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Abstract

We enhance a tourist trip planning framework based on orienteering with cate-
gory constraints by adding social sensing. This allows us to customize a user’s
experience without putting the burden of preference elicitation on the user. We
identify the interests of a user by analyzing their Tweets and then match these
interests to descriptions of points of interests. For this analysis we adapt dif-
ferent schemes for social sensing to the needs of our orienteering context and

compare them to find the most suitable approach. We show that our tech-
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nique is fast enough for use in real-time dynamic settings and also has a higher
accuracy compared to previous approaches. Additionally, we integrate a more
efficient algorithm for solving the orienteering problem, boosting the overall per-
formance and utility of our framework further, as demonstrated by the positive
user satisfaction received by real users.

Keywords: social sensing, orienteering, semantic mapping, semantic

similarity

1. Introduction

In tourist trip planning, it is generally not useful to determine shortest paths
from a source location to a destination location. Instead, it is more important
to discover routes covering the most attractive points of interests (POIs), ideally
matching the personal tastes of a tourist [1]. A common and well-known way to
model tourist trip planning is by mapping it onto an orienteering problem. The
orienteering problem (OP) considers the route network as an edge-weighted
graph with a weight and a score for each node. The goal is to discover a
path from a starting node to a destination node that maximizes the total score
while staying within a certain time budget. Having its roots in the longest
path problem, OP is an NP-hard problem, which means that computing exact
solutions is only possible for small problem instances.

There are more efficient algorithms for OP based on heuristics or approxima-
tions, which provide good answers in a fraction of the time it needs to compute
the optimal answer. In the context of tourist trip planning this is fine, as tourists
are already content with a route close to the optimal one. However, these ap-
proaches assume that the user preferences are given as input parameters to an
algorithm, but do not specify where these preferences come from. In the case
of category-based OP, a user would have to specify which categories of POIs
they like and to which degree they like them, otherwise an algorithm cannot
personalize the route.

The proliferation of numerous online social networks, such as Facebook,
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LinkedIn, and Twitter, has now made it possible to incorporate social elements
into a variety of data-centric applications [2]. The sheer amount of information
found in social networks is huge and on top of that it is heterogeneous, often
containing complex linkage structures. Social sensing is an approach to analyze
user-generated content in social networks in such a way as to make it usable
for a range of applications [3]. We propose a method based on social sensing
to obtain personalized POI scores without explicitly asking users about their
specific tastes.

More specifically, we look at the Twitter posts of users and compute semantic
distances between a user profile and the description of POIs. In this way we
obtain a list of POIs together with personalized scores. After normalizing these
scores, they can be fed directly into an OP solver together with the route graph
to generate a custom-tailored trip without having to modify the original OP
algorithm. In summary, we focus on the following aspects and make a number

of contributions:

e We propose an accurate social sensing technique for orienteering by com-
bining schemes such as Latent Dirichlet Allocation (LDA ), Latent Seman-
tic Analysis (LSA), the spaCy! tool, and the RAKE algorithm [4];

e For solving the associated OP, we integrate an efficient anytime algorithm
that was developed recently [5], making it possible to show incrementally

improving solutions to users;

e We evaluate our approach empirically using real-world data sets of Tweets
and descriptions of POIs in Italian; we opted for Italian rather than En-
glish due to two reasons; first, Bolzano being an Italian city, most of the
descriptions of its POIs are in Italian; second, as there are significantly
fewer applications in Italian, a framework in this language offers more

novelty;

Thttps:/ /spacy.io/
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e We demonstrate the effectiveness of our approach in terms of user satis-
faction via a user study in which users get to compare and choose from

solutions generated with and without social sensing;

The remainder of the paper is organized as follows: in Section 2 we provide
a motivating example to illustrate the intuition of our work, whereas in Section
3 we review the technologies that are used in this paper. In Section 4 the overall
process is presented, and the experimental evaluation is exhibited in Section 5.

Eventually, Section 6 concludes the paper and outlines the future work.

2. Motivating Example

We now introduce a motivating example to illustrate the usefulness of social
sensing for orienteering. We take POIs from the city of Bolzano: Figure 1 shows
a graph with a source node s (Waltherplatz), a destination d (Via Rovigo), and
three POIs, p1 (Cathedral of Bolzano), pa (Christ of the King Church), and
ps (Dr. Friedrich Tessmann Library), along with their distances expressed in
minutes. We simplify the graph to keep it readable: all visiting times are
supposed to be 60 minutes, all POIs belong to the same category, and we also
omit some edges.

Let us assume that Elon Musk (co-founder, CEO, and product architect of
Tesla, Inc., as well as one of the top-200 most followed twitter accounts) would
like to spend 3 hours (i.e., 180 minutes) in Bolzano, starting from Waltherplatz
(s) and ultimately arriving at a friend’s apartment (located at d). The algorithm
in [6], without social sensing, would suggest the itinerary Iy = (s,p1,p2,d),
assuming all the scores to be the same. In fact, if all the other parameters are
the same, the algorithm suggests the itinerary with the best centrality, that is
the one containing the nodes with the shortest distance to s and d (for more
details on the algorithm, see Section 4.6).

On the other hand, the new algorithm including social sensing extracts from
Elon Musk’s tweets interesting topics such as “project”, “Tesla”, and “physics”,

that implies that ps (the Dr. Friedrich Tessmann Library, one of the most
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Figure 1: Route Orienteering for Elon Musk

modern and well-stocked libraries in Italy), is implicitly ranked higher than p,
by Elon Musk. As a result, its score will be higher than the one of ps, and
consequently the algorithm suggests the itinerary Io = (s, p1,ps, d); even if it is
longer than I, it is likely to be appreciated more by this particular twitter user.
So, the most interesting path for him in Bolzano would start at Waltherplatz,
go to the Cathedral in two minutes, spend an hour there, then arrive at the Dr.
Friedrich Tessmann Library sixteen minutes later, stay an hour there, and reach
the friend’s apartment in Via Rovigo 21 minutes later. This path has a total
length of 159 minutes, leaving more than 20 minutes to the time constraint of

three hours.

3. Related Work

The orienteering problem was initially defined by Tsiligrides in [7]. Since it is
an NP-hard problem, algorithms computing the exact solutions via branch and

bound or dynamic programming techniques [8, 9] can only solve small instances
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of the problem. As a consequence, most of the used approximation algorithms
and heuristics adopt a two-step approach of partial path construction [10, 7]
and (partial) path improvement [11, 12, 13]. Additionally, other approaches in
the literature exploit meta-heuristics such as genetic algorithms [14] and neural
networks [15]. There are also a few approaches that consider the orienteering
problem generalized by categories. These approaches are based on clustering the
nodes [16], applying an optimized best-first search [5], and using probabilistic
methods [6]. However, none of these techniques consider using social sensing for
eliciting user preferences.

In order to integrate social network information into the solution of an orien-
teering problem, the first step is to process the Online Social Network (OSNs)
data. There are two general categories of methods that can extract, collect,
and mine the information from OSN data: machine learning approaches and
non-machine learning approaches. An example of a machine learning approach
is [17], which uses a range of features including language, hashtags, and geo-
graphical locations of their social ties to infer a user’s nationality on Twitter;
thus, it can be classified as a method based on user profile. Furthermore, Bent-
wood [18] uses a topology of influence to quantify the impact of social media,
while Tinati et al. [19] uses a social network graph based on retweet behavior
to identify key players in a conversation. They describe a new approach to clas-
sify users within the Twitter service and use a topology of influence. Moreover,
D’Avanzo et al. [20] introduce a pipeline, implemented as a web service, to al-
low decision makers to monitor Twitter’s sentiment regarding trends based on
Google Trends. It also enables users to choose geographic areas for their mon-
itors. In addition to the positive/negative sentiments on Google Trends, the
pipeline offers the ability to view, on the same dashboard, the emotions that
Google Trends triggers in the Twitter population. For the non-machine learn-
ing approaches, Gianvecchio et al. [21] propose an entropy-based classification
method to identify the chat bots in Yahoo Chat, while Sarwar et al. [22] exploit
user-based collaborative filtering to predict a test user’s interest in a test item

based on rating information from similar user profiles.
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We now look at some well-known techniques and tools used by us for sensing
the interests of user from their social network profiles. More specifically, in
subsection 3.1 we show the approach built on the LSA-based Semantic Space,
in subsection 3.2 the one built on the LDA-based Topics Space, in subsection 3.3
the one based on an effective NLP tool named spaCy, and in subsection 3.4 the

one based on the RAKE algorithm.

8.1. LSA-based Semantic Space

The Latent Semantic Analysis (LSA) technique is a well-known method use-
ful for obtaining a vector encoding of words and their semantics [23]. LSA has
been widely used for simulating different human cognitive phenomena [24][25].
Given a set of M terms and N documents, the LSA technique is based on a
term-document co-occurrence M x N matrix A, whose generic element [a; ;] is a
function of the number of times a term occurs in a document. In particular, we
have considered the classical “Term frequency - Inverse document frequency”
Tf-Idf approach for encoding a generic element [a; ;] of A. Given a word w;
and a document dj, let f; ; be the number of occurrences of w; in d; and let n,,
be the number of times the word w; appears at least once in a document of the
collection. Then, a generic element [a; ;] of the matrix A is:

o441 = 1+ log() -tog () )
T

The matrix A can be decomposed into the product of three matrices, U, 3,

and V by exploiting a factorization procedure known in literature as “Singular

Value Decomposition” (SVD)[23].
A =UxvT 2)

U is a column-orthonormal M x N matrix, V is a column-orthonormal N x N
matrix and 3 is a NV x N diagonal matrix. The elements of ¥ are named
“singular values” of A. The columns of U are named left singular vectors of
A and the columns of V are named right singular vectors of A. It may be

assumed, without loss of generality, that the singular values of A are ranked in
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decreasing order, since Singular Value Decomposition also holds if we perform
permutations of singular values along with the corresponding rows in U and V
[25].

Let R be an integer with 0 < R < N, and let Ug be the M x R matrix extracted
from U by neglecting the last N — R columns, let 3 be the matrix extracted
from ¥ by neglecting the last N — R rows and the last N — R columns; let V
be the N x R matrix extracted from V by neglecting the last N — R columns.

Then, it can be shown that:
Ar=UgSpV} (3)

Apg is an M x N matrix of rank R, and it is the best rank R approximation of
A, among the M x N matrices, with respect to the Euclidean metric. The i-th
row of the matrix Ug is the numerical encoding of the i-th word. The columns
of the Ui matrix represent the R independent dimensions of the induced se-
mantic space. Moreover, it is possible to extract the words which best describe
these independent dimensions by computing a score Sc(w;) for each word w; by

applying the formula [25, 26]:
R
Se(wi) =Y o4 uij] (4)
j=1
with oij € Y r and U5 € Ug.

8.2. LDA-based Topics Space

Latent Dirichlet Allocation (LDA) is an unsupervised method for computing
a Bayesian probabilistic model of text corpora, with the aim of finding topics
in documents [27].2 In a nutshell, it assumes that the documents in a corpora
were created using a generative process (for a gentle introduction to LDA and
generative probabilistic topic models, see [29]). Put simply, we assume that

every document follows a certain topic distribution (e.g. 70% topic A and

2LDA extends the probabilistic Latent Semantic Analysis (pLSA) approach [28], which,

even though its name looks similar to LSA, follows a completely different procedure.
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30% topic B). Furthermore, a topic is specified as a distribution over a fixed
vocabulary (i.e., the words contained in a document collection). Generating a
document is split into two stages: first we (randomly) choose a distribution over
topics for the document and then every word is randomly determined by the
distribution over the vocabulary while following the topic distribution of the
document. The main issue with this process is that we know neither the topic
distributions of the documents nor the vocabulary distributions of the topics,
these are hidden variables. LDA turns this around by searching for the most
probable hidden parameters that could have generated an observed document
collection. More formally, this is done in the following way. The number of
topics, K, is fixed beforehand and every topic fr € (1.x is a distribution over
the vocabulary. Now we turn to the document collection, which contains a total
of D documents. The percentage of topic £ in document d is expressed by 84 1,
04 defines the percentages of all the topics in this document. The distribution
zq,n determines which topic is assigned to the word n in document d, z4 stands
for all these assignments in d. Last, but not least, wg, represents the n-th
word in document d, wg denotes all the observed words in d. Putting all this
together, we can now describe the whole process of generating documents using

a joint probability distribution:

p(/Bl:K7 01:D’ 21:D, wl:D) =
K

D N
[Tr) IT p0a) (H P(zan)l0a)p(wan|Brx, Zd,n)) (5)

i=1 d=1 n=1
On a technical note: the different distributions above are modeled using sym-
metric Dirichlet distributions. The parameters 3, 6, and z are called latent
variables, as they are not directly observable. Given the observations (in the
form of word frequencies in the documents), we reverse-engineer the generative

process by computing the posterior distributions of the latent variables, which

boils down to solving

P(ﬁl:Kﬁl:DaZl:D,Wl:D) (6)

p(ﬁl:K761:D7Z1:D‘W1:D) = p(Wl;D)
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The process of solving this equation is intractable from a computational point of
view. However, its solution can be approximated through variational inference

and Gibbs sampling [30, 27, 31].

3.8. SpaCy Tool

For this method, we used two natural language processing (NLP) tools,
namely fastText [32] and spaCy [33], expanding and improving the spaCy base-
line approach we applied in [34]. Our technique is composed of two steps:
preprocessing documents with the help of fastText and comparing them via
spaCy.

Before starting with the preprocessing, we remove all links to webpages, ref-
erences to other users, and hashtags from our collection of Tweets. We then feed
the words contained in the Tweets and the POI descriptions into fastText, which
computes distributed word representations, or word vectors, for them [35, 36].
This is a popular technique in machine learning for uncovering subsymbolic
meanings, such as word analogies. We utilized a pre-trained word vector encod-
ing for Italian provided by fastText [32], which was trained on Common Crawl
and Wikipedia. As reported by fastText, the parameters used for this training
are as follows: 300-dimensional vectors, a continuous bag of words (CBOW)
model with position weights, character n-grams of length five, a window size of
five, and ten negative examples [32, 36].

We use a simple strategy for determining the similarity between Twitter
profiles and POI descriptions. Assuming that each POl is described by (at least)
one sentence, we compute the similarity between the word vectors describing
the Tweets and the word vector of the sentence describing a POI via the cosine
measure. If the similarity between a Tweet and a POl is greater than a threshold
6, the Tweet matches the POI (the value of 8 is set to 0.85, which was determined
experimentally). For measuring the similarity of the whole Twitter account to a
POI, we take the number of matching Tweets and divide it by the total number
of Tweets for this account. If a POI is described by more than one sentence, we

only consider the sentence with the highest similarity. We repeat this procedure

10
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for every POI, obtaining an ordered list of POIs according to the semantic
similarity with the user posts.

In our previous work we showed that a social sensing approach based on LDA
and LSA is able to achieve an accuracy similar to a simpler baseline version of
the spaCy approach, but at a much faster rate [34]. Here, we build on top of this
by optimizing the spaCy approach (see scheme 5 in Section 4.3.3), decreasing

the number of operations per user it needs.

3.4. Rapid Automatic Keyword Extraction (RAKE)

The RAKE algorithm [4] has been introduced by Rose et al. with the in-
tention to get a general and efficient algorithm for extracting keywords from
documents. Keywords are defined as sequences of one or more words capable of
supplying a concise representation of the subject of a document [4].

RAKE is based on the observation that keywords often contains multiple
words, but they seldom contain stop words in the middle. In addition to the
documents, the method takes as input a set of of stop words, e.g. for English
these are words such as “the”, “of”, or “and”, and a set of phrase and words
delimiters like blanks or punctuation marks. The stop words and delimiters
are used to partition the text into word sequences, with each sequence being
considered a candidate keyword.

The algorithm is unsupervised, domain-, and language-independent. In fact,
the original paper [4] also describes a method to automatically generate a list
of stop words, starting with a set of documents.

Once the list of the candidate keywords has been identified, each word w;

present in the text is scored by using the function:

_ degree(w;)

(7)

w;

oce(w;)
where oce(w;) is the number of occurrences of w; in the text, and degree(w;) is
the number of times that the word w; co-occurs with other words in a candidate

keyword sequence. A higher value of word degree(w;) means that w; occurs in

11
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long candidate keywords. The index ¢ ranges from one to the number of unique
words occurring in the text.

Once the score of each word in the text has been computed, a grade is
associated with each candidate keyword by summing the scores of the words
that constitute it. The candidate keywords are then sorted by descending value
of their grades and the top third are selected as keywords of the text [4].

The algorithm can also be enabled to detect keywords with stop words in the
middle. In this case, once the document in question is parsed and a set of words
is found, the algorithm looks for pairs of possible keywords with a stop word
in the middle that appear at least twice in the same document and includes
them among the list of keyword candidates. This extra step allows us to obtain
keywords like “set of natural numbers”, where the presence of the stop word
“of” would have prevented us from finding it.

Experiments reported in [4] show that RAKE is an efficient algorithm, while
at the same time achieving a good ratio of precision and recall. In this paper,
RAKE has been used as one of the schemes to extract keywords from user

tweets.

4. Orienteering based on Social Sensing

In this section, we show the overall process we followed for building an ori-
enteering framework supported by social-sensing (Figure 2). It consists of six
layers: OSN crawler, tweets extraction and preprocessing, semantic space map-
ping, semantic similarity matrix building, ranking computation, and integration
with the orienteering approach.

The output of the OSN crawler consists of a set A of collected data related
to user sessions on a particular OSN. As a result, in this context we collect all
the user tweets, which are further processed in the following steps (Figure 2) of
the pipeline, in order to detect the user interests in POlIs.

Then, the tweets extraction and preprocessing step aims at cleaning the text

of the tweets before further processing. Afterwards, the semantic space mapping

12



OSN Crawler — Extraction

284

285

286

287

288

289

290

291

292

293

294

295

296

297

P~

@ Mapping Schemes M

‘ Data Acquisition
Tweets y

Semantic

Semantic Space Similarity
Mapping Matrix

Building

and
PreProcessing

=z

POI descriptions

OSN Log A Filtered Log At

Ranking

Integration with .
Computing

the orienteering
approach

Figure 2: The Overall Process

phase is applied to map both the filtered tweets and the POI descriptions into
a joint semantic space R9; the details of this method are explained later on.

With the joint semantic space, the overall semantic similarity matriz SIM
between users and POIs is computed; a generic element s;; € SIM stands for
the user interest of user i in POI j, computed by analyzing the similarity of
the user tweets and the POI descriptions. Afterwards, two further processing
steps are possible; on the one hand, a specific RANK matrix holding the user
interests in the POIs ordered by descending values is extracted; this is done
to ease the process of extracting the Top-k list of preferences for each user,
where 0 < k < n, n being the total number of considered POIs. The RANK
matrix can be used in an offline setting as an input for applications such as POI
visualization or recommender systems.

On the other hand, the SIM matrix can be exploited for customizing the

scores of the nodes as used in an algorithm for solving the orienteering problem.
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We provide customized paths that also take into account the user interest in
the POIs, implicitly extracted from a user’s tweets. As a result, the score of each
POI (Figure 2) can be considered as a function of the similarities among the
topics of the user tweets and the topics of the POI descriptions. The detailed

procedure is described in Subsection 4.6.

4.1. OSN Crawler

We start off by considering a finite set of atomic user actions in an OSN along
the lines of [37] (Table 1). We assume that the set of observable actions in the
domain is finite, since we deal with sequences of time-stamped events. Each
action can be associated with a different action symbol in S, the user to whom
it belongs, a related timestamp, and other useful attributes for characterizing
actions. In this paper we analyze Twitter posts and focus on the “e” symbol
of Table 1. Thus, we store the content of tweets as additional information for
characterizing the action. We base the definition of our OSN Log on the one
provided in [37, 38, 39].

OSN Log: A log entry is a tuple A\ = (s, user, ts, atty, ..., atty), where \.s € S
is the action symbol associated with the event, A.user is the user with which
the action is associated, \.ts is the related timestamp and A.atti...\.att, are
other attributes optionally associated with the observation (e.g. the content of
a tweet, or an IP address). An OSN Log A is then a finite sequence of log entries
A; ordered by timestamp.

In this context, the task of the OSN Crawler is the collection of real datasets,
such as the one described in subsection 5.2.1, using the Twitter APIs with the

default access level.

4.2. Tweets extraction and preprocessing

Given a user Twitter ID, we extract their tweets. For our approach, we
only use the tweet text content, which is preprocessed before being utilized to
build a data-driven conceptual space. Stop-words are filtered out, and links

are removed before processing the text, since they often hide off-topic posts or

14



Table 1: Action/Symbol

Symbol Action
a login
b message received
¢ message sent
d friend approved
e status wall post
f link shared story

video shared story
h status update
i added picture
published link

k pictured shared story
1 youtube video shared
m youtube created story
n link app created story
o tagged in a picture
p mobile status update
q checkin
r likes a page
S logout

15
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even spam. Abnormal sequences of characters are discarded and the twitter
text is then lemmatized. In this context the OSN Crawler can be used either
for retrieving tweets satisfying a query composed of keywords, or to download
the most recent tweets of a given twitter user ID. The first step of the followed
procedure is the text extraction. More specifically, for each Twitter account z
we retrieve all the most recent user tweets via the Twitter APIs and then store
them. As a result, in our case study the maximum number of tweets detected
per user is about 3200. We also detect the user’s followers and friends, and save
them for possible future use. Afterwards, we identify the language of the tweets;
if less than 60% of the user tweets are in Italian or the user tweets in Italian
are less than 20, we ignore the Twitter account. Otherwise, we extract from the

tweets only the textual content (getting rid of all the other information).

4.8. Semantic scoring of POIs according to the user interests

Given the user Twitter ID, we have set up a set of approaches that can help
in finding a semantic similarity between the user tweets and the natural lan-
guage description of each POI. In particular, we defined six different schemes
exploiting a semantic space induced from user tweets by Latent Semantic Analy-
sis (LSA) [23][40], a topic space induced by the user tweets from Latent Dirichlet
Allocation (LDA) [27], the spaCy tool, and the RAKE algorithm [4]. As dis-
cussed in Section 3, LSA, LDA, spaCy, and RAKE algorithm are techniques
that can also be used for profiling users and to extract the main topics in tweets
[26][41]. We explain all the different approaches for getting the semantic scoring
of POIs according to the user interests in Sections 4.3.1 to 4.3.4.

4.8.1. Semantic scoring schemes 1 and 2

The weights identified by the schemes with numbers 1 and 2 are respectively:

1. the maximum value of Jaccard similarity between topics induced by using
LSA and LDA from the tweets of the user, and the topic descriptions;
2. the average value of Jaccard similarity between topics induced by using

LSA and LDA from the tweets of the user, and the topic descriptions.
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In order to obtain these weights, we apply the following procedure. First,
we remove from the textual content of the tweets any links, references to other
accounts, and hashtags (since the POI descriptions do not contain any of such
elements); then, we also remove stopwords. Consequently, on such filtered tweets
of the i-th user (that we identify as set Ay;) we execute LSA, thus obtaining the
first 20 conceptual azes along with their descriptive words (10 per axis). Then,
we also apply LDA on Ay;, thus obtaining 20 topics along with their descriptive
words (10 per topic). As a result, by applying LSA and LDA on Ay;, we obtain
a file containing 40 rows; each of them has 10 words, describing the possible
basic user interests (Ur). On the other hand, we remove the stopwords from
the POI descriptions; for each descriptive sentence of a POI, we compute the
Jaccard similarity (Intersection/Union) with each of the 40 rows of the user as
well as the maximum value obtained for each descriptive sentence, keeping also

track of all the Jaccard values. More formally, we define:
e ng as the number of sentences of the POI description;

e ny, as the total number of conceptual descriptions of user interests (40 in

this case).

Consequently, the computation of the Jaccard similarities implies the con-
struction of the J matrix; more specifically, in Equation 8 the Jaccard function
is defined on the domain {1,...,ns} x {1,...,ny,}, and has the J matrix as co-

domain.

Jaccard : {1,..,ns} x {1,...,ny,} = J (8)
Eventually, for each tuple (user, POI), we compute:
e the average of the maximum values (weight 1, Equation 9);
e the average of all the Jaccard values (weight 1, Equation 10).

ngl-) = avg{ml?x{Jk*}}a Vi=1,...,m;Vji=1,...,n;Vk =1,...,ng; 9)
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Figure 3: Scheme 1 and 2, for each tuple (user;,POI;)

w =avg{Ju},  Vi=1..m¥j=1.nVk=1.n;V=1,.,np,

i

(10)

w  4.3.2. Semantic scoring schemes 3 and 4

381 The weights identified by the schemes with numbers 3 and 4 are, respectively:

382 1. the mazimum value of Jaccard similarity between the user tweets and the
383 topic descriptions;
384 2. the average value of Jaccard similarity between the user tweets and the
385 topic descriptions.
386 The procedure to obtain these weights is described in the following. First, we

se7 - remove from the textual content of the tweets links, references to other accounts,
s hashtags (since in the POI descriptions there are no such elements), and the

30 stopwords. Then, we also remove the stopwords from the POI descriptions.

18



. ) Jaccard
Filtered Log A I simifarity

\

[C)]
\ Schjme - wi

n; tweets

neASOASDG

r

— PreProcessing

POI;

description

390

391

392

393

394
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Consequently, for each descriptive sentence of the POI we compute the Jaccard
similarity (Intersection/Union) with every user tweet. Formally, assuming n; to

be the number of user tweets, we build the following matrix J’.

Jaccard : {1,...ns} x {1,...n:} = J' (11)
Eventually, we compute w® (Equation 12) and w®) (Equation 13) for each

tuple (user, POI) as follows:

wg’) = avg{mkax{J,'c*}},Vi =1,.mVi=1,...mVk=1 ..n, (12)

wg.l) = avg{Jy}, Vi=1,..,m;Vj=1,..,nVk=1,..,ngVI=1..,mn
(13)
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4.83.3. Semantic scoring scheme 5

The weight identified by scheme 5 is explained in the following:

1. all the tweets of a user taken together are treated as a single document,

whereas every description of a POI forms its own document. All docu-
ments are encoded with fastText and we compute their similarity with the

help of the cosine measure provided by spaCy.

More specifically, we follow the listed procedure:

1. we encode the concatenated tweets of the user i as a vector with fastText,

exploiting the “it_vector_wiki_lg” model, obtained from the Italian version
of Wikipedia. As a result, we get a single vector (enc_tweets) in a 300-

dimensional space, which is the encoding of all the tweets of user i;

. we follow the same procedure as the one explained in step 1 for encoding

each POI description. Consequently, we obtain the matrix enc_POIs,
whose generic column j represents the encoding in a 300-dimensional space

of the j-th POI,

. we compute for each Twitter user the semantic distance (the cosine) be-

tween all the user tweets (as a single document) and the POI descriptions.
More formally, remembering that m is the total number of users, and n

the total number of POIs, we define the weight 5 (w(®)) as follows:

ws) = cos(enctweets;, enc_.POIs,;) Vi=1,...,m;Vj=1,..,n
(14)
We can sort these weights by similarity in descending order, obtaining the

final ranking.

4.3.4. Semantic scoring scheme 6

The weight identified by scheme 6 is defined by

e the similarity between descriptive keywords extracted by the RAKE algo-

rithm and the description of the POL.
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20 We proceed as follows.
21 1. We compute the enc_POIs matrix as described in subsubsection 4.3.3;

e 2. we use the RAKE algorithm [4] to extract the ny., keyphrases (each of

23 them identified by key; in Equation 15) from the whole set of tweets of
a the i-th user;
s 3. each of the keyphrases is associated with a score (scorey);

26 4. eventually, we build weight 6 for each tuple (user;, POI;) as follows:

Ngey

wg}) = Z scorey, - cos(keyy, enc_POIs,;) Vi=1,.m;¥ji=1,...n
k=1
(15)
w1 4.8.5. Final remarks about semantic scoring schemes
28 As shown in the previous sections, all the described semantic scoring schemes

20 map the filtered user tweets as well as the POI descriptions into R2, i.e., d = 2

21

(5)
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(Figure 2). However, possible future semantic scoring schemes mapping into

RY, d > 2, could also be integrated into the framework.

4.4. Semantic Similarity Matrixz Building

In this step we combine the weights of a scoring scheme, which we discussed
earlier, into a similarity SIM; more specifically, a generic item of the SIM
matrix stands for the interest of user ¢ in POI j, whereby the higher the value,
the greater the interest. As a result, we define a similarity matrix for each of

the defined schemes as follows:
SIMP =wl  Vi=1,.,mVi=1,..mk=1,..6 (16)
In Subsection 4.5 we show how to use the ranking computing functionality

in an offline setting, whereas in Subsection 4.6 we demonstrate how to use the

similarity matrix to compute customized node scores.
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4.5. Ranking Computing

Now we show how to build a RAN K matrix starting from a SIM matrix.
The RAN K matrix is useful as input for applications such as POI visualiza-
tion, recommender systems, or data analytics; in fact, in these contexts it is
convenient to use a matrix whose rows are sorted in a descending order, thus
explicitly listing the most popular POIs in the first positions. More formally,
we first define the sort function (Equation 17), which orders a vector v in de-

scending order.

sort : {v1, .., vm} = {v], v b v > v Vi=1, ., m— 1 (17)

Consequently, Equation 18 defines the RAN K matrix as

RANK;, = sort{SIM,.} Vi=1,..,m; (18)

whose generic items stand for the interest of the user ¢ in the POI j, sorted in
descending order. Clearly, for each generic item RANK,;; we also keep track
of the ID of the related POI;. However, since the complexity of building the
RANK matrix is O(m-n-log(n)), it is better to exploit this functionality in an
offline setting (where the matrix has not to be computed too frequently), rather

than in a real-time setting.

4.6. Integration with the Orienteering Approach

Before describing the algorithm for solving the orienteering problem (OP)
used in [5], and the way we combine it with social sensing, we define the formal
model that we utilized for tourist trip planning. Since there is no obligation
to visit all the nodes in the OP, it is also called Selective Traveling Salesman
Problem (STSP).

We assume a set P of points of interest (POIs) p;, 1 <4 < n. The POls,
together with a starting and a destination node, denoted by s and d, respectively,

are connected by a complete, metric, weighted, undirected graph G = (P U
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{s,d}, E), whose edges, ¢; € E = {(x,y)|x,y € PU{s,d}}, connect them. Each
edge e; has a cost c¢(p;, p;j) that signifies the duration of the trip from p; to p;,
while every node p; € P has a cost ¢(p;) that denotes its visiting time. Each POI
belongs to a certain category, such as museums, restaurants, or galleries. The
set of n.q: categories is denoted by K and each POI p; belongs to exactly one
category ki € K,1 < k < ngq. Given a POI p;, cat(p;) denotes the category
p; belongs to and score(p;) denotes its score or reward, with higher values
indicating higher interest to the user. Finally, users have a certain maximum
time in their budget to complete the itinerary, denoted by ¢,,42-

Furthermore, let P* be the ordered set of vertices in the optimal path, and
define a binary variable x;; taking the value 1 if and only if p; and p; are
two consecutive vertices of P*. Additionally, let y;; be another binary variable
taking the value 1 if and only if POI p; belongs to category ki, and max,,, , V&g €
K represents the maximum number of POIs belonging to category s allowed
in P*.

Consequently, the orienteering problem for tourist trip planning is formally
modeled as follows, with 1 <4, 7 <nand 1 <k < ngqe:

max Y score(p;) > Ti;
i J

subject to

Zwsz‘ = Z%‘d =1 (19)

dwg=> a;<1, Vi:1<l<n (20)
i i

Z Z(C(Pz‘) + (i, ps)) - ij < tmax (21)

i g
Dyw=1 Vi:l<i<n (22)

k
ZZIU Y <mazy,, Vk:1l<k<ng (23)

i g
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More specifically, the constraint in Equation 19 specifies that both s and d
belong to P* as the first and last POI, respectively; additionally, constraint (20)
defines the flow conservation conditions for the remaining vertices, while con-
straint (21) specifies the upper bound on the path length. Moreover, constraint
(22) guarantees that each POI belongs to only one category, whereas constraint
(23) determines the maximum number of POIs for each category allowed in a
path.

As a result, the main goal of integrating OP with social sensing is to utilize
the similarity matriz previously obtained (subsection 4.4) to improve the quality
of itineraries. Differently from [34], in this paper we exploit the algorithm for
solving the orienteering problem developed in [5] rather than the one in [6], as
it is an approximation algorithm with guaranteed bounds for the quality of the
solution and as an anytime algorithm it provides a solution right from the start,
which is then gradually improved.

Since POIs can be visited only once, Bolzoni et al. [5] use sets as route
representatives. Thus, each search space node comprises a set of POlIs, the
related scores, and a potential extra score. Each element of the search space,
then, represents a solution able to visit all the POIs in its set collecting their
scores. The potential extra score measures how promising a search space node
is. In particular, the algorithm computes the shortest path visiting all the POIs
of a search space node, with (p;, d) being the final arc leading to the destination.
We consider the remaining budget time the remaining time at p;. The potential
extra score is an upper bound of the score we can get by visiting additional
unvisited POIs between p; and d. A trivial upper bound is to add up all the
POIs p so that c(p,p) + c(p) + c(p,d) — c(pi,d) still allows us to arrive at d
in time. However, with categories it is possible to have a stricter bound, since
we consider only the top scoring POIs of each category satisfying the category

constraints.
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The algorithm then uses a double-ended priority queue (aka priority deque)
that keeps the solution representatives in descending order of maximum po-
tential score. In more detail, routes in the deque are represented as tuples
comprising (c, score, extra, P) where P is the set of POIs of the representative,
c is the cost of passing through and visiting all the POIs starting from s and
arriving at d, score is the sum of the scores of the POIs in P, and extra is an
upper bound on additional scores that are still achievable. The pot (potential)
of a representative is score + extra.

For instance, let us assume the initial representative P = @ for an empty
route from s to d, then cost is the distance between s and d, score is zero,
and extra contains the sum of the top scoring reachable POIs of each category.
Assuming the category constraints are 2 museums and 1 restaurant, then extra
contains the scores of the top restaurant and the two top museums still in reach.
The more POIs we have in P, the higher the cost, and the tighter the category
constraint will be, allowing extra to be more precise. If extra is zero, it means
it is not possible to visit any more POIs without violating a constraint. Usually,
this upper bound is not a supremum because visiting some of the top scoring
POIs will make it impossible to still reach others.

The priority deque keeps the representatives sorted by their potential score
pot and in each step the algorithm removes the one with maximum pot, repre-
sented by (c, score, extra, P). Based on this removed route, we generate new
representatives (¢;, score;, extra;, PUp;) where p; is a new POI (not in P), up-
dating all its components appropriately. The new representatives are put back
into the priority deque only if the sum of score and extra is higher than the
score of the currently best known route.

Each time a representative is computed, the relative route is compared with
the best known route. If it is better, it becomes the new best known. A route
is better if it has a higher score, or given the same score has a lower cost.
Theoretically, this algorithm would compute the optimal solution if we run it
without any additional constraints. However, as OP is an NP-hard problem, we

want to keep the runtime and memory usage manageable, so we employ it as an
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approximation algorithm. To keep memory under control it is possible to limit
the deque length: if, after inserting a new representative, the deque is longer
than the limit, the minimum element (the one with the lowest potential score)
is dropped.

As already mentioned, we only put a representative into the deque if its
potential score pot is higher than the best known route score, as such a partial
solution cannot possibly be expanded to an optimal solution. However, it is
also possible to prune more aggressively by ignoring representatives whose pot
is smaller than the best solution found so far multiplied by a cut factor t. In
other words, best being the score of the best known solution, a representative
is only enqueued if pot > t - best. In this way we may lose the optimal solution,
but since extra is an overestimation we can compute a provable bound (see [5]
for a formal proof).

Limiting the length of the queue, we have to keep track of the highest po-
tential we ignored, let it be max; then the optimal solution cannot be better
than max/best times the score of the returned solution. When using a cutting
factor, t is the worst ratio between the scores of the optimal solution and the
returned one.

The approach is an anytime algorithm, since it continuously generates and
improves solutions. Thus, it is possible to keep runtime under control by re-
turning the current best known solution after reaching a timeout.

While this is an efficient approximation algorithm with provable bounds,
so far Bolzoni et al. assume that all the scores of the POIs are given as an
input parameter [6, 5]. Determining and custom-tailoring the scores of POIs
for individual users was left as an open problem. Here we solve this problem
by combining an efficient algorithm for solving the OP with categories [5] with
effective social sensing techniques, allowing us to automatically extract user
preferences and map them to POIs scores. More formally, given a set U of users
and a set P of POlIs, the score of POI p; € P for user u; € U is calculated as

follows:
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score(u;, pj) = SIM;; (24)

5. Experimental Evaluation

We implemented the overall pipeline described in Figure 2 and evaluated the
accuracy of the user interests in the POlIs, the user satisfaction with reference
to the suggested paths, and run-time performance of both the social sensing
approach and the orienteering algorithm. In the following we provide some

details on the experimental setting before discussing the results.

5.1. Environment

We ran the experiments on a machine with a 2.30GHz Intel Core i5 processor

(3Mb of cache) with 8 GBytes of RAM running Archlinux, kernel version 4.9.6.

5.2. Data Sets

In order to evaluate the viability of our approach, we needed to construct
data sets of both user tweets and POI descriptions, which we describe in the

following.

5.2.1. OSN Users

Regarding the collected data set of OSN users, we downloaded the tweets of
549 users (on average 3200 tweets each) who are followers of the Municipality of
Bolzano Twitter account®. Then, we randomly selected 20 users from the users
who posted at least 100 tweets and who posted at least 60% of their tweets in
Italian.

All the user tweets were then preprocessed as described in Section 4.2, before

applying the schemes described in Section 4.

3These users have not put restrictions in their privacy settings, allowing us to do so.
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5.2.2. POI Descriptions

In order to compare twitter accounts with POIs, we need to have a textual
representation of POIs. This dataset was constructed manually by searching
for textual descriptions of POIs in Bolzano that are interesting to a tourist.
The POI documents were then processed according to the schemes in Section 4.

Table 2 lists the set of considered POlIs.

5.3. Results

First, we evaluate the accuracy of the social sensing approach (RAN K ma-
trix) measured against a ground truth provided by human annotators. The
annotators were informed about a subset of the tweets of a subset of users.
They were asked to define a top-k list of POIs for each selected user based on
their tweets. Second, we measured the user satisfaction of each selected Twitter
user whom we suggested several tourist paths. Eventually, we also measured
the processing time of both the social sensing approaches and the orienteering
algorithm, illustrating how well this processing scales by using different numbers

of tweets and various time budgets.

5.3.1. Ewvaluating Accuracy

Given the set of users U = {u;}iep1,m) (where m € N is the total number
of users), the set of POIs P = {p;};eq1,n (Where n € N is the total number
of POIs), and the set of tweets T = {\; € A|\i.s = “e”} (Table 1), let U’ =
{uiticnng CU, ny € N, ny <m, P ={pi}icin, CP,ny €N, ny <n, and
T = {tihienmg C T, ne € N, n < |T| be the number of users, the number of
POIs, and the number of tweets per user that ng,, annotators take into account
while performing the rankings, respectively.

Additionally, let k£ be the number of POIs for which both the system and
the annotators compute the rankings. More specifically, for each user u € U’,
let R% = {r{}ieq1,x) denote the ranks computed by the algorithm, which are the
POI IDs of the u-th row of the RANK matrix (R,.); on the other hand, let
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Table 2: Set P’ of POIs

ID Name of POIs

2000 South Tyrol Museum of Archaeology - Bolzano
2001 Bolzano cathedral - Bolzano

2002 Earth Pyramids Renon - Soprabolzano
2003 Neptune’s Fountain - Bolzano

2004 Argentieri Road - Bolzano

2005 Chiesa dei Domenicani - Bolzano

2006 Messner Mountain Museum Firmian - Bolzano
2007 Franciscan Friary - Bolzano

2008 Museo di scienze naturali dell’Alto Adige - Bolzano
2009 | Museion Museum of Modern and Contemporary Art - Bolzano
2010 Arcades - Bolzano

2011 Piazza delle Erbe - Bolzano

2012 Bolzano Station - Bolzano

3000 Renon cableway - Bolzano

3001 Runkelstein Castle - Bolzano

3002 Twenty Shopping Mall - Bolzano

3003 Victory Monument - Bolzano

3004 Maretsch Castle - Bolzano

3005 Emberfly Art Gallery - Bolzano

3006 Teatro comunale bolzano - Bolzano

3007 Palazzo Menz - Bolzano

3008 Antico Municipio - Bolzano

3009 Teutonic Order Church - Bolzano

3010 Monument to King Laurin - Bolzano
3011 Bottai Road - Bolzano

3012 Civic Museum - Bolzano
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Figure 7: Accuracy results for our six schemes

Rh = {r?}je[l’k] denote the ranks extracted by a human annotator. Then, for

each user and annotator, the accuracy A is computed as follows:

_ RN Ry

A
k

Nu e U’ (25)

Clearly, A coincides with the classical definitions of both precision and recall,
since both the system and the annotators are asked for top-k lists of POlIs.

More specifically, in this use case we set n, = 20, n, = 26, n; = 3200, and
Nann = 3. Table 2 shows the set P’ of considered POls.

Figure 7 shows the behavior of the average accuracy when varying k. More
specifically, we reported the accuracy achieved by the six schemes which are
Jaccard LSA+LDA mazx, Jaccard LSA+LDA average, Jaccard Tweet mazx, Jac-
card Tweet average, spaCy, and RAKE. From Figure 7, we can infer that all
the listed approaches have a similar linear increasing trend; spaCy and Jaccard
Tweet max achieve better accuracy than the rest of the schemes. When k is
relatively small (k = 4), spaCy outperforms Jaccard Tweet maz. For k = 8,
Jaccard Tweet max shows the best accuracy. Further increasing k makes the
accuracy scores of spaCy and Jaccard Tweet max converge and nearly overlap.
Between k = 12 and k = 20, there is no significant change in terms of the linear

tendency and the relative positioning of the different schemes. As we will see,
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the main advantage of Jaccard Tweet is that it can be significantly faster than

spaCy.

5.8.2. FEvaluating User Satisfaction and Route Recall

In order to further evaluate the results, we have conducted a user study to
evaluate the user satisfaction and the route recall for the suggested routes. This
user study intends to evaluate (1) if the component of social sensing will increase
user satisfaction, (2) which of the six proposed score schemes leads to a higher
user satisfaction, and (3) the percentage of POIs in each route proposed to the
user that are actually listed in his/her top-k POI collection (i.e., computing the
route recall). Therefore, we derived nine customized routes for each user. Six of
them are based on the six score schemes, one is using fixed scores for each POI,
and, as baselines, the second to last one assigns scores randomly to the POls,
whereas the last one just picks from the user ranking the top-k POIs which are
visitable within the time constraints.

We used active twitter accounts for sensing the user preference and POlIs
from the city of Bolzano in Italy. As Bolzano is a touristic city and most POIs
are within walking distance, a user does not need to concern themselves with
any transportation issues. Also, the users in our study were not aware of the
different scoring schemes and also did not know that we analyzed their tweets.

We presented the following scenario to the user: assume you would like to
visit Bolzano and every POI there is new to you. Given a fixed total visiting
time of three hours and twenty minutes, you are not able to visit all the POlIs.
We prepared a total of nine suggested routes. As an example, Table 4 shows
the routes proposed to the user X. Each route contains a set of POIs with
an orienteering route such as shown in Figure 8. The transportation means is
walking. After reviewing all the proposed routes and related POIs, we asked
users to rank the nine proposed routes based on their own preferences, thus
allowing the computation of the user satisfaction.

The generated routes were computed using the reference implementation of

the best first search algorithm in Section 4.6. Each pair of POI distances is
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Figure 8: Route presented to the user

computed as the walking time distance according to Open Street Map and the
POI scores are provided by social sensing. That leaves the budget time, starting,
and ending points. We executed experiments for tours from 30 minutes up to
200 minutes (3 hours and 20 minutes), here we focus on the results for the tours
lasting 200 minutes. Furthermore, we assumed that to actually collect the score
of a POI, a tourist needs to stay for 10 minutes at a POIL. The tour starts and
ends near the Franciscan Friary, which is a well-known and fairly central POI
in Bolzano.

The 10 minutes visiting time is meant to be a bare minimum needed to
actually get something out of a POI, but still long enough to make an impact
on the budget time. The algorithm ensures that the destination is reached in
less than the budget time, but in reality we expect the tours to last longer, as
people will take pauses and stay in POIs longer than 10 minutes, yet even a 200
minute tour is doable in an afternoon.

Thus, in order to compute the route recall, we first asked each user u to

explicitly provide a ranked list of POIs RI' = {rigt}ie[l,n]7 where gt stands for
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ground truth. Then, assuming Pg = {p{ };c[1,5) to be the route (path) computed
by the algorithm a for user u, and passing through the k-sequence of POIs

{p? le, the route recall for user v and path P¢ is computed as follows:

Rp; = 0L (26)

Thus, the route recall denotes the percentage of POlIs in each route of length
k matching the user top-k list of POIs.

For instance, Table 4 shows the routes proposed to the user X as well as the
related route recall, that we computed by comparing the routes against the POI
ranking list of user X shown in Table 3.

As a result, we can infer that for the user X, the route which achieves the
highest recall is the (Scheme 5) Spacy unique doc (63.64%). In this case study,
also the random path accidentally achieves a good accuracy, but this is clearly
not valid in the general, average, case.

Additionally, the last row of Table 4 shows a path which just covers the
top-k POIs of the list RY' of the user u , where k is the maximum number of
POIs visitable within the time constraints. Clearly, its route recall is 100%,
but evidently its number of visited POIs is much lower with respect to the ones
passed through by the other routes, since the path generation is not optimized
in this case.

However, considering all the users, the results of the user study is that five
out of six routes with social sensing are ranked higher than the three routes
not exploiting social sensing, and also achieve a higher route recall (excluding
the Ideal Route). This means, that adding social sensing to trip planning tends
to have a positive impact on both user satisfaction and route recall. The five
higher ranked routes are using the following schemes: spaCy unique doc, Jaccard
LSA+LDA max, RAKE, Jaccard Tweet average, and Jaccard Tweet Max. The
top three ranked routes are the variants spaCy unique doc (scheme 5), Jaccard
LSA4LDA max (scheme 1), and RAKE (scheme 6), in that order. This is

a strong indication that these three schemes are the top contenders when it
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Table 3: POI Ranking List of User X

Rank | ID Name of POIs
1 2011 Piazza delle Erbe - Bolzano
2 3000 Renon cableway - Bolzano
3 2010 Arcades - Bolzano
4 2007 Franciscan Friary - Bolzano
5 2001 Bolzano cathedral - Bolzano
6 3001 Runkelstein Castle - Bolzano
7 3004 Maretsch Castle - Bolzano
8 2005 Chiesa dei Domenicani - Bolzano
9 2000 South Tyrol Museum of Archaeology - Bolzano
10 2009 | Museion Museum of Modern and Contemporary Art - Bolzano
11 2002 Earth Pyramids Renon - Soprabolzano
12 3008 Antico Municipio - Bolzano
13 3006 Teatro comunale bolzano - Bolzano
14 3011 Bottai Road - Bolzano
15 3007 Palazzo Menz - Bolzano
16 2004 Argentieri Road - Bolzano
17 3005 Emberfly Art Gallery - Bolzano
18 2003 Neptune’s Fountain - Bolzano
19 2008 Museo di scienze naturali dell’Alto Adige - Bolzano
20 3012 Civic Museum - Bolzano
21 3010 Monument to King Laurin - Bolzano
22 3009 Teutonic Order Church - Bolzano
23 2006 Messner Mountain Museum Firmian - Bolzano
24 3003 Victory Monument - Bolzano
25 2012 Bolzano Station - Bolzano
26 3002 Twenty Shopping Mall - Bolzano
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Table 4: The nine routes suggested to the user X

Route POIs with Start and End 2007 | Route Recall
(Scheme 1) Jaccard (2008, 3000, 2012, 3007, 50%
LSA+LDA max 2005, 2009, 3012, 3003, 2000)
(Scheme 2) Jaccard (2010, 3007, 2009, 3005, 3003, 45.45%
LSA+LDA average 3012, 2011, 2005,2012, 3009)
(Scheme 3) Jaccard (2010, 3007, 3006, 2009, 3005, 45, 45%
Tweet max 3003, 3012, 2011, 2005, 2008)
(Scheme 4) Jaccard (2003, 3012, 2000, 2009, 2010, 54.54%
Tweet average 2004, 2011, 2005, 2012, 3010)
(Scheme 5) Spacy (2011, 2005, 3006, 2001, 3007, 63.64%
unique doc 3008, 2010, 2000, 3012, 2009)
(Scheme 6) Rake user (2011, 2003, 2005, 2001, 3007, 50%
3008, 2000, 3005, 3012)
Fixed 500 (2011, 2003, 2010, 3008, 2004, 45.45%
3007, 2005, 2001, 2008, 3011)
Random (2011, 2000, 3012, 2005, 2001, 54.54%
3007, 2003, 3008, 3010, 3000)
Ideal Route (2011, 3000, 2010, 2007, 100%
(Baseline) 2001, 3001)

1 comes to increasing the user satisfaction. The only social sensing scheme that is
72 not able to outperform the Fixed 500, Random, and Ideal Route approaches is
n3  Jaccard LSA+LDA average. One of the reasons may be that the average of all
ns  the Jaccard values introduces more topics that are not really favored by users.
715 We also conducted an interview with users to explore the reasons why cer-
76 tain routes are preferred. We found that if a POI that is strongly preferred by
77 a user is missing in a proposed tour, the user will rank the route lower. Also,
ns  if some non-preferred POIs are on the path to interesting POIs, the user will

7o also consider to rank that route lower. As this is a walking tour, the environ-
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ment plays a role as well: walking along a river or in a pedestrian zone usually
increases the user satisfaction. Additionally, the Ideal Routes are ranked lower
than the routes computed with the support of social sensing, since users prefer
to visit as many POIs as possible within the time constraints and, even more
important, do not want to follow paths which are not optimized in terms of total
traveling time. Finally, we also report one of the evaluations of the approach
in the field by one volunteer user who tested our framework for seven days in
Bolzano. The feedback we received from this user was positive, which promises

to make our approach applicable for real-world use.

5.8.3. Ewvaluating Performance

In this section, we evaluate the performance of the framework in terms of
running times used by both the social sensing approach and the orienteering
algorithm. Figure 9 shows how the six social sensing approaches scale when
varying the number of analyzed tweets (each of the values shown on the x-axis
of Figure 9 is the number of tweets of a specific user). In principle all of them
achieve reasonable running times (times are in the order of seconds even when
processing more than 2000 tweets), although the approaches shown in schemes
1 and 2 are much slower than all the others. The fastest one is definitely the
approach based on spaCy (Scheme 5), which can be even used to monitor and

process large numbers of Tweets in real time.

250 |- B LSA+LDA (Schemes 1 and 2)

:@ —o— Profiling Tweet (Schemes 3 and 4)
& 200 |
8 Spacy (Scheme 5)
& 150 |- -| —e— Rake (Scheme 6)
o
£ 100 |- -
3
g 50 -
~

0 N

[

| | |
359 569 1,000 1,416 2,061

Number of tweets

Figure 9: Run Time Performance - Social Sensing
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Additionally, in the following we discuss the performance of the orienteer-
ing algorithm in terms of running time. We did not apply aggressive pruning
in the form of a cut factor, but we limited the run time to one minute. Fig-
ure 10(a) shows how the run time of the algorithm scales for different time
budgets, whereas Figure 11 refers to the run time of the orienteering algorithm
with that of the social sensing approaches. Even though we limited the run
time to one minute, the orienteering algorithm can go beyond that, since it only
stops at the end of a complete expansion phase.

It is also interesting to note that the run time does not grow monotonically
with the budget time. The reason for this is that the POIs are not distributed
evenly throughout the city, which means that for different budgets different sets
of POIs can be reached, making it more (or less) difficult to maximize the overall

score of a route.

runtime (seconds)

100 [~ - * - 100
50 I ~ -1 50
ol ‘ ‘ | B | M 1,

50 100 150 200 100 200 300
budget time (minutes) budget time (minutes)
(a) run time limit 60s (b) run time limit 10s

Figure 10: Route generation time, increasing the time budget.

If a fast response time is important, we can also lower the run time limit
of the orienteering algorithm. Figure 10(b) shows how the algorithm scales for
different budgets with a run time limit of ten seconds (up to routes with a length
of 360 minutes). Reducing the response time to ten seconds only has a minor
impact on the quality of the generated routes in terms of the overall score. On
average, the scores of the routes produced by a ten-second execution were only
about 1% lower than those generated by running the orienteering algorithm for

one minute.
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Figure 11: Runtime of each score

5.8.4. Final Remarks

Overall, we were able to effectively integrate all of the six proposed ap-
proaches for social sensing with the algorithm for solving the orienteering prob-
lem with category constraints, and achieve good performance in terms of accu-
racy, user satisfaction, and efficiency; in fact, five out of the six approaches are
ranked by the users better than the orienteering algorithm not exploiting social
sensing. However, it turns out that the approach which performs best is the one
based on spaCy (scheme 5).

Furthermore, in personalized trip planning, users may expect to explore new
or surprising travel experiences that usually cannot be captured by stable user
preferences [42]. In this paper, we only consider and evaluate route quality
as the alignment between the personalized POIs and user preferences. Other
evaluation factors such as serendipity or coverage [43] of POIs are out of the
scope of this paper. Since the main goal of the tourist trip planning is to
recommend personalized routes for visiting highly preferred POIs, we provided
each user with eight possible routes to choose from (six of which derived the

user preferences by social sensing).
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6. Conclusions

One widely used preference elicitation technique is to explicitly ask if a
user likes or dislikes a certain item that was previously experienced by the
user. In recommender systems, the preference for an item is usually represented
by a rating for the item [44]. Although from the user’s perspective explicit
preference elicitation can be seen as a redundant procedure with considerable
effort on the side of the user, it is still employed due to its effectiveness in
many application domains [45]. However, there is always the risk of users losing
interest in a system because of the effort they have to invest to communicate
their preferences. Thus, we advocate the use of implicit preference elicitation
whenever possible (i.e., whenever the quality of a service does not suffer) to
keep the overhead as small as possible. The advent of social sensing techniques
provides us with powerful tools for automating preference elicitation.

More concretely, we propose an innovative method for customizing the so-
lutions to orienteering problems by applying six different schemes for social
sensing. In tourist trip planning, we identify user interests by sensing their
Twitter profile and are able to create an ordered list of POIs corresponding to
these interests. In this way, an orienteering algorithm can be custom-tailored to
a user by considering the semantic closeness between POls and a user’s social
contents.

We implemented a prototype and evaluated its accuracy, user satisfaction
levels, and computational performance. The evaluation has shown the effective-
ness of exploiting social sensing for improving tourist trip planning. In partic-
ular, the approach that has shown the best user satisfaction is the one based
on the spaCy tool. Thus, the evaluation demonstrates that it is very efficient
and promising to integrate social sensing with orienteering-based tourist trip
planning, making it applicable to real-world use cases.

In the future we want to build on this work by making it scale to even
larger numbers of users and POIs, and we want to extend our approach to other

languages and additional social networks, such as Facebook or Instagram. We
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do not see switching to another Indo-European language as an issue, since, for

instance, the fastText framework [32] is available for 157 different languages.
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