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1 INTRODUCTION

In recent years, a growing interest has been given to tajedata
mining applications that permit to support mobility prada with

the aim of anticipating or pre-fetching possible servicgs Pro-

posed approaches typically consider only spatio-temgafatma-

tion provided by collected trajectories. However, in soroersrios,
such as that of tourist supporting, semantic informatiorictviex-

press needs and interest of the user (tourist) should ba tateac-
count. This semantic information can be extracted fromutxtioc-
uments already consulted by the tourists. In this paper, nesemt
the application of the time-slice density estimation [13ttpermits
to suggest/predict the next destination of the tourist. drtipular,

time-slice density estimation permits to measure the fatbange of
tourist’s interests at a given geographical position ougsex-defined
time horizon. Tourist interests depend both on the geodgapposi-

tion of the tourist with respect to a reference system andceamasitic
information provided by geo-referenced documents astatta the
visited sites. Our basic assumption is that a tourist moveards a
close destination which is semantically consistent wittitig cur-

rent profile as much as possible. Destinations that minithigeoro-
file drift are suggested/predicted as next destinations.

2 ITiS

The applicative task we address is that of suggesting/piadithe
next destination of a tourist which moves on a map givea:spatial
referencing systenij) the set of destinations which geo-references
a set of textual documentsdj) the current geographical tourist po-
sition; iv) the trajectory followed by the tourist and its associated
profile. ITiS addresses this task by automatically updatiegprofile
each time the tourist visits a new site on the map. The prafkes
into account the following assumptiori}:a tourist consults a docu-
ment if the document content is interesting for him/higrgontent of
documents recently consulted is more interesting for thegbthan
that of documents consulted in the past.

Preliminary Concepts.Let P = {p; = (zp,,yp, )|t = 1...n} be the
set of candidate destinations on a map towards a tourist cse,m
such thatr,, andy,, represent the spatial coordinatesyef and

n is the cardinality ofP. Let D = {d;|j = 1...N} be a set of
textual documents. One or more document®iare geo-referenced
to a destinatiom; according to the functiod : P — 2P such that
d(ps) = {d; € D|d; is geo-referenced tp;}. The same textual
document can be geo-referenced to one or more destinations.

GivenU be the set of tourists, it is also possible to define the sefepresentationy(vy, (t)) =

of visits of the touristu; € U, that is, the movement history of
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the tourist, asvu; (t) = ((pjy,t),, t5y, Diy)-(pjas )., 5., Dj.))
wherep;, € P represents the-th (k = 1...s) destination the tourist
uj visited, D;, C §(pj, ) represents the set of consulted documents
geo-referenced tp;, and[t}, ,t ] represents the time interval (start-
ing time and ending time) of thi-th visit such that’;, < ¢}, and

th <t it k<s—1; ¢ <t iff k=s.

The set of consulted documents at the titrigy the touristu; is
defined asdconsutted(vu; (t)) = U,—1. Dj, - Analogously, the set
of documents which are still not consulted at the tinedefined as:
dnotConsulted('qu' (t)) =D — dconsulted(vuj (t))

The set of visited destinations at the timdy the touristu; is
defined aspyisitea(vu; (t)) = Uy 1ps,}- Finally, the set of
destinations which are still not visited at the timés defined as:
pnotVisited(qu (t)) =P - pvisited(vuj (t))

Document Representation A document is pre-processed in order
to removestopwords and determine equivalent stenstenming) by
means of Porter’s algorithm for English texts. Pre-proegssocu-
ments are represented by means of a feature set which isrileter
on the basis of some statistics whose formalization is tepdyelow.

Let C be a set of documents, with" C D, andw be a to-
ken of a stemmed (non-stop) word which occurs in a document of
D, it is possible to definel'F;(w) as therelative frequency ofw
in a documentd € D; TFc(w) mazqecT Fq(w) the max-
imum value of TFy(w) on all documents! € C; DFc(w) =
Hd€C] woccursin d}| the percentage of documentsGhin which
w oceurs;CFea on . oo (w) is the number of sets of documents
where the tokemw occurs. In this formulation, sets of documents are
denoted ag”’, ¢, ...C® with ¢V C D.

Then the following measure, used in text categorization fj2}-
mits to associate a token; with its scorev; and to select relevant
tokens for the representation of document®in

2
TFuppeniveatvu; )W) X (DFap yeaton; 0 (Wi)
CF,

Vi =
consulted('“uj (t))adnotConsulted('qu (t)) (wz)

Tokens that minimizev; are penalized since they are com-
monly used in documents of bothlconsuited(vu;(t)) and
dmtc(msulted(vuj (t)) and do not permit to discriminate between the
two sets. Differently, tokens that maximize can be used to repre-
sent documents il. In particular, the set of the best;.: tokens
forms thedictionary, denoted a®ict (v, (t)), of the tourist; at the
timet. Dict(vy, (1)) is used to index the set of documents/irac-
cording to the classical normaliz8tF' x idf measure. In the matrix

[wPJZ]p:l“N,q:l“ndict’ wherew, ; =

N
TFqp, (we) XIN T N3 Dy (ug)

Totr O andd, € D andw, € Dict(vy,;(t)).
i
Time-Slice Density Based ProfileThe profile of the touristu;




at the timet is defined as the triplgz.; (t), yu, (1), X (v, (1)),
where (z.; (t), yu, (t)) is the geographical position of the tourist,

X (vu;(t)) is the semantic position of the tourist over the space

[0, 1]™4¢ct . Since it would be computationally impractical to repre-
sent and search this continuous space, ITiS uses a disersterv of
the same space. The discrete space is defined by resortimg dist
cretization function) : [0, 1] — ®. @ is a finite set of values whose

) X (v (8) wa
BN * 22des(v) TX (v, O eoal

e By measuring the variation of the semantic position of
the tourist profile due the visit,drift(-,-) is computed
as: drift(X(vu;(t)) , (pt,t,6(p))) X (vu, () —
X(UU]‘ (t)7 <p,t,t,(5(p)> )||2

cardinality 3 is defined by the user. This way, the continuous space3 EXPERIMENTS

[0, 1]™4iet is transformed into the discrete spab@dict. In ITiS, ¢
is based on the equal-width discretization algorithm tkabaiates:
with its nearest value i = {0, 4, %, ..., %, 1}.

The semantic positioX (v., (t)) is computed by a forward time-
slice density estimatoF'(X,¢, h:,u;) that is obtained by adapt-
ing the forward density estimator presented in [1] to oumacie.
Formally, X (v.; (1)) argmax F(X,t, ht,u;) where the den-
Xeddict
sity function F/(X, ¢, ht, u;), that is measured for all possible se-
mantic positionsX < ®"dict of the touristu; at the timet,
is maximized. The value of density at a given semantic positi
X is forward estimated on the basis of the sequeficef time-
stamped textual documents which belon@lt,suited(vy, (t)) and
have been consulted during the visits of the tourist in thretslice
[t—he,t]. Formally:S = (d1,t1),. .., (d|s|, t|s)) whereV(d;, t:) €
S, 3<pjk7t3k7tyk7Djk> € Uy (t) such that:i) d; € Dy, , i)
th, <t <t} andiii)t —h, <t; <t

A kernel density estimation is used in order to provide usra co
tinuous estimate of the densify(X, ¢, h¢, u;) as sum of smoothed
values of kernel functionKht,uj (X,¢):

F(X,t,ht,Uj)ICFX Z Kht,uj(X_wdi,t_ti)-

(d;,t;)E€S
where wy, = [wa;1,...,wWd; ng.) IS the vector representation
of the documentd; € D, Cr is a constant value that makes
ZXeq)"dict F(X,t,ht,u]') = 1 and Kht,uj(X — wq;,t — ti)
is a semantic-temporal kernel function that uses a timenéadi
factor to give more importance to recently consulted doauime

Ky (AX, A1) = (1 - £2) K/(AX),

t
ht
Specifically, K’ (A X) is the product ofv4;.: identical Gaussian

AX2
¢ 202 whereo is a user

kernel functionsK’(AX) =12 5=
defined smoothing parameter.

Next Destination Suggestion/Predictionln order to suggest the
next possible destination, ITiS assumes that: (i) a tourisves
towards a site spatially close to her/his current positimg (i)
he/she is not interested to visit that same site more thae. arfus
way, the set of candidate destinations is definedFagv., (1)) =

{p € pnotwsited(vuj (t))|EuclideanDist(p, (xuj (t), Yu,; () <

r} wherer is the maximum spatial distance that the tourist is willing
to cover. Among destinations . (v., (1)), ITiS suggests the tourist
to move toward the destination which geo-references thardeats
whose consultation will lead to minimize the profile drifiat is:

Preat(vu; (1)) = argmin drift(X(ve; (1)), (p,1,t,6(p)))

PE Pr(vu (1))
If several destinations r?linimize the drift measure, tha IJug-
gests all of them ordered according to the Euclidean distémmmn
the current geographical position of the tourist. Functoif¢(-, )
can be computed by resorting to two alternative ways:
e By computing the cosine similarity between the semantidtioos
of the tourist profile at the time and the set of textual documents
d(p) which are geo-referenced to the candidate next destination
drift(-,-) is computed asdrift(X (v, (t)) , (p,t,t,6(p)))

We present an application where ITiS is employed to sugdest t
possible next destination of a tourist which visits the istiz area
of Paris (France). Due to difficulty in obtaining real data asked
eight users to perform virtual thematic tours in Paris. Tasidhy-
pothesis is that the tourist has a Java enabled mobile deitic&PS
and remotely access geo-referenced textual documenesistothe
server. Documents have been selected by a tourism expéne bx-
periment, we consider fifty-one candidate destinationatkxt over
the map of Paris and ninety-two textual documents. ITiS swith
naict = 5, 0 = 0.5, 8 = 20. h; is appropriately set in order to
temporally consider, for each tourist, the entire set ofestwisits.r

is set to 32 Kms in order to consider all sites over the map agica
date destinations to be suggested. To evaluate how muclyastad
destinationp matches the interest of the tourist we compute the
following score:score(u,p) = 1 if u accepts to move towarng 0
otherwise. By considering that.c.+(v.; (t)) may suggest a set of
(equivalent) destinations (denoted@s...+), we define:

Z score(u, p;).

Pi € Pnext
The destinations suggested by ITiS for each tourist witln blog

cosine similarity measure and the semantic variation nredsave
been analyzed. Due to space limitations, we report only theage
score computed for the destination predicted/suggestethdoeight
tourists. The average score obtained with cosine simjlé#&mantic
variation) measure is 0.88 (0.69) These results enlightandosine
similarity measure significantly outperforms semantic¢atégon mea-
sure. In particular, the destination suggested by ITiSigiie cosine
similarity measure, is approved by the tourist in the 88%ases.

1
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4 CONCLUSION

In this paper, we have proposed the use of forward time-dicsity
estimation approach in order to measure the drift of theigtsiin-
terests by taking into account the geographical positich@fourist
and the thematic history of her/his visited sites. Driftloé tourist's
interests due to the movement toward a suggested destiniatio
measured by resorting to either the cosine similarity memasuthe
semantic variation measure. Results on a real-world da¢ziakiate
effectiveness and accuracy of the proposed approach.
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