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Abstract— In the area of ambient intelligence there is a need to
address user needs according with context features. Recently, the
synergy between context aware computing and collaborative
filtering is leading to enhance recommender systems with
capabilities always nearer to user needs. Specifically, in the
domain of tourism it is useful to proactively suggest right sets of
attractive locations, events and so on. This work defines a context
aware recommender system aimed at suggesting pertinent points
of interest (POIs) to tourists. In particular, the approach is
strongly based on the synergy between soft computing and data
mining techniques. The general framework integrates user
profiles, history of social networking and POIs data. Then by
defining collaborative filtering approach on the history
meaningful POIs are extracted. Indeed, soft computing
techniques are mainly applied in order to support activity of
unsupervised users and POIs classification. On the other hand,
data mining techniques are exploited in order to extract rules
able to associate user profile and context features with an eligible
set of recommendable POIs. Experimental results show
performance in terms of recommendations accuracy.
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The tourism sector is one of the biggest in the global market
employing 200 million people and serving 700 million tourists
worldwide. Furthermore, this trend is intended to grow in the
next years. Additionally, Information Technology with its
constant progress has decisively affected the way that tourism
services are performed and provided. In effect, tourists thanks
to advances in Information and Communication Technologies
(ICTs) are enabled to access tourist information as well as to
reservations and plans in a more reliable, accurate, inexpensive
and efficient way. As a result, services related to tourism are
increasingly influenced by the Internet and related
technologies, so much so that it is possible to find most of them
on line without the necessity of relying on travel agency. On
the other hand, ICTs and the Internet have increased the
number of choices so dramatically that is very difficult for the
users to retrieve what they are looking for. The appropriate
discovery of tourism services is one of the main drawbacks
when people travel [1]. According to [2] research, the reasons
of consumers not purchasing travel products online are the lack
of personal service, security issues, lack of experience, and
time consuming. Furthermore, different users have different
preferences and needs. So a remedy for these problems is to
develop systems with an ability to adapt their behavior to the
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profile, context and other features of individual users and
groups of them. An interesting solution for reducing Internet
researches complexity and overcoming the aforementioned
difficulties is provided by so called recommender systems.
Recommender systems have already been applied to several
application domains such as finding books, movies, tv-
programs, news, music, web-pages, etc. One of the main
characteristics of a recommender system is that it can
personalize its interaction to each individual user according
with context. In that case, personalization involves the design
of enabling systems to capture or infer the needs of each person
and then to satisfy those needs in a known context [3]. Context-
awareness computing and recommender systems can enhance
and complement each other; they both help users in finding
relevant and interesting objects based on their interests and
current context.

In the specific of this paper, our intention is to propose a
hybrid context-aware recommender system aimed at adaptively
and proactively suggesting points of interest (POIs) to tourists
according to their profile, but also to their context. In particular,
the work defines an integrated environment applying content
based and collaborative filtering on historical data through soft
computing and data mining techniques in order to predict and
suggest POIs to users. In other words, the main goal of the
proposed work is related to define context-aware recommender
system whose quality of feedback relies on the acquisition of
user context and profile by means of a robust theoretical
approach. So, the overall framework is composed of two main
workflows: knowledge discovery and recommendation. In
particular, Knowledge Discovery Process concerns the fuzzy
data analysis of users and POlIs. Indeed, fuzzy clustering and
classifiers enable us to integrate cluster of users and POIs with
historical data. Then association rule mining activity points out
a correspondence between user, contexts and cluster of POls.
On the other hand, Recommendation Process foresees activities
of user classification and rule matching in order to provide
some ranked recommendation about pertinent POls.

The paper is organized as follows: Section II presents some
related works available in literature; Section III proposes a
theoretical background for supporting workflows description;
Section IV and Section V introduce workflows of the
framework by focusing on the Knowledge Discovery Process
and Recommendation Process, respectively. Then, Section VI
describes the system performance in terms of accuracy. Finally,
conclusions and future works close the paper.



IL.

The aim of this section is to depict the research trend with
reference to context aware recommender systems in ambient
intelligence for tourist guidance and to point out the benefits of
the proposed approach. Among research works regarding
personalized and/or location-based recommender systems
based on web service, with specific reference to tourist domain,
Kakaletris et al. [4] address the design and implementation
issues for delivering location-based tourism-related content
services. By illustrating an example of generic tourist guide,
Scherp and Boll [5] emphasize on supporting the dynamic
generation of personalized multimedia content in respect of the
tourist’s interests and preferences, current location and
environment, and mobile device used. Aiming at effectively
coordinating and integrating disparate information and service
resources anytime and anywhere, Chiu and Leung [6] propose
a ubiquitous tourist assistance system that is built upon multi-
agent and semantic web technologies for providing
personalized assistance and automation to the tourists with
different preferences and often changing requirements during
their trips. Five agent clusters specified in the system
architecture include tourist assistant, ontology maintenance and
search, requirement/preference management, package planning,
and local tour planning. Ricci and Nguyen [7] present a
critique-based mobile recommender system that lets users
expressing session-specific preferences in addition to the long-
term collected preferences. The objective is to provide on-tour
system support to mobile travelers for selecting products or
services based on the integration of both types of preferences.
The COMPASS system [8] allows easy creation of context-
aware personalized applications and the services that are part of
such a platform, including a service registry, a context manager
and a recommendation engine. Console et al. [9] created a
prototype system called MastroCARonte, which provides
personalized services that adapt to the user and his context
onboard cars. This research focuses on the effects of having
such adaptive systems onboard cars.

RELATEDWORKS

Among research works regarding more specifically context
aware and adaptive recommender systems for tourist guidance,
the Intrigue system [10] is an interactive agenda offered by a
tourist information server that assists the user in creating a
personalized tour along tourist attractions. This research
focuses on planning and scheduling a personalized tour taking
into account the location of each tourist attraction and the
interests of the user. A last example of a tourist guide project is
the GUIDE project of the University of Lancaster [11]. This
project develops a context sensitive tourist guide for the
visitors to the city of Lancaster. Specifically, in this project
Users have a portable PC that communicates with a Wireless
LAN to retrieve information. The used context information is
knowledge of the user and knowledge of the environment
(including the physical location of the user). Based on the
location and user preferences, visitors can obtain information in
two ways. All the required information is broadcasted by cell
base-stations to portables either as part of a regular schedule
(information relevant for the region the station covers) or in
response to user requests. The system determines the location
of the user by the cell coverage, or the user can specify in
which location he/she is.
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The aforementioned works provide the user with tourist
recommendations but do not manage uncertainty among user
interests. Furthermore, most of them are only content based,
omitting collaborative information that is a crucial aspect for
user recommendations personalization. In this sense, our
approach presents an hybrid system which main aim is related
to provide an integrated environment for tourist guidance that
combines collaborative and content based filtering. Indeed, the
main idea of this work is related to enhanced context awareness
by means of data analysis, computational intelligence and rule
mining techniques in order to obtain a recommender system
able to suggest users in the tourist domain with pertinent POIs.
Strictly related approach is described in [12] where a
personalization method for tourist Point of Interest (POI)
Recommendation is defined by considering both user
preferences and collaborative aspects. Indeed, [12] exploits a
memory based algorithm to carry out suggestions. In particular,
our system define a model based approach that trains itself by
performing activities of fuzzy context data analysis in order to
support both POIs and user’s context identification by means of
fuzzy classifiers.

III.

The overall system takes into account users data, available
POIs and historical data in order to provide proper
recommendations (i.e., POIs) according to his/her preferences
and context. In particular, algorithms of clustering and
classification allow to tackle the huge amount of incoming data
(Users and POIs). On the other hand, association rules mining
algorithm on historical data allows to extract correspondences
with pertinent tourist POI categories.

THEORETICAL BACKGROUND

Since, this work relies on a mathematical model that
exploits soft computing and data mining techniques, this
section provides some theoretical basis in order to support
understanding of the overall framework workflows.

A.  Fuzzy clustering

Once data, about users and POls, are collected and arranged
adequately, they are processed by Fuzzy C-Means (briefly
FCM) algorithm [15][16]. FCM is an unsupervised clustering
algorithm, which considers a prior fixed number of clusters. In
order to give more accurate partitions of data, many researchers
have studied the cluster validity criteria [17]. In our past studies
and experimentations we have achieved good results by the
application of Xie and Beni’s validity measure [18]; so we have
also selected it for the approach proposed in this work.
Advanced approaches to (fuzzy) clustering methods could be
exploited, according to the nature of the data space and the
inherent relationships. As said, we exploit the well-know FCM
algorithm, particularly useful for flexible data organizationally.
It takes as input a data matrix and it tries to get an “optimal”
partitioning of the feature space (composed by the data matrix).
FCM aims at maximizing the homogeneity, grouping into the
same cluster the patterns which are closer. Herein, each pattern
is a row of matrix. FCM recognizes spherical “clouds of
points” in a multi dimensional data space (i.e. data matrix) and
each cluster is represented by its center point (prototype or
centroid). The function minimizes the weighted sum of the



distances between data points x and the centroid v, according to
this formula:
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where ¢ 2 2 is the number of clusters, W,, € [0,1] is the

membership degree of x;; in the I-th cluster and m is the
features number. In particular, since our feature set is mixed,
because of numeric and nominal features, the m features are
partitioned in two set, namely a numeric feature set composed
by the features from / to p and a nominal feature set composed
by the features from p+/ to m. As a result, the first term in (1)
is the squared Euclidean distance measure on the numeric
attributes and the second term is a semantic distance on the

nominal attributes, where 0 is equal to a linear combination
between a semantic distance taxonomy based [13] and Google
similarity distance [14]; finally, ¥ is used to weight features.

After the FCM execution, data partitions are returned, in a prior
fixed number ¢ of clusters. Anyway, with the application of
validity measures it is possible to execute clustering without a
prior number of clusters specification.

Details about how Fuzzy Clustering has been applied in this
framework are given in Section IV and V, where the workflows
of the whole proposed system are detailed.

B.  Fuzzy Classifier Design

In computational intelligence literature, fuzzy rules have
been often exploited in different approaches for decoding the
knowledge in a way closer to the human understanding. In
neural network [22] approach, if-then fuzzy rules enable the
emulation of the decisions or reasoning of a human expert,
whereas fuzzy number and compositional rules of inference
have been employed for fuzzy decision making in medical
diagnosis [23]. The fuzzy if-then rules provide an interpretation
of the clusters, closer to the human understanding and easier to
evaluate, with respect to the values range of each feature.
Outputs of previous phase are prototypes and a partitioning
matrix of the data patterns. This matrix contains the
memberships of the elements of the given data set in each of
the c clusters. Generally, the linear interpolation of
memberships is computed; in order to easily assign linguistic
label, the membership function is computed by linear
interpolation of the projected membership to each axis
(according to the n-dimension space), for each cluster. More
specifically, exploiting the cylindrical extension technique [15]
(a projection-based method of n-dimensional argument vector),
the generic i-th fuzzy cluster can be described by a fuzzy rule,
where each features is described through a fuzzy set. Each
fuzzy cluster K; withi=1, ..., c can be represented through n
functions A;; , Ap, . . ., Ay, obtained by the projected and
interpolated memberships. The generated rules are subject to a
proper validation by experts of the specific domain and then
exploited for suitable classifications. In our work, the fuzzy
rules are exploited to classify new tourist POIs and users. Just
to provide an example, a fuzzy rule, supposed to be in the form
of Takagi-Sugeno model [19] is described as follows:
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Ri If X1 is Ail AND X2 is Ai2 AND ... AND Xn is Ain
then Yyi = aj) Xy +ap Xot .., Xt bi,

with weight [wi]i=1, ..., ¢

where R; is the i-th rule, xi, x;, . . ., X, are the input variables,
AiAp, . . A;, are the fuzzy sets assigned to corresponding
input variables, variable y; represents the value of the i-th rule
output, and a; = [a;;, ap, ..., a;,] and b; are parameters of the
consequent function. As said before, the antecedent fuzzy sets
are usually achieved by projecting the membership degrees in
the fuzzy partitions matrix U onto the axes of individual
antecedent variable x; to obtain a point-wise defined antecedent
fuzzy set A;;. Then we approximate it by a normal bell-shaped
membership function [20]; indeed the uniform structure of bell-
shaped function is suitable for identification, analysis and
optimization. Hence, each fuzzy set A is calculated from the
sampled input data x; = [X;j, . . ., an]T and the fuzzy partition
matrix U = [uy] as follows:
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represent the mean and standard deviation of the bell-shaped
membership function, respectively.

On the other hand, the computation of parameters a; = [a;,
ap, ..., an]" and b; in the consequent part requires a deepened
study, in order to evaluate the firing strength w; of the i-th rule
and the value of y; [21].

Goal is to evaluate the final output of the TS fuzzy model y;
for an arbitrary x; input sample, which is calculated using the
following formula [21]:

Y

Y = é[v_vi (x,)(x,a; +b)] (4)

with k = 1, 2, 3, . . .,n and where w;(x, ) represent the firing

strength of i-th rule for the k-th pattern. Thus, in order to
compute the parameters of consequent part of a rule, a

regression model of the compact form ¥ = X’ [a;]", b] + € is
evaluated: herein € is the ap[groximation error, X’ assumes the
form: X* = [wy, ka, 1, woxi 1,..., W, ka, 1]. Vectors [aiT , bi]
are determined using the least-squares method [21].

C. Rule Mining

The proposed approach foresees activities of rule mining on
historical data, in order to associate user contexts and tourist
POI categories. The problem of mining association rules over
was introduced in [24]. An example of an association rule in
our case might be that 90% of users arriving in a tourist town in
the morning, being scientific researchers and walking, select
POI about the nearer science museum. The following is a
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Figure 1. Workflows of the overall framework: Knowledge Discovery Process, Recommendation Process.

formal statement of the problem [24]: given a set of items / =
{I, I, ..., I,,} and a database of transactions D = {¢,, &5, ..., t,,}

where t;, = {I;;, Ipp, ..., Ix}and I; € 1, an association rule is an
implication of the form X = Y where X, Y C [ are sets of items
called itemsets and X M Y = . X is called the antecedent and
Y is called the consequent. We are generally not interested in
all implications but only those that are important.

Here, two features called support and confidence are
usually used to measure the importance of association rules.
The support for an association rule X = Y is the percentage of
transactions in the database that contain X U Y. The
confidence for an association rule X = Y is the ratio of the
number of transactions that contain X \U Y to the number of
transactions that contain X. Rules that satisfy both the
minimum support (MinSup) and confidence (MinConf)
thresholds are called strong rules. An algorithm for finding all
association rules, henceforth referred to as the AIS algorithm,
was presented in [24]. Another algorithm for this task, called
the SETM algorithm, has been proposed in [25].

In this work, we use an algorithm, Apriori [26], that differ
fundamentally from these algorithms and exhibits better
performance. Furthermore, in our future works we would like
to experiment a Formal Concept Analysis-based Association
Rule Mining Algorithm as proposed in [27].

IV. KNOWLEDGE DISCOVERY PROCESS

As highlighted in Fig.1, the overall framework consists of
two main workflows: Knowledge Discovery Process and

Recommendation Process. Following subsections detail the
first one.

A. Users and POIs Preprocessing

Preprocessing tasks on Users and POIs data allow to start
the process of Knowledge Discovery. In particular, gathering
and normalization activities take place in order to prepare data
for the next phase, that is, Users and POIs clustering.
Specifically, preprocessing carries out the user and POIs data
sets, as shown in Table I (A) and (B). In the example the user
data set includes three features (i.e., age, skill and interest),
whereas POIs data set is composed of five features (i.c., type,
lat, long, when, period). Furthermore, as highlighted in the
Table I features may be numerical or nominal. For instance, in
the user data set features space, age is a numerical attribute
whereas skill and interest are rather nominal.

B.  Users and POIs clustering

Analogously with the previous step, clustering execution
takes place on user and POIs data sets. We stress that users and
POlIs are considered in two off-line separate processes and the
subsequent extraction of classification rules enable us to
properly add new users and POlIs to clusters. So, the execution
of these two distinct processes should not be time consuming,
because there is no need to execute clustering again whenever a
new user or POI must be considered. Specifically, the
framework exploits FCM algorithm in order to arrange data
according to their similarities. In particular, in order to use
mixed features, namely, numeric and nominal, a light variant of
FCM is performed.

TABLE I. (A) USER DATA SET AND (B) POIS DATA SETS

D) (®)
Features Features
ID User age skill interest ID POI type lat long when period

Ul 28 researcher Science Pl Z00 41.24 | 14.06 | all day always

U2 43 truck driver | restaurant reservation P2 restaurant | 42.23 | 12.34 | all day ever, except monday
U3 22 student entertainment P3 disco 44.55 | 16.80 | from midnight | every weekend

U4 24 student Science P4 restaurant | 40.20 | 14.02 | all day ever, except tuesday
uUs 28 lawyer restaurant reservation P5 museum 42.20 | 19.46 | from 9 a.m. always
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TABLE II. (A) USER PROFILE PARTITION MATRIX AND (B) POI PARTITION

MATRIX
(a) (B)
Clusters Clusters

D User =500 T 0c2 | ucs IDPOL % pcs | pe3 | Pe4
Ul 068 | 0,12 | 02 Pl 06 | 005 |03 | 005
U2 |02 |07 |01 P2 | 0,07 | 07 | 003 |02
U3 0,05 | 035 | 0,6 P3| 0,06 | 025 | 0,04 | 0,65
U4 |07 |01 |02 P4 | 0,07 | 07 | 003 |02
U5 0,15 | 0,65 | 0,2 P5 |02 | 00707 |003

The input of this algorithm are matrices similar to Table I
(A) and (B), and the output consists of partition matrices that
synthesize users and POIs in different clusters (see Section III
for more details).

Anyway, since we use a fuzzy algorithm for clustering, we
obtain that each user or POI belongs to several clusters with
different membership degrees. Table II shows part of the
aforementioned partition matrices.

C. Users and POIs fuzzy classifier design

In this step, the previously obtained user and POI clusters
are used to design fuzzy classifiers that are useful to relate new
incoming data, such as POI or active user, with the existing
clusters.

This design process extracts lists of if-then rules
characterizing clusters obtained in the previous step. By
designing classifiers the system trains itself in order to avoid
clustering execution every time to position new POIs or new
users. Theoretical details about this phase can be found in
Section III. Table III (A) and (B) shows part of rules
concerning users and POI classifiers.

D. Integration of historical data

One of the main aim of the proposed approach is to apply
collaborative filtering on historical data, in order to recommend
POIs to users that meet their context and preferences. Each
record in such historical data asserts interest of a certain user
that is identified in a specific context for a proper tourist POI.
In this step, an integration between historical data and clusters
obtained in the previous steps is achieved by exploiting fuzzy
classifiers. Specifically, for each row of the historical data, if
the user data in a historical transition are:

e  skill = student
e interest = science

then these data can be replace with UC1 (User Cluster 1)
according to classifier in Table III (A). Similarly, if the POI
attribute values in a transition are the following:

* type =museum

e lat=42.20

e long=19.46

e when = from9a. m.
e period = always

then, data can be replaced with PC3 (POI Cluster 3) according
to classifier in Table III (B). In Fig. 2, are highlighted the
substitutions described above, but it is important to point out
that a historical transition is also characterized by context data,
that is, the context where the user was when he/she selected the
specific POIL. This further information will be exploit in the
next step and it will be of use to provide context aware
recommendations to users.

E.  Association rules mining

As said before (see Section III) a Apriori algorithm have
been selected to carry out association rule on historical data. In
particular, in this step, extracted rules synthesize the relation
between cluster of users, context and POIs clusters. These rules
are useful to recommend eligible POIs to the tourists according
with context and user features. Extracted rules are in the
following form:

Yar=40/42, long=13/15, time=morning, date=saturday,
walk/drive=walk, User Cluster=UC1} = {Poi Cluster=PC3).

Furthermore, to each rule is associated an importance
degree by two features, namely, support and confidence. These
features allow to set thresholds (i.e. MinSup, MinConf), in
order to trigger only the so called strong rules (see Section III).

V. RECOMMENDATION PROCESS

The results obtained from Knowledge Discovery Process,
are exploited to recommend POIs to users according to their
context and preferences. In particular, the recommendation
process, described in this section, consists of three steps
detailed below.

e age=20
TABLE III. (A) USER CLASSIFIER AND (B) POI CLASSIFIER
(4) (®
ID User User Profile Rules ID POI Rules
Profile IF THEN POI IF THEN
Rule age profession interest Cluster Rule type lat long when period Cluster
UPR1 young student science UCl1 PR4 restaurant | 40/45 | 13/20 | all day fl‘ll:sr(’iay except PC2
UPR2 | middle | TU°K restaurant | 5y PRS | muscum | 40/45 | 1320 | moming | always PC3
driver reservation
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Features
D ) Context User Profile POI
Transaction
lat long time date walk/drive | age skill interest type lat long when period
from
T1 40.24 | 13.06 | morning saturday i walk 18 d i 4220 | 1946 | 9 always
am.
from
T2 40.24 | 13.06 | morning sunday walk 20 student science museum 45.36 | 18.07 | 4 every weekend
D,
T3 42.81 | 1230 | afternoon | sunday 3 @ animy 200 4224 alway
T4 41.35 | 12.20 | morning saturday | drive nimals Z00 41. always
-
TS 4150 | 13.88 | evening | monday | drive | e restaurant_ gt e 0| | o except
driver reservation day tuesday
T6 4050 | 13.88 | evening | tuesday W drive | e restaurant g e 0| | except
driver reservation dax monda
| | | 1 I I I @I | |

Figure 2. Historical Social Networking and clusters association

TABLE IV. ACTIVE USER CLASSIFICATION

Clusters
D User =01 T ucz [ ucs
Ul 01 02 |07
U2 | 065 | 02 | 0.5
Unewe | 01 107 |02

A.  User cluster identification

The aim of this step is to identify the cluster of the active
user that have “checked-in” to the application system. Thanks
to the user classifier, it is not needed to run clustering again in
order to determine the belonging of the active user to a specific
cluster. When there is a new active user or already registered
user changes him preferences the classification take place. In
that cases, through the execution of classification rules (see
Table III) a new row is added to the user partition matrix as
shown in the Table IV. More specifically, Table IV highlights
that the considered active user belongs to User Cluster 2 (UC2)
with a membership degree higher than the other clusters;
therefore, the active user is considered belonging to UC2.

B.  Rules matching

In this step, the triggering of a specific rule is achieved
according to higher degree of matching between the active user
and extracted rules. In particular, a matching degree is
calculated by considering a matching matrix M where the rows
are represented by the extracted rules ranked according to their
support and confidence features, whereas the columns are
represented by active user context features and user cluster. Let
be M the matching matrix, the maximum matching degree M,
is given by the following formula:

T (5)
M, =max|Z "I i=lewn k=l..n
k m
Yo =S(u_,,a,/) i=L.,n j=1..m (6)

S(u,a;; zl—a(u_,.,a,./.) i=L.,n j=1,..,m @)

where u; represents the context and profile features of the
active user, g, represents the antecedent clause of each

extracted rule in the knowledge discovery process and 0 is
defined as described in Section III. So, Table V shows an
example of maximum matching degree between the active user
and the extracted rules according to (5), (6) and (7).

TABLE V. MAXIMUM MATCHING BETWEEN ACTIVE USER AND RULES

Matching Context User POI
User/Rule lat long time date wall/drive | Cluster | Cluster
Useractive 41.50 13.88 | evening | monday | drive uc2 27?
Ruleaive 40/42 13/15 evening | monday | drive uc2 PC2
Sl(;ils::t‘) 075 | 068 | 1 1 1 0,7
Minax 0,75+0,68+1+1+1+0,7)/6 = 0,855

C. Recommendations ranking

In the last step of this process, we determine the ranked list
of POIs that may be suggested to the user.

In particular, the previous step determines the maximum
matching between a new user that starts a transaction and the
extracted rules. Rules matching evaluation, defines the highest
match of the active user respect with extracted rules. Since, the
consequent of a rule is represented by a POI Cluster, this match
points out that POIs belonging to a specific cluster can be
recommended as relevant for the active user. For instance, user
is in a certain context and with a determinate profile if the
active rule is the following:

{lat=40/42, long=13/15, time=evening, date=monday,
walk/drive=drive, User Cluster=UC2} = {Poi Cluster=PC2}

then, the ranked list of POIs consists of those belonging to the
cluster PC2, as shown in Table V.
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TABLE VI. POIS RECOMMENDATION RANKING

Features Cluster Rec dation Ranking
ID POI type lat long when period PC2 pP; = bi » XM max
P8 restaurant | 40.33 | 14.14 | all day ever, except | 0.8 0,684
thuersday

P2 restaurant | 42.23 | 12.34 | all day ever, except Tuesday | 0,7 0,6

P5 restaurant | 40.20 | 14.02 | all day ever, except monday | 0,55 0,47

P3 hotel 4290 | 15.30 | all day always 0,47 0,4

Pl 700 4124 | 14.06 | all day always 0,34 03
In order to carry out the ranked list of POIs the framework
assigns a ranking value to each POI corresponding to b;,., that II.  CONCLUSIONS AND FUTURE WORKS

is the belonging degree of the i-th POI to the cluster ¢ (i.e.,
PC2) in the consequent of rule with maximum matching in the
antecedent and n is the number of POIs. Table VI shows an
example of POIs recommendation ranking.

L

This section presents the performance results of our proposed
recommender system. In particular, Mean Absolute Error
(MAE) and Root Mean Square Error (RMSE) are used in
order to evaluate the accuracy of the system. Specifically, by
considering different set of features the system has been
evaluated in the following variants:

e LS - System considering Location

EXPERIMENTAL RESULTS

e LUC - System considering Location and User Context

e LUP - System considering Location and User Profile

HRS - Hybrid Recommender System considering
Location, User Context and User Profile

The system has been evaluated with 20 users and 200 POls.
Obviously, little by little the history data grow the system
retrieve more meaningful results (the history considered
contains about 1000 records). As previously said, MAE and
RMSE are used for performance evaluation of the proposed
recommender system. MAE is a quantity used to measure how
close forecasts or predictions are to the eventual outcomes. On
the other hand, RMSE measures the average magnitude of the
error, that is, the difference between forecast and corresponding
observed values, where each of these differences is squared and
then averaged over the sample; so, a relatively high weight is
given to large errors. MAE and RMSE can be used together to
diagnose the variation in the forecasting errors.

Since the lower the MAE, the more accurately the
recommendation engine predicts user ratings [28], the obtained
results, shown in Fig. 3, highlight a clear superiority of the
overall proposed recommender system among the other
variants. Furthermore, since the greater difference between
MAE and RMSE, the greater the variance in the individual
errors in the sample, Table VII points out that all the errors are
of the same magnitude.
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As a result of demands continuously growing in ambient
intelligence for systems able to exploit context for satisfaction
of user preferences, a context aware recommender system for
tourist guidance is proposed in this paper.

The proposed system presents several improvements.
Firstly, user context and profile are considered in order to
effectively identify his preferences. Uncertainty among user
interests is an important issue which is clearly considered in
this approach in order to establish an effective recommendation
strategy. Additionally, this approach provides dynamic user
clustering for active users and supports them with a
personalized and adaptive environment. Moreover, any POIs
change can be simply notified to all interested users. Anyway,
there are some limitations in this research area that we consider
as future research directions. FCM alternative clustering
algorithms that work better with mixed data can be
experimented as well as alternative rule mining algorithms
using fuzziness and based on lattice. However, the proposed
framework confirms the useful of considering context factor in
recommender systems and provides us with reasonable results
in terms of recommendation accuracy as evidenced by the
experimental results.

TABLE VII. RECOMMENDER SYSTEMS MAE COMPARISON

Recommender LS Luc | Lup Hybrid Recommender
System System
MAE 0,932 | 0,869 | 0,851 0,811
RMSE 0,932 | 0,869 | 0,851 0,811
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