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Abstract. This paper explores the interaction between human and artificial prob-
lem solvers when interacting with an Intelligent Scheduling System. An experi-
mental study is presented aimed at investigating the users’ attitude towards two
alternative strategies for solving scheduling problems: automated and interactive.
According to an automated strategy the responsibility of solving the problem is
delegated to the artificial solver, while according to an interactive strategy human
and automated solvers cooperate to achieve a problem solution.

Previous observations of end-users’ reactions to problem solving systems have
shown that users are often skeptical toward artificial solver performance and pre-
fer to keep the control of the problem solving process. The current study aims at
understanding the role played by both the users’ expertise and the difficulty of the
problem in choosing one of the two strategies. Results show that user expertise
and task difficulty interact in influencing this choice.

A second aspect explored in the paper concerns the context in which the end-
users rely on explanations to understand the solving process. Explanations are
in fact expected to play an important role when artificial systems are used for
cooperative and interactive problem solving. Results support the hypothesis that
explanation services are more often called into play in case of problem solving
failures.

1 Introduction

The introduction of intelligent systems for solving complex problems in real world
domain has been characterized by the raising consciousness that in most cases a com-
pletely automated approach is neither applicable nor suitable for a successful deploy-
ment of solving technologies. Traditionally, the main concern of scholars in the problem
solving field has been to develop efficient and powerful algorithms for finding solutions
to complex problems. This is true for both Artificial Intelligence and Operations Re-
search approaches. A usually neglected issue has been the lack of effective front end
design through which an end user can benefit from the potentialities of the artificial
tools, taking, at the same time, an active role in the resolution process. In fact, on the

� This research is partially supported by MIUR (Italian Ministry of Education, University and
Research) under project ROBOCARE (A Multi-Agent System with Intelligent Fixed and Mo-
bile Robotic Components).
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one hand the development of automated algorithms to solve difficult problems can re-
lieve a user from complex or tedious tasks, on the other it needs to be combined with
the design of effective and usable instruments for the users to maintain a level of control
over the solving phase.

An integrated system 〈human, artificial solver〉 would create a powerful and en-
hanced problem solver applicable to the resolution of difficult real world problems.
In this light, a new solving paradigm has been proposed in the literature, which pro-
motes a collaboration between human and artificial solvers during the problem solving
process. This emerging paradigm is known as mixed-initiative approach [2,4] and fos-
ters the human-computer cooperation during the resolution of complex problems. The
approach is based on the idea that experienced users and automated technologies bring
complementary problem-solving strengths to the table, and the goal is to synergistically
blend these combined strengths. Hence, successful technology application requires ef-
fective integration of decision-making and representation models of the user and the
system. However, several problems, stemming from the composite nature of the system
user-machine, need to be addressed.

This work investigates the interaction between human beings and computer-based
decision support systems for the resolution of difficult problems. In particular we con-
sider the case of an intelligent scheduling system that is endowed with different levels
of interactivity with the user.

The design of mixed-initiative planning and scheduling systems has mainly to do
with the general problem of interfacing the user with the automated system and placing
him/her into the problem-solving loop. One basic task is to show system outcomes in
user-comprehensible terms to save users the cognitive burden of understanding the in-
ternal representation usually inherent to specialized solving techniques. An additional
feature, very relevant for human problem solving, is the ability to provide explanatory
support in different problem solving phases . Unfortunately, most current systems pro-
vide no guidance in such cases, and force the user to diagnose the problem using the
system’s internal model. The ability of the system to provide user-level rationalizations
of generated solutions may promote user acceptance [21]. Current proposals for mixed-
initiative systems (see [2] for example) are very often presented as system description,
whereas less work has been devoted to understanding how it is possible to evaluate the
utility of the whole approach and the different features. This paper offers a methodolog-
ical contribution in this direction, applying an experimental approach to the problem of
understanding users’ attitude toward interactive problem solving features.

Two main issues will be considered, concerning (a) users’ preferences in selecting
the solving strategy and (b) their willingness to rely on explanation. It is worth empha-
sizing that while several works on the mixed-initiative paradigm claim that end-users
of automated systems prefer to maintain control over the problem solving, thus appre-
ciating mixed-initiative systems, nonetheless, no empirical evidence is given to support
this statement.

Plan of the Paper. The paper is organized as follows. The reference problems are in-
troduced and the aims of the study are spelled out in Section 2. Section 3 describes
the methodology used in the experiment. The results of the research are illustrated in
Section 4. A general discussion and some final conclusions end the paper.
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2 Preface to the Study

Before describing the methodology and results of the study we first introduce some
definitions and notions that prepare the ground to better understand the context of the
work. In particular this section introduces the type of problems we will consider in the
study, then briefly describes an Artificial Problem Solver by which this work has been
inspired and outline the main aims of the research.

2.1 Planning and Scheduling Problems

For the purpose of this paper we shall first give a definition of the reference problems
which will be used in the study. The problems we are referring to, are known in lit-
erature as planning and scheduling problems. Planning and scheduling problems are
present in many different applicative contexts, and are the object of many applicative
computer-based systems. Considering that in most cases a clear distinction between the
two categories is very difficult, definitions aiming at highlighting some crucial differ-
ences are given. While planning is concerned with the problem of deciding what to
do – which actions are to be executed– to reach some goals, without any particular
attention to the resources needed to execute the actions, the main concern of schedul-
ing is to determine when to execute the actions and which resources are to be used to
complete the whole set of actions. In other words planning consists of synthesizing a
sequence of actions that enable us to reach a desired final state of the world, starting
form a given initial state. The sequence of actions is called plan and it allows to reach
a goal. Scheduling specializes the plan adding information about time and resources
needed to execute the actions. A scheduling problem, see for example [1], consists of
a set of activities, a set of resources and a set of temporal and resource constraints the
activities should satisfy in order to be correctly executed. A solution of such problem
is a schedule, that is an assignment to the start time of the activities such that all the
specified constraints are satisfied.

2.2 COMIREM: A Reference Planning/Scheduling System

The mixed-initiative system we have used as a reference for our work is COMIREM
[19], a web-based mixed-initiative problem solver devoted to the resolution of plan-
ning/scheduling problems.

The system is based on a CSP paradigm [20] and promotes a problem solving
process that combines the actions of the automated solver and the human planner.
COMIREM is composed of two main modules, named respectively Automated Solver
and Interaction Module. The first is devoted to modeling domain entities through a
CSP representation and provides the automated problem solving strategy. The Inter-
action Module directly interacts with the user, and allows him/her to take part in the
process of finding a solution via advanced interactive facilities. It represents the com-
munication channel between the user and the automated solver and a means to exploit
various features of the automated system. Due to its interactive nature, the system can
exploit human-planner knowledge and decision making, and in fact promotes a mixed-
initiative problem solving process. Through the Interaction Module a user can choose
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to either generate a solution automatically or iteratively build one through a step by step
mixed-initiative procedure that interleaves human choices with system calculation of
consequences. In the first case a user decides to completely delegate the system, in the
second case he/she takes an active role in the problem solving. In accordance with the
mixed-initiative theory, the ambitious idea behind COMIREM is to capture the differ-
ent skills that a user and an automated system can apply to the resolution process, by
providing both powerful automatic algorithms to efficiently solve problems and inter-
active facilities to keep the human solvers in the loop. For the purpose of our study we
developed a simplified and simulated version of COMIREM, which is devoted to solve
scheduling problem instances in a TV broadcasting station domain.

2.3 Objectives and Hypothesis

The aim of this study is twofold, addressing both user strategy preferences and use of
explanations.

Empirical Investigation on Users’ Solving Strategy Selection. Previous research on
human problem solving procedures has mainly addressed either the influence of the type
of problem [14] or the users’ assessment of different strategies (e. g., how successful
different strategies are or how costly they are to apply), focusing on how success/failure
resulting from previous trials influence solving processes [13]. This work aims at in-
vestigating the influence of both human solvers’ expertise and problem difficulty on
the selection of interactive vs automated strategy. In addition, contrary to traditional
research in the field of problem solving, where the object of study has usually been
mathematical or logic problems, in this case “real world” problems will be considered.
In our research, the user is presented an alternative between a completely automated
procedure and an interactive approach. By choosing the first alternative, the user will
delegate each action to the artificial solver, thus keeping no control over the problem
solving process, whereas in the second case the system and the human solver will ac-
tively cooperate to produce a solution to the problem.

There is some evidence that humans do not always adopt an optimal strategy in
getting help from artificial tools, ignoring advices or solutions proposed by the sys-
tem [10]. A possible explanation for this behavior is provided by some research in the
field of human-computers interaction, reporting that humans tend to attribute a cer-
tain degree of anthropomorphism to computers, assigning to them human traits and
characteristics. In [12,16] a series of experimental studies are reviewed, showing that
individuals mindlessly apply social rules and expectations to computers. It is plausible
to hypothesize that human problem solvers show the same tendency toward artificial
solvers, and refuse to delegate the solution of the problem, for many reasons. For in-
stance, they could mistrust the automated agent’s ability to solve the problem or they
could enter in competition with it. However, we have no data on possible differences in
the behavior of users with different levels of expertise. Experts are people with some
knowledge of the design of artificial solvers and they are aware of the limits and merits
of the system. We assume they would adopt a more pragmatic strategy, thus delegating
the machine to solve the problem in order not to waste time. On the other hand they may
be interested in understanding the procedure applied by the system. Hence, when facing
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difficult tasks, they might be motivated to test themselves and actively take part in the
process. Conversely, non-experts do not know the mechanisms behind the automated
algorithms and thus might have a different degree of trust. Nonetheless the greater the
difficulty of the problems, the more likely the choice to commit the problem solving to
the machine. For these reasons we believe that some differences might exist between
experts and non-experts while interacting with an artificial problem solver. In particular
we formulate the following hypotheses:

Hypothesis 1. Solving strategy selection (automated vs interactive) depends upon user
expertise. In particular it is expected that scheduling expert users use the automated
procedure more than non-experts. Conversely, non-expert users are expected to use the
mixed-initiative approach more than experts.

Hypothesis 1b. In addition it is expected that when solving easy problems, inexperi-
enced users prefer the mixed-initiative approach, while expert users have a preference
for the automated strategy. Conversely, for solving difficult problems inexperienced
users may prefer the automated strategy while expert users have a tendency to choose
the mixed- initiative approach.

Explanation Recourse. The term explanation usually means “to make something plain
or understandable”, to “give the reason for some event, be it expected or not”. In AI,
explanation has been investigated from a variety of different perspectives.

The traditional notion of explanation in expert systems is based on the early work
on the MYCIN system [5] developed at Stanford in the 1970s to diagnose and recom-
mend treatment in the medical field. In that case, explanation was devoted to answering
“how” and “why” questions, based on a trace of the system’s reasoning. In knowledge-
based system explanations facilities have been designed to teach and clarify systems’
intentions or to convince the users of the reliability of system results [8].

Explanations, by virtue of making the performance of a system transparent to its
users, are influential for user acceptance of intelligent systems and for improving users’
trust in the advice provided [9]. In systems where explanation is provided as a part
of problem solving, it is important to consider how it relates to the problem solving
process. In fact it is possible that explanations can either be based on problem solving,
in which case they elucidate reasoning and problem solving methods, or be used as a
dialogue with the user to allow him/her to influence the problem solving progress. This
second alternative is appropriate in those contexts in which the user and the system are
collaborating to solve a problem. In these cases explanations are seen as an effective
means to cooperate in the problem solving process [11]. In previous research [3] ex-
pectation of failures and perceived anomalies have been identified as an occasion for
accessing explanations [6,17]. According to these results we formulate the following
hypotheses:

Hypothesis 2. The access to explanation is more frequent in case of failure than in
case of success.
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Hypothesis 2b. The access to explanation is positively associated with the number of
failures and negatively associated with the number of successes.

In the context of knowledge-based systems, the role of explanations in cooperative
problem solving has been investigated [7] and results show that participants in coopera-
tive problem solving conditions, made a greater use of explanations. In accordance with
the Mixed-Initiative Theory we hypothesize that the human solver, actively participat-
ing in the problem solving, possesses a higher level of control in the problem solving,
thus showing a lower need to access the explanation. In particular we formulate the
following hypothesis:

Hypothesis 3. Access to explanation is related to the solving strategy selection. In par-
ticular participants who choose the automated solving strategy access more frequently
the explanation than subjects who use the mixed-initiative approach.

In addition to the hypotheses expressed above, we want to investigate the relationships
between the user’s level of expertise and the use of explanation. Evidence has been pro-
vided that experts are more likely to use explanations for resolving perceived anomalies
[15] or because they are surprised by conclusions [21]. In accordance with cognitive
learning theory, we expect that non experts will use explanation more frequently than
experts when solving problems with automated systems. In particular we formulate the
following hypothesis.

Hypothesis 4. During problem solving non experts access explanations more
frequently than experts.

Finally we also expect that the difficulty of problems will affect the recourse to expla-
nation. In particular we hypothesize that:

Hypothesis 5. Access to explanation is more frequent in case of difficult problems.

Based on the taxonomy of explanation types provided in [3] the explanation we will
use in our experiment will have the following features: it aims at explaining problem
solvers’ choices, it is expressed in textual form and has a user-invoked provision mech-
anism.

3 Method

The general experimental design of this research aims at investigating the influence
of the variables expertise and problem difficulty on the solving strategy selection and
access to explanation. The variable expertise is a between factor with two levels, expert
or non-expert, while the problem difficulty represents a within factor with two levels, low
and high1. A further independent variable is represented by failure during the problem

1 The two levels of this variable have been determined considering the problems dimension
in terms of number of activities to be scheduled and alternative resources available for each
activity.
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solving. This last variable has two levels, present or absent. As general measures, the
choice of the solving strategy and the frequency of access to explanation have been
considered. With respect to the solving strategy, two general scores were computed
(choice auto and choice mixed). They measure the overall frequency of choice of each
strategy in the experiment.
As regards the access to explanation the following indexes were calculated:

– access failure which represents the frequency of access to explanation in case of
failure during problem solving;

– access success which measures the frequency of access to explanation in case of
correct decision during problem solving;

– access low difficulty indicating the frequency of access to explanation in case of
problems of low difficulty;

– access high difficulty indicating the frequency of access to explanation in case of
problems of high difficulty.

3.1 Tools

A web-based software has been developed, inspired by the software COMIREM de-
scribed in 2.2. The simulated system allows users to solve instances of scheduling
problems by means of two alternative procedures, automated and mixed-initiative. The
system is accessible through a web browser and is organized as follows:

– Presentation: A general description of the study and the list of software require-
ments.

– User data input form: Data collected through this input form were registered in a
data base implemented in MySQL Language. For each participant the following
data were registered: identifier, profession, education, sex, age, language, expertise
in planning & scheduling and participant’s problem solving pattern.

– Instructions: A list of instructions to be followed during the experiment.
– Training session: This session was implemented through a sequence of animated

web pages showing the actions necessary to use the system. The layout of the screen
has been subdivided into two parts. On the left part the list of instructions was
presented, which described the interface of the system and called upon the users to
actively use the system. The right part of the screen was devoted to presenting the
Problem Solver and its behavior consequently to user actions. The training session
also allowed users to use and practice the system.

– Session 1: It was implemented through a sequence of web pages showing an in-
stance of a scheduling problem to be solved. A textual description of the problem
was shown, followed by a graphical presentation. Consequently to the user’s ac-
tions, the system showed updated results.

– Questionnaire 1: an 11-item questionnaire was presented at the end of the first
session. The questionnaire was subdivided into three sections:
1. the first section was devoted to the manipulation check of the variable difficulty;
2. the second section was devoted to verifying how clear the two description

modalities (textual and graphic) were;
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3. the last section aimed at investigating users’ strategy selections and the reasons
for their choices.

The first two sections included 6 items on a 5-step Likert type response scale (from
“not at all” to “very much”). For the remaining items, related to reasons for the
strategy selection, participants were asked to choose among different options. Par-
ticipants were given the possibility to indicate possible suggestions or general com-
ments.

– Session 2: It was implemented through a sequence of web pages showing the in-
stance of a scheduling problem to be solved.

– Questionnaire 2: The first three sections were the same as for questionnaire 1. In
addition a fourth session was added designed for investigating the access to ex-
planations during the experiment and their perceived utilities. Questions related to
explanations were evaluated on a 5-step item Likert scale.

3.2 Participants and Procedure

A group of 46 subjects was contacted, aged from 23 to 58 years (Mean 33,3). The
sample was balanced with respect to expertise in planning and scheduling (23 experts
and 23 non experts) and with respect to gender, education, age and profession.

All subjects participated in the experiment by connecting from their own computer
to the experiment web site2.

At the beginning of the experiment, an animated tutorial provided subjects with in-
structions on how to use the software, and showed which type of problems were to be
solved. Then, it solved an example of scheduling problems by using both the automated
and the mixed-initiative procedure. Participants could repeat the tutorial session until
they felt confident with the use of the system. Then a problem was presented to the
subjects and they were asked to choose between one of the two available solving strate-
gies. During the problem solving, participants could either access explanations through
the explanation button or go to the next step. User’s interactions with the system were
registered in the data base. At the end of the first session subjects were asked to fill
in Questionnaire 1. The same procedure was followed for session 2. In order to avoid
effects due to the order of the presentation, the two sessions (which corresponded to
different degrees of difficulty3) were randomly presented to the users.

3.3 Stimuli

Four scheduling problems were defined in the field of a broadcast TV station resources
management. Two solvable problems (1 low difficulty and 1 high difficulty) were pre-
sented during the first and the second session to all subjects, and two unsolvable prob-
lems (1 low difficulty and 1 high difficulty) were presented only to subjects who chose
the automated procedure. The reason for adding these further problems in case of auto-
mated selection is twofold:

2 http://pst2.istc.cnr.it/experiment/
3 Results of a preliminary analysis showed that our classification of difficult and easy problems

coincides with the one perceived by the participants.
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– the mixed-initiative selection entailed more time to solve problems. In this way all
subjects had a comparable workload in term of time spent in solving problems.

– the mixed-initiative selection entailed that almost all participants encountered some
failures during the problem solving, thus introducing unsolvable instances (failure)
which were also necessary to the automated procedure.

4 Results

4.1 Solving Strategy Selection

The first analysis investigated the influence of expertise on the solving strategy selec-
tion. A between subjects ANOVA was performed to test Hypothesis 1, separately for the
two different strategies. The dependent variables used in this analysis were the indexes
choice auto and choice mixed respectively (see Section 3). With respect to the strategy
selection no significant difference was found (F(1,22)=1.94, n. s.).

To test Hypothesis 1b a χ 2 test was performed, separately for low and high level of
difficulty. In case of low difficulty problems, a significant effect was found (χ 2=5.58,
df=1, p < .05) . In particular the analysis of standardized residual shows that when
solving easy problems, experts prefer the automated strategy, while non-experts prefer
the mixed-initiative approach (see Fig. 1).

Fig. 1. Strategy selection preferences: easy problems

The analysis shows no significant difference between the two groups in case of
difficult problems (χ 2=0.11, df=1, n.s.) (see Fig. 2).

4.2 Access to Explanation

To test Hypothesis 2 which aimed at investigating the relationship between failures and
access to explanation, a repeated-measures ANOVA was performed using as dependent
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Fig. 2. Strategy selection preferences: difficult problems

variables the indexes access failure and access correct, introduced in Section 3. Results
show a significant effect of failure on the access to explanation (F(1,41)=24.32, p <
.001). In particular users rely on explanation more frequently in case of failure than in
case of success (see Table 1).

Moreover, a correlation analysis between number of failures (and successes) and
number of accesses to explanation was performed in order to test Hypothesis 2b. Results
show a significant correlation between failures and number of accesses to explanation
(r=0.623, p < .001). Conversely there is no significant correlation between number of
correct choices and number of accesses to explanation (r=.01, n.s.).

Table 1. Access to explanation: failure and success (statistics)

N Mean Std. Deviation
access failure 42 .6794 .4352
access success 42 .3141 .3174

To test the relationship between the selected strategy and the access to explanation
(Hypothesis 3), an ANOVA for independent groups was performed separately for the
two levels of difficulty. The indexes access low difficulty and access high difficulty, de-
fined in Section 3, were used as dependent variables. A significant effect of the strategy
selection on the recourse to explanation was found . In particular the access to expla-
nation is higher when the automated strategy is chosen both in case of easy problems
(F(1,43)=67.22,p < .001), see Table2, and in case of difficult problems (F(1,44)=10.97,
p < .05), see Table 3.

Finally, to test Hypothesis 4 and 5 a mixed-design ANOVA was performed con-
sidering expertise as a between-subjects factor and difficulty as a within-subjects fac-
tor. The indexes access low difficulty, and access high difficulty were used as depen-
dent variables. Results show a significant effect of expertise on recourse to explanation
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Table 2. Index of access to explanation: easy problems

N Mean Std. Deviation
automated 23 .8043 .2915
mixed-initiative 22 .1667 .2242
totale 45 .4926 .4128

Table 3. Index of access to explanation: difficult problems

N Mean Std. Deviation
automated 13 .5769 .3444
mixed-initiative 33 .2625 .2666
total 45 .3513 .3204

(F(1,43)=4.76, p < .05). Experts were found to access explanation significantly more
than non-experts. An effect of problem difficulty on the recourse to explanation was
also found (F(1,43)=6.48, p < .05). Access to explanation was found to be signifi-
cantly higher when an easy problem is to be solved. No significant interaction effect
was found (F(1,43)=0.89, n.s.) (see Table 4).

Table 4. Index of access to explanation: effect of expertise and problem difficulty

expertise N Mean Std. Deviation
Non-experts 23 .3696 .3407

access low difficulty Experts 22 .6212 .4489
Totale 45 .4926 .4128
Non-experts 23 .2768 .2994

access high difficulty Experts 22 .4193 .3360
Total 45 .3465 .3223

5 Discussion

The overall results of the present research are consistent with the expectation that non-
expert users prefer the mixed-initiative approach rather than the automated strategy,
while experts rely more frequently on the automated strategy. Moreover, the explanation
is frequently used and the frequency of access is higher in case of failure than in case of
success. More specifically, the study showed that non experts prefer the mixed-initiative
procedure independently from the problem level of difficulty. Conversely, experts prefer
the automated strategy when solving easy problems, while tend to move to the mixed-
initiative approach while solving difficult problems.

As expected non-expert users show a tendency to actively solve problems keeping
control over the problem solving process. This result can be considered in accordance
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with the idea that non-experts tend to be skeptical toward the use of an automated sys-
tem, probably because they do not completely trust the solver capabilities. One possible
explanation, consistent with [16], refers to the tendency to anthropomorphise machines
and to believe that they can make mistakes just like human beings.

Conversely, expert users show a higher trust toward the automated solver. Nonethe-
less, they find it stimulating to actively participate in the problem solving process when
a difficult task is given. The relevance of the problem difficulty emerged to be a key
variable in their choice. Expert users are usually system designers and are used to imple-
menting automatic algorithms, thus knowing how effective machines can be in solving
problems. When an easy task is to be solved they are likely to consider the mixed-
initiative approach as a time-wasting choice. On the other hand the idea of facing a
puzzling problem can drive them to conceive alternative methods to generate solutions.

Results confirmed previous studies [6,17] according to which access to explanation
is more frequent in case of failure and the main reason for accessing explanation seems
to be the will to understand the artificial solver. Interestingly we found that, as expected,
the more the failures the more the accesses to explanation; on the other hand no rela-
tionship was found between success and access to explanation. As a consequence it is
possible to assert that success is not predictive of any specific behavior with respect to
access to explanation.

In contrast with what was found in [7], our Hypothesis 3 asserting a greater use of
explanation in case of automated solving strategy selection was confirmed. However
a key difference between the two studies needs to be highlighted. In this contribution
participants were asked to choose their preferred strategies while in [7] the automated
vs. interactive strategy was treated as a between-subjects condition. In both sessions of
our experiment it was found that participants who choose the automated strategy access
explanation more frequently than subjects who chose the mixed-initiative approach. It
is possible to speculate that by selecting the mixed-initiative approach, subjects actively
participate in the problem solving and keep a higher control on the solving process. As
a consequence the need for explanation might decrease. Conversely, participants who
chose the automated strategy delegate the artificial solver but at the same time they need
to understand solvers’s choices and decisions. A somewhat surprising finding of the
study was that experts access explanation more frequently than non experts; in addition
the access to explanation is more frequent when facing an easy problem than in case of
a difficult problem.

6 Conclusions

This paper introduces an experimental approach to evaluate key features of mixed-
initiative systems to problem solving.

In particular we have given attention to basic users attitude concerning the choice of
automated rather than interactive strategies and the bias toward the use of explanation.
As a result, we have empirically proved that the mixed initiative approach responds to
the willingness of end users to keep control over automated systems. Additionally, evi-
dence has been found that non expert users prefer to adopt a mixed-initiative approach
rather than delegate the automated system to solve a problem. Conversely, expert users
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prefer to entrust the system with the task of problem solving. The existing difference
between individuals with different levels of expertise highlights the need for different
styles of interaction in the development of intelligent problem solving systems.

It was also demonstrated the utility of explanation during problem solving, and the
achievement of a failure state has been identified as a main prompt to increase the
frequency of explanation access.

Several points remain open for future investigation, in particular we would like to
use the same experimental apparatus to evaluate different types and depths of explana-
tion. Additionally we are interested in the automated synthesis of explanation from the
internal representation of the intelligent scheduling system. (see [18] for some prelimi-
nary results).
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