity, originality and breadth of
interest which can be observed not only in ideas
and values, but also in other areas, such as fantasy,
feelings and actions. Although open individuals are
often deemed (and see themselves) as relatively more
intelligent, openness and intelligence are separate
aspects of individual differences.

2) Conscientiousness. This trait can be intended as either
the fact of being governed by one’s own conscience,
or as carefulness and thoroughness. Individuals who
are high in conscientiousness can be best described

as directed, a concept which includes scrupulousness,
dutifulness and pro-activity.

3) Extraversion. This factor can be identified with
lively sociability and enjoying the company of other
people (although the opposite is not necessarily true).
An extrovert can usually be described as ‘‘sociable,
fun-loving, affectionate, friendly and talkative’’ [42].

4) Agreeableness. This factor is related to trust, affection,
and prosocial behaviors. While individuals high in
agreeableness are more cooperative, those who are best
described by the opposite pole, antagonism, ‘‘always
seem to set themselves against others’’ [42]. On the
other hand, high agreeableness may degenerate into
dependence and fawning.

5) Neuroticism. According to most theorists, this trait
apparently includes negative effects such as anxiety,
depression, anger and embarrassment. In addition,
it can be characterized by the disturbed thoughts and
behaviours that can accompany emotional distress.
This trait is also often named after its positive extreme,
i.e., emotional stability [47]. We will use the second
term in our study since it can be seen as a positive
personal trait and fits better into our considerations.

B. BIG FIVE AND TOURISM
Several studies have shown different trends in people’s
attitudes in relation to a greater presence of one or the other
trait.

Tan and Tang [32] focused on information search
behaviour in Taiwan, investigating how the Big Five
personality traits affect the user perception of different
tourist information sources and feedback channels. Relevant
correlations were found mainly for openness to experience,
conscientiousness, extraversion and neuroticism.

Jani [33] analyzed data coming from a survey adminis-
tered to Korean domestic tourists and discovered statistically
significant associations between the Big Five factors and the
twelve travel personalities of Mitsche et al. [48], i.e., cultural
creature, city slicker, sight seeker, family guy, beach bum,
avid athlete, shopping shark, all rounder, trail trekker, history
buff, boater and gamer.

Neidhardt et al. [34] combined the Big Five personality
traits with the seventeen tourist roles of Gibson and
Yiannakis [49] developing the Seven-Factor Model which
describes independent travel behavioural patterns. In the
authors’ work, the travel profile of users is identified by
asking them to choose a set of pictures which determine the
scores associated to each factor.

Tran et al. [36] used canonical regression analyses to
study the correlation between the Big Five personality
traits and the five dimensions described by Pizam and
Sussmannn [50] which represent different tourist behaviour
characteristics. Results also indicate what type of tourist
activities and attractions may be associated to each person-
ality trait: for example, extroversion is positively associated

61970 VOLUME 11, 2023



F. Cena et al.: How Personality Traits can be Used to Shape Itinerary Factors in Recommender Systems

with social interactions, openness with adventure and nov-
elty, while conscientiousness with knowledge about the
destination.

In their recent work, Akhrani and Najib [37] put
forward a subdivision of travel styles based on the Big Five
personality traits, investigating the correlation between the
latter and the individual preferences for soft-adventure travels
(i.e., travels characterized by low levels of risk, definite
results, careful planning, and safe, controlled environments)
or riskier journeys. They found that the preference for
soft adventures positively correlates to conscientiousness,
agreeableness and extraversion, but does not correlate to
neuroticism or openness to experience (which can be instead
associated to a preference for high-risk activities, according
to [51]).

Alves et al. [30] proposed a model to relate the Big
Five personality dimensions with individual’s preferences for
tourist attractions. To this aim, the authors extracted eleven
categories representing factors that characterize attractions
and investigated what personality traits were relevant to
predict user’s preferences. Among other things, they found a
negative relation between conscientiousness and a preference
for adventure, indicating that less conscientious people tend
to enjoy risky activities.

Table 1 presents the specific goals, themodels involved and
the method used for each study.

Our study is different from such state-of-the-art studies
since we focused on the relation of personality traits with
specific dimensions of an itinerary.

C. PERSONALITY-BASED RECOMMENDATION
As mentioned in the Introduction (Section I), only a few
recommender systems consider the Big Five model in the
creation of a personalized recommender. The most relevant
for the tourism domain are the following ones.

Bachrach et al. [52] developed a crowdsourced tourism
recommender system which uses the Big Five personality
traits to build user profiles and predict how individuals would
rate single attractions.

Braunhofer et al. [53] developed a context-aware mobile
recommender system for POIs in which user preferences
are learned by using the information on the individual’s
personality.

Ishanka and Yukawa [39] proposed a travel recom-
mender system which exploits information on emotion
and personality to model user profiles. Behaviour data,
collected on Twitter, are used by the system to determine
the individual’s Big Five personality traits and each user
is assigned a personality category depending on the most
relevant trait.

Jeong et al. [40] designed a travel recommender system
which employs Deep Learning to suggest tourist attractions
based on the user’s personality type (extrovert or introvert).

Atas et al. [41] studied the process of determination
of preferences and how they are influenced by various
psychological factors such as personality traits.

Our work is positioned in this context since we aim at help-
ing in the design of itinerary recommender systems which
consider the Big Five dimensions in their recommendations.

III. ITINERARY MODEL
To reach our goal, we first modeled the notion of ‘‘itinerary’’.
A tourist itinerary is a reference for the tourist to follow
during the journey, such as Points-of-Interest (POIs), hotels,
time taken between two POIs, meal plans, activities, etc. [54].
Thus, ‘‘planning an itinerary involves substantial effort in
choosing POIs, deciding in which order to visit them, and
accounting for the time it takes to visit each POI and transit
between them’’ [55]. Wikipedia defines it as ‘‘a schedule
of events relating to planned travel, generally including
destinations to be visited at specified times and means of
transportation to move between those destinations.’’ Thus,
from those definitions we can see an itinerary as composed
of three main elements:

P. Places, and in particular a set of POIs
T. Time devoted to an itinerary
C. Choice made by a person on how to combine places

and time

A. POINTS-OF-INTEREST (POIs)
Regarding the first aspect of the itinerary, we adopted a
bottom-up approach and analysed state-of-the-art itinerary
recommenders to see which POIs-related itinerary factors
they considered. We noticed that usually the popularity
of the POIs is the most important aspect considered by
recommender systems [56], [57], [58], [59], [60], [61],
[62], [63], [64], [65]. Also the preferences of the users for
the categories of the place are often exploited to generate
recommendations [56], [57], [58], [59], [60], [61], [62], [63],
[64], [65]. Being already well-covered in the literature, these
factors can be given for granted. Therefore, we do not further
explore them in our itinerary model, we rather focus on other
aspects not used so far that we deemed relevant, i.e.:
P1. POIs similarity

– Uniformity among the attractions (UNI)
– Variety (VAR)

P2. POIs extent
– Breadth (BRE) which indicates if the person wants

to see as many things as possible or a few chosen
ones in more depth

– Depth (DEP) indicating the amount of time devoted
to each attraction.

B. TIME
As seen from the definition above, and supported by the
literature on recommenders for tourism [4], [66], [67], time
is one of the relevant aspects of an itinerary. We analysed
again the state-of-the-art of itinerary recommenders to see
which time-related itinerary dimensions they considered and
we reported them in Table 2.

Among them, we chose to include in our model the
following objective factors:
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TABLE 1. Big five in tourism studies.

TABLE 2. Time-based Itinerary dimensions from state-of-the-art itinerary
recommenders (RS).

T1. Total available time (TOT)
T2. Travel time (TRA)
T3. Efficient time allocation (EFF) (which combines the

distance among POIs, opening times and the best
visiting times).

Moreover, we added two additional features, more related
to user’s individual preferences, that we deemed relevant to
increase user satisfaction:

S1. Willingness to carve out free time during the trip (FRE)
S2. Willingness to avoid busy hours (BUS).

C. CHOICE MODALITY
In our definition of an itinerary, the third dimension is
related to the decision-making process, as pointed out
by the literature on tourism [10], [69], [70], [71], [72],
[73], [74]. A person can apply different choice modalities,
in particular in relation to the organisation of the itinerary.
To this aim, some people prefer to carefully plan the
trip prior to the departure, while others prefer not to
plan and instead to follow the inspiration of the moment
during the trip [12], [13]. Other dimensions concern how
people make their final decisions: if they prefer to choose
autonomously by themselves, or if they prefer to be guided by
experts [15], [75].

The following are the factors related to the choice modality
we consider in our itinerary model:
C1. Organisation method:

– Careful planning (PLA), i.e. deciding all the things
to do before the trip

– Unpremeditated choices (UNP), i.e. basing the
decisions on the spur of the moment, making on the
fly decisions during the trip.

C2. Source, i.e., the agent who plays the main role in the
decision making process
– Autonomous planning (AUT), in which the travel-

ers prefer to make their own choices in autonomy
– Expert advice (EXP), in which the travelers prefer

to follow experts’ advice.
Table 3 reports our final itinerary model.

IV. USER STUDY
Aiming at identifying meaningful correlations between
Big-Five personality traits and relevant aspects of travel
itineraries identified in Section III, we carried out an
online survey where participants were asked to complete a
personality test and to assess the importance of such factors
in their itinerary planning.

A. HYPOTHESES
Based on the standard descriptions of the Big Five traits
and relevant literature which discusses the impact of per-
sonality in the tourism domain, we formulated the following
hypotheses:

• H1: Each personality trait influences positively or
negatively user preferences for certain itinerary factors.

• H2: For each itinerary factor, there are certain personal-
ity traits which influence it the most, in a positive or a
negative way.

B. MEASURES AND MATERIAL
1) MEASURES
Personality traits were collected using a translated and
validated version of the TIPI (Ten Item Personality
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TABLE 3. Itinerary model.

TABLE 4. Dimensions, factors, questions (the exact introductory statement to all questions was: ‘‘When you choose what to visit, you make sure to. . . ’’.).

Measure) [76], a 10-itemmeasure of the Big Five dimensions,
originally developed by [47]. In the TIPI, each item
consists of a pair of adjectives which refer to a certain Big
Five dimension: for example, ‘‘Extraverted, enthusiastic’’
(Extraversion) or ‘‘Calm, emotionally stable’’ (Emotional
stability). Respondents were asked to assess the extent to
which each pair applies to them, using a 7-point Likert
scale which ranges from ‘‘Disagree strongly’’ to ‘‘Agree
strongly’’.

As for relevant aspects of itinerary planning, respon-
dents were asked to assess the thirteen different factors,
related to the dimensions discussed in Section III. Factors
and their corresponding dimensions: i) POIs - similarity
and extent, ii) time - objective and subjective aspects,
iii) choice modality - organisation and source, are reported
in Table 4, together with the questions used in our survey.
For each factor, participants were asked to assess its
importance in itinerary planning decisions, using a series
of 5-point Likert scales which ranged from ‘‘Absolutely
no’’ to ‘‘Absolutely yes’’, including also ‘‘I don’t know’’
option.

2) MATERIAL
The survey was carried out as an online questionnaire, for
ease of distribution and data collection purposes [77].

C. PARTICIPANTS
We administered the survey to 101 Italian people belonging
to the z Generation (18-24 years old). After removing the
observations with missing values we obtained a data set with
87 observations. The participants were recruited through the
availability sampling strategy.2 The participants are frequent
computer and Web application users, who, due to their
familiarity with technology, could represent a good target
for recommender systems usage. The sample is balanced
gender-wise. The sample size, although not particularly large,
is enough to obtain statistically significant results and is in
line with other studies in the same area (see, e.g., [79]).

V. STATISTICAL DATA ANALYSIS
In this section, we report the statistical results pertinent
to our study. First of all, we present basic descriptive
statistics for both personality traits and itinerary features in
Section V-A. Next, we provide the correlation analysis tables
and their initial interpretation in Section V-B, followed by
the study of linear regression models in Section V-C. Finally,

2Availability sampling is a sampling of convenience, based on subjects
available to the researcher. Even though random sampling is the best way to
obtain a representative sample, these strategies require a great deal of time
and money. Therefore, much research in psychology is based on samples
obtained through non-random selection [78].
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FIGURE 1. Histogram for Big Five personality traits.

TABLE 5. Summary of abbreviations for personality traits and itinerary
features.

in Section V-D we performed the Canonical Correlation
Analysis (CCA) to obtain further insights into our findings.
We conclude by discussing our hypotheses in Section V-E in
the light of the obtained results.

For the sake of conciseness, in this section we will use
abbreviations to refer to both personality traits and itinerary
features. All such abbreviations are reported in Table 5,
together with their corresponding full names.

A. DESCRIPTIVE STATISTICS
We divided our data set into two parts. The first part considers
the Big Five personality traits (personality) and the second
part considers the itinerary factors (itinerary).

The summary descriptive statistics and standard deviation
for the Big Five personality traits are reported in Table 6. The
histograms showing the distribution of the users’ responses
regarding Big Five personality traits are provided in Figure 1.
The personality traits can take values from 1 to 7. From

Table 6, we can observe that the trait with the highest mean

TABLE 6. Summary statistics and st. dev. for Big Five personality traits.

(indicating the most important personality trait to keep in
mind) and also with the lowest standard deviation value
(which indicates the least variability among observations) is
CONSCI (mean = 5.31, sd = 1.07), followed by OPEN
(mean = 4.97, sd = 1.24). On the other hand, EXTRA has
the lowest mean and at the same time the highest standard
deviation (mean = 3.79; sd = 1.45), which indicates that
this is the the least important trait in the analysis with the
most variability among observations. The median values of
5.5, 5 and 5 for CONSCI, OPEN and AGREE indicate that
half of the interviewed people consider themselves being
highly conscientious, open to new experiences and agreeable
with others.

The summary descriptive statistics and standard deviation
for the itinerary factors are reported in Table 7. The
histograms showing the distribution of the users’ responses
regarding itinerary factors are provided in Figure 2.
The itinerary factors can take values from 1 to 5. We can

see from Table 7 that 7 out of 13 factors received an average
rating of 4 or more, EFF being considered the most important
aspect on averagewith the lowest variability among responses
(mean = 4.75, sd = 0.61). Other factors which were
considered especially relevant are TOT (mean = 4.67, sd =

0.73), VAR (mean = 4.4, sd = 0.88) and TRA (mean =

4.28, sd = 1.04), which suggests that our participants deem
it important to efficiently allocate visits to the available days,
include different POIs in their itineraries, and use their time
in the best possible way. The median values of 5 for VAR,
TRA, EFF and TOT confirm this statement.
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TABLE 7. Summary statistics and st. dev. for the itinerary factors.

FIGURE 2. Histogram for the itinerary factors.

While the large number of positive responses might be
due to an agreement bias, it is particularly interesting to
focus on a few dimensions which raised less enthusiasm,
i.e., UNI (mean = 2.25, sd = 1.14) and UNP (mean =

2.87, sd = 1.35). These results suggest that participants in
our evaluation, in general, do not make any special effort to
carve out opportunities to make unpremeditated choices, or to
guarantee POI uniformity in their planned itineraries.

B. CORRELATION ANALYSIS
To identify possible relations between personality traits and
itinerary-related factors, we used the Pearson correlation
coefficient which describes the strength of the linear cor-
relation, if any, between two variables. Pearson correlation
coefficient ranges from -1 (perfect negative association) to
+1 (perfect positive association), with a value of 0 indicating
that there is no association between the two variables.Wewill
consider the values between 0 ≤ r < 0.25 weak positive,
0.25 ≤ r < 0.75 moderate positive and 0.75 ≤ r < 1 strong
positive correlation. Analogous intervals apply to negative
values.

The correlation matrix for the Big Five personality traits
and itinerary factors is presented in Figure 3.

The correlation matrix can be interpreted in two ways. One
way is to observe for each personality trait, which itinerary
factors are positively or negatively influenced by that specific
trait (the first table read vertically). On the other hand we
can try to find out for each itinerary factor which personality
traits influence it the most, in a positive or a negative way
(the second table read horizontally). The positive influence
is emphasised with green and blue and the negative with red
and orange.

We can observe that EXTRA is positively correlated with
UNP and EXP and negatively with TRA and PLA. This
can be interpreted as extravert people being willing to make
unpremeditated choices and act on the spur of the moment,
while also taking expert advice into account. They do not
seem to be very interested in optimizing their time and put
too much effort into planning.

CONSCI is positively correlated with PLA, TOT and EFF,
while being negatively correlated with UNP. This means that
people who consider themselves conscientious will put effort

VOLUME 11, 2023 61975



F. Cena et al.: How Personality Traits can be Used to Shape Itinerary Factors in Recommender Systems

FIGURE 3. Correlation matrix.

into planning and optimizing their time and efficiency, while
not making many spontaneous decisions. Positive correlation
also exists with BRE, TRA, AUT, but it is lower than the
correlation with PLA, TOT and EFF.

OPEN is positively correlated with EFF and EXP and
negatively only with PLA. We might conclude that people
with open character are open to expert advice and try to use
their time efficiently, but are not very interested in detailed
planning of their trip. Positive correlation also exists with
UNP but it is lower than the correlation with EFF and EXP.

AGREE is positively correlated with EFF and TOT which
indicates that people who show cooperative and prosocial
behaviour are mostly interested in optimizing their time
usage. There are no negative correlations for AGREE.
Positive correlation also exists with FRE but it is lower than
the correlation with EFF and TOT.

Finally, STAB is positively correlated with UNP, which
might be interpreted as people being at easy with themselves
and hence, willing to act spontaneously. STAB is negatively
correlated with PLA and AUT, which means that these people
might also be fine with not planning too much and doing
things autonomously.

The correlation matrix is a preliminary tool which helped
us observe the most evident correlation values. We explored
the influence of Big Five personality traits to itinerary factors
further by building linear regression models for each of
the itinerary factors. The same result could be obtained
by applying the Multivariate Regression Analysis (MRA).
Hence, we will discuss the second table in Section 3 after
performing linear regression analysis.

C. LINEAR REGRESSION MODELS
Given the differences between the various personality
traits we did expect that each itinerary factor would be
influenced by different personality traits and that not all of
the personality traits would be significant in predicting a
certain itinerary factor. With the help of regression analysis,
we managed to pinpoint two factors in most cases which are
statistically significant for deciding which itinerary factors to
use.

TABLE 8. Linear Regression model for EFF. Standard errors in
parentheses. Signif. codes: * p<0.05, ** p<0.01, *** p<0.001.

Linear regression models can be used to model the
relationship between an output (dependant) variable y and one
or more input (independent) variables x1, . . . , xn. The linear
regression model for the sample is given by

ŷ = β0 + β1x1 + . . . + βnxn + ε

and the coefficients β0, β1, . . . , βn are estimated from the
data, most commonly using the least squares approach, but
other ways could be used as well.

Sincewe have 13 itinerary factors we built 13 linearmodels
in which we use personality traits as independent variables.
Wewill present in detail the twomost important linearmodels
and summarize the results for the remaining ones.

1) LINEAR REGRESSION MODEL FOR EFF
We observed from the correlation matrix that EFF is
moderately positively correlated with CONSCI, OPEN and
AGREE. Hence we built a linear regressionmodel using these
three personality traits as input variables to be able to predict
EFF. The model is the following:

EFF = bE0 + bE1 · CONSCI + bE2 · OPEN + bE3 · AGREE

where bE0 , bE1 , bE2 , bE3 are the estimates of the coefficients for
the Linear Regression model.

The results of the Linear Regression algorithm are given in
Table 8.

The first column of the table reports the estimates of
the linear regression coefficients bE0 , bE1 , bE2 , bE3 , with the
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TABLE 9. Linear Regression model for TOT. Standard errors in
parentheses. Signif. codes: * p<0.05, ** p<0.01, *** p<0.001.

corresponding standard errors in the parenthesis. The second
column reports the p-values for each coefficient. We can
see that all the coefficients are statistically significant at 5%
significance level. The highest p-value corresponds to the
coefficient for CONSCI (indicating its least significance),
whereas all the others are significant also at 1% significance
level.

This model indicates that there is statistically significant
positive correlation between EFF and CONSCI, OPEN and
AGREE. For one unit increase in CONSCI (respectively
OPEN and AGREE) there will be 0.125 unit increase in the
mean of EFF (respectively 0.180 and 0.128). The highest
coefficient (different from intercept) is bE2 which means that
OPEN influences the most the output variable EFF. Even
when other predictors are equal to zero, the coefficient bE0 =

2.600 is significant, which indicates that EFF is important
regardless of personality traits.

The Multiple R-squared index is 0.32 which means that
this model explains 32% of the variability of the initial data
set. The value of adjusted R-squared index equal to 0.295 is
relatively similar, but it also takes the number of predictors
into account. Finally, the high p-value which corresponds
to the value of F-statistics indicates that the complete
model would be better in explaining the variability of the
model, although the coefficients would not be statistically
significant.

2) LINEAR REGRESSION MODEL FOR TOT
We saw from the correlation matrix that TOT is moderately
positively correlated with CONSCI and AGREE. Hence we
built a linear regression model using these two personality
traits as input variables to be able to predict TOT. The model
is the following:

TRA = bT0 + bT1 · CONSCI + bT2 · AGREE

where bT0 , bT1 , bT2 are the estimates of the coefficients for the
Linear Regression model.

The results of the Linear Regression algorithm are given in
Table 9.

The first column of the table reports the estimates
of the linear regression coefficients bT0 , bT1 , bT2 , with the
corresponding standard errors in the parenthesis. The second
column reports the p-values for each coefficient. We can
see that all the coefficients are statistically significant at 5%
significance level. The highest p-value corresponds to the

TABLE 10. Significant correlations for POIs. Signif. codes: . p<0.1, *
p<0.05, ** p<0.01, *** p<0.001.

coefficient for CONSCI (indicating its least significance),
whereas all the others are significant also at 1% significance
level.

This model indicates that there is statistically significant
positive correlation between TOT and CONSCI and AGREE.
For one unit increase in CONSCI (respectivelyAGREE) there
will be 0.254 unit increase in the mean of TOT (respectively
0.117). The highest coefficient (different from intercept) is
bT1 which means that CONSCI influences the most the output
variable TOT. Even when other predictors are equal to zero,
the coefficient bT0 = 2.780 and is significant, which indicates
that TOT is important regardless of personality traits.

The Multiple R-squared index is 0.24 which means
that this model explains 24% of the variability of the
initial data set. Also in this case, the adjusted R-squared
index is similar, and it takes into account the number
of predictors. Finally, the high p-value which corresponds
to the value of F-statistics indicates that the complete
model would be better in explaining the variability of the
model, although the coefficients would not be statistically
significant.

In Tables 10, 11 and 12 we summarize the statistically
significant personality traits for each of the itinerary factors.3

We can conclude that:
1) UNI is positively correlated with OPEN and negatively

with EXTRA. This indicates that people open to
new experiences will still be interested in uniformly
spread activities, whereas extravert people would seek
different experiences.

2) VAR is positively correlated with CONSCI and OPEN,
but the coefficients are not very significant which
indicates not a strong dependence of VAR on these
personality traits.

3) BRE has a significant positive correlation with
CONSCI which means that conscientious people care
about seeing as many different places as possible.

4) DEP has a positive correlation with OPEN but also in
this case the influence is not very strong.

5) TOT is positively correlated with CONSCI and
AGREE, CONSCI being very significant. This means
that people who are conscientious and careful are very
aware of the total time they have at their disposal and
the time they would need to complete the activity.
Agreeable people maybe a bit less, but still this trait
is important for TOT.

3For the sake of completeness, in Tables Tables 10, 11 and 12 we report all
correlations having p<0.1. However, in the discussion that follows, we only
consider as significant correlations having p<0.05.
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TABLE 11. Significant correlations for Time. Signif. codes: . p<0.1, * p<0.05, ** p<0.01, *** p<0.001.

TABLE 12. Significant correlations for Choice modality. Signif. codes: .
p<0.1, * p<0.05, ** p<0.01, *** p<0.001.

6) TRA is positively correlated with CONSCI and neg-
atively with EXTRA. AGREE proved not to be the
significant personality trait for TRA. This can be
interpreted as conscientious people being concerned
about total travelling time, whereas extravert people
care less about this factor.

7) EFF is positively correlated with CONSCI, OPEN
and AGREE. All of these factors influence the
importance of efficient planning, especially OPEN.
Which means that even the people who are open to
new experiences deem it important to use their time
efficiently.

8) FRE is positively correlated with AGREE, which
means that agreeable people care about the efficient use
of their time, despite their agreeable nature.

9) BUS is positively correlated with OPEN, but the
correlation is not very significant.

10) PLA has very significant positive correlation with
CONSCI and not strongly significant negative corre-
lation with EXTRA. This means that conscientious
people will carefully plan their itinerary, whereas
extravert people will tend to do the opposite.

11) UNP has not very significant positive correlation
with OPEN, but it has significant positive correlation
with STAB. This means that stable people could
opt for unpremeditated choices when planning their
itineraries.

12) AUT has a significant positive correlation with
CONSCIwhichmeans that conscientious peoplewould
take the situation in their hands and likely organize
their journey autonomously (without the help of a
travel agent). It also has a not very significant negative
correlation with STAB.

13) EXP is highly positively correlated with OPEN which
means that open people will be open to the advice from
experts.

It is evident that CONSCI, OPEN and AGREE are the
factors which are positively correlated with all of the itinerary
factors, whereas EXTRA has a negative correlation with
some of the itinerary factors. STAB behaves in different
ways depending on the itinerary factor, but it has significant
correlation with only a few itinerary factors.

FIGURE 4. Correlations between canonical variables.

D. CANONICAL CORRELATION ANALYSIS (CCA)
Canonical Correlation Analysis (CCA) is a multivariate
statistics technique used to study correlations between two
data sets.

First, canonical variables are defined as linear combina-
tions of the variables in each of the data sets. As a next
step, pairs of canonical variables (one from each data set) are
built by choosing the canonical variables that have the largest
possible correlation. These pairs are called dimensions. The
maximum number of dimensions is equal to the number of
variables in the smaller data set. The correlation between
canonical variables is called canonical correlation. In this
setting, the goal of CCA is to discover which original
variables are represented by each of the canonical variables.

As specified before, we split our data set into two parts:
personality traits and itinerary factors. We then fitted the
model and obtained a list of all the coefficients which relate
the original variables with canonical variables. We omit here
the output of the model and present only the bar plot which
illustrates the correlations for each pair of canonical variables
(see Figure 4). We can see that the first two dimensions
have very strong correlations, hence we will use them for the
remaining analysis.

Table 13 also helps us decide how many dimensions are
significant in describing our data set. We can see that all five
dimensions together are statistically significant (p− value =

0.00038), as well as the dimensions from 2 to 5 (p− value =

0.047). But dimensions 3, 4 and 5 alone are not statistically
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TABLE 13. Wilk’s Test: Wilks’ Lambda, using F-approximation (Rao’s F).

FIGURE 5. Plotting the variables.

significant. The same is true for the dimensions 4 and 5 and
the dimension 5 alone. Which means that we can relay on
only the first two dimensions.

Finally, Figure 5 uses the first two dimensions as axes and
illustrates the directions of each of the original variables in
this new coordinate system. The proximity of the items on
the graph shows the relationships between the variables of
the two sets of variables.

We can see that CONSCI and AGREE have a similar
influence on itinerary factors, as well as STAB and EXTRA.
OPEN seems to have a bit different behaviour from the other
personality traits. EFF, TOT and PLA seem to be dominant
itinerary factors, followed by EXP and UNP.

E. DISCUSSION
Our analysis shows that some of the itinerary factors
we identified were assessed similarly by all participants,
irrespective of their personality. On the positive side,
efficiently allocating visits (EFF), taking into account the
total available time (TOT), guaranteeing POIs variety (VAR)
and minimizing travel time between POIs (TRA) were all
considered very important factors. On the negative side,
guaranteeing type and/or topic uniformity in POIs (UNI)
and avoiding to overplan (UNP) were generally disregarded.
Hence, an itinerary recommender system which is unaware

of its users’ personalities can safely focus on the first four
factors and not provide any support for itinerary uniformity
and unpremeditated choices.

Regarding our hypothesis H1, we found that all personality
traits exert some influence on user preferences for itinerary
factors. However, their effect differs in terms of strength,
significance and kind of impact, whether positive or negative.
At least one personality trait among conscientiousness
(CONSCI), openness to experience (OPEN) and agreeable-
ness (AGREE) was always found to have a positive impact
on user preferences, considering all itinerary factors. Interest-
ingly, our results regarding conscientiousness seem to be in
line with those from [30], [36], and [37]. In fact, these authors
all reported a correlation between conscientiousness and soft,
less risky adventures, which appears to be coherent with
conscientious individuals’ preferences for compliance with
time constraints (TOT, TRA), efficient time management
(EFF) and careful planning (PLA). On the other hand,
extraversion (EXTRA) and stability (STAB) have a negative
correlation with some of the itinerary factors. In particular,
we found that extraversion is negatively correlated to careful
planning (PLA). This result can be explained by the fact that
psychological literature sometimes describes extraversion in
terms of surgency [80], i.e., a personality factor characterized
by quickness, cleverness, responsiveness and spontaneity,
and which can therefore be associated to unpremeditated
decisions.

Regarding our hypothesis H2, our linear regression models
show that all itinerary factors are correlated to at least one
personality trait, although in a few cases (i.e., VAR, DEP,
BUS) the coefficients are only significant at 10% level, thus
indicating that there is no strong dependence on personality.
In all other cases, at least one personality trait significantly
affects user preferences, with correlation coefficients being
significant at least at 5% level, some being significant even
at 0.1% level. Efficient allocation of visits to the available
days (EFF) and compliance with constraints on the total
available time (TOT) seem to depend on personality traits in a
particularly meaningful way, with the coefficients for at least
two personality traits being statistically significant at least at
5% level.

VI. DESIGN GUIDELINES
The findings from our study can be used to support the design
of itinerary recommender systems being able to consider
user personality traits. This implies that the recommender
system needs to be able to calculate the user personality
traits, for example, by providing a standard questionnaire for
the Big-five assessment at the beginning of the interaction.
We present some design guidelines that suggest how to
exploit information on user personality in an itinerary
recommender system (See Tables 14 - 24). Notice that
the label Principle takes into account the results of our
study.

Since every user has a score for each personality
trait which can be considered a probability value on the
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TABLE 14. Design guidelines for uniformity/variability.

TABLE 15. Design guidelines for breadth/depth.

TABLE 16. Design guidelines for travelling times.

TABLE 17. Design guidelines for efficiency.
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TABLE 18. Design guidelines for total time.

TABLE 19. Design guidelines for free time.

TABLE 20. Design guidelines for busy hours avoidance.

TABLE 21. Design guidelines for careful planning.

strength of the association between the two, in case of
conflicts between the guidelines, the one associated with
the strongest trait prevails. Alternatively, it is possible to
consider a combination of the strength of the guideline,
which comes from the significance and strength of the
trait-factor relationship, and the strength of the association
between the person and the personality trait, as in the previous
option.

VII. ETHICAL ISSUES
In planning the user study we complied with literature
guidelines on controlled experiments4 [81].
As described in Section IV, before starting the test,

participants had to read the informed consent form describing

4https://www.tech.cam.ac.uk/research-ethics/school-technology-
research-ethics-guidance/controlled-experiments
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TABLE 22. Design guidelines for unpremeditated choices.

TABLE 23. Design guidelines for planning autonomy.

TABLE 24. Design guidelines for expert recommendations.

the nature of the tasks to be performed and their rights and
confirm that they had read and understood their rights by
filling in the form. By using informed consent, we notified
participants about (i) the right to stop participating in the
experiment at any time, without giving a reason; (ii) the
right to obtain further information about the purpose, and
the outcomes of the research; (iii) the right to have their
data anonymized. Every participant was given the same
instructions by the researcher assisting the experiment.

During the user study, we did not collect participants’
names, nor any data that could be used to identify them:
we worked with anonymous codes (U1, . . . ,Un) that the
researcher attributed to users immediately before they started
the test.

VIII. CONCLUSION
In comparison with traditional recommender systems widely
used in e-commerce, designing effective recommender

systems for the tourism domain requires great efforts, because
the variables that affect travelers’ choices in deciding the
details of their itinerary are numerous. With this work,
we aim at supporting designers of recommender systems
being able to suggest itineraries considering also user’s
personality traits. To do so, first, we modelled an itinerary,
identifying the most important dimensions in the state-
of-the-art of recommender systems and tourist literature.
Then, we investigated if specific personality traits could
affect users’ decision-making process when choosing an
itinerary, carrying out a survey-based study to understand if
the Big Five traits can be used to predict user preferences
with regard to several itinerary dimensions or to choose a
methodology. Finally, we used the findings of this study
to define some design guidelines in order to support the
design of itinerary recommender systems that consider
both different itinerary dimensions and user’s personality
traits.

61982 VOLUME 11, 2023



F. Cena et al.: How Personality Traits can be Used to Shape Itinerary Factors in Recommender Systems

The main limitations of our work are the following. First,
we focus only on a specific target, the Z generation. While
the Z generation represents a suitable target for a tourist
recommender system, we cannot generalize our findings to a
population with different features, even if we can surmise that
relationships between personality traits and itinerary factors
maintain their validity irrespective of other user features.

Second, we focused on a comprehensive personality
model, which aims at modeling personality through five
broad dimensions. While this approach has its advantages,
the study of specific personality traits, although less common
in the recommender systems area, has already provided
interesting results. For example, mindset was found to
influence users’ behaviour [82], as well as their satisfaction
with recommender systems [83] and willingness to accept
recommendations [84]. Similarly, need for cognition has
proved to have an impact on users’ acceptance of recommen-
dations [85] and explanations [79]. Locus of control, which
concerns, among other things, decision-making processes
and the use of information [86], has been found to predict
users’ patterns of concordance with recommendations [87]
and, similarly to self-efficacy [88], could be linked to factors
in the ‘‘choice modality’’ dimension. Thus, as future work,
we plan to replicate the study with a wider sample, including
specific traits which can have an impact on recommendation
acceptance and users’ behaviour within the recommender
system.

Finally, as an additional step, we are planning to use
our results as a basis to formulate heuristics which can
be used directly in recommender systems to implement
personality-based recommendations, for example in order
to prune alternatives in itinerary construction. To this aim,
we are aware that a general bottleneck is to gather user
personality traits by the recommender system. Therefore,
we aim at finding novel engaging ways to collect such
individual features, without bothering the user toomuch. New
methods proposed in recent studies include, for example,
asking the individual to select some pictures [34], [89],
[90], inviting the user to play a game [91], [92], predicting
personality traits from static facial images [93], [94], [95] or
exploiting social media data [96], [97], [98], [99].
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