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Chapter VIII

Knowledge Engineering in Adaptive
Interface and User Modeling

Qiyang Chen, Montclair State University, USA
A. F. Norcio, University of Maryland, Baltimore County, USA

ABSTRACT

This chapter presents the issues of user modeling and its role in adaptive human-
computer interface (HCI). Particularly, it focuses on knowledge acquisition and
representation in user modeling. Several related problems in the traditional user
modeling systems are also identified and discussed.

ADAPTIVE INTERFACE AND USER MODELING

The concept of an adaptive human-computer interface (HCI) has been recognized as
a very promising and challenging area for both research and applications (Norcio and
Stanley, 1989). The objective of an adaptive interface is to adapt system responses to the user
effectively ina complex computer-based task. In the context of human computer interaction,
the relationship between a human and a computer involves many factors such as the
computing environment, the nature of theé tasks to be performed, as well as various
characteristics of the users. The effectiveness of a human—computer interface system is
influenced greatly by its ability to adapt to these factors.

As the functionality of computer systems becomes more complex and users’ tasks .
vary, users must adjust their behavior and problem solving strategies to the systems. This
situation is often made worse because users lack the knowledge and experience to be
effective. A well-designed interface can provide much more helpful information in a more
appropriate manner during the interaction, especially for those users who have limited
experiences. Therefore, an adaptive interface is not only beneficial for users but also for
system resources management since the tasks and the related resources are better allocated
between user and the computer.

Generally, an adaptive interface should be able to offer an effective interaction and
allocate tasks dynamically between the user and the computer system. It is not unusual that
users are frequently confronted with an overwhelming amount of information in interacting
with computers. Users must decide what information to request and use. In these situations,
it has been found that users do not usually perform optimally (Card, Moran and Newell,
1983). In addition, users may not have the necessary information or expertise to adjust their

Copyright © 2001, Idea Group Publishing.




114 Chen and Norcio

behavior. The adaptability of an interface is helpful for the users with different backgrounds,
because the interface system can individualize its responses. An adaptive interface can
increase user proficiency with a new system and allow novices and experts to use the system
with equal ease. '

To adapt to a user effectively and correctly, an interface system must be able to
characterize and distinguish individual users. User modeling, a process of establishing a
collection of the system’s beliefs about various users’ characteristics, has become an
important component in adaptive interface systems. An interface equipped with user
modeling component is able to tailor its responses to individual users. Generally, an
adaptive interface has the following advantages:

» Economy of the interaction: The dialogue may be short, more precise, better focused
and understandable. Since system responses can rely on default knowledge already
stored in the user model, the system knows what the next optimal response should be
to help the user perform the task.

* User acceptability: The dialog is individually tailored. Thus, it becomes more
acceptable to the user. In addition to providing a clearer dialogue, a user model can
provide the basis of explanations of the solution to users. It can also detect the user’s
misconceptions in the task performance; and therefore, it can provide justifications
for the adaptation.

+ Effectiveness and efficiency of use: The access to the target system and its use may
become more effective and efficient, in terms of both quality and cost of the
performance.

Research in the field of user modeling dates to the early seventies (Self, 1974; Bruce,
1975; Allen and Perrault, 1978; Cohen, 1978; Rich, 1979). It is widely recognized that
computer systems should adapt to users in an intelligent and cooperative manner. It is also
evident that computer systems can acquire these capabilities on a large scale only if thcy
have the knowledge about users and the tasks that the users are performing. Constructing,
maintaining, and utilizing user models has become an active research area. Since the mid-
eighties, user modeling research has focused on four different but interrelated domains:
human-computer interface (Murray, 1987; Dede, 1986; Botman et al., 1987), natural
language dialog systems (Wahlster and Kobsa, 1989), intelligent tutoring systems (Sclt.
1974; Kass, 1989, Selker, 1994), and information retrieval (Daniel, 1986; Allen, 1991
Kramer et al, 2000). From the viewpoint of system functionality, user modeling can tx
considered as a component of the interface for optimizing human-computer interaction:

Some studies of user interface management systems (UIMS) partially address adap
tation of information displays based on features of the system’s operation (Eberts i
Eberts, 1989). With the UIMS approach, the interface becomes an important and sepis s«
system component to which software engineering techniques are applied. The UMY
approach facilitates interface design by providing a set of tools. A UIMS providc-
definition language for representing the dialogue required and a generator that automan
cally produces the necessary code from a source definition in this language. A UIM%
typically includes screen generation tools, a graphics package, and editors for lcip
messages, efror messages, prompts, forms, icons, and so on. The typical runtime functic
are management of multiple windows and conversion of task output to user representuti s,
However, the characteristics of users and tasks to which the system needs to adapt ac
emphasized. The UIMS approach provides a flexible and reliable interface design stra«
but fails to make the interface adapt dynamically because the underlying cognitive mo
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and other relative characteristics of users are not considered (Norcio and Stanley, 1989). It
is acknowledged that in many applications such as tutorial systems, information retrieval
systems, or security control systems, personalized interfaces are crucial to the success of the
system (Kramer ez al, 2000).

In an adaptive interface, user modeling is a primary mechanism that allows the system
to tailor its responses to individual users during the interaction. A wide variety of user
models have been proposed. In order to adapt to users, a user modeling system must address
the following issues: 7

» The existence of information or knowledge about the user, the task, and the context
of interaction;

« The approaches of eliciting the above information or knowledge;

» The strategies of utilizing this information or knowledge.

Figure 1 shows the framework of an interface system equipped with a user modeling
component. The user modeling subsystem monitors the interaction and dynamically
produces profiles for both the user and the tasks. According to these profiles, the system
tailors personalized information from various system resources to provide to the user.

Without considering the application domain, the possible roles of user models in
interactive systems can be illustrated as follows:

* Usermodels can be used to analyze input and generate output. User models are helpful
for determining what and how to prompt a user and interpreting a user’s response
without ambiguity. In a natural language system, it is often necessary to determine
what a user really means. Uncertainties involved in a user’s language need to be
minimized. In addition, the system needs to determine a user’s intended meaning,
even though it is not explicitly stated. User models may provide prerequisite
information that may not be directly stated in a user input, construct referring
expressions, and make lexical choice so that the system is able to decide what and how
to respond to a user input.

* Usermodels assist in recognizing a user’s goals and plans so that the system can better
understand the user’s information-seeking behavior. A user’s goals and plans are
related. A user's goal is what the user wants to achieve after interacting with a
computer system, while the plan is considered as a sequence of actions that results in
therealization of a goal. Furthermore, each action in a plan may have its own subgoals.
One approach to recognize a user’s goal is to observe and analyze the user’s actions.

* User models help to evaluate when to provide information, as well as recognize and

Figure 1. A Framework of Adaptive Interface System
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correct misconceptions, so that the system can provide more meaningful help and
advice. Knowing what the user believes to be true is especially useful for many kinds
of systems. Knowledge of the concepts that a user understands or misunderstands
allows the system to produce appropriate responses. This feature is particularly
necessary in instructional or tutorial systems.

DESIGN USER MODEL

The term “user model” is used in many different contexts to describe task-oriented
information or knowledge that is used to support human-computer interaction. There are a
variety of views of user model, and none is universally accepted. Thus, the best way for
understanding user modeling mechanisms is to explore their features in terms of their
organization and utilization.

Knowledge Sources of a User Model

The contents of a user model can directly affect the user-computer interaction. Given
a task, different user models usually cause different system responses. Some or all of the
following aspects might be incorporated into a user model:

* User’s knowledge about the system and proficiency regarding the system operations.

» User’s goals that underlie the tasks being performed; the plans that a user follows to
achieve the goal; and the beliefs held by a user regarding a particular domain.

» User’s preferences and cognitive characteristics.

» Characteristics about the tasks.

The contents of the user model vary greatly from application to application. For
example, atutorial system may need to capture all concepts known (or unknown) to a student
(Paris, 1989; Nwana, 1991). A database query system may need to model data items with
which a user is concerned (Chen and Norcio, 1997; Heger et al., 1991). An expert system
may need to model a user’s domain goals (Chin, 1989). Rich (1979, 1983) classifies the
information incorporated in a user model through three domain-independent dimensions:

» The long-term/short-term dimension: Long-term models describe relatively static
characteristics of users, while short-term models describe specific topics and goals in
the current discourse. The dimension characterizes the persistence of a user model
established during an interaction.

* Canonical / individual dimension: A canonical model only describes the character-
istics of a “typical” system without considering the individual differences among
users, while an individual model concerns those characteristics that are highly salient
and relevant to the task being performed by a specific user.

* Explicit/implicit dimension: This dimension concerns how to elicit and represent the
information from the previous two dimensions. The model is specified directly by a
user or established through observing user behavior in the interaction. A mechanism
for inferring the individual models from observed events must be provided.

Given this context, similar classifications, such as given vs. inferred, or static vs.
dynamic, are also proposed (Daniel, 1986; Brajnik et al., 1990; Clowes et al., 1985; Allen,
1990). The idea of this classification is to provide a generic consideration on how the user
model is established and utilized. Obviously, this classification does not provide an insight
into the dynamics of a user model, which includes a user’s progressive or evolutionary
capability, a user’s cognitive style, as well as a user’s mental workload in task performance.
Allen (1990) also suggests that this classification is not clear about relationships or
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transitions between these dimensions.

These dimensional settings are consistent with each other. Some also imply others.
Essentially, they attempt to characterize knowledge about a user in four aspects (Chen and
Norcio, 1997):

 Information persistency or temporal extent

» Methods of knowledge elicitation and representation

¢ Degree of specification

« Relationships between these three aspects

The knowledge for constructing a user model may encompass three areas:

1) User’s domain knowledge and task related characteristics. The user model should be
able to characterize and to distinguish between individuals. The information about a
user’s domain knowledge, capacities, and cognitive preferences should be obtained
for each user in order to adapt to the task being performed. Also, the predicted user’s
beliefs, goals and plans are the components of a user model.

2) Task information. While the term “user model “ emphasizes the information about the
person’s long term and short-term characteristics, it is obvious that a great deal of task
information may be encoded in the model. It is suggested that dynamic information
about a user’s current state in task performance is more important than the user’s long-
term characteristics for generating an appropriate system response. The GOMS model
is one of the common approaches for predicting the task performance (Card et al.,
1983).

3) Knowledge of the interaction. A user model should be able to keep track of the current
human computer dialogue. 1t requires knowledge about how the interaction is
constructed and what information may be implied from it. A transition diagram of a
dialogue can be considered as a representation of such knowledge in a user model.

In order to incorporate knowledge about users and their tasks in a structured way, some
domain independent features must be implemented into a user modeling system. Finin
(1989) suggests several important features that can be synthesized:

* Separate Knowledge Base: Information about auser is organized in a separate module
rather then distributed throughout the system. This knowledge base distinguishes the
system’s knowledge about its user from the other target resources such as application
databases, programs, etc.

¢ Explicit and Declarative Representation: Knowledge in a user model is encoded in a
declarative rather than procedural manner. A user’s profile is represented explicitly.

¢ Support for Abstraction: The modeling system provides a function of generalization
so that it can address a class of users as well as individuals.

* Multiple Use: Since the user model is represented as a separate module, it can be
utilized in several ways such as classifying a user, monitoring a user’s performance,
and tailoring the system response.

Knowledge Acquisition and Representation in User Model
Norcio and Stanley (1989) summarize three common approaches for establishing a
user model. They are:
+ Classify users from novices to experts according to their operational proficiency and
domain expertise,
+ Compare a user’s knowledge against an expert’s knowledge, and
+ Characterize users by a set of stereotypical traits.
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The ways of constructing a user model can be classified as explicit elicitation and
implicit elicitation:

1) Explicit information elicitation. The information needed for a user model is learned
directly from the user’s input. The system may prompt the user for characteristics
regarding a certain task. The user’s response to these questions can be formed as an
initial profile. An example is the Grundy system that is used to model a user’s social
status such as sex, age, and occupation (Rich, 1979; Hoeppner et al., 1986).

2) Implicit information elicitation. Through monitoring the human-computer interac-
tion, information about a user can be obtained indirectly. The system deducts the user
model contents according to observations on various factors. These factors are usually
domain dependent. However, they could be domain-independently classified as
behavior data and conceptual objects.

Behavior data are statistics that focus on the user’s performance during interactive
sessions, such as the types of commands used, the error rate, the time span of a dialogue, the
number of help requests, the usage of optimal command sequence, etc. Also, these data can
be considered as explicitly obtained since they are primarily based on objective observation.
However, the explanation of the implication from these data is crucial in user modeling. The
most common usage of such statistics is to classify the user’s operational proficiency toward
the target system.

A user model functions only as the system’s knowledge base about the user. Its
establishment should notbecome the user’s obligation and workload. Therefore, the balance
between explicit elicitation and implicit elicitation is important for effectiveness of the
interface system. The modeling process should be transparent to the user. Actually, explicit
elicitation may not guarantee the validity of obtained information. For instance, a user’s
claimed programming skill as “excellent” may not fit the system’s criteria. However, this
transparency may raise some social or psychological issues. For example, a user may be
reluctant to be modeled and may make his/her behavior abnormal for various reasons
(Murray, 1987).

In the user modeling process consistency is a major concern in this process. The
acquired knowledge should be incorporated into the existing user model without causing
any contradiction. Usually default reasoning and evidential reasoning are utilized.

Default reasoning allows the modeling process to maintain hypothetical knowledge
about a user in the absence of evidence to the contrary. In order to make a large number of
inferences with a small number of observations, extensive default assumptions must be
established, even though they may not be true during the interaction. Therefore, techniques
for handling incomplete and inconsistent information must be involved in the modeling
process.

If the model construction is driven by evidential reasoning, the numerical values of the
beliefs about the facts and rules must be carefully defined. Further, modification of such
belief values is necessary until adequate modeling performance is obtained. However, even
if the system can identify the correlation between the observations and their implications,
it is still difficult to make a probabilistic assignment especially for some intermediate
concepts or conclusions that support inferences and explanations. Even with a well-
understood situation, it is difficult to maintain probabilistic formalisms (e.g., independence
of probabilities) over the whole production system (Zadah, 1989). Many sources of
uncertainties can lead reasoning systems to draw inconsistent conclusions (Bonissone ez al.,
1985). In addition, off-line tuning of belief values is both time- consuming and inexact. It
is often based on inadequate tests and a subjective judgment of how the interaction is
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progressing, and local improvement obtained by tuning one capability of the modeling
process might be detrimental to other capabilities (Bonissone et al., 1985).

ASSUMPTIONS AND STEREOTYPES

It is a common practice to use a set of predefined assumptions to initialize the system’s
beliefs about its users and the tasks they are performing. It is called the stereotype approach
(Rich, 1979; Kobsa, 1990). Stereotypical knowledge is organized into a generalization
hierarchy in which the stereotypes inherit knowledge from their ancestors. A stereotypes
hierarchy is shown in Figure 2, in which each node in the hierarchy represents a stereotype
regarding a certain task. Each node can also be associated with a set of attributes or
assumptions that are used to justify or describe the corresponding stereotype. One stereo-
type subsumes another if itcan be considered to be more general. For example, a hierarchical
user model S, is a substructure of the generalization hierarchy S that can be represented as
follows:

S,_ §={S,, S, isa stereotype in the hierarchy}
S, ={ aj(“ »a/” is an assumption in S, }

Usually, the modeling process proceeds from the root of the hierarchy. If one or more
assumptions are verified by certain facts or observations during an interaction, the stereo-
type that contains these assumptions is activated and then added into the current user model.
As the interaction progresses, more and more stereotypes are activated and the user model
becomes more informative. Forexample, in Figure 2 if S/ is defined as acomputer user, then
S$2 can be defined as microcomputer user and $3 as mainframe user. Furthermore, $4 may
be specified as an IBM PC user and §5 as Macintosh user respectively. If a user is modeled
as a PC user, then the user’s profile consists of all assumptions contained in S/, 52 and §4.

Initial knowledge about a user comes from the system assumptions. To infer a user’s
characteristics, user modeling system must establish extensive assumptions. Each assump-
tion is predefined with conditions that need to be satisfied before that assumption can be
applied to the user. If a user fulfills the conditions, the assumption can be ascribed to the user.
This ascription is normally contingent on an absence of conflict with other information
previously known to the system.

Applications Figure 2. Hierarchical Stereotypes
of Stereotypes

Theearliest applica-
tion of the stereotype ap-
proach is Rich’s
GRUNDY system that is
used to recommend books
for users (Rich, 1979).
Stereotypes are used to
model a user’s social sta-
tus such as occupation,
reading preferences, sex,
age, etc. At the beginning assumption

of each session, a user is [ stereotype
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asked for a self-description regarding these social traits. Stereotypes are activated by the
user’s input in terms of matching the user’s responses with the assumptions attributed to
these stereotypes. This approach may work well for modeling a user’s long term, static
characteristics, but it does not fit the situation in which a user does not know how to describe
the task-related characteristics. For example, in a tutorial system, the user (i.e., a student)
may not be able to respond correctly to the request about the domain knowledge level
(Wenger, 1987). Even if the user does respond, the user’s judgment may not fit the system’s
criteria. In addition, the traditional stereotype system does not provide any insight about the
task being performed (Clowes et al., 1985).

KNOME, a user modeling system developed by Chin (1989) for tutoring UNIX,
avoids eliciting information from a user directly. Instead, it infers the user’s knowledge
levels by examining the evidence that the user knows or does not know some key concepts.
It classifies four groups of users with different levels of expertise and associates each group
with stereotypical expectations about the user’s familiarity with UNIX commands of a
certain difficulty level. However, such stereotypical knowledge does change as the user’s
proficiency progresses. This limits the adaptability of a user model (Totterdell et al., 1990).

Stereotyping is also used in some user modeling shells that provide tool kits for
constructing user models for various applications. Finin’s GUMS system addresses the
problems of revising stereotypical knowledge about the user’s beliefs (Finin, 1989). It does
not derive the assumptions itself, but provides a set of services for maintenance. It accepts
and stores new facts about the user. The knowledge about the user is organized in a
stereotype tree where each node represents a class of users.

The user model is revised when the application system observes new facts that conflict
with the active stereotypes. It deduces the negated fact from the current assumptions,
informs the application system about recognized inconsistencies and answers queries
concerning its current assumptions about the user’s level of expertise. The revision is done
by replacing the active stereotype with its closest ancestor that does not conflict with the
observed facts. The stereotypes in a parallel path are considered as possible replacements.
As some authors pointed out (Huang, 1991; Kobsa, 1990), since the hierarchy is constrained
to a tree, and only a single stereotype may apply to a user at a time, this revision approach
is inappropriate because it only decreases the stereotypical knowledge. If the initial
stereotype is chosen inappropriately, additional information about the user increases the
likelihood that fewer stereotypes can be attributed to the user. Therefore, better fitting
stereotypes can never be found. In addition, the GUMS exploits the closed world assump-
tion as the basis of inference; whereby, any hypothesis that is unknown is assumed to be
false. This might oversimplify the real world situation.

Kobsa (1990) presents a more comprehensive shell system, BGP-MS, to support the
definition of the stereotype architecture in a user model for a particular application domain.
A stereotype management utility is presented to monitor the current assumptions about the
user and to automatically activate and retract stereotypes according to certain conditions
specified by the user model designer. It attempts to maintain a sufficient number of activated
and consistent stereotypes in run time. However, it seems to leave too much obligation to
the shell users (i.e., user model designers).

Forming Assumptions
In a stereotype hierarchy, all assumptions are directly or indirectly activated by the
user’s input. There are various techniques for transforming a user’s input into. Wahlster and
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Kobsa (1989) summarized two types of approaches for forming assumptions:

1) Forming the assumptions based on the user’s input. Sometimes a user’s input can be
directly incorporated into a user model as long as this input directly states the
information about what is required and what the user believes. For example, the
system can pose questions to the users that have been devised to elicit responses that
are most relevant to the preconditions of the assumptions. If the assumption cannot be
made directly from a user’s input, a content-dependent inference must be conducted.
For example, if a user’s input is a question, it usually implies several alternative
assumptions. The syntactic and linguistic analysis on how this question is prompted
can also underlie a set of assumptions.

2) Forming the assumptions based on the dialogue. The interaction between the user and
the computer system also contributes new entries to a user model. All traits involved
in a dialogue, such as system’s navigation plan, system response, user’s utterances,
and feedback actions can be these entries. For example, an answered question is
assumed to be understood by a user. Therefore, the user should not ask the same
question in a later dialogue.

In the context of modeling a user’s domain knowledge or conceptual knowledge, some
“common sense” rules can be used to form assumptions directly from the user’s direct input.

s« Transitive rule. If a user knows that the concept C implies B, and that B implies A, then
the user knows that C implies A.

o Inheritance rule. If a user knows that concept A has attribute description X, and B is
a subtype of A, then B also has attribute description X.

* Compass rule. If a user knows that concept A has attribute descriptions X,,..., X, and
B has Y, ... Y, and that each of the X, is a special case of some Yj, then the user knows
B implies A.

The following rules can also be useful for indirectly adding the information into the
user model.

* If a user mentions a concept in a dialogue, then the user either knows the concept or
does not know the concept, depending on whether or not the user requests an
explanation for this concept.

+ Ifauser mentions an attribute description of a concept, then the user believes that the
concept has such an attribute.

» Ifauseruses new terminology and the user does not ask for clarification, then the user
understands the terminology.

Very often more than one stereotype can be ascribed to a user, and a given stereotype
may be a subtype of more than one other stereotype (i.e., a node has more than one parent
node in the hierarchy). This feature complicates the inheritance of information. The
inherited information might conflict with each
other. This is shown in Figure 3, where each
stereotype has some inherited information (i.e., Figure 3 Inheritance conflict
assumptions or attributes applied to a stereo-
type),exceptS,. The §,and S, are the subtypes of S{a,_a,,..,_a)

§,. §,is the subtype of both §, and S,. The :
problem in this case is that, according to the
feature of generalization, §,may inheritconflict- S,{a,_ _a, ,..] S;/{_a,_a,, ..}

ing assumptions (i.e., a,and ya,), which is not
allowed in user modeling.

S{ )
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Conflict Resolution

Conflicts between the conclusions/predictions based on different stereotypes are
difficult to solve. Rich (1979) presents several domain-dependent and domain independent
resolution strategies. Domain-independent strategies suggest the selection of the following
predictions instead of the conflicting stereotype predictions:

« The average value, if the predictions in a conflict are numerically valued.

« The least upper bound, namely the closest shared ancestor of two stereotypes in the
generalization hierarchy.

» The prediction based on the stereotype that has been active longer since it should be
better established.

 The prediction based on the more recently activated stereotype since it is more current.

+ The prediction that has never been involved in any conflict.

In addition, as Ballim and Wilks (1991) suggest, an extension to inheritance hierarchy
is necessary to allow for exceptions. However, the introduction of exceptions brings further
problems and complexities to the inheritance reasoning. One such problem is that of
ambiguity. Also, the solutions are often computationally expensive because of the time-
consuming search that is required.

Ability of Learning

The learning mechanism in a user modeling system allows the user model to adapt
dynamically to the user’s current performance or status. This mechanism is crucial for the
usability of a user modeling system. Usually the learning mechanism is enforced by revising
the contents of an individual user model dynamically.

The requirement for learning stems from two realistic situations: first, it is difficult to
predefine an accurate knowledge set about the system’s user community; and secondly, the
characteristics (e.g., familiarity with the system, beliefs, goals, and preferences, etc.) about
an individual user or a class of users may change over time. As the interaction progresses,
the system’s belief values or rules must be added, deleted or modified to reflect real time
changes. These revisions may in turn cause further data generalization and specification.
However, thiskind of adaptation is passive because it lacks the ability of deductive inference
and prediction.

Some user modeling systems utilize techniques for handling uncertainties as a learning
mechanism in which the model is refined by modifying the belief values until adequate
modeling performance is obtained (Rich, 1979; Brajnik et al., 1990; Hoeppner et al., 1986;
Howard et al., 1987; Simon, 1988). Off-line tuning is both time-consuming and inexact. It
is often based on inadequate tests and a subjective judgment of how the interaction is
progressing. The local improvement obtained by tuning one capability of the modeling
process might be detrimental to other capabilities. In addition, if such a revision is not based
on a view of the behavior pattern, the modeling process may face the dilemma of frequent
conflict-resolution (Huang, et al., 1991). In addition, when a conflict is detected, it is
necessary to determine a minimal set of assumptions that is associated with this conflict.
This is usually an NP-complete process (Barr and Feigenbaum, 1982).

Default Reasoning and Truth Maintenance
A user modeling system can draw a number of plausible conclusions about a user from
a small base of definite knowledge. Thus, default reasoning becomes a major process in



Knowledge Engineering in Adaptive Interface & User Modeling 123

most user modeling systems. The stereotyping approach is one form of default reasoning.
In a default reasoning system if the underlying knowledge never changes, or if a reasoning
system never reexams any conclusion, it is called a monotonic system. A non-monotonic
reasoning system differs from the monotonic reasoning in that it is often necessary, when
aconclusion is deleted from the current knowledge base, to review other conclusions whose
proofs depend on the deleted one.

In a default reasoning system, assumptions may need to be either eliminated or to have
new proofs that are valid based upon the current knowledge base. Deleting a single
assumption may have a significant effect on an entire knowledge base because all
assumptions must be deleted to maintain the consistency. In turn, these deletions can cause
further deletions in the knowledge base. Thus, a change is propagated throughout the
knowledge base. It is very important that a non-monotonic reasoning process not spend all
its time propagating changes. Otherwise, it is not a stable system, and the credibility of any
conclusion it draws is doubtful.

Default reasoning and non-monotonic logic have been originally studied by McCarthy,
McDermott and Doyle, as well as Reiter. McDemott and McCarthy introduced a formal
discussion about non-monotonic logic (McDermott, 1980; McCarthy, 1980). Reiter pre-
sented a survey of the areas of Al in which such reasoning is involved (Reiter, 1980), and
introduced a mathematical treatment of this subject (Reiter, 1980). Reiter (1980) presents
the following reasons for the necessity of a non-monotonic reasoning system:

» The presence of incomplete knowledge requires default reasoning.

* A changing external environment must be adapted by the knowledge base.

* Generating a complete solution to a problem may require temporary assumptions
about potential solutions.

To able to propagate changes in the knowledge base and to check the validity of the
proofs, the default reasoning needs to keep track of all results in the process. Thus, a non-
monotonic system requires more storage space and processing time compared to the
monotonic system.

The Truth Maintenance System (TMS) by Doyle is an implemented system that
supports non-monotonic reasoning (Doyle, 1979). It serves as a truth maintenance sub-
system affiliated with areasoning system. It does not generate new inferences, but maintains
consistency among the conclusions generated by the reasoning system. When an inconsis-
tency is detected, it evokes its own reasoning mechanism, called dependency backtracking,
to resolve the inconsistency or conflict by updating a minimal set of beliefs. It has the
following three essential functions (Boy, 1991):

*» Itstoresall the inferences made by the problem solver. As aresult, inferences thathave
already been made do not need to be repeated and the contradictions, once discovered,
will be avoided in the future.

» It enables the problem solver to make non-monotonic inferences. The presence of
non-monotonic justification forces the TMS to use a procedure that satisfies con-
straints in order to determine which facts should be believed.

* Itensures that the knowledge base does not contain contradictions. Contradictions are
removed by identifying the missing justifications and adding corresponding justifica-
tions. The procedure of identifying and adding justifications is called dependency-
directed backtracking.
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SOME LIMITATIONS OF CONVENTIONAL
STEREOTYPE APPROACHES

Although the stereotype approach provides a simple way to initialize the modeling
process and is successful in some applications, this approach limits the representational
power of a user model in the following three aspects:

1) Reasoning under Uncertainties. Since reasoning is conducted with extensive default
assumptions that may conflict with the new evidence obtained as the interaction
progresses, the revision of stereotypical knowledge is necessary to handle the
inconsistencies. This in turn can cause dependency-directed backtracking that is a
non-monotonic process (de Kleer, 1986). This process is called truth maintenance and
has been a fertile field for Al research. Since the conventional truth maintenance
approach examines one piece of evidence at a time, it is often ineffective or even
impossible to detect noisy or inconsistent inputs that should be ignored. This
phenomenon, for instance, may be observed in a tutoring system where the student’s
input often carries some inconsistencies (e.g., typing mistake, grammar mistake, or
the way the student raises the question) that may have nothing to do with understand-
ing the tutorial concepts and, therefore, should be ignored in the modeling process.
In addition, the stereotyping approach must be able to examine the continuity and

overall user behavior pattern in task performance. Otherwise, the modeling process may not
reflect the real world situation, and it is possible that current efforts of maintaining
consistency may bring further conflicts in the subsequent interaction. Thus, model construc-
tion may fall into a dilemma where a non-monotonic process of conflict-resolution is
frequently involved, and eventually no modeling decisions can be made after a period of
interaction (Chen and Norcio, 1997).

2) Individualization. A generalization hierarchy also provides a simple way to classify
a user into certain stereotypes. The user model must capture the individual differences
in order to tailor the system response to fit a particular user. Therefore, very often this
classification must be as subtle as possible. But the predefined hierarchical structure
is sometimes too inexact to characterize a particular user. This limits the degree of
individualization in the sense that all assumptions or attributes are confined within a
stereotype. They must apply to a certain stereotype at all times. However, it is very
possible that a user fits one stereotype, but may not fit some attributes defined in that
stereotype. The generalization hierarchy lacks the ability to justify such a situation.
In addition, it is obvious that the representation power depends on the number of
stereotypes rather than the number of assumptions.

3) Featureidentification. Since the stereotype hierarchy is logically organized, it may
not be appropriate for dynamically extracting a user’s short-term characteristics that change
over time and temporally exhibit great varieties regarding the current task. For instance, it
is very realistic that a user might demonstrate both expert and novice traits for the same task.
In that case, the hierarchical classification of characteristics via few dimensions might not
be able to provide consistent information for the system to adapt the current interaction. It
may fail to recognize the irrational data about a user’s behavior. Whether such data need
to be taken into account should depend on the examination of overall behavior patterns.

Since the predefined attributes or assumptions are confined within each stereotype and
can be only inherited by the descendant stereotypes, there is no effective way to update those
attributes that are no longer significant in the context of task performance. In addition, most
stereotyping approaches solve conflicts by simply replacing the active stereotypes with their
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ancestors in the hierarchy (Rich, 1979; Huang et al., 1991). Thus, some assumptions that are
still consistent to the current situation are lost. It is possible that a user may fail to fit any
set of stereotypes, so that the hierarchical modeling process fails to associate any system
decision to that user. In such a situation, some assumptions distributed among the
stereotypes might be still useful for characterizing that particular user. Hierarchical
approaches lack the ability to identify and reorganize the useful assumptions distributed

among the stereotypes.

ARTIFICIAL NEURAL NETWORKS IN ADAPTIVE
HUMAN-COMPUTER INTERFACE

It has been recognized that the ability of an Artificial Neural Network (ANN) to learn
and recognize patterns in data can be utilized in the area of human-computer interaction
(HCI). Unlike classical Al techniques, neural networks have the ability to adapt and to
generalize. Many different types of HCI activities can benefit from these characteristics of
neural nets (Maren, 1990; Stacey et al., 1992; Chen and Norcio, 1997). The primary concern
for utilizing ANN techniques can be summarized as follows:

1) Learning techniques. ANN models provide a family of numerical learning tech-
niques. They are particularly useful in the applications of data-intensive pattern
recognition. They can extract the rules from the examples. The feature of self-
organization allows dynamic modeling of the run-time environment. ANN models
have also shown the potential for the development of knowledge-based system in
which the knowledge acquisition is often a bottleneck (Hayes-Roth, 1991). In human
computer interaction, dynamic learning is particularly important for modeling user
performance. The historical log of interaction can provide training samples for the
classification of a user’s behavior (Stacey et al. 1992).

2) Pattern completion and noise tolerance. The ANN technique is also useful for
processing incomplete information. Successful matches between the input and output
pattern can be accomplished with incomplete or imperfect patterns, even when there
is noisy or ambiguous input. The performance is said to degrade gracefully. Similarly,
when presented with unfamiliar data that are within the range of its exemplars, the
network will generally produce an output that is a reasonable interpolation between
the exemplar outputs. This feature also facilitates uncertainty management in the
sense that it examines the current knowledge base in pattern-formatted view so that
incomplete and imprecise information can be matched to the closest output pattern
(Pao, 1989).

3) Efficient system development and maintenance. For some applications, ANN tech-
niques provide an efficient development alternative. Building and adjusting an ANN
model are relatively easier than building a large number of production rules (Fu,
1990). In the applications of data-intensive pattern recognition and classification, it
is especially difficult to define a set of rules that covers all evidence-conclusion
situations in pattern recognition. In addition, the parallel processing model makes the
computation cost-effective. It avoids the overhead of required maintenance in
conventional rule-based systems (Carpenter, 1989; Pao, 1989).

ANN and Rule-Based Systems: Comparison and Integration
The ANN approaches and rule-based systems are different in several aspects. The
knowledge of ANN is implemented by its connections and associated weights; whereas, the
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Table 1. A comparison between the ANN-based system and the rule-based system

ANN-based system rule-based system
knowledge representation | Connections and weights production rules
computing unit Numbers symbols, belief values
information level _Signal level knowledge level
adaptation Good poor
development cost Low high
explanation None good
pattern recognition ability | Good poor
processing mode Parallel sequential
inference mode Summation and thresholding | propagation of belief

propagation of activation values, unification and

) resolution

knowledge of rule-based system lies in rules. The ANN processes information by numeri-
cally propagating and combining activations through the networks, but arule-based system
processes information through symbol matching and generation. Table 1 shows the primary
differences between the two methods.

Since the interface systems must provide the dialogue in the symbolic form, any result
from neural nets must be transformed, which needs the rule based processing. On other side,
the ANN can facilitate the conventional rule-based systems in the aspects of adaptation,
pattern recognition, and classification. It has been suggested that combining these two
systems can enhance both of them (Caudill, 1990). Figure 4 illustrates an interface
framework that integrates the two systems.

The neural network module functions as a component that analyzes the user’s input
and provides the intermediate results for generating system response and explanation. Both
the pre-processing module and the post-processing module are the rule-based subsystems.
The pre-processing component is used to transform the user’s input into numerical stimuli
for further neural-net processing. The output from the neural network activates system
operations and needs to be symbolically interpreted. This is achieved by another rule-based
module, the post-processing component. The system’s knowledge base is a working
memory that contains all supporting information, such as rules of transformation, meta-
knowledge, and user or task profiles, usually in symbolic form. For example, if this

Figure 4. An integration of neural networks and rule-based system

Pre-processing Neural Net Processing
User dialog

" P

[ knowledge base W

-

Post-Processing jJ% |
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framework is implemented in an information retrieval environment, then the preprocessing
component translates a user’s query (e.g., subjects) into network input, and the network will
propagate the activation. The output is a vector that corresponds to some subjects or
documents. The post-processing component then searches the database according to the
analysis on this vector. It also generates explanations if the system response to a user’s query
needs to be justified.

There are several strategies for combining neural networks with expert systems or
other systems. The strategies for the integration vary from stand-alone systems to a fully
integrated neural net and expert system (Caudill, 1990; Bailey and Thompson, 1990;
Hillman, 1990; Bailey and Medsker, 1991; Boy, 1991). Bailey and Medsker (1991) classify
these strategies in terms of structural topology: stand alone structure; transformation
structure where two systems are linked one after the other, and the successor uses the output
of the predecessor; loose coupling structure where the systems have dependencies such as
feedback from one system to the other or both systems feed into a third; tight coupling
structure; and full integration structure.

Applications of ANN in HCI

Artificial Neural Network (ANN) techniques that specialize in human computer
interaction have been proposed and developed by a number of investigators. The earlier
application of ANN in HCI is NETtalk, a system developed by Sejnowski and Rosenberg
(1987), which uses three-layer back-propagation ANN to learn to “read aloud.” The goal
was to have an ANN convert English text to speech by learning through exposure to
examples as opposed to entering phonological rules and handling exceptions with a look-
up table. A back-propagation net was trained to transform an input vector that encodes a
sequence of letters into an output vector that encodes the phonemic features of the sequence
and which can be used to drive a speech synthesizer.

Maren (1990) summarizes three areas where ANN can be utilized to improve a
system’s ability to adapt in HCI: information control, diagnosis, and dialog monitoring. She
suggests that neural networks can enhance the learning capability of adaptive interfaces in
terms of sensing the extensive data about the interaction through various channels.

ANN in user modeling is also proposed for identifying user’s domain knowledge
(Chen and Norcio, 1997). The data about a user’s behavior can be formed as stimuli for
classification conducted by neural networks. The clues from the task performance can also
be matched to a complete task path for system’s navigation. Stacey et al. (1992) present an
ANN paradigm for pattern analysis of the trace data generated by human-computer
interaction. Itis suggested that since a user interacting with a system follows patterns within
a certain context, ANN techniques can be used to observe and predict the behavior pattern.
Eberts (1991) proposed to use a back-propagation network to elicit knowledge about a
user’s proficiency of the UNIX command system for the design of help subsystems. Finley
and Beale (1992) suggest modeling individual differences and habits of users as a means of
providing support for common activities. They use a minimalist approach to the problem,
and view user modeling as the composition of a number of stereotypical classifications.
They propose the use of example-based classifiers as user modeling components.

ANN can provide an alternative intelligent interface for an information retrieval
system. Heger and Koen (1991) developed an associative memory for database retrieval in
which the causal relationships among key terms in a database are established and weighted.
Given a user’s initial query, the interface can activate all related key terms and induce the
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new queries. McGrew (1992) proposes the use of a neural network in the rapid validation
and prototyping of task analysis in interface design. By mapping the task analysis onto a
network, one can simulate the result of the analysis and quickly identify any errors. This is
particularly useful for usability studies. Eichmann and Srinivas (1992) propose the use of
an unsupervised network based on Adaptive Resonance Theory (ART) to perform retrieval
software modules from a repository. It is done by partial matching and exploiting the
generalization properties of the network. Habibi and Eberts (1992) also use neural networks
to develop a filter to select relevant articles based on keywords of interests. Oakes and
Taylor (1992) present a useful comparison of a number of retrieval techniques, ranging from
string matching through the neural network methods. Their application is to classify terms
in a medical thesaurus in which the terms may be related literally or conceptually.

There are also many studies of using neural network technology to design video/audio
equipment for HCI. For instance, Bryn and Eichmann (1997) present a design and
experiment of neural network approach to tracking eye position. The results show that
accurate tracking of a human’s eye position is possible by neural network based image
processing built in the goggle-mounted miniature charge-coupled device.

All these studies demonstrate benefits of various useful properties of neural networks,
which open up new research and applications in the field of HCIL.

An Alternative Approach to User Modeling

Chen and Norcio (1997) proposed and tested an alternative to conventional stereotyp-
ing approaches. A set of associative networks is utilized as the knowledge base for modeling
users’ domain knowledge. In contrast to the conventional rule-based user modeling
approaches, this study uses artificial neural network (ANN) techniques to store, maintain,
and infer various task-related attributes about users. The proposed approach is referred to
as associative user modeling. It is suggested that this approach provides an effective and
simple way of user modeling in terms of the inherent features of ANN techniques.

In associative user modeling, all characteristics or assumptions about a user are
referred to as concepts. These concepts are represented by the network nodes. There are two
perspectives for defining the connections among the nodes (i.e., concepts):

* Theconnections are viewed as the causal relationships among the concepts, which are
conditionally weighted.
¢ The connections are obtained by supervised or unsupervised network training.

In associative user modeling, there is no need to group assumptions a priori for pre-
defined user profiles. User modeling is a process that extracts the concepts and their
weighted connections from associative networks to form a unique profile that fits a
particular user or task. This process is conducted by propagating the activation level
throughout the network. Since the propagation process allows any number of concepts to be
activated, more combinations of concepts can be utilized to characterize individual users.
This underlies a more flexible way of constructing of a user model.

Associative user modeling provides a pattern-formatted view of a user’s characteris-
tics. It examines the information about users through pattern recognition. The default
reasoning is viewed as a process of pattern completion. The produced user models can be
applied to predicting users’ performance and evaluating users’ domain expertise. The
system equipped with such models can optimize its performance by making the dialogue
strategy adapt to users’ skills and tasks.

1) The ability of default reasoning. ANN’s abilities of pattern completion and noise
tolerance allow production of default assumptions based on incomplete, imprecise
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and inconsistent input. This means that based on a small number of inputs the system
can produce a large number of outputs. Also, the inconsistent information about the
user can be reconciled through pattern recognition. This approach avoids the com-
plexity of truth maintenance in default reasoning that is required in conventional
stereotype approaches.

2) Theability of learning. ANN models can learn from the exemplars (i.e., training data).
Using supervised or unsupervised training procedures, the ANN models can gener-
alize the hypothetical information about user’s characteristics such as the beliefs
about user’s domain knowledge and user classifications. The learning ability of ANN
models can enhance the adaptability of user modeling that requires dynamic revision
of its knowledge base.

3) The system implementation and maintenance. It is widely recognized that the
implementation and maintenance of neural network models are much simpler than
that of rule-based systems. Conventional rule-based systems require extensive work
on knowledge elicitation to set up the appropriate rule bases, which tends to be a time-
consuming and error-prone process. In contrast, the learning ability of a neural
network eases the knowledge elicitation process. The consistency can be easily
maintained in neural network systems due to their ability to handle inconsistent or
incomplete information. In addition, the useful features of conventional stereotyping
approaches, such as inheritance and fast classification, can be easily implemented by
ANN-based pattern association process.

SUMMARY

This chapter presents the importance of user modeling techniques for improving the
adaptability of human-computer interfaces. User models have become important compo-
nents of adaptive human-computer interfaces. A system will be able to exhibit flexible user-
oriented behavior if it has access to a model that consists of assumptions about the user’s
characteristics in performing certain tasks. These characteristics are usually task-related,
such as the user’s plans, goals, background knowledge, and cognitive preferences. There are
different taxonomies about these characteristics depending on the time period while they
hold, the way by which they are elicited and represented, as well as the degree to which they
are specified.

It has been a common practice to use a set of stereotypes to initialize a system’s beliefs
about its users and the tasks being performed. The predefined stereotypical knowledge is
organized into a generalization hierarchy. The modeling process proceeds with a stereotype
assignment using default reasoning. This chapter discussed the issues of knowledge
elicitation and representations involved in the modeling process. The limitations of the
stereotyping approach in generalization, individualization, and default reasoning were
presented. The uncertainties involved in the user modeling were identified. These uncertain-
ties primarily originate from the incomplete and inconsistent information about users. Most
user modeling systems use the ad hoc approach to handle the uncertain information, which
may fail to generalize, and weakens the theoretical foundation of uncertainty management
considerably.

In addtion, the study of user cognitive characteristics (e.g., performance models or
mental models) is also very important to user modeling. The performance models empha-
size the decomposition of tasks in a generic way, and mental models are concerned about
individual differences. These models may supplement each other to facilitate the under-
standing of human-computer interactions.
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The ANN techniques have been used in the field of human computer interface design.
The ANN techniques demonstrate strong ability of learning, pattern completion, and
handling inconsistent information, which is required in the design of adaptive interface
systems. They can also be used in user modeling. In addition, the ANN-based modeling
systems are easier to develop and maintain compared with the traditional rule based systems,
especially for data-intensive pattern recognition and classification.
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