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Abstract. Robust and scalable user context management is the key enabler for
the emerging context- and situation-aware applications, and ontology-based ap-
proaches have shown their usefulness for capturing especially context informa-
tion on a high level of abstraction. But so far the problem has not been approached
as a data management problem, which is key to scalability and robustness. The
specific challenges lie in the imperfection of high-level context information, its
time-dependence and the variability in the dynamics between its different ele-
ments. The approach presented in this paper presents a layered data model which
structures the problems and is geared towards flexible and efficient query process-
ing in combination of relational database and logic-based techniques. The tech-
niques have been successfully applied for context-aware corporate learning sup-
port.

1 Introduction

Situation (or context awareness) has become a major topic in a wide range of research
areas – among them mobile information systems, ambient intelligence, adaptive e-
learning and knowledge management systems. Especially in information systems re-
search, this expresses the insight that after the quest for making available vast amounts
of information and for doing that efficiently, it is now the user who is the bottleneck.
In order to find relevant information, the user needs to specify more precisely what she
actually needs. But in many cases, the user is either not capable of doing that, or it
drastically reduces the usability of the system – or both. This usage efficiency dilemma
between selectivity on the one side and ease of use on the other side can be overcome
by the system’s awareness of the situation of the user. The system can then add trans-
parently implicit assumptions of the user to her explicit queries or actions.

This idea sounds compelling, but closer inspection reveals that it faces fundamental
challenges. Most of them can be traced back to the problem that the system cannot
sense the usage situation (as the subset of the state of the real world relevant to the
interaction with the system) directly, but has to rely on the usage context as a model
for that situation (see fig.1). This model is the result of a mapping which is highly
imperfect in its nature (see also [1]):

– The mapping isincomplete as the system will never be able to capture all of the
different aspects of the situation.
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Fig. 1.Situation and Context: The origin of the problems

– The mapping isuncertain as the system has to rely on indirect methods and heuris-
tics for eliciting context information from observable data.

– The mapping isimpreciseas these methods yield only results with limited preci-
sion

– The mapping isinconsistent as a consequence of contradictions, resulting from
different methods and their uncertainty and imprecision.

Especially for high-level context information [2], i.e. context information on a high
level of abstraction as opposed to sensor-level information, this is aggravated by the
problem of dynamics [3]. On the one side, it is often not possible to determine context
on demand, but rather the system has to collect its pieces in advance(asynchronicity of
acquisition and usage). But on the other side, some parts of the context change often
quite quickly, others are rather stable(variability in the rate of change). Furthermore,
efficient user context management requires a fairly deepunderstanding of the context
semantics, especially when augmenting the collected context information, which is in-
evitable for high-quality context. This makes the provision of context information to
applications a complex task that should be realized by a specialized user context man-
agement service – in analogy to other data management systems.

The requirement for understanding the context semantics calls for ontology-based
approaches, which have proven their usefulness for incorporating a shared semantics
in applications, but ontology management systems currently in use are not geared to-
wards the pecularities of user context data, which is characterized by various forms of
imperfection and a strong time-dependency both in terms of validity and reliability [4]
combined with a high update frequency. In this paper, an approach is presented that is
capable of representing and efficiently dealing with these challenges. The organization
of the paper is as follows: in section 2, the requirements for user context data manage-
ment will be analyzed and presented. In section 3 the layered data model is presented
that is used to represent user context data. Section 4 will cover the issue of integrating
ontologies into the data model. In section 5, some implementation issues will be dis-



cussed in the frame of a case study. The paper will close with a review of related work
in section 6 and conclusions and outlook in section 7.

2 Usage Scenario

2.1 Scenario

The main guiding scenario for the user context management approach presented here
was context-steered workplace learning [5]. In order to achieve the integration of work
and learning processes, the learning support system does not rely on the user search-
ing actively for appropriate learning material, but observes what the user is currently
doing. Based on these observations and background knowledge on the competency re-
quirements of elements of the user’s situation like task, process, or role, the system
then suggests appropriate learning programs which are compiled on demand from fine-
grained learning objects. Additionally, the system can also suggest co-workers who are
experts in a certain area, or who were in a similar situation recently. This approach of
awareness of the work and learning situation can help to reduce the cognitive load of
self-steered learning drastically. In this scenario, situation awareness has many different
aspects which have been systematically analyzed in [6]) and can be divided along the
different phases of the e-learning process: authoring, delivery (what, when, how), and
execution.

2.2 Use cases

In order to support the scenario sketched above on a technical level, a service-oriented
architecture of learning support services has been conceived within the projectLearning
in Process. The need of these services has formed the basis of the following use cases
from which the requirements for the user context management approach have been
derived:

– Retrieve feature values for the current context. The standard use case for context-
aware application is the retrieval of certain context feature values which are consid-
ered relevant for adapting the system behaviour. A learning system can adapt the
presentation to the technical context (broadband access, loudspeakers available) or
the selection based on the current project context or mid-term interests and goals.

– Check for certain feature values. In the presence of incompleteness, this use case
is slightly different from the previous one as the query can have different modalities.
It can take the form of: does the user have the valueX for featureY ? This makes
sense if we have an application that offers support only under special conditions.
But it could also take the form of: Is it possible (with a certain error probability)
that a user has the valueX for featureY . This is useful for strategies where some
features are highly critical (e.g. emotional state, but also social relationships), but
evidence is usually rather scarce.

– Query for other users in a certain context. Especially in the area of corporate
learning where the social dimension plays an important role, it is highly desirable
to establish contacts between employees with a similar context. The system can



recommend others who are now or have been in a similar situation within a certain
time frame in the past. This is a very different use case from the first one as it does
not only cover the current context, but also previous contexts.

– Trigger actions based on context changes. Especially for proactive system be-
haviour, it is important that context-aware applications get a timely notification that
the context has changed. One example are process or task changes that can initiate
learning processes [7].

Typical context sources in this scenario either determine higher-level abstraction of
the user’s situation by analyzing user interface events (e.g. via Bayesian Networks[8]
or rule-based formalisms), or by applying heuristics to data in existing sources like
personal information managers (e.g. Microsoft Outlook) or documents.

2.3 Requirements

A closer inspection of the application scenario has revealed the following requirements:

– Aging. It should be obvious that collected context is not valid indefinitely. If the
system gets to know about the current ”task” of the user, this information will only
be valid for a limited amount of time. As a consequence, the user context manage-
ment system needs to have some aging mechanism.

– Variability in dynamic behavior . The closer inspection of the ”aging” problem
reveals that aging is not uniform across the different aspects of user context infor-
mation. While information like name, birthdate changes infrequently to never, other
aspects like personal skills, interests goals evolve over time, and tasks or location
are highly volatile. So the aging support has to be specific for the different parts of
the context.

– Scalability. If we want to materialize user context information, we have to select
methods that are scalable with respect to large numbers of users and long time
frames.

– Push and pull interaction paradigm. The system must support both the push and
the pull paradigm, i.e. it must be able to answer interactive queries and allows for
trigger-style notifications.

– Open-world assumption. As we have seen, the mapping between the situation is
incomplete, and application may require to be able to query also for the possibil-
ity of facts or may exploit negative facts directly. The most trivial case is explicit
negative user feedback on user context information, but there are many techniques
that can generate negative facts in order to increase the quality of the context. So
the context data model must build on the open world assumption.

3 Layered Context Model

3.1 General Considerations

For traditional database management systems, it has proven effective to divide the man-
agement functionality into different layers which are basically independent of the inter-
nal logic of the lower layers. In that spirit, we have grounded our work on a three layer
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model (an initial version of which has been presented in [9]) that allows for structuring
the problem in a better way (see figure 1).

– Internal Layer. The internal layer as the lowermost layer stores all collected infor-
mation about users in a time-dependent way as so-called context facts. The context
facts can be queried according to their timestamp or by using value-level operators
(on different data types).

– Logical Layer. This layer provides a consistent view on the collected data, con-
forming to a (single) specified schema. For an specific instant in time, the service
on this layer can provide a consistent and semantically enriched view (based on
schema-level information or background knowledge) on the context facts that ad-
heres to certain quality criteria.

– External Layer. The top-most layer represents the usage context of a particular
application at a certain instant of time. The context information is in the schema
the application understands, which could be different from the logical schema.

These layers must not be confused with an aggregation hierarchy. How to achieve
aggregation and abstraction from lower level information to higher level information is
presented in section 3.7.



3.2 Internal Layer

The internal layer represents the lowest level of abstraction. It provides the basic func-
tionality required for storing and accessing collected context information together with
meta information about time, validity and confidence of the collected data. More for-
mally, a context fact is defined as follows:

Definition 1 (context fact) A context fact is a tupel(U, f, o, v, t, valid, α) where

– U is a user
– f is context feature
– o ∈ {=, 6=} signals a positive or negative fact
– v is a value
– valid is the validity interval for the value
– t is the point in time at which the factum was added to the fact base.
– α is the probability that at point of timet the featuref has the valuev for userU .

The set of all context facts is called context fact base and denoted with C

The support for negative context facts directly results from the requirement for an
open-world assumption. In practice, this can be used, e.g., for explicit user feedback on
certain infered facts about her context.

Definition 2 (Context feature) A context feature is a tuplef = (uri, T ) where(uri)
is a unique identifier,V = (T,O) a data type consisting of a value spaceV and oper-
atorsO

The data type can represent traditional atomic data types like integers, strings etc.,
but also ontological data (the supported operators will be discussed in section 4), as the
following examples show:(Andreas, performs-task,=, literature-search, [2005-04-15
10:00,∞), 2005-04-15 10:00, 0.8), and an entry(Andreas, performs-task,=, examine-
students, [2005-04-14 14:00,∞), 2005-04-15 13:00, 0.9).

As additional schema-level information, the internal layer hasaging functionsat-
tached to each context feature, which allow for describing how the confidence in a
certain value decreases over time. Anaging function basically is a monotonically
decreasing functiona : TIME → [0, 1], which is multiplied with the initial confi-
dence value in order to obtain the current confidence value. These aging functions can
be assigned heuristically or – preferably – based on empirical results. Queries from
the logical layer can use the current confidence, which is calculated for each fact: If
c = (U, f, v, o, t, valid, α) is a context fact,t∗ the instant in time of interest. Then the
confidence forc at t∗ can be calculated as:

confidence(c, t∗) := [A(f)](t∗ − t) · α

with A(f) denoting the aging function associated with the context featuref .



3.3 Logical Model

The internal layer is rather ugly to use for context-aware applications. This has mainly
to do with the fact that you can have almost arbitrarily inconsistent data. In analogy to
traditional databases, we need the notion of a schema guarantee. A context schema is
comprised of (1) a definition of context features (as above), (2) cardinality constraints
and (3) a feature hierarchy.

Cardinality constraintsare a very effective instrument for checking for an elemen-
tary check of consistency. For many features, it is clear from the application semantics
that there can be only one value at a time so that any application also expects only a
single value.

In order to allow for better reusing context information in different applications,
the model also offers the possibility to define afeature hierarchyvia feature inheri-
tance, which directly corresponds to property hierarchies in RDF(S). This adds a basic
inferencing capability to the model: if an applications requests the value(s) for a spe-
cific feature, the values of sub-features can be also returned. This can be formalized as
follows:

Definition 3 (Feature hierarchy) A feature hierarchy is an acyclical relationH ⊆
(F × F ) on the set of context featuresF . Additionally, the following properties must
hold for a feature hierarchy to be compatible with the feature set F:

– ∀(f1, f2) ∈ H: the value space off2 is a subset of the value space off1

– ∀(f1, f2) ∈ H: if f2 is multi-valued thenf1 must also be multi-valued

H∗ is the transitive closure ofH.

Based on this, thecontext feature schemaC can be defined asC = (F, card,H),
whereF is a set of context features,card : F → {1,∞} is the cardinality assignment
andH is a compatible feature hierarchy.

Definition 4 (Schema conformity) A setK = {c1, ..., cn} of context facts withci =
(Ui, fi, vi, αi) is conforming to a schemaC = (F, card,H) iff

a) ∀i ∈ {1, ..., n} : fi ∈ F andvi is in the value space offi.
b) Withvalues(f, U) := {v|k = (U, f∗,′ =′, v, α) ∈ K, (f, f∗) ∈ H∗} the following

must hold:∀f ∈ F : |values(f)| ≤ card(f)
c) With values¬(f, U) := {v|k = (U, f∗,′ 6=′, v, α) ∈ K, (f, f∗) ∈ H∗} the follow-

ing must hold:values(f, U) ∩ values¬(f, U) = ∅

This notion of schema conformity is essential for imposing a well-defined semantics
ontop of imperfect data. It basically states that (a) we have only well-defined context
features with associated data type definitions and that the facts conform to these data
type constraints, (b) only multivalued features have multiple values, and (c) we have no
contradictions resulting from positive and negative facts.



3.4 Mapping the Internal Layer to the Logical Layer

The main mapping task is the resolution of inconsistencies. Inconsistency occurs in our
model if there are multiple values for a feature for which the cardinality constraints
enforce a single value, or if we have positive and negative facts on the same feature.
Conflict resolution strategiesare responsible for transforming a set of context facts on
the internal layer into a set of context facts conforming to the context schema. There
can be different strategies to resolve these inconsistencies. The most obvious is to take
the value with the highest confidence, but usually the strategy also needs to take into
account that facts can be reinforced by other facts (e.g. two independent methods deter-
mine the same feature value within a limited time window).

If we apply this procedure to the example, it is clear that the restriction to a specific
instant in time (e.g.2005-04-14 11:00) still provides two possible tasks. After apply-
ing the aging function, let’s suppose that theliterature-searchhas confidence0.7 and
examine-studentshas confidence0.1. This would lead to a simple resolution strategy
taking theliterature-searchas the current feature value, because we have specified that
theperforms-taskfeature is only single-valued.

As conflict resolution strategies, the maximum confidence strategy with some heuris-
tic refinements has turned out to be quite effective for single-valued features. For mul-
tivalued context features, we are experimenting with strategies based on the Dempster-
Shafer theory, which allows for aggregating probabilities from different sources [10].

Apart from conflict resolution, the mapping involves exploiting the feature hierar-
chy. This is done by rewriting a query for factf∗ to queries for the set of features
Sf∗ = {f ∈ F |(f, f∗) ∈ H∗}, i.e., all subfeatures.

3.5 The Problem of Asynchronous Notification

The most typical interaction pattern for context-awareness are publisher-subscriber pat-
terns where the user context management service provides notifications about changes
to the user context. Although we have apparently an append-only semantics on the inter-
nal layer (as typical for continuous query scenarios, [11]), there are two critical points
resulting from the fact that the actual context is a time-dependent view:

– Aging makes the queries non-monotonous ([12]), i.e., it is not enough to provide
additional results, but rather previous results have to be retracted. As a consequence,
the notification protocol needs to incoporate both additions and removal of parts of
the user context.

– Confidence-based filtering and conflict resolution are aggregation operators on the
temporal data stream. These operators have to implemented in a way that they are
– in most cases – self-maintainable so that with new arriving data, the changes to
the view can be calculated without querying.

3.6 External Layer and Mapping from the Logical Layer

The external layer is intended to be interface for application, providing an application-
specific view. In this step, the global context schema used on the logical layer is trans-
lated into an application-specific schema. This problem can be dealt with similar to



schema mapping techniques in classical information integration approaches. In case of
simple projections and renamings, this can be done within the user context manage-
ment system, but for more powerful mapping features, external mapping services are
the method of choice (in spirit of [13]).

A far more challenging problem is when we consider mappings not only on the
level of user context schemas, but rather also on the value level, especially in case of
ontology-based data types (see below).

3.7 Resulting system architecture

From the model presented in this section, a high-level system architecture can be di-
rectly derived (see fig.3.7). It shows the different layers at which the context manage-
ment service can be accessed and sketches also typical added-value services and other
components.

Below the internal level, two different types of context sources are supported: push
and pull context sources. Push context sources notify the context management service
of changes; their context information is materialized inside the system. Pull context
sources can be queries on demand as soon as queries for covered features arrive. The
reasoning service provides access to ontological data.

Added-value services are useful to improve the context quality or to facilitate the
management task. Currently, we have two types of services: agents that use the user
context management system as a blackboard and services that are used by the manage-
ment system. The most important agents are Augmentation Agents (inferring additional
facts from already collected ones) and Subcontext Agents (trying to exploit dependen-
cies in the context to improve context switching and thus the time needed to adapt
to changes). Augmentation agents can either work on the raw context facts, or on the
consolidated view, depending on the inferencing methods: the logical layer will be pre-
ferred by logic-based approaches, whereas imperfection-aware methods will prefer the
internal layer.

Many user modeling systems concentrate on the problem of abstracting and aggre-
gating lower-level context information to information on a higher level of abstraction.
Although this is not the focus of this architecture (which is on imperfection handling),
this can be easily realized using a hierarchy of user context management services.
Lower level services are plugged in as pull context sources into higher level services.

4 Integrating Ontologies

4.1 Motivation

Approaches to context modelling like [14] or [15] and to applying context awareness to
the e-learning and similar domains like [16], [17], [18] emphasize the potential of ap-
plying Semantic Web technologies to user context management. It enables the creation
of more semantically aware processing methods, especially by introducing a shared
vocabulary, which can be used across different tools and systems, and by applying rea-
soning techniques based on domain knowledge.
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On the other side, Semantic Web technologies have still quite a way to go for solu-
tions that are comparable in terms of scalability with traditional data management solu-
tions. This is especially true for traditional types of queries like datatype specific range
queries (e.g. for temporal data), although the description logics community tries to ap-
proach this problem with concrete domains (see e.g. [19]) and datalog-based reasoning
(e.g. [20]). Also these techniques are not well-suited for highly dynamic scenarios with
a high volume of changes as they so far do not consider update operations at all.

4.2 Approach

If we analyze our problem domain, it turns out that the benefits of ontologies are (be-
yond the ontology-like constructs like the feature hierarchy introduced in the last sec-
tion) basically on the value level. We want to reference instances from the ontology in as
feature values (e.g. the task in the examples above or a competency from a competency
catalog). Also the inferencing capabilities (i.e. mainly classification) of descriptions
logics are mainly needed for queries like (a) is the user in a task of the typeX or (b)
retrieve all users with expert-level competency in a certain subject area.

So the idea is to treat ontologies as a datatype that has certain predicates that can
be used in a query to the user context management system, just like operators on dates
(≤, between ... andetc.) or numbers or strings. As there is currently no notion of op-
erators for description logics in spirit of the operators of a data model and especially
no standardized query language for (although there are some proposals like OWL-QL
[21] or SPARQL [22]), we started with the most obvious operatorinstance-of, which al-
ready covers a large portions of practical cases encountered in our application domain.
A sample query for users inmyDepartmentwho were involved in a accounting process
activity in August 2006 would be:

SELECT USERS
WHERE process-activity instance-of AccountingActivity

AND department = myDepartment
VALID [2006-08-01,2006-08-31]

In the user context management service, this is handled by splitting the query into a
query to the ontology service and a query to context fact base. Similar to join optimiza-
tion, the processing order is determined based on result set estimations. In this case, a
query to the ontology reasoner would give all instances of AccountingActitivity. These
query would be rewritten as follows:

SELECT USERS
WHERE (process-activity = a1

OR process-activity = a2 ...)
AND department = myDepartment

VALID [2006-08-01,2006-08-31]

Alternatively, the query results of the user context fact base could be filtered with
the help of the ontology, which is the preferred way if we have large sets of instances.

We are currently extending the approach with SPARQL subqueries to support more
powerful navigation.



5 Implementation Case Study

The user context management infrastructure has been successfully used in the project
Learning in Process, which was committed to implementing a learning support for
context-steered learning, and further developments based on that system.

5.1 How the user context management infrastructure was implemented

The user context management service was implemented ontop of a relational database
management system. The first prototype was based on PostgreSQL, but in subsequent
versions we have also used Oracle 10g XE. For the internal layer, the most challeng-
ing issue was the efficient implementation of the calculation of the current confidence.
The main problem is that we cannot rewrite queries involving the calculated attribute
current-confidenceto range queries on the fact attributes. In order to avoid calculation
of We used a combination of techniques to speed it up, among them (a) using a subsum-
ing query to prefilter the facts to calculate the confidence on by using approximations
of the initial confidence, (b) historizing old facts and (c) using Oracle function-based
indexes.

The implementation of the integration of ontologies is somewhat similar to ap-
proaches like [23] where ontologies are used for query rewriting, although the access of
ontologies cannot be considered a preprocessing step. The query condition is split into
parts that can be shipped to the underlying database system and parts that are shipped
to the reasoner. Furthermore, this approach is basically a join between context facts and
ontology results. As a consequence, we tried to optimize the execution order by making
use of result size estimates, e.g. by using statistics on the number of instances (for the
instance-ofoperator). As an ontology management system, KAON [24] was used in the
first prototype of the system, using Java-API access. Currently we are moving towards
KAON2 [25] for OWL-DL and SPARQL support and

5.2 How user context was used

As context features, a fairly broad range was used, which was divided into four cat-
egories: personal, social, organizational and technical. As personal context features,
mainly learner preferences (semantic density, interactivity level) and competencies and
interests were used. For characterizing the social context, we relied on a basic social re-
lationship ontology. On the organizational level, we relied on organizational unit, role,
business process activity and task. Technical features were user agent (browser, operat-
ing system, plugins), bandwidth, and availability of audio (input and output). Whereas
the relationship between personal and technical context features and the available learn-
ing material was fairly straightforward, we needed additional background knowledge to
relation organizational entities. This was mainly done by attaching competency require-
ments to organizational entities, which was encoded in an organizational ontology.

This context information was exploited by the so-calledMatching Servicewhich
computes based on the background knowledge and the current user’s context a compe-
tency gap and can compile personalized learning programs based on that gap that take
into account the various aspects of of the user’s context [5]. The Matching Service only



operates on-demand. In order to be able to realize proactive behaviour (i.e., recommend-
ing learning material to users based on context changes), the architecture additionally
consisted of aLearning Assistant, which subscribes to the user context management
service for context changes. Whereas the Matching Service decides onwhat to deliver,
the Learning Assistant decides onwhen to deliverand displays the recommendations in
an unobtrusive manner.

5.3 How user context was acquired

In contrast to prior work in the area of business-process-oriented knowledge manage-
ment [26], we could not rely on a workflow management infrastructure to capture the or-
ganizational part of context. Rather, we experimented with a variety of heuristic sensors
for application events, e.g., a plugin for Microsoft Office (relying on template informa-
tion), a Browser Helper Object for Internet Explorer (for URL-based heuristics) and a
plugin for Mozilla-based browsers. Additionally, we built interfaces to HR applications
to extract the more static part of the organizational context.

For personal part of the context, we relied on static information from the user, but
we are currently investigating the possibility of inferring the learner characteristics from
application sensor data, e.g., by considering time of day, previous and upcoming meet-
ings or other appointments etc.

For social relationships, we used mainly annotated address books as a (pull) con-
text source, but similar to the personal level, we are currently investigating egocentric
network analysis methods [27] to discover these relationships, e.g., from email conver-
sations.

5.4 Results

After integrating the user context management service into the system, we conducted
an evaluation with around 20 users at two companies. It has turned out that the system
behaviour was perceived as useful by the evaluation participants.

On a more technical level, our tests have shown that the user context management
service improves the robustness of the whole system in comparison to a naive approach
in which we do not handle imperfection. Furthermore, the architecture has proven useful
for plugging in and out different very loosely coupled context sources.

We are currently setting up a simulation environment for measuring the increase in
quality and completeness with different assumptions about the context sources.

6 Related Work

6.1 Context modeling

There are plenty of models for dealing with user context information, both from the
traditional community of user modeling and the recently emerged communities for
context-awareness. A good overview of recent context modeling approaches gives [28].
In general, it can be stated that the data management problem is a neglected area of re-
search. Most approaches either ignore the problems of imperfection and dynamics (e.g.



[29], [14], [15]), or assume that context can be accessed via the pull paradigm, which
is certainly valid in sensor-based areas, but not appropriate for context information on
a high level of abstraction. This can also be traced back to the fact that especially ap-
proaches to high-level context information rely on ontology-based techniques where
imperfection is hard to integrate (although approaches exist, e.g. [30]).

6.2 Imperfection handling in context modeling

The consideration of the imperfection and dynamics of user context information is also
a relatively neglected area of research, especially for the case of high-level context infor-
mation. [31] investigate quality criteria for context information complementing quality
of service concepts. They define the following criteria: precision, confidence, trust level
(for context sources), granularity and up-to-dateness. [32] introduce meta attributes like
precision, certainty, last update and update rate, the approach of [17] is similar. Only
[33] has investigated the role of imperfection in a more systematic way and identi-
fied the following types of imperfection: unknown values, contradictory values, impre-
cise values, and incorrect values. Feature values are further classified according to their
source and persistence into sensed, static, profiled and derived. The causes of imperfec-
tion are analyzed along this classification. But all of these approaches do not consider
the implication on a management infrastructure.

6.3 Imperfection handling in data management in general

The major part of research on handling imperfection in data management seems to be
almost a decade ago (see e.g. [34], [35] and [36] for an overview). Apart from fuzzy
logic, the major part of research in data management concentrated on probalistic exten-
sions of the relational and other data models. Two main approaches can be identified:
probabilistic attributes ([37], [38], [39]) and probabilistic relations (i.e. probabilities on
tupel level) [40], [41]. Current approaches are mainly concerned with semistructured
XML data (e.g. [42], [43]). However, these approaches did not consider the time di-
mension (i.e. the problem of aging).

There are some combinations of temporal and imperfection problems, but these
approaches concentrate on the imperfection of the temporal perspective itself (e.g. [44],
[45]), not on the impact of time distance on the quality.

7 Conclusions and Outlook

The approach of this paper views robust and scalable user context management as a
key enabler for rolling out context-aware application in the large. In order to retain
robustness in the presence of imperfection, the system needs to consciously manage
the imperfect properties of the data ([46]). This approach covers the uncertainty (via
attached probabilities), the incompleteness (via open-world semantics), and contradic-
tions (via storing contradictory facts and conflict resolution strategies). Additionally,
the approachs also accounts for the dynamics of change of context information by in-
troducing aging functions that decrease the certainty over time. These aging functions



are specific for context feature in order to deal with the variability in the rate of change
between different aspects of the context. A layered approach helps to keep the complex-
ity manageable and the architecture of the system extensible. Scalability is achieved
through relying on traditional data management techniques and providing appropriate
indexing structures for imperfection handling. Still it is possible to reference semanti-
cally rich ontologies as data types and accessing limited reasoning functionality within
queries. The system has been successfully applied to a corporate learning scenario.

Central storage of user context data always raises (justified) privacy concerns. The
presented architecture can be easily extended to support a distributed approach where
context data is stored for each user separately, e.g., on her machine. There will be one
single user context management service without any local storage that simply distrib-
utes (after checking the permission) the query to the individual context management
systems, which are registered as pull context sources.

Future work will incorporate the research in a data type that captures imprecision
via a probability distribution of that value, which is important for location information.
A lot of previous research exists on that topic that can be integrated into the approach.
Different conflict resolution strategies will also be evaluated with their effect on the
context quality. For that purpose, agent-based simulation techniques will be used.
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