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Abstract

High Functionality Applications (HFA) are complex and
powerful applications that provide a large set of features
and resources to the users. Active help systems are used
to facilitate the use of these applications. This paper de-
scribes the project of an extension to the EDEM systemin
order to integrate this application with a knowledge-
based system for active help systems. It is described the
integration of the EDEM system with a project of a ge-
neric APl that converts low-level interface events into
higher level observational variables. This API is used as
the basis for the implementation of knowledge-based ac-
tive help systems. This project lies in the software archi-
tecture proposed by Microsoft Research Lumiére project.
A system to support the implementation of context-
sensitive help based on the runtime analysis of user’s
goals and intentions.

Keywords: Knowledge-based systems, User modeling,
Smart help agents, Usability, EDEM .

1. Introduction

This paper describes the project of a generic API that
converts low-level interface events into higher level ob-
servationa variables, used by a knowledge-based active
help system. This API is specified in the context of a
software architecture that support the implementation of
context-sensitive help based on the runtime anaysis of
user’'s goals and intentions.

The EDEM system [Hilbert99] is used as the basic sys-
tem for collection of user interface events. The necessary
modifications of this system to continuously collect inter-
face events is described. These low-level events are used
to infer high-level goals from the uses of an application.
The Lumiére project architecture is used as the context in
which these data will be used. This application is in-
tended to provide runtime assistance to software users,
based on their expertise level, their goals, and the differ-
ent usability requirements of the application. The deter-

mination of the user's goals, the current user intent and
the appropriate time to provide a help information are the
most important challenges in the implementation of this
system. The requirements and lessons learned during the
development of this prototype are used as the basis of our
work.

1.1. Paper Description

This paper is organized according to the following
structure. Section 2 presents the motivation of our work,
section 3 introduces the concept of knowledge-based sys-
tems. In section 4, the Lumiére project is described in
detail, section 5 presents an overview of Bayesian net-
works. Section 6 describes the EDEM system with its
characteristics, section 7 describes the project of the adap-
tation of EDEM with the Lumiére architecture and, fi-
naly, in section 8 some future work is discussed.

2. Motivation

The Human Computer Interaction (HCI) field is con-
cerned with the improvement of the way people use com-
puters to work, think, communicate, learn, critique, ex-
plain, argue, debate, observe, decide and so on
[Fischer0Q]. In this context, the development of applica-
tions that improve this interaction is a challenge.

High Functionality Applications (HFA) are complex
and powerful applications that provide a large set of fea
tures and resources to the users. They are usualy de-
signed to serve the needs of a large and diverse user
population. These applications are difficult to use at first,
but with time and experience, allows the users to perform
a big set of tasks. The design of interfaces for these sys-
tems is a big challenge. The design of these systems, fo-
cusing on the novice user, can hinder the use of al the
resources of these applications. On the other hand, the
design of the system tailored to the expert users, can
compromise the usability and learnability of these sys-
tems [Fischer00, Fishcher99].



3. Knowledge-Based Systems

An approach to solve this trade-off is to provide the
applications with means to adapt its behavior according to
the expertise of the user. In order to provide this ability to
the applications, the computer must be provided with a
considerable body of knowledge about the problem do-
mains, the communication process, and the agents in-
volved. Fisher [FischerO0] characterizes three different
types of user knowledge as follows. Applications that use
this knowledge approach are known as knowledge-based
systems.

Knowledge about the problem domain. In order to
be able to determine the goal of the user, the system must
have knowledge about the capabilities of the domain that
it automates. This knowledge constraints the possible
interactions with the application. For example, the draw-
ing of a square in the screen may signify a class compo-
nent in a CASE tool, a simple picture in the paintbrush or
a specific component in a CAD for electronics.

Knowledge about the communication process. The
interaction between the user and the system should be
customizable. An important issue in the automated user
assistance is determine when and where to interrupt or
provide information to the user. Horvitz [Horvitz99] pre-
sents many facts that must be considered in the determi-
nation of the right moment to interact with the user. In
general, these features must be adaptable to the expertise
level of the user, also being able to be turned on and off.

Knowledge about the communication agent (user).
In order to collaborate with the user in his exploration and
use of the interface, the system must be able to figure out
what the user really knows and does. According to Fisher,
“Simple classification schemes based on stereotypes such
as novice, intermediate or expert users, are inadequate for
knowledge-based systems because these attributes be-
come dependent on a particular context rather that apply-
ing to users globally”.

Hence, the system must be able to adapt, at runtime, to
the different needs of the users in order to be able to say
the “right” thing at the “right” time, and in the “right”
way. To say the right thing is to provide the relevant in-
formation to the current context of the user activity. To
say things in the right time requires to balance between
the costs of intrusive interruptions and the lost of context-
sensitivity of deferred alerts [HBHHR98]. To say things
in the right way is especially important for users that have
disahilities.

4. The Lumiere Project In Detail

The Lumiére project [HBHHR98] centers on integrat-
ing probability models, in this case Bayesian networks,
with an active help system to provide runtime assistance
to software users. The Bayesian user models are used to
infer the user’s needs and goals based on models that rep-
resent and reason about the user’'s background, actions
and queries.

The main challenges of this project were: (1) The con-
struction of the Bayesian user model. (2) The implemen-
tation of the reasoning mechanism about time varying
goals of the users, based on their observed actions and
queries. (3) The instrumentation of a system to collect
user interface events from the applicationsin use. (4) The
development of a language that converts low-level inter-
face events into higher level observational variables, rep-
resented in Bayesian user models. (5) The development of
persistent user profiles to store and represent the evolu-
tion and the expertise of each user. (6) And the develop-
ment of a general architecture that integrates all these
components in an active help system.

These main challenges are described in detail in the
next sessions. The following sessions summarize the
goals and development experience of the authors of the
Lumiére project, described in [HBHHR98].

4.1. Construction of the Bayesian User M odél

The Bayesian networks cope with the problem of de-
termining the user beliefs, intentions, goals, and needs,
providing a statistical model to represent this knowledge.
The Lumiére project captures an influence diagram as
shown in Figure 1. This network provides a decision
model used to infer the user’s goals and needs.
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Figure 1 The Lumiére Influence Diagram used to pro-
vide statistic inference about user’ s background, goals,
and competency. [HBHHR98 - ( Figure 1)].



The balloons in the diagram represent variables, while
the arrows express the mutual influence of these vari-
ables. In this example diagram, the user’s goals influence
his acute needs. The user’s competence is influenced by
previous background experience, previous assistance his-
tory and the history of successful accomplishment of
tasks with the tool. The user’s actions are aso influenced
by his current needs, goals and the feedback of the appli-
cation in the form of documentation and data structures
(thislast, in the special case of spreadsheets).

The help system must provide valuable information to
the user, balancing between its intrusiveness (whenever a
useful not requested help is provided), and its lack of as-
sistance, due to the probability that the user does not need
the provided information. Hence, the utility of a help sys-
tem, which is a function of the user’s experience with the
tool, must be pondered according to the nature of the ac-
tion, the cost of the action and the user’ s needs.

In this context, Actions are sets of event representing
the interaction of the user with the application. Eric et al.
defines Goals as “target tasks or subtasks at the focus of a
user’'s attention” and Needs as “information or automated
actions that will reduce the time or effort required to
achieve goals’.

4.1.1. Defining the user model

The Bayesian model used for the project was created
using the results collected by psychologists in the Micro-
soft Usability Lab, based on observation studies of the
use of the target application (Microsoft Excel). The objec-
tive was to determine how accurate the human observers
could be in guessing, by observing and monitoring a copy
of the user’'s screen: (1) when the user needed assistance
and (2) the type of assistance needed.

This study identified some classes of evidence that
categorize different sets of activities a user can be per-
forming when using an application. These classes are
listed asfollows.

Searching: A user is performing a search when he or
she perform repetitive scanning patterns, when at-
tempting to search for, or access, an item or function-
ality. Some examples of such searching patterns are:
the moving or the mouse around the desktop, the
clicking on multiple non-active regions, or the explo-
ration of menu options without clicking or selecting
any function.

Focus of attention: A user isfocusing on some inter-
face object, when it is selected or active at a given
moment. Some examples of focus are: the dwelling
on parts of a document or on specific controls of an
interface after a search period.

Introspection: Represents a sudden pause after an
activity period or a decrease in the rate of interaction
with the application.

Undesired effects: Are characterized by attempts to
return to a previous state after an action. For exam-
ple, The undoing operations, or when the user closes
adiaog box, just after it was open, without perform-
ing any operation offered in that context.

Inefficient command sequences. These sequences
are detected when a user performs operations, using a
longer sequence of actions, that could be done with a
shorter set of operations or with accessible shortcuts
or interface elements as buttons.

Domain-specific syntactic and semantic content:
Comprehend all other activities that a user may be
performing, that are specifically bounded to the par-
ticularities of a class of applications or a domain. For
example, specia interactions with the application in-
terface, and activities that can be performed with a
specific CAD application or drawing tool, character-
ized by special mouse strokes, movements, shortcuts
and operations.

The Built of effective user models using Bayesian net-
works depends on defining appropriate variables and
states of variables in this network. An example of a sim-
ple Bayesian network is provided in Figure 2. In this ex-
ample, the likelihood that the user needs assistance is in-
ferred based on information stored in his profile, as well
as observations of recent activities (interface events). The
example in Figure 2 represents a influence network, in
which the influence of a pause after an activity and the
likelihood that the user needs assistance can be deter-

mined.
User expertise Difficulty of Recenr
current task menu surfing
Pause after

User needs
User distracted

assistance

Figure 2 A subset of the complete Bayesian user model
generated for the Microsoft Excel.
[HBHHR98 - (Figure 2)].

An important point in this example is that it express
the fact that the user may pause if he or she finds the task
difficult or is distracted by an externa event that is not
related to the application itself. According to this model,
the probability that the user needs assistance is aso
shifted by the fact that he has more or less experience



with the application.

The task of building a Bayesian model is not easy and
requires the evaluation of the use of the interface in many
different scenarios. The network can aso consider the
application as a whole or it can model a specific interac-
tion, for example, the need of help for the use of a spe-
cific menu or dialog box in the system.

4.1.2. Temporal Reasoning

The Bayesian networks described in the previous ex-
amples are not temporal, they do not consider different
time dlices of the network and do not evolve with time.
While the user is working with the application, his inter-
est focus can shift as well as his objectives. In order to
express this temporal evolution, Eric et al. proposes an
extension to that model that includes temporal dependen-
cies between goals at a present moment and goals at a
previoustime.

The solution proposed for this problem was the defini-
tion of different time dlices in the Bayesian network, gen-
erating akind of 3D reticule, in which the third dimension
is the time. The probability of a goal associated to the
node is, in this extension, a function of the previous val-
ues of this node in time. According to Eric et a. “The
intuition behind this approach is that observations, seen at
increasingly earlier times in the past, have decreasing
relevance to the current goals of the user”. The current
probability of a current goa is a function of the time
passed since the last occurrence of an action, as well as
the conditional probability of those actions in the history
of events. As times goes by, this probability decays to the
value for the case where the evidence is not observed.

This model uses the concept of evidential horizon and
decay of variables:

- The evidential horizon is the number of actions, or

the amount of time in which a probabilistic relation-
ships persist without change.
The decay variables specify a functional class (lin-
ear, exponential, quadratic, and so on) and the pa-
rameter defining the details of how the conditional
probabilities change, after a horizon is reached. The
decay can be expressed as a function of the time
elapsed since the last action, or as a function of the
number of actions occurred since the observation was
noted to become true.

4.2. Collecting user interface events from the
applications

In order to establish alink between user actions and in-
terface events, a stream of user actions (interface events)
need to be collected and analyzed. For the Lumiére pro-

ject, a specia version of Excel, with the ability to capture
interface events was defined. The events captured were:
mouse events, visit to menus, the open and close of dialog
boxes, selection of specific objects as drawing objects,
charts, cells, rows and columns. These events are stored
in an event queue with their respective timestamps. In this
stage they are called observations. This queue can be
searched by the applications in order to infer and com-
pose higher-level events.

4.3. Development of a language that converts|ow-
level interface eventsinto higher level obser-
vational variables represented in Bayesian
user models

In order to convert this low-level user interface events
stream in higher-level predicates or events representing
user actions, a set of operations to this event queue were
defined. These operations were combined, originating the
Lumiére Event Language. This language allows the com-
bination of observations in sets and Boolean expressions.
It also allows the arbitrary composition of these high-
level events, with observations to form new events. This
language also allows the specification of filters that can
be combined and integrated in the system.

The following primitives are provided by the Lumiére
Event Language API.

Rate(x;, t): Returns the number of times an atomic
event X; occursin t seconds or t commands.
Oneof({X;...Xn},t): Returns true if at least one event
in the provided set occurred in the time period t.
All({X1...Xn},t): All events of a denoted set of events
occur at once in any sequence within t.
Seq({X1...Xn},t): Events occur in a specia order
within t.

TightSeq({x1...Xn},t): Eventsoccur in a special order
within t and no other events occur.

Dwell(t): There is no user action for at least t sec-
onds.

These primitives, combined with low-level events may
be used to compose filter expressions such as “a user
dwelled for at least t seconds following a scroll”. This
language also alows the capture of keystrokes in order to
interpret a ‘ctrl+S command or a ‘File/Save menu
operation as the same event. The time scale used in these
expressions can also be adjusted to express the speed the
user provides commands to the system, this is feature is
called scaled time.

The events collected by the filters are used to feed the



temporal Bayesian network, which reasons about a set of
problems. In the Lumiére prototype, there were identified
and implemented 40 problems, associated with 40 areas
of assistance.

The system also uses a free-text help query module to
get direct queries from the user. This information is feed
to the Bayesian inference model in order to enhance the
cues about the current needs of the user.

4.4, Development of a general architecture that
integr ates these components
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Figure 3 The Lumiére Software Architecture

The overal Lumiére/Excel architecture is described in
Figure 3. Events captured from the interface are trans-
formed into timestamped observations. The observations
are input to the Bayesian model, and the probability con-
cerning user needs is inferred. The system aso infers the
likelihood that a user needs assistance at a given moment.
This probability is used to decide when to start the smart
agent that provides the appropriate help to the user, in a
spontaneous way. A user-specific probability threshold is
also specified, and controls the activation of the autono-
mous assi stance.

Events are constantly collected in the application inter-
face. The reasoning process however is performed peri-
odically. There are two basic approaches to start the proc-
ess of reasoning about the user goals. In a pulsed strat-
egy, the system periodicaly performs a cal that starts a
cycle of the reasoning process, which consists on the col-
lection of events, the recalculation of the probabilities in
the Bayesian network, and the eventual feedback to the
user. An event centered approach selects specific events
to trigger this whole process. A hybrid approach can
also be specified in which the process is run at each inter-
val or when some important event comes up.

45. Development of persistent user profiles that
store the evolution and the expertise of each
user

The user can also customize his profile providing his
level of expertise, as well as other information to custom-
ize the activity of the agent. The user profile is also aug-
mented and updated, periodically, as the user ask for help
or is helped by the agent. When the user complete tasks
recognized or pointed by the agent, his level of expertise
is automatically updated. A competence profile of the
user is composed using the information about the accom-
plishment of key tasks and the review of help topics. Spe-
cia competency variables, belonging to the Bayesian
model, can also be customized or automatically updated
by the system, using this procedure. These variables are
persistently stored in the user profile.

The data from the user profile is combined with the
Bayesian network in order to infer the probabilities asso-
ciated with all possible user needs at the moment, and the
probability that the user will need help immediately. This
information is also checked against the user threshold in
order to decide whether to provide the help information
or not. The objective is to prevent the intrusive operation
of the agent.

Figure 4 Inference Behind the Scenes
([HBHHR98 - Figure 6])

The Figure 4 presents a graphical representation of the
results generated by this approach. The first window, on
top left, display the events generated by the interface, the
next window, with the horizontal bars, present the prob-
abilities inferred by the model, that the user needs help in
one of the 40 help categories available, at the moment.
The percent bar window displays the user threshold. The
right most bottom window displays a dialog box in which
the user can customize his expertise level. It aso provides
a “best guesses’ list of help assistance topics sorted by



the likelihood, inferred by the system, that the user needs
each information. The user can aso provide free-text que-
ries that are used to get information about his needs and
narrow the offer of help assistance.

Non Intrusiveness: The user can customize, through a
“volume level” control, the threshold used by the smart
agent to determine when to appear and provide the help
information. If after the announcement of the help avail-
ability, the user does not consult the agent, it automati-
caly disappears.

4.6. Beyond Real-Time Assistance

Based on the observation of the user actions during the
use of the system, some other features were implemented
in the Lumiére prototype.

4.6.1. Further Reading Recommendation

As the user works with the system, the smart agent in-
fers and stores information about the tasks the user ac-
complished. Based on the expertise level demonstrated
during these tasks, at the end of the application, the sys-
tem provides a list of recommended help topics to be re-
viewed offline. This offline information can include help
tutorials or chapters in the manual. The non optimal use
of the system features for some tasks can be considered in
the identification of specific help assistance topics, in
which the user did not demonstrate expertise. This infor-
mation istrandated in alist of recommended topics.

This list is compiled based on the following a gorithm.
It considers, for each area of assistance that the user did
not reviewed during a session, the number of times that
the probabilities of user needs for that area exceed a pre-
defined probability threshold. Each time this threshold
was transposed, the help topic is added to the list.

4.7. Simplifications

The actual help agent used by Microsoft Office 97
suite is a smplified version of this prototype. This ver-
sion does not provide a persistent profile for the user,
does not use rich combination of events over time and
considers only a reduced set of user actions in its reason-
ing. The event queue is aso limited, considering only a
small length of events. The analysis of words and events
is not performed in an integrated way. The results of the
inference are available only when the user requests assis-
tance explicitly.

4.8. A Simpler Approach

A more simple approach for the use Bayesian network
models would be the explicit asking of the user about his
goals. This could be done using a questionnaire that could
to be filled by the user. This could be provided at the be-
ginning of an application session and as an option in the
system menu. This questioner could be made persistent
and being updated by the user whenever a new task is
performed. Moreover, a set of pre-defined settings (ques-
tionnaires) could be provided, as well as the ability of
generating new goals through these questionnaires. This
ideais similar to the customization button provided by the
Argo UML Case tool [RROQ].

Linton et al. [[LJS99]] proposes the development of a
user model based on the observation of the interaction of
a set of users with the application. This approach is based
on the specification of an average user based on the statis-
tical analysis of observations of many users performing a
predefined set of tasks using the application interface.
This model is used to create stereotypes and a set of basic
steps that represent each interaction with the system. It is
a simple approach that requires long periods of observa
tion with abig set of users.

In [Kobsa9d3], many toolkits and shells to support user
modeling are presented. In genera, these models are
based in the idea of stereotypes that allow the representa-
tion of average stereotypes as experts, novice and inter-
mediate. The user can customize the application, selecting
his expertise level. These expertise levels are based on
information collected during previous analysis of the ap-
plication that will use the model and, in some cases, the
intuition of the developers. [Kobsa00] updates the previ-
ous classification of systems, surveying some new ap-
proaches to user modeling based in distributed shells,
agents and databases.

5. Bayesian Networks

According to [Hedberg98], "Bayesian Networks are
graphical models of relationships and dependencies be-
tween variables, including probabilities." This probabilis-
tic model alows users to express "belief networks' of
complex cause-effect relationships between nodes (vari-
ables). These relations are weighted to express how nodes
affect each other, representing a way to express previous
knowledge about the system being modeled. These
knowledge is coded as dynamic and static properties of
the nodes. The Bayesian networks also allow the expres-
sion of complex non-deterministic relations between
nodes, allowing the inference of "might" relations, for
example, the probability of a complex event to occur,
based on the state of other variablesin the model.

A forma description of Bayesian networks is de-
scribed by Heckerman et al. [HGC95].



The Microsoft Research provides a free Bayesian Net-
work Tool, the Microsoft Belief Network. It is freely
available for noncommercial research and academic or-
ganizationsin the site [MSBN]. It is available an Applica-
tion and a DLL. This last provides an APl that can be
integrated in other applications as the one whose project
we propose in this paper. This tool is programmed using
the XML Belief Network File Format [XBNFF].

6. EDEM

The EDEM [HR98a, HR98b, HR98c, Hilbert99] is a
system that monitors and collects Ul (User Interface)
events in Java applications and automatically deploys this
information to usability databases using the Internet.

This system was primarily used as a support tool for
software development. In specia, the analysis of user
interfaces usability. It uses an automatic usage monitoring
usability technique called data collection. In this tech-
nique, the usability data is collected for further analysis
and interpretation. The study of this data has been used to
help in the detection of interface faults and future im-
provements of the system.

6.1. Usability Information Collection, the EDEM
Approach

During the development of software user interfaces,
the gulf existing between the usage expectations of the
developers and the actual interpretation of the interface
by the final users is a big problem. This gulf must be
minimized in order to improve the usability of the appli-
cation.

Many approaches exist in order to collect thisinforma
tion. Classical usability data is collected by the observa-
tion of the user and its interaction with the application. It
is limited to small-scale tests, in which usability data are
collected and reported manually by the beta test users.
The EDEM approach allows the collection of these data
through the Internet, in a no-intrusive and scalable way.

During the development process of user interfaces and
their applications, designers project the system keeping in
mind a set of usage expectations. Usage expectations are
the devel opers expectations about how users and the ap-
plication operational environments will behave. They are
based on the domain of the application, the requirements
of the software, the devel opers experience, and so on.

6.2. EDEM Events

The EDEM system uses the concept of usage expecta-
tions to define Expectation Agents. Agents are mobile

pieces of code that monitor the system usage and perform
actions when the user expectations they represent are vio-
lated. The expectations are represented as sets of events
and logical expressions, associated to these events, that
should be satisfied.

Whenever an expectation is violated, an agent can be
configured to perform numerous actions. Such actions
can range from: notify the user and/or developer of usage
mismatches, report system state and/or event history for
debugging purposes, provide guidance or suggestions to
the user, or collect direct feedback information. In gen-
eral, an EDEM server is used to store agent data reports
for later usability analysis.

According to [HR98g], the EDEM activity space "is
comprised of the objects and activities of interest in the
system being monitored”. They are system-specific ac-
tions logged by the EDEM system, representing a tracing
of the interface events generated by the program being
monitored. The event space "is characterized by events
and entities that correspond to objects and activities in the
activity space'. They represent the actions being moni-
tored. The event space is system independent and has its
own name space. Events may be inferred or computed by
compilation of information about activities.

6.3. Edem Components

The main components and concepts used in the EDEM
system are described as follows.

Probes. Probes are elements of the EDEM archi-
tecture that collect (observe) the system events
(event space) and transform this information into
notifications (event space). These notifications are
distributed by the distributor components to
many consumer components (log systems or fi-
nal users) that monitor these notifications. A dis-
tributor or a probe may process the information
before it is delivered. At this paint, filters, aggre-
gation and pattern matching techniques can be ap-
plied, in order to generate higher-level events.
This approach reduces the traffic of data sent from
the probes to the consumers, coping with scalabil-
ity.

EventQueue. The EDEM system monitors Java
Ul events generated by widgets, these events are
stored in an event queue, that can be queried by
the probes. Probes intercept these events from the
windowing system (Java AWT or Swing) and dis-
tribute these events by e-mail or generate alog in
a file. This data can be further, or immediately,
processed by the usability team (consumers),
which can perform changesin the Ul project.
Agents. Agents specify triggers, guards and ac-



tions. They are defined in a GUI editor. Agents
are stored in ASCII format in text files. They can
be stored locally or can be downloaded from a
HTTP server. They "configure" the Probes with
the adequate user expectations. Agents can be
configured to monitor notifications from other
agents. This facility can be used to compose
agents hierarchically to detect patterns of events at
increasing levels of abstraction. Agents can be
added or removed at runtime, since the probes are
not compiled with the application.

The EDEM system also allows the specification of ac-
tions that can be performed in response to observa-
tions, processing and natifications. These actions can
evolve the execution of specific programs, collecting
user feedback, manipulate probes and so on.

6.4. Integrating EDEM With the Application

EDEM is implemented in Java and is used to monitor
Ul events in applications implemented with this language.
The integration of EDEM with the application requires
only a dlightly modification in the application source
code:

i nport edem api . *;

/1 Main class of the program
public static void main(.) {

/1 initialize EDEM
Edem begi n();

()
}

/1 During the end of the program
public finalize() {

/1 exit EDEM
Edem end();

The Eden.begin() operation starts the monitoring of the
application while the Eden.end() finishes this operation.
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Figure 5 EDEM API Class Diagram

Elements to be monitored can be given a specific name
using the setName() operation in the EDEM AP, for ex-
ample, aJTextField called myTextFied!:

Edem set Nane(nyText Fi el d, "Any Name");

6.5. Current Status

According to the author, the system is still being de-
veloped. In this process, some challenges need to be ad-
dressed in many areas as. agent representation and main-
tenance; data storage and analysis; integration of expecta-
tions to the development process; user privacy and non-
disruptive techniques for collecting user feedback.

EDEM have some similarities with fields like applica-
tion usage monitoring, software process monitoring and
distributed system monitoring and debugging. In these
fields, (distributed) data collection is useful for the under-
standing, evaluation and maintenance of these systems.

7. Integrating EDEM with Lumiere Architec-
ture

The expectation agents defined in EDEM alow the
capture and log of sequence of events defined by the trig-
ger of these expectation agents. For performance reasons,
this information is stored in alocal log file, which is sent
to the EDEM server at the end of a monitoring session. It
was not designed with the intent of monitor a very fine
granularity of events, but only those sequence of events



that violate a user expectation. The EDEM Event queueis
an internal component of the system and is not visible
outside the application.

This approach is incompatible with the periodic check
of events proposed by the Lumiére Architecture (see sec-
tion 4.3). Hence, The EDEM system need to be adapted
to provide:

- Collect fine grain event, as they are generated by

the application, in order to support to the devel-
opment of the Lumiére Event API, and to alow
the composition of low-level events with higher
level observations defined in this language.

Add timestamps to the events in order to support
the implementation of the Lumiére Event APl op-
erations.

7.1. Adapting the EDEM System

Our approach aims at making the least modification to
the kernel of the EDEM system. According to this princi-
ple, we propose the following adaptation:

7.1.1. Capturing L ow-level Events

In order to cope with the fine-grained event collection
approach of Lumiére, without accessing the EDEN event
gueue, we propose de definition of one agent for each
element of the interface that need to be monitored. For
example, if monitoring of any event related to a ResetBut-
ton in an application. needs to be monitored, an agent
could be defined as follows.

ver si on="EDEM Version 2.0", enuil ="EDEM
Admi ni strator <user @onpany. conp”,

coment s="Appl i cati on Nane",

agent s=Vector[ 1,

edem ker nel . Agent [ nane="Agent 1",

comrent s="",

begi nTri gger =edem ker nel . Tri gger [ oper at or =0
, elements=Vector|[1,

edem kernel . Tri gger Recor d[ event Spec="ANY_EV
ENT| W ndow' Syst enf Reset Butt on| nul | "] 3]

12,

dat aTri gger =edem ker nel . Tri gger [ oper at or =0,
el ement s=Vect or [ 0]

14,

endTri gger =edem ker nel . Tri gger [ oper at or =0,
el ement s=Vect or [ 0]

15,

begi nTri gger Guar d=edem ker nel . Tri gger Guar d[
oper at or =0, el ement s=Vect or [ 0]

16,

endTri gger Guar d=edem ker nel . Tri gger Guar d[ op
erator=0, el enents=Vector][O0]

17,

begi nGuar d=edem ker nel . Guar d[ oper at or =0,

el ement s=Vect or [ 0]

18, endCGuard=edem ker nel . Guar d[ oper at or =0,
el ement s=Vect or [ 0]

19,

begi nAct i on=edem ker nel . Acti on[ event Sour ce=
0, eventName="", el enents=Vector[O0]

]10,

endAct i on=edem ker nel . Acti on[ event Sour ce=0,
event Name="", el ement s=Vect or[ 0]

111,

event Dat a=edem ker nel . Event Dat a[ dat aType=0]
12,

st at eDat a=edem ker nel . St at eDat a[ dat aType=0,
el ement s=Vect or [ 0]

113,
user Dat a=edem ker nel . User Dat a[ dat aType=0,
dat aHeader ="", dat aMessage=""]14] 1]

Another important point is the creation of a mecha-
nism that allows the interface events to be captured out-
side the EDEM system.

The EDEM alows the specification of generic actions
to be performed when an event is generated. This facility
is provided by the following adaptation pointsin the class
/edem/kernel/Agent.java

e
/1 action nmethods

public void perfornBegi nActi on( EdenEvent e)

/'l subcl asses shoul d override this method
/1 to perform custom actions...
event Col | ector. set Event (.));

}
public void perfornEndActi on( EdenEvent e)

{
/'l subcl asses should override this nethod
/1 to performcustom actions...

}

We propose the addition of operations such as the one
in bold face in the code above, to send information about
the current event, to an external EventCollectror compo-
nent.

The extension of these methods can be done by the
modification of the EDEM code or by extending this class
in another sublcass. The last approach is more generic,
but requires the creation of an AbstractFactory design
pattern [Grand98] that creates the instances of specific
classes based on configuration parameters.

Mechanisms that allow the specification of the Event-
Collector are also necessary. The EDEM approach is to
pass this information through command line or environ-
ment variables. A specific operation in the EDEM AP
can aso be created to this specific propose. We propose
the addition of the configureEventCollector() operation in
the EDEM API. These extensions are presented in Figure
6.



7.1.2. Getting Time Stamps

One approach to this problem could be the extension
of the /edem/kernel/EdemEvent.java class to include the
current timestamp. This would require the modification of
the kernel elements of the EDEM system. A better ap-
proach in our opinion, is the timestamping of the events
asthey are generated and collected.

The timestamp is captured by the CollectorAgent, our
specialization of the Agent class, and appended to the
event associated to the agent.

7.1.3. Creating a Separ ate Queue

A separate EventQueue, for the specific propose of the
Event Analysis must be created. This queue is populated
with the continuous data sent by the detection of the
agents population of agents defined to monitor the target
application. This approach allows the manipulation of the
gueue events in an independent way from the internal
gueue of the EDEM system, allowing the implementation
of proprietary optimizations for the sake of implementing
the Lumiére Event API.

A schema of this approach is described in the Figure 6
below. The CollectorAgent, an speciaization of the
edem.kernel . Agent class invoke newEvent() in the even-
tQueue component.

Agent

-_debug: boolean = false

«create» +Agent()
«create» +Agent()
+initializeTriggers()
+delete()

+toString()
+performBeginAction()
+performEndAction()
+getName()
+getComments()
+getBeginTrigger()
+getDataTrigger()
+getEndTrigger()
+getBeginTriggerGuard()
+getEndTriggerGuard()
+getBeginGuard()
+getEndGuard()
+getBeginAction()
+getEndAction()
+getEventData()
+getStateData() +rate()
+getUserData() +neOf()
+isComposite() +all()
+getDebug() +seq()
+setName() +trigSeq()
+setComments() +dwell()
+setDebug()

+getData()

+printin()

+printin2()

+write()

+read()
+configureEventCollector()

CollectorAgent

+performBeginAction()
+performEndAction()
+subscribe()

Invoke
NewEvent()

Invoke
subscribe()

EventQueue

+newEvent()

Figure 6 Proposed EDEM Extension

Once the events are collected and stored in the Even-
tQueue, the implementation of the Lumiére API is not
difficult. The API calls are aso presented in Figure 6.

7.2. Another Approach

A more generic approach to this problem is proposed
by Cleidson R. B. de Souza [Souza01] in his paper for
this lecture. In his approach, the EDEM was modified to
provide a Publisher-Subscriber [Grand98] API. A pub-
lisher, the EDEM system, provides the events constantly
to all the subscribers of the event of the application.

In order to populate our new event queue, a Con-
creteSubscriber is implemented. This subscriber registers
itself with the Publisher EDEM APl implemented by
Cleidson and start receiving notification of events.

This approach does not modify the EDEM events. In
order to provide the necessary timestamps to our imple-
mentation, this data must be appended to the events as
soon asthey are collected in the EDEM.

An EventCollector that extends the ConcreteSuscriber
have to be implemented in order to gather the eventsin a
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timestamped queue. Cleidson’s approach is presented in
Figure 7.

Figure 7 A Publish-Subscribe model for EDEM Event
Collection

8. Discussion and Future Work

We proposed in this paper and extension to the EDEN
monitor system, that allows this usability collector appli-
cation to be integrated with a knowledge-based system. In
special, we propose the integration of EDEN with an ac-
tive help system. We use the Lumiére project as the basis
of this architecture, and a source of requirements for our
project.

Further implementation and testing of this approach is
also necessary. The evolution of this project to a full-
fledged knowledge-based system is not a trivial task.
However, we can envision a system that integrates the
support provided by the EDEM system in the collection
of events, with the knowledge representation capability of
the Bayesian networks. In special, the free version of this
system provided by Microsoft could be used to realize
this big picture.

A big gap exists between the design and the implemen-
tation of these systems. More challenges aso arise in the
compression of the techniques used in the implementation
of auser model using Bayesian Networks. The implemen-
tation and update of user profiles, the determination of
thresholds for each user to avoid intrusiveness, an also
issues in thisimplementation.
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