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Motivations

•New technologies and practices (BYOD, 
smartphone) expanding Information System (IS) 
•A new generation of IS is rising …  
• Pervasive Information System (PIS)  
• IS services available anytime, anywhere 
• Heterogeneity & Transparency 

• Evolving IS into PIS demands a new vision  
• Focus on the user’s needs, not in the technology 
• Satisfying user’s goals according to the context 
• Anticipating user’s goals for more proactivity  



ANT 2014 - Manuele.Kirsch-Pinheiro@univ-paris1.fr

A vision for  
Pervasive Information System  

•A new user-centric vision for PIS : 
• Services satisfying an intention in a given context

Intention

goals user wants to achieve 
without saying how to 

perform it [1]

Context

information that can be used 
to characterized the situation 

of an entity [2]

Service

sa
tisf

y

is validinfluence
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A vision for  
Pervasive Information System 

• Service Discovery:  
• Offering appropriate service according immediate 

user’s intention and context 
• Service Prediction: 
• Anticipating user’s situation (intention & context)
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Service Discovery

• Service discovery  
• Selecting the better ranked service according 

user’s current < intention, context >

Semantically comparing 
user’s intention Iu and 

service intention Isrv

Checking if current user’s 
context Cx u matches service 

required context CxR srv
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Service Discovery

• Intention matching 
• An intention can be represented as [1]:  

I = < verb ,  target , [parameter]* > 

• Semantic matching based on dedicated ontologies 
• Target matching  
• Target ontology: possible targets make available by the PIS 
• Level of matching: Exact, Subsume, Plugin, Fail 

• Verb matching 
• Verb ontology: significant actions authorized by the PIS 
• Level of matching: Exact, Synonym, Hypernym, Hyponym, 

Fail 
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Service Discovery

•Context matching 
• User’s context (Cxu ): a set of observed values 

considering context elements for a given subject 
Cxu = < Subject, Context element, [ Values ] * > 

• Service required context (CxRsrv ): a set of conditions 

expressed over context elements   

• Evaluating the satisfaction CxRsrv  with respect to Cxu    
• Ontology matching for subject and context element 
• Evaluating condition expressed over context values 
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corresponds to the current observed user’s context, while the latter represents contextual conditions for which 
service was designed (i.e. context under which service is able to better satisfy its intention).  

The context matching score Cxscore is calculated as the sum of the scores of each context condition, as follows:  

!"!"#$% = ! (! ∗ !"#$%&$!"#'($("#)*$+,(#-!(!"!, !"!))
!

!!!
 

Thus, in order to define the relation ContextMatching, we consider the relation ContextConditionMatching that 
matches individually the user’s context observations (CxU) and the service’s context conditions (CxRsvi). The context 
matching proceeds as follows: for each condition cxi and observation cxj, we first match the corresponding subjects, 
using the context ontology. This match is calculated, like the verb and target matching, based on the distance 
between both concepts in the ontology. If the matching score between them is higher than a given threshold then we 
match their context elements. This last matching takes also into account the weight assigned to it. Then, if the 
matching score between them is higher than a given threshold, only at this moment we evaluate the satisfaction of 
the context condition regarding to the user’s context observations value one by one. More details about the context 
matching are presented in 20. 

The observable context elements can be divided into several types. Context information values are distinguished 
between numerical or non-numerical types. In order to take into account this diversity, the relation 
ContextConditionMatching identifies the nature of the context element value and accordingly triggers the suitable 
measure to compare them. This relation evaluate if the user’s context element satisfies the service’s context element 
conditions, based on a specific operator (equal, not-equal, between, higher-than, etc.). For example, we have as a 
service’s context condition that the device bandwidth must be higher than 12500. From the user’s current context, if 
the captured value of the user’s device bandwidth is really higher than 12500, then we return an exact match.  

Besides, the weight (w) that the user allocates to each context attribute and whose value is between 0 and 1, 
represents the importance of an attribute to a given entity. The purpose here is to highlight the real importance of a 
context attribute according to user’s preferences, and the importance of the attribute is proportional to its weight. 

4. Service Prediction Mechanism 

We propose also in this approach to predict the user’s future intention. This approach recommends proactively a 
service that can fulfill user’s future needs. It is based on the assumption that common situations (Si) can be detected, 
even in a dynamic PIS. We define the notion of situation (Si) as the user's intention (IUi), in a given context (CxU), 
satisfied by a specific service (Svi) resulting from a previous discovery process: Si = < IU , CxU , Svi >. These 
situations are time-stamped and stored in a database after each service discovery process (history). Let the user’s 
history H  be defined as a set of all the observed situations S ordered according to their time of occurrence. Thus, by 
analyzing the history (H ), the prediction mechanism can learn the user’s behavior model (Mc) in a dynamic 
environment, and thus deduce its coming immediately intention.  

 

Fig. 2 Schematic view of the Services Prediction mechanism  

Two main processes compose this service prediction mechanism: the learning process and the prediction 
process, as illustrated in Fig. 2. Thus, to realize anticipatory and proactive behavior of PIS, we need first to 
dynamically learn about the user and his behavior in a frequently changing environment. This represents the 
learning process where similar situations (S) are grouped into clusters, during the phase of clustering. In the next 
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Service Prediction
• Service prediction 
• Proposing next service based on user’s history 
• Situation Si = < Iui,Cxui, Srvi >  

• Clustering: Similar situations grouped into cluster 
represented by a centroid 
• Classification: User’s behavior model represented 

by a Markov chain 
• Probabilities to move from one  

cluster to another cluster
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Service Prediction

• Service prediction 
• Prediction based on the user’s behavior model Mc 

• Semantically matching current user’s < Iu, Cxu > with 

states (situations) represented in Mc 
• Finding most similar situation, then its most probable 

successor 

• Proposing service 
associated with 
next situation
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Evaluation

• Evaluating feasibility of proposed mechanisms 
• Scalability and quality (precision & recall) 

• Environment:  
• Intel Core I5 1.3Ghz and 4Gb RAM 
• OWLS-TC2 dataset extended with intention & context 

descriptions 
• Trace database (scenario & random traces) 

!
• Results 
• Promising results 
• Quality depending on the dataset and thresholds 
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The prediction process is mainly based on the results of the classification phase in order to predict the next user’s 
intention and service. This prediction process is based on the semantic matching between the user’s immediate 
intention and context and those of the user’s behavior model states. Similar to the discovery mechanism, the 
semantic matching is based on ontologies in order to calculate the intentional and contextual matching scores. The 
final matching score represents the sum of the intention matching score and the context matching score. This 
information is stored with the state identifier. And going through all the states of the model, we can determine the 
state the most similar to the current user’s situation. Subsequently, if a state is identified, then the next state is 
selected based on the transition probabilities. This transition probability must exceed a certain threshold. If several 
successor states are retrieved, then the one having the highest transition probability is chosen. By this choice, we can 
anticipate the user’s future needs by offering him the most appropriate service that can interest him. 

5. Evaluation 

 In order to evaluate the proposed service discovery and prediction mechanisms, we use the test collection 
OWLS-TC222 that we extend in order to include intentional and contextual information. Besides, we create a 
database containing user’s traces, recognized clusters and the user’s behavior model. We mixed a set of arbitrary 
traces with others following a scenario representing a well-defined user behavior. Thereafter, we launch the 
clustering algorithm on the set of traces in order to determine all the recognized clusters. Then, we execute the 
classification algorithm on all traces and clusters in order to update the user’s behavior model stored in the database.  

The service discovery and prediction mechanisms were implemented using Java language. Moreover, they are 
based on our OWL-SIC API (OWL-S Intentional & Contextual)18, Jena23 and the reasoner Pellet24.  

As part of our experiments, we deployed our algorithms on a machine Intel Core i5 1.3 GHz with 4 GB memory. 
The purpose of these experiments is to evaluate the validity of our algorithms and their feasibility. Thus, we 
formulate a set of user’s requests relatives to the travel domain. These request are represented by the user’s intention 
and his current context. These requests are formalized according to three different distributions. The first 
distribution considers requests that are very similar to the service (service discovery) or clusters centroid (service 
prediction). Then, the second distribution illustrates situations where the elements describing the intention and/or 
the context are not described in ontologies while there are services or clusters that are similar to this request. Finally, 
the third distribution shows the influence of the threshold by presenting in this distribution requests that are within 
the limits of the threshold and others that are beyond the threshold. 

 

Fig. 4 a) the Service Discovery performance, b) The service discovery result quality 

Our first experiments concern the evaluation of our service discovery mechanism. We measure the performance 
of the discovery algorithm by varying the number of services between 100 and 400. As illustrated in Fig. 4.a, the 
execution time follows a polynomial trend of degree three varying from 2,79 s for 10 services to 11,82 s for 400 
services. However, even if this time still higher, we can observe that despite the fact that we have increased the 
number of services over forty times, the response time has only increased by for times.  

Besides, in order to measure the quality of the result, we cover the two most useful quality metrics: precision and 
recall15. Through the experiments, we observe that the precision and recall are interesting factors when considering 
the intention and context in the service discovery. The result presented in Fig. 4.b shows that we obtained a higher 
precision percentage, about 80%. This indicates that our service discovery algorithm has a greater chance to retrieve 
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the most appropriate service according to user’s intention and context. However, the good results of precision are 
accompanied by less interesting results concerning the recall, as illustrated in Fig. 4.b. We can observe that the 
average recall approximates the 67%. These results can be explained by the evaluation of some situations that can 
harm the results quality. For example, we have described some user’s request where the elements of the intention are 
not described in ontologies, while it exists a set of services able to satisfy this intention in the current user’s context. 

Our second experiments concern the evaluation of our service prediction mechanism. We measure the 
performance of our algorithms with respect to the number of clusters, situations and states, by measuring the 
average processing time. For example, the execution time of the prediction algorithm is measured by varying the 
number of states in the user’s behavior model, between 8 and 168 states. As illustrated in Fig. 5.b, the execution 
time follows a polynomial trend of degree three, like the service discovery algorithm, from 1,63 s for 8 states to 4,16 
s for 168 states. We increased the number of states over twenty five times, while the execution time has only 
increased by two and half times. This allows us to validate the feasibility of our prediction algorithm.  

 

Fig. 5 a) The clustering performance, b) The prediction performance, c) The prediction process results quality 

Besides, in order to measure the result quality, we use a quality metric inspired from the precision used to 
evaluate the service discovery. This metric is used to check whether the predicted service is the one that is expected 
or not. We determined previously the service that the prediction algorithm must predict for a given user’s request, 
based on the user’s behavior model. Then, we compared this service with the service returned by the algorithm.  

We illustrate in Fig. 5.c the quality percentage achieved by the algorithm by varying the number of states. This 
percentage represents the average quality obtained for all the user’s requests. The results presented in Fig. 5.c 
indicate that the prediction algorithm has a good quality that is around 60%. These results can be explained by the 
evaluation of certain situations that significantly degrade the results quality obtained. For example, in the case where 
situations are described by intentions where the verb and/or the target are fairly generic or specific, we obtain a 
quality in some cases below 45%. Thus, when the system designer sets very high threshold settings in the prediction 
algorithm, some clusters or states that can meet the immediate user’s intention in his current context will not be 
selected, and this contributes to degradation of the results quality.  

The analysis of these results shows the importance of the service discovery and prediction mechanisms. We 
believe that the proposed mechanisms allow really the selection of the service that fulfills the user’s immediate 
needs and the anticipation of his future need. This is thanks to both its intentional approach, which is more 
transparent to the user, and its contextual approach that restricts services to those that are valid. However, it is 
important to note that we cannot get that good result if the system designer does not establishes from the beginning a 
rich description of the available services and the different ontologies and the most appropriate threshold setting. 

6. Conclusion 

In this paper, we have proposed a user-centric approach for service discovery and prediction considering PIS. 
This approach is needed to hide the complexity of these systems and to achieve the transparency required by their 
users. It enhances PIS transparency and proactivity throw service discovery and prediction mechanisms, defined 
considering the user’s point of view. These allow us not only offering user the most suitable services given his 
current intention and context, but also to anticipate the future user’s needs in a fairly understandable way.  

Polynomial)trend)of)degree)three)
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Conclusions & perspectives

• Service discovery & prediction 
• User-centric approach < intention, context > 
• Hiding environment heterogeneity  
• Improving proactivity and transparency  

• Perspectives 
• Improving performance by parallel computing 
• Experimenting different clustering & classification 

algorithms  
• Experimenting on real data 
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Questions? 
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