
A Socially Motivating and Environmentally Friendly
Tour Recommendation Framework for Tourist Groups

Mehdi Kargar1, Zhibin Lin2,#

1Ted Rogers School of Management, Ryerson University, Toronto, Ontario, Canada

2Durham University Business School, Durham University, Durham, United Kingdom

kargar@ryerson.ca, zhibin.lin@durham.ac.uk

#corresponding author

Abstract

Traveling in a group brings various social and environmental benefits, yet mem-

bers might have different (and sometime conflicting) preferences. In this study, a

tour recommendation framework is proposed that receives a set of must-visit and

preferred points of interest from each tourist and forms multi-day tours that cover

all must-visit points. Furthermore, the framework attempts to maximize fairness

among group members. This ensures all members are motivated to participate in

the group tour. While generating the itinerary, the framework also guarantees that

a threshold on the commuted distance, time, and monetary budget is met on each

day. The benefits of this approach are the maximization of social wellbeing and min-

imization of energy consumption. The advantages of the proposed framework are

confirmed via a test using a Foursquare dataset of two major cities of New York and

Tokyo and a user study.

Keywords: Analytical Recommendation, Tour Recommendation, Multi-day Tour,

Sustainable Tourism, Social Tourism

1. Introduction

Traveling is an important activity for over one billion tourists that travel each

year (UNWTO, 2016). In recent years, there is an increase in the number of tourists

that travel in small groups of family members or close friends, rather than travelling
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with an agency (Tsaur et al., 2010). This is particularly the case because of the Covid-

19 pandemic. These groups of tourists usually do not follow a standard tour package,

and rely on making their own itineraries. With the advent of the world wide web,

these groups of tourists have easy access to many resources (e.g., TripAdvisor) to

find a variety of points of interest (POIs) (Yuan et al., 2016). After finding the list of

potential POIs, the next step is to form a trip itinerary that comprises the POIs over

a number of days.

The task of creating an itinerary is complex as it should satisfy a number of con-

straints besides choosing the POIs and deciding the sequence of visits (Kotiloglu

et al., 2017). These constraints include each daily tour to be finished in a timely man-

ner (considering the travel and visiting time of POIs), and not exceeding a predeter-

mined monetary budget. This problem is computationally intractable and is similar

to the traditional orienteering problem in operation research (Souffriau et al., 2008).

Despite recent advances in tour planning systems, most of them still do not offer

personalised tours and instead offer tourists a set of pre-determined and fixed tours

(Kotiloglu et al., 2017). Furthermore, most of them do not take into considerations

basic issues such as the category of the POIs. Tourists prefer to visit a variety of dif-

ferent places each day, and not only places from one category (e.g., very few tourists

want to visit only museums in one day).

Most existing work on designing personalized itineraries (and orienteering prob-

lem) is based on the assumption of a single tourist, or only one tourist within the

group decides for all members. In reality, many tourists travel in a group. However,

each tourist has her own preference and most of the time, the places that one tourist

wants to visit might be different from the places that another tourist prefers to visit

(Zheng & Liao, 2019). If each tourist within a group designs and takes her own tour,

she commutes in the new city by herself, takes a separate taxi, and does meal or food

tasting all by herself. This clearly leads to no sharing of the ride nor the food, which

results in greater energy use and less social well-being than travelling in a group.

Since the demand of multiple tourists must be met, this problem is more chal-

lenging than designing tours for a single tourist. In this work, a new framework is

presented that generates a multi-day tour for a group of tourists. The framework



is designed based on realistic assumptions. A framework is proposed that receives

simple inputs from the tourists. However, the proposed complex algorithm guar-

antees all requirements are met. The generated multi-day tours meet intuitive con-

straints and are fair for all group members.

➢ Find initial POIs
➢ Set number of days
➢ Set maximum daily monetary 

budget
➢ Set maximum daily distance
➢ Set maximum daily time limit
➢ Set the maximum number of 

categories per day
➢ Might set the maximum number 

of must-visit POIs for each tourist

Tourist 1

Tourist 2

Tourist 3

Tourist 4

- Must-visit POIs for T1
- Preferred POIs for T1

- Must-visit POIs for T2
- Preferred POIs for T2

- Must-visit POIs for T3
- Preferred POIs for T3

- Must-visit POIs for T4
- Preferred POIs for T4

Return day tours such that:
✓ All must-visit POIs of all travelers are 

covered
✓ For each tourist, the highest number 

of preferred POIs are covered as 
other tourists (fairness objective)

✓ For each day, the maximum daily 
monetary budget is met

✓ For each day, the maximum daily 
distance is met

✓ For each day, the maximum time limit 
is met

✓ For each day, the maximum number 
of categories per day is met

Variations
❖ Consider profit for each POI
❖ Consider different weight for 

each group member (a kid 
might get more priority than 
parents)

Group Leader

Tour Recommendation
Framework

Figure 1: The framework of the tour recommendation system for groups.

The framework of this study is presented in Figure 1. It is assumed that a group of

tourists have a designated group leader, which usually is one of the group members.

The group leader makes initial decisions (although decisions by the group leader can

be made in a collaborative way with other members). The group leader finds initial

POIs (through personal experience and/or from the Web), set maximum daily mon-

etary budget (for each group member), maximum daily travel distance, and daily

time limit (this includes the time to travel within the city from one POI to another,

and the time to visit each POI). The group leader also specifies the number of days a

tour lasts, and the maximum number of categories per day (e.g., each day the group

visits at most two parks). Each individual tourist then receives the list of potential

POIs from the group leader and selects must-visit POIs and preferred POIs. Clearly,

must-visit POIs are the points that each tourist absolutely wants to visit, while the

preferred POIs are the points that the tourist would like to visit. In order to make re-

alistic multi-day tours, the group leader can specify the maximum number of must-

visit POIs each tourist can choose (e.g., five must-visit POIs from each tourist). The



proposed framework then generates multi-day tours that satisfy all the monetary,

distance, and time constraints, as well as covering all the must-visit POIs.

start/end

Figure 2: A portion of Manhattan (from Google Map) with preferred points by three tourists (in red, green,
and blue points). If each tourist designs and takes her own tour, multiple routs should be taken.

The proposed framework is realistic and practical for designing a personalized

itinerary for a group of tourists. While satisfying all the constraints, the main ob-

jective is to cover equal (and maximum) number of preferred POIs for each tourist

(i.e., fairness objective). The secondary objective is to minimize either the distance,

time, or money. In order to motivate the need to optimize the fairness, an example is

presented in Figures 2 and 3. Here, a portion of Manhattan is shown with preferred

points from three tourists. The preferred points for tourist one, two, and three are

shown in red, green and blue circles, respectively. The start and end point is the

same and is shown as a purple circle. Figure 2 shows the three possible tours that

might be taken by each tourist, if each of them want to take her own tour. Clearly

this leads to a number of routes, which means taking many taxis and no sharing.

In Figure 3, two possible tours for sharing are shown (assuming monetary and time

budget is available for only six points). The first tour, in dotted lines, does not take
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Figure 3: A portion of Manhattan (from Google Map) with preferred points by three tourists (in red, green,
and blue points). The tour with dotted lines is designed without taking the fairness of individual tourists
into account. The tour with solid lines takes into account the fairness of all tourists.

into account the fairness objective, and simply cover points that minimizes the dis-

tance. Therefore, this tour covers five points from the first tourist (i.e., red points)

and one point from the second tourist (i.e., green point). No point from the third

tourist (i.e., no blue point) is covered. Clearly, this tour is not fair, as majority of the

covered points belong to one of the three tourists. On the other hand, the other tour,

in solid line, covers two points for each of the three tourists and is fair for all tourists.

Although the distance to visit points in this tour is longer than the other one, this

one is preferred as it optimizes the main fairness objective.

Note that most prior work in designing personalized tours (and similar works in

the orienteering problem) maximize the profit of points to be visited. Although the

proposed framework can adapt to optimize the profit of points (as will be explained

later), in the context of tourism, assigning scores and points to a POI is not realistic.

When a tourist visits a new place, she either wants to see a POI (i.e., must-visit point),

prefer to see a POI (i.e., preferred point), or does not want to see a POI (i.e., neither

must-visit nor preferred point). However, assigning a numeric score (e.g., a score



between 0 to 100) to a POI does not seem realistic. Note that previous work that does

optimize the points of the POIs can be adapted easily to work with the proposed

setting: the POIs that are preferred to be visited get the score of 1, while the ones

that are not preferred get the score of 0. Another point worth mentioning is that in

some situations, tourists within a group might have different level of fairness (Zheng

& Liao, 2019). For example, in a family, parents might be OK to let their children see

more preferred POIs than themselves. Later in this work, it will be shown how the

general proposed framework is able to adapt to this situation too.

It should be noted that the parameters, requirements, and constraints that are

used in this work are derived based on tourists’ ideas. These parameters have been

shown to be useful in previous work (through interviews with tourists). See for ex-

ample Liao & Zheng (2018). Furthermore, these requirements are confirmed in a

user study with different types of tourists (details are presented in the experiments).

The performance of the system is extensively evaluated using real data collected

from Foursquare for two large cities, New York City and Tokyo. A user study is per-

formed to show the effectiveness of the proposed framework from tourists point of

view. The performance of diffident secondary objective functions in designing an

itinerary is evaluated. The way different values and types of the input data change

itineraries is discussed. The remainder of this paper is organized as follows. Sec-

tion 2 discusses the related work and how this work differs from them. Section 3

presents the problem, and discuss in more details the requirements, constrains, and

the objectives. The proposed multi-day tour framework is presented in Section 4.

Experiments are presented in Section 5. Real world applications are discussed in

Section 6 and Section 7 concludes the paper.

2. Related works

2.1. Tourism, social well-being and sustainability

Travelling together induces social interaction, such as intimate communication

of various issues or topics among members of the group and brings various social

benefits such as family capital and social capital including self-esteem and pro-



active behavior (Minnaert et al., 2009). Enjoying tourism and leisure activities to-

gether as a family creates shared memory, enhances familial bonding and cohesive-

ness, and the family’s quality of life. The work in Jepson et al. (2019) suggest that

family group tourism improves relationship, strengthens family bonds, increases

the subjective well-being in both parents and children, and rekindles marriages and

reduces the likelihood of divorce between a couple. However, one of the biggest

challenges for group travel is to accommodate the heterogeneous needs and prefer-

ences of the different members in a group, which may sometimes result in conflicts

and stress for the group members (Gram, 2005).

Moreover, taking a vacation and going on a tour is not an environmentally friendly

activity (Dolincar, 2020). Tourists might harm the environment in different ways.

This includes a wide range of activities, from taking flights, to staying in a hotel, and

using fresh towels every day. Even when it comes to food, tourists usually waste food

in taste-test and buffet. Tourists do not necessarily act responsibly toward the en-

vironment when they are away from home (Dolnicar & Grun, 2009). A recent study

suggests that tourism is responsible for 8% of global greenhouse emissions (Lenzen

et al., 2018). Therefore, it is critical to design more environmentally friendly tours,

and encourage tourists to be more responsible toward the environment.

There are some recent works in the area of sustainable tourism. The work of

Dolincar (2020) designs sustainable tourism services by encouraging tourist behaviour

changes (e.g., by reducing the buffet plate size). Similarly, authors of Tiefenbeck

et al. (2019) show that real-time feedback to tourists promote energy conservation

even without monetary incentives. The work of Dolnicar et al. (2020) introduces

a game-based intervention which encourage tourists to be more environmentally

friendly while enjoying their holidays (in this case reducing plate waste). The work

in Kim et al. (2016) reveals that the environmentally friendly activities of hotels in-

directly increase customer satisfaction through perceived quality. While all these

recent works contribute to the studies of sustainable tourism, this is the first work

to propose a new recommendation system to encourage a group of tourists such

as families and friends to explore a city destination together, which helps to reduce

the carbon foot print, decreases the food waste through taste-test (since usually the



group can share many foods together), and eventually makes their tour more enjoy-

able by increasing the social aspect of it.

2.2. Tour recommendation

Recommendation systems have been widely used in e-commerce platforms to

automatically provide personalized information that closely match consumer needs

and preferences of an individual customer (Cai et al., 2020). The information they

provide about relevant product and services may attract consumer attention and

generate interests in purchase and consumption, which helps to improve firms’ per-

formance in promotion and sales (Brynjolfsson et al., 2011). Thanks to recommender

systems, consumers can simplify their decision process, by reducing information

search costs and improving decision quality and effectiveness (Zhang et al., 2017),

consequently more positive consumption experience, satisfaction and loyalty to the

e-commerce platform or the service provider (Hostler et al., 2011). However, not all

recommendation systems are effective, the outcomes of recommendations may be

very different depending on the system’s design. Designing a tour recommendation

is a challenging task. It is essential that the design be "user-centered", focusing on

user needs and preferences.

The problem of designing and planning personalized tours for travelers and tourists

have gained significant attention in recent years. This is based on the motivation

that over one billion tourists travel around the globe and tourism is an increasingly

popular activity for many people (UNWTO, 2016). The tourist trip design problem

has been defined for the first time in (Vansteenwegen & Oudheusden, 2007). Solu-

tion to the orienteering problem (OP) has been used to design single day tours. The

same as traditional orienteering problem, a score (i.e., profit) is assigned to each

POI. Authors of (Vansteenwegen & Oudheusden, 2007) assume the time to commute

between each pair of points is given and the designed tour should not last more than

a given time budget. The objective is to design a tour that maximizes the total point.

In the case of having unknown scores for points, the objective is to maximize the

total number of visited points.

The original work of (Vansteenwegen & Oudheusden, 2007) has been extended



in recent years to address a variety of tourists requirements. This includes designing

tours that last for more than one day (multi-day tours), asking tourists to label POIs

based on their preference, considering the aesthetic fatigue and variable sightseeing

value, taking into account the cost of visiting POIs (e.g., the ticket to visit a museum),

and taking into account different categories of POIs (Kotiloglu et al., 2017). The work

in (Zhu et al., 2012) divide available visiting points in two categories: accommoda-

tion and touristic points. The authors then propose an algorithm to maximize the

profit for both categories, while satisfying the budget and time constraints. Visiting

a city and commuting with public transportation has been addressed in (Gavalas

et al., 2015). Navigating through the complex transport system has been recently

addressed in (Zheng et al., 2020b). Recommending tours using user-generated con-

tents in photo sharing social networks is proposed in (Sun & Lee, 2017).

Orienteering problem with hotel selection has been studied in recent years (Zheng

et al., 2020a). In this problem, a set of POIs and a set of hotels are given. The goal

is to maximize the score of the POIs, and start and end the tour in one of the ho-

tels, while meeting some time, distance, and budget constraints. The work of (Tsai

& Chung, 2012) constructs a route for theme parks using real-time information and

the behaviour of tourists. Recently, authors of (Chen et al., 2020) propose a contex-

tual collaborative learning model for personalized itinerary recommendation using

the POI textual contents.

Although all these recent works make advancement in the field of personalized

trip planning, majority of them assume the tour is designed for one tourist, or one

tourist makes a decision for everyone. Most tourists travel with friends or families,

i.e. in a group, and each group member has her own preference (Zheng & Liao, 2019).

Therefore, it is of paramount importance to design personalized tours that meets the

preference of all tour members.

The work in Zheng & Liao (2019) propose an algorithm that finds a set of Pareto

optimal tours for a group of tourists. One drawback of returning a set of tours (as

Pareto set) is that it is not clear how the group of tourists choose the best tour among

all the tours returned by the algorithm. This is especially challenging if too many

tours are returned as Pareto tours. Also, the tour designed in Zheng & Liao (2019)



are single day tours, and the category of POIs are not taken into account. Another re-

cent work that designs tours for a group of tourists is Anagnostopoulos et al. (2017).

This work only design single day tours, and does not consider the category of tours.

Furthermore, tourists are not able to specify the POIs they would like to visit.

There exist several recent related work to work infrastructure. Authors of Dui &

Zhang (2019) analyze the simulations for an urban taxi sharing system and evalu-

ate the relationships between the congestion and cost. The output of Dui & Zhang

(2019) could be used to extend the proposed framework when congestion in routes

is taken into account for recommending tours. Recently, authors of Tarantino et al.

(2019) presents an interactive tool to recommend personalized tours to users through

a web application. To increase user satisfaction, the application has been designed

with attention to the usability and intuitive graphic interface. The problem of inte-

grated self-driving travel scheme planning is studied in Du et al. (2021). The pro-

posed solution optimizes routing, hotel selection, and time scheduling. Authors of

Ceder & Jiang (2020) propose a flexible system for optimal paths for public trans-

portation based on users’ preferences at the time of the trip. A new lexicographical

comparison methodology with a new consideration is proposed to capture users’

perception. Authors of Huang et al. (2020) propose a multi-task deep travel rout

planning system that integrates rich auxiliary information to produce high quality

output. The system builds a heterogeneous network through the relations between

users and points of interest, and use a heterogeneous graph embedding technique

to learn the features of both users and points. Authors of Subramaniyaswamy et al.

(2019) propose an ontology-based food recommendation system. In the proposed

system, the effectiveness of recommendations is improved using a hybrid model of

blended filtering. The idea of using an ontology for route recommendation could be

an interesting extension to this work.

In this work, a novel framework is designed to recommend multi-day tours to a

group of tourists. The proposed framework is practical, and takes the interest of all

tourists into account, by receiving the must-visit and preferred POIs from each par-

ticipant. Multi-day tours that are designed by the proposed algorithm meets various

requirements, regrading distance, time, and monetary budget. Although the main



objective is to cover equal (and maximum) number of preferred POIs for all tourists,

the proposed framework is able to handle cases when some tourists in the group

(like parents) might have weaker preferences versus other tourists in the group (like

children).

Table 1: List of Notations.
Notation Description

U entire set of tourists participating in the tour

ui an individual tourist

D total number of days the tour last

di a single day

V P entire set of POIs

vi a single POI

sti start point of day di

eni end point of day di

e(vi , v j ) the distance between vi and v j

c(vi ) cost of visiting vi

t (vi ) time of visiting vi

f (vi ) profit of visiting vi

Mi set of must-visit POIs by tourist ui

Pi set of preferred POIs by tourist ui

MO set of all must-visit POIs by all tourists

PRF set of all preferred POIs by all tourists

T set of all points’ categories

ti an individual category

cat (vi , t j ) returns 1 if point vi is in category t j , and 0 otherwise

T Li maximum number of times POIs in category ti can be visited

Vi list of selected POIs in day di

qi number of selected POIs in day di

V T set of selected POIs for the entire tour

BGT maximum spending budget of each tourist in each day

D I ST maximum travelling distance in each day

T I M maximum time spent in each day

SPmi l e average time to walk per mile

T Pi total time spent in all POIs in day di

3. Problem statement

The high level framework to solve the group tour recommendation problem is

presented in Figure 1. The list of notations used in this work is summarized in Table



1. It is assumed that one of the group members takes the role of the group leader,

and choose initial parameters. The set of tourists are shown as U = {u1, . . . ,un} and

it is assumed there are n tourists in the group that participate in choosing POIs and

forming the itineraries. The number of days that the tour lasts is denoted as D and

a single day is denoted as di (1 ≤ i ≤ D). The POIs of the city to be visited for D

days is modeled as a complete undirected graph. It is assumed to have m POIs in

total and the entire set of POIs is: V P = {v1, . . . , vm}. The distance between vi and

v j (vi , v j ∈ V ) is shown as e(vi , v j ). The Euclidean distance is used that satisfy the

triangle inequality. The cost of visiting a POI is shown as c(vi ) (c(vi ) ≥ 0). The time

to visit the point vi is shown as t (vi ) (c(vi ) > 0). Optionally, each POI might be

associated with a profit (or score), which is shown as f (vi ) ( f (vi ) ≥ 0).

Table 2: List of Constraints and Equivalent Equation.
Equation Description of the Constraint

Equation 1 No POI is visited more than once in one day

Equation 2 No POI is visited more than once in the entire duration of the tour

Equation 3 All must-visit points are visited

Equation 4 The quota for each category and in each day is met

Equation 5 Daily monetary budget is met

Equation 6 Daily distance threshold is met

Equation 7 Daily time limit is met

The set of must-visit and preferred POIs by tourist ui is shown as Mi and Pi

respectively (Mi ⊂V P and Pi ⊂V P ). The entire set of all must-visit POIs is the union

of all Mi points and is shown as: MO =∪1≤i≤n Mi (MO ⊂V P ). Each day starts from

a start point (i.e., source) and ends in an end point (i.e., destination). The start and

end points are usually the places that the group stays over night (e.g., hotels). The

start and end points of day di are shown as sti and eni respectively (sti ∈ V P and

eni ∈V P ). Note that the proposed framework allows for the start and end points to

be the same or different. Each point belong to at least one category (e.g., museum).

The set of all categories is shown as T = {t1, . . . , tc }. cat (vi , t j ) returns 1 if point vi

is in category t j , and 0 otherwise. The limit on the number of times points from

category ti can be visited in each day is shown as T Li .

The following constraints are defined to address the problem’s requirements (the



list of all constraints are summarized in Table 2). Assume the selected POIs to be

visited in day di is shown as list Vi = [v1, . . . , vqi ]. The number of selected POIs in

day di is qi . Note that this is a list, which implies unlike a set, the order is important.

The start and end points of day di (sti and eni ) is not part of Vi . The entire set of

selected points (i.e., the entire tour in D days) is shown as V T :

V T =∪D
i=1Vi

The following constraint guarantees no POI is visited more than once in one day:

∀v j ∈Vi 1 ≤ i ≤ D : v j ∉V − j
i (1)

in which V − j
i means the list Vi without the element in the j th position. Simi-

larly, the next constraint confirms that no POI is visited more than once in the entire

duration of the tour:

∀Vi ,V j 1 ≤ i , j ≤ D & i 6= j : Vi ∩V j =; (2)

The next constraint ensures all must-visit points are visited:

MO ⊂ V T (3)

This constraint guarantees the quota for each category and in each day is met:

∀Vi 1 ≤ i ≤ D and ∀t j ∈ T :
qi∑

i=1
cat (vi , t j ) ≤ T L j (4)

The group leader sets the total spending budget for each day and it is shown as

BGT (e.g., in dollar value). The sum of the cost of the POIs in each day should not

exceed BGT . Note that BGT ≥ 0. When the value of BGT is set to zero, this implies

that tourists are only interested to visit POIs that are free of charge (e.g., visiting a

public park). Thus, the following constraint must hold:

∀Vi 1 ≤ i ≤ D :
qi∑

i=1
c(vi ) ≤ BGT (5)



Also, the group leader sets the total distance the group is willing to commute

each day. This distance is shown as D I ST . The next constraint ensures the daily

commute distance does not exceed this threshold:

∀Vi 1 ≤ i ≤ D : e(sti , v1) +
qi−1∑
i=1

e(vi , vi+1) + e(vqi ,eni ) ≤ D I ST (6)

Note that in the above constraint, each day the group leaves from the start point

sti and visits the first point in Vi (which is v1). Then, the group visits the remaining

points in Vi in the order of the list, and at the end of the day, goes to the end point of

day eni .

The group leader sets the total time of the tour in each day (e.g., 8 hours). This

is shown as T I M . The time spent in each day is composed of two activities: 1) com-

muting among POIs, and 2) the time spent in each POI. Therefore, the sum of these

two times should not be over T I M . In order to find the first one, a unified average

speed is taken by the tourists1 (e.g., 7 miles per hour using a car or taxi). The average

time to commute per mile is shown as SPmi l e . Therefore, the total commuting time

is the distance taken in each day multiplied by SPmi l e . The total distance taken in

day di is calculated as follows:

Di sti = e(sti , v1) +
qi−1∑
i=1

e(vi , vi+1) + e(vqi ,eni )

After finding Di sti , the travelling time in each day will be: Di sti × SPmi l es . It

is required to calculate the total time spent in all POIs in day di , which is shown as

T Pi . This will be calculated as follows:

T Pi =
qi∑

i=1
t (vi )

The following equation then ensures the time limit is met:

∀Vi 1 ≤ i ≤ D : (Di sti ×SPmi l es )+T Pi ≤ T I M (7)

1Note that other ways of computing the time to move from one point to another one can be used too.
For example, using Google Map API to estimate the commute time.



The objective of the tour is to maximize the fairness of the selected preferred

points for all tourists. In other words, the minimum number of selected preferred

points for all tourists is maximized. This is modeled using the following equation:

max min
ui∈U

|Pi ∩V T | (8)

The above equation calculates the selected number of preferred points by each

tourist ui by taking the intersection of her preferred points (Pi ) with the selected

points for the tour (V T ). In case the POIs are associated with a score (or profit), the

minimum of the sum of the profits of the preferred points by each tourist is maxi-

mized. This is modeled in the following equation:

max min
ui∈U

∑
v∈(Pi∩V T )

f (v) (9)

In addition to optimizing the fairness among all tourists, a second objective may

be chosen too. The second objective to optimize could be the distance traveled in

each day or the money spent in each day. More discussion about the second objec-

tive is provided in the next section.

4. Framework

In this section, the details of the framework to form itineraries for a group of

tourists that covers all must-visit POIs and as many as preferred POIs for each tourist

(the fairness objective) are presented. The problem that is tackled here is an exten-

sion of the orienteering problem, and is NP-hard (Kotiloglu et al., 2017). Therefore,

a greedy algorithm is proposed to solve it. Since labeled data is not available as part

of this problem, supervised machine learning methods are not applicable. On the

other hand, greedy algorithms are shown to be effective to solve a range of orien-

teering problems (Souffriau et al., 2013). As per NFL theorem, new analytical sys-

tems are suitable for some set of problems, and may not be suitable for other sit-

uation. The proposed method is suitable for situations in which tourists know the

set of must-visit and preferred points. Also, tourists should be aware of their re-
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Figure 4: High level overview of the algorithm for covering must-visit and preferred points.

strictions and budgets (in terms of money, distance and time). If tourists want to

explore a new city, without knowing the set of POIs, then the proposed solution is

not efficient. The proposed greedy algorithm contains two phases. For each day di ,

the first phase covers as many remaining must-visit POI as possible. Then, the sec-

ond phase inserts as many preferred POIs as possible, while optimizing the fairness

objective (i.e., the minimum number of preferred covered points for each tourist is

maximized, see Equation 8).

The high level overview of forming the itineraries is presented in Figure 4. The

green box shows the first phase, in which must-visit points are added to each day di .

The idea is as follows (see Algorithm 1 for detail). Starting from day one, the remain-

ing uncovered must-visit points (i.e., MO) are received, which is the union of all

must-visit points of all tourists. For each day di , new points are added after the cur-

rent point. At the beginning of each day, the current point is simply the start point



Algorithm 1 Algorithm to Form a Multi-day Tour for Tourist Groups
Input: list of users U = {u1, . . . ,un }; number of days D ; set of all must-visit points as MO; set
of preferred points by user u j as P j ; start point of each day sti ; end point of each day eni ;
category visit threshold for category tk as T Lk ; maximum daily budget BGT ; maximum
daily distance D I ST ; maximum daily time T I M
Output: a list of selected POIs for each day Vi (1 ≤ i ≤ D)

1: cov p j ← 0 (1 ≤ j ≤ n); number of covered preferred points for each tourist u j
2: for each day di (1 ≤ i ≤ D) do
3: Vi ← []; a list of selected points for di
4: r emBGT ← BGT ; initiate remaining budget
5: r emD I ST ← D I ST ; initiate remaining distance
6: r emT I M ← T I M ; initiate remaining time
7: catVk ← 0 (1 ≤ k ≤ c); initiate number of visits to each category to 0
8: cur P ← sti ; initiate current point to start point sti
9: while r emD I ST > 0 do

10: leastDi st ←∞
11: sel P ←;
12: for each must-visit point mp ∈ MO do
13: di st1 ← distance from mp to cur P
14: di st2 ← distance from mp to eni
15: newDi st ← di st1 +di st2
16: ct i memp ← time of commuting to mp based on newDi st
17: pr i cemp ← price of visiting mp
18: ct g ← category of mp
19: v ti memp ← time of visiting mp
20: totT i memp ← ct i memp + v ti memp
21: if pr i cemp ≤ r emBGT and newDi st ≤ r emD I ST and

totT i memp ≤ r emT I M and catVct g ≤ Tct g then
22: if newDi st < leastDi st then
23: leastDi st ← newDi st
24: sel P ← mp
25: if sel P =; then
26: BREAK
27: Vi .append(sel P )
28: MO.remove(sel P )
29: UPDATE r emBGT , r emD I ST , r emT I M , catVi
30: InsertPref(Vi , cov p j , P j , r emBGT , r emD I ST , r emT I M , catVk )
31: return Vi (1 ≤ i ≤ D)



(i.e., sti ). In order to find the best next point for day di , for each remaining point

mp in MO, the distance of adding mp to the list is calculated. As shown in Figure 4,

this distance is composed of two parts: di st1 which is the distance from the current

point to the new point, and di st2 which is the distance from the new point to the

end point (i.e., eni ). In order for a point to be qualified to be added to the itinerary

of day di , the following conditions are checked. The framework checks to makes

sure by adding the new point, the monetary budget (BGT ), the time limit (T I M), the

distance threshold (D I ST ), and the category quota (T Li ) are not violated. Among

the new points that do not violate these conditions, the one with the smallest dis-

tance is selected. Note that using the smallest distance to select the point means the

secondary objective is to minimize the distance. However, it is possible to select a

point with the minimum time or budget, which implies the time or price of visiting

POIs is optimized. Note that the secondary objective is not critical for adding must-

visit points to itineraries, since the ultimate goal is to cover all must-visit points.

However, this is more important in the second phase, when the preferred points are

covered. When all must-visit points are covered, or when no more must-visit point

is eligible for day di , the second phase is called. Then, the remaining budgets and

thresholds for day di along with the current number of covered preferred points for

each tourist is passed to a procedure for adding the preferred points. If the last part

of Algorithm 1 that inserts preferred points (which will bed discussed after present-

ing Algorithm 2) is excluded, the run time of Algorithm 1 is O(D × |MO|2). In this

statement, D is the number of days, and |MO| is the number of must-visit points

provided by all tourists. The reason for this is that there is a for loop in line 2 that

goes through all days, and the maximum number of times the while loop of line 9

can be executed is equal to the number of must-visit points. Lastly, the for loop of

line 12 goes through all must-visit points to choose the best one in each iteration

while a distance budget is left.

Next, the second phase of the proposed framework is described, which covers

the preferred points for the tourists. The high level overview of this phase is pre-

sented in the orange box of Figure 4 (see Algorithm 2 for detail). For each tourist

u j , a counter is kept, that stores the number of preferred points by u j that is cur-



Algorithm 2 Algorithm to Insert Preferred POIs in Day di

Input: list of current selected must POIs Vi ; number of covered preferred points for each
tourist u j as cov p j ; set of preferred points by user u j as P j ; remaining budget r emBGT ;
remaining distance r emD I ST ; remaining time r emT I M ; number of visits to each category
catVk ;
Output: updated list of current selected POIs Vi

1: while r emD I ST > 0 do
2: leastDi stL j ←∞ (1 ≤ j ≤ n)
3: sel PL j ←; (1 ≤ j ≤ n)
4: posL j ←; (1 ≤ j ≤ n); selected position within Vi for each user
5: V Fulli ← insert sti at the beginning of Vi and eni at the end of Vi
6: for each point px ∈V Fulli do
7: if px 6= eni then
8: for each preferred point pp ∈ P j do
9: di st1 ← distance from pp to px

10: di st2 ← distance from pp to px+1
11: newDi st ← di st1 +di st2
12: ct i mepp ← time of commuting to pp based on newDi st
13: pr i cepp ← price of visiting pp
14: ct g ← category of pp
15: v ti memp ← time of visiting pp
16: totT i mepp ← ct i mepp + v ti mepp
17: if pr i cepp ≤ r emBGT and newDi st ≤ r emD I ST and

totT i mepp ≤ r emT I M and catVct g ≤ Tct g then
18: if newDi st < leastDi stL j then
19: l eastDi stL j ← newDi st
20: sel PL j ← pp
21: posL j ← x
22: if ∀ j : sel PL j =; (1 ≤ j ≤ n) then
23: BREAK
24: SU ←;; selected user with the minimum number of preferred coverage
25: mi nCov ←∞
26: for each user u j ∈U do
27: if sel PL j 6= ; then
28: if cov p j < mi nCov then
29: mi nCov ← cov p j
30: SU ← j
31: insert sel PLSU in position posLSU of Vi
32: PSU .remove(sel PLSU )
33: UPDATE r emBGT , r emD I ST , r emT I M , catVi
34: return Vi



rently covered. These counters are depicted as blue boxes in Figure 4. After as many

must-visit points as possible are added to day di , the itinerary of di is passed to the

second phase. Note that, if all must-visit points are already covered before current

day di , then this itinerary is empty before phase 2 is started. The idea in this phase

is to try to add a point in between current points in the itinerary. For each user u j ,

the point that adding it minimizes the distance while not violating other constraints

is selected. Note that as mentioned before, this means the second objective is to

minimize the distance. The same as must-visit points, for each tourist, only points

that adding them do not violate any constrains (e.g., money or time) are allowed. Af-

ter selecting a preferred point for all tourists, the counters that keep the number of

covered preferred point for each tourist is checked. The tourist with the minimum

number of covered preferred points that has a feasible candidate point is selected

as the winner and her point is added to the itinerary of day di . Any tie is broken

randomly. This process continues until no feasible point is found, or the remaining

daily distance is met. The run time of Algorithm 2 is O(|PRF |×((|MO|×|PRF |)+|U |))

in which |MO| is the number of all must-visit points by all tourists, |PRF | is the num-

ber of all preferred points by all tourists, and |U | is the number of tourists. The first

|PRF | covers the while loop of line 1, which is executed until all |PRF |points are cov-

ered. The |MO| term represents the for loop of line 6, and the second |PRF | terms

represents the for loop of line 8. After the for loop of line 6 is terminated, the for loop

of line 25 is executed |U | times. Since in practice, |U | ¿ |MO|× |PRF |, the run time

of Algorithm 2 is O(|MO|× |PRF |2). Since Algorithm 2 is called from the for loop of

line 2 in Algorithm 1 (which is executed for each day), the final run time of Algo-

rithm 1 is |D|× (|MO|2 + (|MO|× |PRF |2)). In most practical cases, |MO| < |PRF |2.

Therefore, the run time of the proposed framework is O(|D|×|MO|×|PRF |2), which

is polynomial in terms of all variables.

4.1. Optimizing the profit (score) of points of interest

The main objective is to maximize the minimum number of covered points for

each tourist (the fairness objective). Unlike the traditional orienteering problem, it



is not realistic to assign scores (or profit) to each point. In other words, a tourist

either wants to visit a POI or not, and this is a binary selection. However, to have

a complete framework, it is shown here how the proposed solution can be adapted

to work in situations in which points are assigned with scores. In this case, the ob-

jective function is to maximize the minimum sum of the profit of each tourist (see

Equation 9). In order to do this, instead of storing the number of covered preferred

points for each tourist (i.e., the blue boxes in Figure 4), the cumulative sum of the

profit of the preferred points that are covered for each tourist are stored. Also, when

choosing the next tourist to add her points to the current itinerary, the one with the

smallest sum of cumulative profits is selected.

4.2. Multi-objective optimization (chaotic system)

In a group of tourists, each tourist might have a different expectation, and hence

the behaviour of tourists could be considered as a chaotic system. In order to ad-

dress the conflicting behaviour of tourists, and motivate all to participate in the

same tours, first the fairness objective is optimized, in which the same number of

preferred points are covered by all tourists. In addition to optimizing the fairness

among all tourists, there are other objectives to be optimized. This includes opti-

mizing the traveled distance, the time or money. And this turns the problem into

a multi-objective optimization problem. The algorithm that was discussed previ-

ously in this section optimizes the distance as the secondary objective. In order to

change this to other objectives, in the first phase, among all feasible points, instead

of choosing the one with the minimum distance, the one that minimizes the time

or money is picked. With the same fashion, among all feasible preferred points of

tourists, the one with the minimum time or money (instead of minimum distance)

can be picked.

4.3. Different weight coverage for different group members

Until now, it is assumed the preferred points of all tourists should be covered

equally. In order words, it is assumed points for all tourists must be covered as fairly

as possible. This is usually the case when a group of friends travel together, and each



tourist would like to see her preferred covered points are equal to others. However,

there are situations within a group, in which tourists might require different level of

fairness (Zheng & Liao, 2019). For example, if the group of tourists are composed

of a family, parents would be fine to have fewer of their preferred points to be cov-

ered, while more preferred points of children are covered (e.g., children’s points are

covered 50% more than parents’ points).

In order to address this situation, first a value between 0.0 and 1.0 is assigned

to each tourist. The smaller the value, the more preferred points will be covered

for that tourist. The number of covered preferred points depends on the relative

difference of these values. Let’s call these values {pv1, . . . , pvn}. This implies that the

assigned value for tourist ui is pvi . Now, when deciding the preferred point of which

tourist should be selected, first the number of current preferred covered points of

each tourist ui is multiplied by the value pvi . Then, the tourist with the smallest

value is selected as the winner. For example, assume there are only two tourists:

u1 and u2. Also, assume pv1 = 0.5 and pv2 = 1.0. This implies that the number of

preferred covered points of tourist u1 should be twice the one from u2 (recall that

smaller values means more covered points). Now, assume that at one stage, u1 has 7

preferred covered points, and u2 has 4. The multiplication of the number of covered

points by ui is 0.5×7 = 3.5 for u1 and 1.0×4 = 4.0 for u2. Therefore, u1 will be selected

as the next tourist to cover her points. If there is a tie among tourists, the one with

the smallest value of pvi will be selected. The values of pvi will be chosen among

tourists with the supervision of the tour leader.

4.4. Cyber security analysis

Cyber security is an important aspect of any online system today (Lu & Xu, 2019).

This is crucial as many cyber attacks are reported around the world on a daily basis.

Therefore, when the proposed system is implemented in a real scenario, multiple

aspects must be taken into account from the security perspective. Here, potential

threats that might threaten the system by a malicious actor is discussed. First, if

an unauthorized person access the POI’s database, she can delete or add POIs, and



mislead the tourists. This can be done to gain personal benefits by the malicious

actor. Second, the must-visit and preferred points of each user might be accessed,

and the personal opinion of tourists might get exposed. Third, the recommended

tours by the system might get exposed, and a malicious actor might be able to track a

group of tourists and see where they travel. Therefore, it is of paramount importance

that this system is built with highest security standards to protect the tourists from

potential cyber security attacks.

4.5. Interactive tour recommendation

It is common that tourists change their mind after one (few) day(s) of the start of

the tour. For example, a group of tourists might be interested in exploring museums

in a new city, but after visiting a couple of museums, they might change their mind

and prefer to visit more outdoor spots. The proposed system is able to adopt to this

situation, and update the tours according to the new requirements of the tourists.

After any given number of days since the start of the tour, each tourist can update

her must-visit and preferred points. The system then receives these points, and keep

only the points that have not been covered before. Then, a new tour will be formed

using the new points, and priority will be given to the must-visit points. The same as

before, for covering preferred points, the priority is fairness (i.e., each tourist get the

same number of preferred points). Note that this process might be repeated a few

times during the tour. Each time, new must-visit and preferred points are received

from the tourists, and new tours will be formed.

5. Experiments

In this section, experiments to evaluate the proposed framework to form multi-

day itineraries for a group of tourists are presented. The proposed framework is

implemented in Python. First, the dataset that was used in the experiments is de-

scribed. Second, the results of a user study is presented to confirm the benefits of the

proposed model in motivating a group of tourists to take the tours together. Then, a

series of experiments are run to show the effectiveness of the proposed framework.



5.1. Dataset and settings

A collection of Foursquare check-ins over the course of ten months (from April

2012 to February 2013) in two big cities of New York City and Tokyo is used. This

dataset is originally published in Yang et al. (2015). Foursquare categorizes venues

into different types. At the time of collecting the dataset, Foursquare classified venues

into 9 main categories, and 417 sub-categories. For this application (i.e., forming

routes for tourists), not all Foursquare venues are necessarily interesting. For exam-

ple, hospitals or government and public service locations are not considered touris-

tic attractions. Thus, these types of venues are excluded from the dataset. The same

as Kotiloglu et al. (2017), 66 types are picked and put under 6 major categories. See

Table 3 for details of venues’ categories and Kotiloglu et al. (2017) for the name of

the 66 Foursquare categories. The coordinates (latitude and longitude) of each POI

are also obtained. The distance between a pair of POI is calculated using Python’s

GeoPy package2. A unified driving speed of 7 miles per hour is used for calculating

the commute time3.

Table 3: List of categories and relevant information.
Category Name Visit Time Cost

Parks 30 min. $5

Bars and Night Clubs 60 min. $10

Museums and Galleries 120 min. $15

Great Outdoors 30 min. $10

Scenic Attractions 30 min. $15

Movie and Theaters 120 min. $10

In order to create the input parameters for the proposed framework, first the

number of tourists (i.e., n) is set. By default, the group consists of 5 tourists (includ-

ing the group leader). The total number of must-visit points are 5, 10, 20, and 40

(which represents the MO set). This implies each of 5 tourists choose 1, 2, 4, and

8 must-visit points on average. Furthermore, each tourist can select 10 preferred

points which gives us 50 preferred points in total. Note that for simplicity, selected

2https://geopy.readthedocs.io/
3http://www.nyc.gov/html/dot/downloads/pdf/mobility-report-2018-screen-optimized.pdf



points by tourists do not have an overlap. Both must-visit and preferred points are

selected from the entire set of points for each city using random sampling. To be

consistent, most of the settings is the same as the work of Kotiloglu et al. (2017).

Default parameters of the proposed framework is listed below:

• The trip lasts for 8 days (i.e., D = 8)

• POIs are classified under 6 categories. List of categories along with the visiting

time and visiting cost of each category is presented in Table 3.

• The limit to visit each category in each day is 5 (i.e., ∀i T Li = 5)

• Each day is 12 hours, starting at 8:00am and ending at 8:00pm.

• The starting and ending points of all days are the same (∀i , j sti = en j ).

• The default daily budget is $250.

• The default daily commute distance threshold is 25 miles.

The input parameters, and in particular the three parameters on maximum spend-

ing budget (BGT ), maximum travelling distance (D I ST ), and maximum time (T I M)

affect the final tour that is produced by the proposed algorithm. These parameters

are determined by the tourists, and their values depend on the tourists’ situation

(e.g., how much money they want to spend each day). In order to observe the sen-

sitivity of these parameters, the following experiment is performed. While keeping

the values of all parameters fixed, only the value of one parameter (e.g., monetary

budget) is changed. The output changes slowly as the value of the selected param-

eter changes. Specifically, by changing the value of the selected parameter by 10%

(e.g., changing monetary budget from 100 to 110), the final tours do not change sig-

nificantly. More importantly, while changing parameters might produce slightly dif-

ferent tours, the fairness objective (i.e., covering equal number of preferred points

for all tourists) is always met.



Parents (with parents' points) Parents (without parents' points) Children (with parents' points) Children (without parents' points) Friends (one tour) Friends (two tours)

4 Days Tour 1.00 0.83 0.72 0.89 0.73 0.90
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Figure 5: The result of the user study on whether tourists take the group tour or not.

5.2. User study

In order to understand if the proposed framework motivates tourists to partic-

ipate in the group tour, instead of multiple individual tours, a user study is per-

formed. Twelve group of tourists (each group is composed of five tourists) partic-

ipate in the user study (in total sixty tourists). Within each group, the members

knew each other. Six groups are composed of a family (i.e., two parents and three

children) and six other groups are composed of friends (i.e., a group of five friends).

Users are asked to select must-visit and preferred points to visit in NYC. Two settings

are offered. In the first setting, a 4-day tour is designed. Each tourist could choose

2 must-visit points and 5 preferred points. In the second setting, an 8-day tour is

designed. Each tourist could choose 4 must-visit points and 10 preferred points.

Within the group of families, one tour is designed that include parents’ points, and

another tour that does not include parents’ points and is only based on children’s

points. Within the groups of friends, one tour is designed based on all five mem-

bers, and two tours. The two tours are designed based on two and three members

points, which have points close to each other. The group tour generated by the

proposed framework is presented to the users, and ask them whether they would

participate in the group tour or not. The results are presented in Figure 5. As the

results suggest, majority of tourists (from both family and friends groups) are will-

ing to take the group tours. Furthermore, parents generally want to participate in



group tours, even if their points are not covered. By removing parents’ points, the

chance of motivating children to participate in the group tour increases. This means

in real applications, there could be more emphasize on the preferred points that are

requested by children. Most friends are also willing to participate in group tours.

However, offering two tours significantly increases the participation rate (by about

20%). Lastly, users are generally more motivated to participate in group tours that

last longer. This could be because longer tours allow more points to be covered from

all tourists, and also people are motivated more to spend time with the group when

the tour is longer. Therefore, such a framework would be more useful in real appli-

cations when tours will last for more than a few days (e.g., one week or more).
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Figure 6: Total commuting distance (on average) for one, two, and five tours.

In order to show the effect of the proposed algorithm on the environment, Fig-

ure 6 shows total daily commuting distance of these 4- and 8-day tours (on average

across all tours and for all groups). The results of having one tour (when all mem-

bers share the same tour), two tours (when two members take one tour and three

members takes another tour), and five tours (when each tourist takes her own tour)

are shown. Based on the result of running t-test, total commuting distance of one

tour is significantly different than two tours and four tours (and the same for two

tours vs. four tours) with p-value < 0.05. The results suggest that when tourists share

the tour, the daily commute decreases, and as a result, the traveling distance by taxis

or cars decreases too. This significantly decreases the carbon emission by tourists.

Also, in real applications, this implies that tourist will have a less negative impact on



the environment, and are more cautious toward a greener environment.

Tourist #1 Tourist #2 Tourist #3 Tourist #4 Tourist #5

5 0.99 0.99 0.98 0.98 0.99

10 0.95 0.96 0.95 0.96 0.95

20 0.82 0.81 0.81 0.82 0.81

40 0.47 0.48 0.47 0.48 0.47

5 0.96 0.96 0.97 0.97 0.96

10 0.92 0.91 0.91 0.92 0.91

20 0.79 0.78 0.78 0.79 0.79

40 0.42 0.43 0.42 0.42 0.43
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Figure 7: Percentage of covered preferred points for each tourist when the total number of must-visit
points changes for an 8 days tour.

To evaluate the proposed framework from the usability point of view, users are

asked to complete a usability questionnaire. In particular, users were asked to pro-

vide a 10-point scale judgement to the statement of the questionnaire, in which

10 indicates “strongly agree” and 1 means “strongly disagree”. Users were asked to

judge the following three statements: 1) The framework has a simple design, 2) It is

easy to provide the required information to the system, 3) It is easy to understand

the information and tours that are returned by the system. The average answers to

statements 1, 2, and 3 are 8.9, 9.2, and 8.6 respectively. This result indicates that the

proposed framework is easy to be used by end users. Please note that a more com-

prehensive usability testing is required when this system is implemented for public

(either as a mobile app, or a website accessible to the public).

5.3. Effectiveness

The proposed algorithm is run to form itineraries over multi-days and for a group

of five tourists. For each city, and each setting, 100 instances of the input parame-

ters are randomly generated and the average results are reported. Figure 7 shows the

percentage of covered preferred points for each of the five tourists when the total

number of must-visit point varies. The results for both New York City and Tokyo are

shown. The results suggest that the proposed algorithm successfully covers equal

number of preferred points for each tourist for different number of must-visit points.

Furthermore, a t-test shows that the number of preferred points for each pair of



Commute Time Must-visitVisit Time Must-visitCommute Time Preferred Visit Time Preferred

Day #1 128 556 3 16

Day #2 182 392 13 76

Day #3 174 227 29 141

Day #4 102 76 74 357

Day #5 7 3 103 566

Day #6 0 0 141 543

Day #7 0 0 179 490

Day #8 0 0 199 341

Commute Time Must Visit Time Must Commute Time Preferred Visit Time Preferred

Day #1 161 513 6 23

Day #2 187 331 19 107

Day #3 185 238 22 146

Day #4 170 181 36 162

Day #5 93 79 91 368

Day #6 5 2 144 533

Day #7 0 0 175 498

Day #8 0 0 192 426
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Figure 8: The average time tourists spend on commuting and visiting must-visit and preferred points
when the number of must-visit points are 20.

tourists are not significantly different (p-value > 0.05). As expected, by increasing

the number of must-visit points, the number of covered preferred points decreases

for all tourists. By covering more must-visit points, while keeping the rest of the

constraints as is (e.g., distance threshold and monetary budget), there is room for

fewer preferred points to be covered during the entire tour. Furthermore, in the pro-

posed algorithm, first the must-visit points are covered, and therefore, if the budget

is limited, there will be less room to cover preferred points.

Figures 8 and 9 show the average time tourists spend on commuting and visiting

must-visit and preferred points when the number of must-visit points are 20 and 40,

respectively. The results are presented for each day. Based on the proposed algo-

rithm, at the beginning of the tour, more time is spent on must-visit points. Closer

to the end of the tour, more time is spent on preferred points. This is because one of

the constraints is to cover must-visit points. Therefore, the proposed greedy strategy

is to cover must-visit points as soon as possible while resources are still available (in

terms of time, monetary budget, and distance). Furthermore, at the beginning of the



Commute Time Must-visitVisit Time Must-visitCommute Time Preferred Visit Time Preferred

Day #1 90 604 2 10

Day #2 142 550 2 11

Day #3 177 481 5 31

Day #4 190 322 15 90

Day #5 185 238 22 106

Day #6 168 179 33 141

Day #7 122 101 63 266

Day #8 17 13 107 421

Commute Time Must Visit Time Must Commute Time Preferred Visit Time Preferred

Day #1 125 571 1 8

Day #2 174 459 9 41

Day #3 182 333 18 95

Day #4 191 302 15 121

Day #5 190 278 15 124

Day #6 186 262 26 130

Day #7 175 209 45 178

Day #8 158 160 79 268
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Figure 9: The average time tourists spend on commuting and visiting must-visit and preferred points
when the number of must-visit points are 40.

tour, more time is spent on visiting must-visit points, than commuting to the must-

visit points. This is because at the beginning of the tour (the beginning of day 1), the

proposed greedy strategy picks must-visit points that are closer to each other (and

are also close to the start and end points). Therefore, there is less time for commut-

ing and more time for visiting. However, in the second day (and days after), more

time will be spend on commuting since points are more far from each other and

from the start and end points. Closer to the end of the tour, when most must-visit

points are covered, there are more resources to cover preferred points. And this is

reflected in the results.

Figure 10 shows the average number of covered preferred points with different

second objectives when the number of must-visit points are 40. As mentioned be-

fore, the default second objective is to minimize the distance. That is, among all

feasible points, the one that minimizes the distance (for both must-visit and pre-

ferred points) is selected. However, the time or money can be alternatively chosen

to be optimized. The results suggest that optimizing distance generates slightly bet-



Distance ObectiveTime ObjectivePrice Objective

5 0.986 0.97 0.84

10 0.954 0.93 0.75

20 0.814 0.8 0.53

40 0.474 0.45 0.13

5 0.964 0.95 0.83 0.01

10 0.914 0.89 0.72 0.02

20 0.786 0.76 0.49 0.03

40 0.424 0.39 0.11
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Figure 10: Average number of covered preferred points with different second objectives when the number
of must-visit points are 40.

ter results than optimizing time (however it is not statistically significant as p-value

> 0.05). This is expected, when the time is calculated, the time that is spent on com-

muting is taken into account. Therefore, lower distances results in shorter times.

However, optimizing the price is not directly related to time nor distance. Thus,

by optimizing the budget, points that are closer to each other are not necessarily

selected. Also, the values of optimizing distance and time are significantly higher

than the values of optimizing money (with p-values < 0.05). This result suggests that

in real applications, optimizing distance or time should get priority over optimizing

the cost, because the generated tour covers more preferred points, and as a direct re-

sult, provides higher satisfaction to tourists. The only exception to this rule is when

tourists travel on a tight budget. In this case, visiting more preferred points can be

sacrificed by visiting less expensive venues.

5.4. Efficiency

In this section, the efficiency of the system in terms of run time is evaluated. Note

that based on the run time analysis of the proposed algorithm provided in Section

4, in addition to the number of days, the main parameters that affect the run time

are total number of must-visit points (|MO) and total number of preferred points

(|PRF |). Therefore, the run time of the proposed algorithm does not depend on the

size of the input dataset, but the number of must-visit and preferred points. Thus, in

Figure 11, the run time of the system is provided when the total number of preferred



points varies for two fixed size total number of must-visit points. The remaining

parameters are set to default (see Section 5.1 for details of default parameter values).

This result confirms that the proposed algorithm scales well for larger values of the

input parameters, and has polynomial run time.
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Figure 11: Run time of the proposed algorithm when the total number of preferred points varies.

5.5. Comparison with other methods

As mentioned before, there is no previous work that takes into account all the

constraints and requirements that are covered in this work. Furthermore, most pre-

vious work form a tour for a single tourist, or assume the set of must-visit and pre-

ferred points are the same for all tourists, and as a result, ignore the fairness objec-

tive. However, in order to show the effectiveness of the proposed method, results of

this work are compared with the results of two recent works: (Kotiloglu et al., 2017)

and (Zheng et al., 2017). The work of (Kotiloglu et al., 2017) is referred to as Tabu

Search, since it is based on the Tabu search approach. The work of (Zheng et al.,

2017) is referred to as Heuristic Algorithm since it is a heuristic method. To be fair,

only a subset of the requirements and constraints that are covered by all methods

are kept. Furthermore, it is assumed there is only one tourist that provides the in-

put parameters (since the other two methods are not designed for group tours). The

results of forming 100 randomly generated instances are shown in Figure 12. The re-



sults suggest that the proposed method covers more preferred points than the other

two (and this is significant with p-values < 0.05). This means the proposed method

provides higher satisfaction to tourists, and encourage them more to participate in

the generated tour in real life.

Proposed Method Tabu Search Heuristic Algorithm

5 0.986 0.94 0.92

10 0.954 0.91 0.89

20 0.814 0.77 0.73

40 0.474 0.43 0.39

5 0.964 0.93 0.91 0.01

10 0.914 0.88 0.87 0.015

20 0.786 0.75 0.71 0.02

40 0.424 0.38 0.36
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Figure 12: Comparison with other methods.

6. Discussion

Tourists nowadays have access to a variety of resources on the Web to design

their itineraries. This includes Google Trips4, TripHobo5, and Tripadvisor6. These

services usually contains map-based applications and offer a variety of services.

This includes trip management and POI selection. However, these applications only

show a ranked list of POIs based on the points’ popularity (e.g., number of check-ins

or reviews) and offer standard itineraries. They do not consider individuals’ inter-

est, nor some basic limitations (e.g., monetary budget, time, and traveled distance).

More importantly, they fail to offer an itinerary that attracts a group of tourists.

Many people travel to a destination together, either as a family, or a group of

friends. However, within a group, members have different preferences. Therefore,

even though the same group of people might travel to a city together, it does not

necessarily mean they visit POIs together. The set of POIs that one tourist might be

interested to visit (e.g., a museum), might not attract other tourists. This situation

4https://www.google.com/travel/
5https://www.triphobo.com/
6https://www.tripadvisor.com/



could lead to tourists taking separate routes. However, taking separate routes means

the use of more transportation resources (e.g., taxis). It also means less time social-

izing with other group members and a loss of various social benefits. And it could

even results in wasting food, since the chance of sharing a meal decreases when each

tourist explores the new city by herself.

6.1. Research contributions

This research contributes to the information management literature in several

ways. First, a tour recommendation framework is developed that considers the so-

cial and environmental benefits of visiting a new city by a family or a group of friends

(and not individually) (Jepson et al., 2019). By taking into account the preference of

all tourists, it motivates all members to participate in one tour. Taking the tour by

all members means sharing the taxi ride, more socializing, and even saving on food

consumption (Dolincar, 2020).

Second, the proposed framework is realistic in achieving the objective of mini-

mizing time, money, and the distance travel. It is assumed that one of the tourists

in the group acts as the group leader, and selects the initial POIs, while considering

other parameters (e.g., commuting distance, budget, and time). After this, each in-

dividual tourist selects a set of must-visit and preferred points. Then, the proposed

framework returns a tour, that covers all must-visit points, ensures all requirements

and constraints are met, and as many as preferred points as possible are covered for

each tourist. In contrast, most prior work in designing personalized tours (and sim-

ilar works in the orienteering problem) maximize the profit of points to be visited,

which is often unrealistic.

Third, this study helps to resolve one of the biggest issues for group travel, i.e.

accommodating the heterogeneous needs and preferences of the different members

in a group (Gram, 2005). The ultimate objective of the proposed framework is to be

fair towards all members, which means each tourist gets the same coverage of the

preferred points. Moreover, the proposed framework is able to adapt to a tourist

group that has different level of fairness (Zheng & Liao, 2019). For example, parents

are happy for their children to have more preferred POIs than themselves.



6.2. Practical implications and potential applications

This framework is expected to be used by group of tourists that travel together

(either as a family, or a group of friends). This framework is also expected to be

used by destination tourism offices, to increase engagement with potential tourists.

Destination tourism offices can integrate this framework by adding the POIs of their

respective cities, and let groups of tourists design their own personalized tours. In

order to make an effective system, destination tourism offices should provide up-

dated information about available POIs, the exact location, and the cost of visiting

the place. Destination tourism offices can use this framework for advertising new

events during the year by adding the events as part of the set of POIs. The pro-

posed framework can also be used for targeted marketing to replace classic hot-lines

and brochures by offering personalised tours that are tailored for a specific group

(Kotiloglu et al., 2017).

The proposed framework in this work has a number of applications in real life.

First, this can be integrated into smart tourism applications used in mobile devices

and be employed by a group of tourists that decide to travel together. This could be

a family, a group of friends, or a mix of both. This framework will motivate the group

to explore a new city together, and increase their social well-being. In addition to

a group of tourists, tourism agencies are other potential applicants of this system.

These agencies can apply the proposed framework to their list of POIs and create

tours for different group of tourists with different preferences. Since the proposed

framework forms tours based on tourists’ input, it will increase the satisfaction of

agencies’ tourists and customers.

6.3. Sustainability perspective

Sustainability is composed of three fundamental dimensions: social equity, eco-

nomic viability, and environmental protection (Hansmann et al., 2012). In this sec-

tion, the proposed system from each dimension is analyzed. In terms of the social

equity, this system provides a mean for all tourists within a group to participate in



designing and forming the tour. Traveling together creates opportunities for social

interaction, entertainment, information sharing, co-creating shared experience and

memories and relieving stress, contributing to psychological and social well-being.

In terms of the economic viability, in addition to sharing the ride to visit different

POIs, tourists save on food by sharing among the group members. For the tourism

industry, group tourists are an important market segment that brings substantial

income to the destination. Providing an enjoyable and memorable experience for

group tourists is essential to attract and retain this market segment. In terms of the

environmental protection, motivating the members to have the same tour involves

taking the same ride (e.g., taxi), and this helps to fully utilize resources, reducing

waste and carbon emission.

6.4. Limitations and future research

The current research can be further improved by adding new directions into con-

sideration. First, live traffic and congestion monitoring can be added to this frame-

work. In this regard, routes with traffic, or congested POIs can be avoided to make

the daily tour more enjoyable. Furthermore, this consideration makes the tour even

more environmentally friendly. Second, the selection of hotels (or a place to stay

overnight) can be added to this framework. By doing this, the location of the hotel,

as well as its price and services can be taken into consideration. This framework can

become more interactive, by receiving daily inputs from the tourists within a group,

and design the tours for the remaining days accordingly (e.g., some tourists might

remove museums from their must-visit POIs and replace them with parks). Lastly,

the problem of tour recommendation when tourists use sustainable personal trans-

porters to explore a new city, rather than taking public transportation, is a promising

direction for future studies.

7. Conclusions

In this work, a new approach to recommending tours to a group of tourists who

visit a new city is introduced. The goal of this recommendation system is to motivate



tourists to explore the city together by covering the interests of all tourists equally. A

comprehensive framework is designed that takes into account realistic assumptions

and constraints about the tours. First, each tourist is asked to provide a set of must-

visit and preferred points. The tour covers all must-visit points, and as many as pre-

ferred points as possible. The number of covered preferred points for all tourists are

the same (i.e., fairness objective). The returned tour is guaranteed not to exceed the

daily monetary budget, commuting distance thresholds, and time. The category of

points are also taken into account, and the framework makes sure only a few points

from each category is covered in each day. The proposed system has a positive effect

on all three pillars of sustainability. In terms of social equity, it motivates tourists to

explore a new city together, and hence it increases their social well-being. From the

economic point of view, it helps tourist to save on transportation (by sharing the

ride), and to save on food (by sharing food). In terms of environmental protection, it

decreases the carbon emission of tourists since it motivates tourists to use the same

transportation mode (i.e., taxi). Extensive experiments on a real dataset of POIs in

New York city and Tokyo, and a user study, confirms the effectiveness of this frame-

work in offering motivating and fair tours to a group of tourists. Using the proposed

framework, tourists can explore a new city together, and enjoy visiting different ar-

eas, while being more sustainable toward the environment and society.
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