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Abstract

Individual differences are a crucial aspect of field studies because of the consequences they can have on performance. However, in

Cognitive Ergonomics, individual differences have mainly been interpreted as expertise effects. As can be noted from the literature, this

limitation has led to difficulties in explaining differences between experts. Using a case study which identifies significant variations

between expert performances [Jouglet, D., Piechowiak, S., Vanderhaegen, F., 2003. A shared workspace to support man-machine

reasoning: application to cooperative distant diagnosis. Cognition, Technology & Work 5, 127–139], we attempt to go beyond the

traditional approach based on expertise levels. Instead, we refer to the notion of cognitive styles. First, we consider methodological issues

raised by a posteriori identification of cognitive styles within this diagnosis task. Second, we present the results of our analysis showing

that individual differences are related to a particular dimension of cognitive style in which a balance between task requirements and

cognitive resources is managed. Finally, we draw conclusions on the importance of cognitive styles in Cognitive Ergonomics.

r 2005 Elsevier Ltd. All rights reserved.

Keywords: Individual differences; Cognitive style; Expertise; Diagnosis; Strategy
1. Introduction

When we look at work situations, we cannot ignore
existing studies of expertise since many of these relate
differences in human operators’ performance to differences
in expertise levels (e.g., Cellier et al., 1997). Since Chase
and Simon’s (1973) study of chess players, many expertise
studies have focussed on a comparison of experts and
novices in a controlled environment. From this viewpoint,
experts are defined by their superior performance (e.g.,
Ericsson and Charness, 1997). Furthermore, different levels
of performance are due to practice differences as, ‘‘practice
is the major independent variable in the acquisition of
skill’’ (Chase and Simon, 1973, p. 279). But there are many
domains in which individual differences are not exclusively
due to operator expertise. Examples include: diagnosis
strategies (Duncan, 1985; Moran, 1986), design strategies
e front matter r 2005 Elsevier Ltd. All rights reserved.
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(Visser and Hoc, 1990), industrial scheduling (Cowling,
2001), the use of assistance in anticipation (Sanderson,
1989), automation (Parasuraman and Riley, 1997), and
ecological interface (Torenvliet et al., 2000). Yet, many
authors suggest that these differences can be reduced by a
training procedure (i.e. practice) in order to reach the
‘‘expert’’ standard. This is a proposal that supports two
implicit hypotheses: the existence of a standard in expertise
(and thus the presence of a consensus between experts) and
the possibility of training operators to reduce the
differences between them.
Einhorn (1974) argued that consensus is a necessary

condition to evaluate expertise. This vision supposes that
there is only one solution to each problem and that any
deviation from this solution can be expressed in the form of
limitations or errors (Shanteau, 2000). However, in a
literature review by Cellier et al. (1997), it was noted that
expertise could not be as strictly and unquestionably
defined as a superior performance level. For example, a
sub-optimal performance could be the demonstration of a
powerful expert heuristics (e.g., confirmation bias). This
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indicates that the consensus notion is not compatible with
reality because operators do not look for a single and
optimal solution but for an acceptable one. Moreover,
research findings indicate that operators can search for a
solution in multiple ways (particularly in dynamic situa-
tions). These multiple ways could produce different
acceptable solutions from one expert to another. So, even
if experts have superior performance, there could be
different acceptable solutions.

Moreover, the idea of a training procedure to mitigate
differences between operators is also reductive when we
consider studies where there are significant differences
between experts that have undergone similar training. For
example, in a study of diagnosis, Duncan (1985, p. 129)
noted: ‘‘A persistent methodological problem is the large
variance between subjects in performance in all our tasks.
We hoped that that pre-training might reduce this variance
between subjects’’. So, there are differences between subjects
that cannot be eliminated by training. And according to
Scardamalia and Bereiter (1991, p. 191), differences in
practice could not fully explain differences between experts:
‘‘Vague notions of ‘experience’ and ‘practice’ obscure what
is undoubtedly the socially most significant issue in the
study of expertise, the issue of why there are such great
differences in competence among people with equivalent
amounts of experience and practice’’.

It is advisable, therefore, to seek other explanatory
sources. In particular, Differential Psychology has already
contributed to human-computer interaction (HCI) with the
categorization of users (e.g., Van der Veer, 1989; Dillon
and Watson, 1996). Even so, it is necessary to look beyond
those studies, which look only at operators with a
predictive aim, and to develop studies with a descriptive
aim. This means it could be useful not only to distinguish
between operators in order to predict their performances
but also to identify and explain performance differences
between operators at a similar expertise level.

For example, Jouglet et al. (2003) proposed and
evaluated a tool to support operators in a diagnosis task.
In order to evaluate the contribution of this tool to
diagnosis activity improvement they carried out an
experiment with ten operators, considered as experts by
their peers (with 10 years of experience on average), in 15
successive scenarios. The results of this experiment
indicated that the use of the tool increased the rate of
correct diagnosis. But the results were not homogeneous:
the operators’ performances varied from 20% to more than
90% of successful scenarios and the authors did not explain
these differences in detail. Moreover, the most experienced
operator (with 20 years of experience) was the one with the
weakest performance when using this tool.

The aim of our study is to explain these results and more
generally to give a basis for the analysis of expert
individual differences. First, we will give some background
information about diagnosis activities and individual
differences (expertise as well as cognitive styles). Then,
we will test these different approaches using the data
presented by Jouglet et al. (2003) in order to determine the
one that matches the data. Finally, we will discuss the
importance of cognitive styles in Cognitive Ergonomics.

2. Some aspects of diagnosis activities

2.1. The concept of diagnosis

Originally introduced in the field of medicine, the concept
of diagnosis, in its common definition, concerns the process
of comparing symptoms to syndromes. If the use of the term
is extended to different fields (process control, debugging,
etc.), several common characteristics can be identified from
one diagnosis situation to another (Hoc, 1990):
�
 Diagnosis is an activity of comprehension, organizing
elements into a meaningful structure.

�
 This organization is oriented by the operator towards

decisions relevant to actions.

�
 While diagnosing, the operators manage a balance

between benefits and costs, trying to reach an acceptable
performance according to the goals whilst preserving
just sufficient comprehension of the situation.

From these three points, one can retain the general
definition of diagnosis by Hoc (1990), who considered it to
be ‘‘a comprehension activity relevant to an action
decision’’. And there are different strategies to complete
this diagnosis.

2.2. Dimensions of diagnosis strategies

Rasmussen (1984, 1986), in his work on diagnosis,
suggested the classification of diagnosis strategies that we
can distinguish into two main categories:
�
 Strategies guided by the characteristics of the correct
functioning of the device, based on the physical
structure for a topographic search, or based on a more
abstract representation for a functional search.

�
 Strategies guided by the characteristics of abnormal

functioning (Rasmussen’s term is ‘symptomatic’ strate-
gies); for example, the search by hypothesis testing
guided by knowledge of symptom–syndrome relations.

But, Hoc and Carlier (2000, p. 300) noted that:
‘‘symptomatic search can be supported by topographic or
functional representations because symptoms can be
defined in diverse terms’’. In the same way, Patrick (1993,
p. 189) pointed out, citing Bainbridge (1984), that
topographic strategy is not well defined because, ‘‘y there
are two components involved in definitions of a topo-
graphic strategy. One concerns the evaluation of symptoms
y and the second involves a sequence of good/bad
judgements in a topographical map’’.
Taking note of these limitations, Hoc and Carlier (2000)

suggested the generation of a new typology based on
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previous classifications from Rasmussen (1984), Reason
(1990—the Underspecification Theory) and Konradt
(1995). To better discriminate primitives utilized in the
characterization of strategies, they suggested a clear
separation between those primitives related to representa-
tion and those related to processing. They also considered
primitives that are related to both representation and
processing; for example, some types of external support
(computer, colleague, etc.) or the temporal span (static vs.
dynamic situation). As these other primitives are of
secondary interest to our study we will only present several
primitives strictly related to representation and one related
to processing.

2.2.1. Primitives related to representation

2.2.1.1. Type of representation of the device. Representa-
tions are, in this study, either topographic or functional. A
topographic representation refers to a physical component
of the studied object; for example, a telephone plug. A
functional representation applies to a function performed
by the object. Using functional representation, the operator
is working with more abstract values, such as providing the
user with dial tone feedback.

2.2.1.2. Type of knowledge of the device. Knowledge can
relate to the normal operation of the device or to its
breakdowns and failures; in other words, to abnormal
operation.

2.2.1.3. Representation complexity. Representations can
relate to factual knowledge (symptoms); for example,
hearing clicks whilst phoning. Or representations can
relate to structural knowledge (syndromes) that are more
complex representations due to their multiple conse-
quences; for example, a line cut due to bad weather can
involve several clients.

2.2.2. Primitive related to processing: complexity of

hypothesis processing

In line with Bruner et al. (1956), this primitive opposes
successive and simultaneous scanning. A successive scan-
ning strategy consists of processing one hypothesis at a
time, whereas simultaneous scanning consists of testing
several hypotheses at a time.

In the next section we will elaborate more on those
differences between individuals which could result in
different diagnosis strategies.

3. Explanations of individual differences in diagnosis

In any task, strategies will be inevitably guided by
expertise (e.g., Konradt, 1995) and cognitive styles (e.g.,
Roberts and Newton, 2001). Expertise refers to a construct
that evolves with experience, in contrast with cognitive
styles which are generally stable. Our objective is to
identify the relationship between our diagnosis primitives
on the one hand, and expertise level and cognitive style on
the other. This identification will lead us to successively
suggest different hypotheses to explain individual differ-
ences in diagnosis.

3.1. The role of expertise on diagnosis strategies

Although we cannot find both consensual and opera-
tional definitions of expertise in the literature, it is possible,
following Cellier et al. (1997), to suggest several character-
istics.

Experts build more global and more functional representa-

tions of the situation. Within the framework of diagnosis
studies, the development of expertise, coupled with
underlying skills, has been shown to increase the propor-
tion of functional representations as opposed to topo-
graphical ones (Hoc and Carlier, 2000). And one
knows that expert operators have a more exhaustive
comprehension of the situation because they are using a
broader framework of analysis (Hoc, 1989; Schaafstal,
1993). So, structural (complex) representations are asso-
ciated with the operators’ skill level (Hoc and Carlier,
2000).

Experts have greater skills to produce inference and are

able to produce better anticipation. When comparing
experts and novices, Schaafstal (1991) indicated that
experts have a deeper view of the studied process. And
Shanteau (1992) noted that experts and novices do not
differ in terms of numbers of cues generated because
experts are more selective; only the type of information
(relevant or irrelevant) distinguishes skill level. Moreover,
experts are able to produce better anticipation because
their cognitive workload is low (Bainbridge, 1989). There is
an established school of thought that considers cognitive
workload to be determined by skills in conjunction with
complexity (e.g., Welford, 1978). It is generally assumed
that the amount of data to be taken into account, as well as
the intrinsic complexity of the variables and their interac-
tions, are the principal factors of complexity (Woods,
1988). So, the more complex the situation is, the more we
can identify an effect of expertise, especially on cognitive
workload.
It is possible to characterize experts’ diagnosis strategies

in relation to the list of primitives from the previous
section: representations are more structural and functional,
whilst experts’ strategies require a lower cognitive work-
load.

3.2. The role of cognitive styles in diagnosis strategies

Cognitive style may be described as ‘‘an individual
preferred and habitual approach to organizing and
representing information’’ (Riding and Rayner, 1998, p.
25). Notably in the 1970s, a number of dimensions were
identified, including: deep/surface (Biggs, 1978), assimila-
tor/explorer (Goldsmith, 1986), divergent/convergent
(Hudson, 1966), reflection/impulsivity (Kagan, 1966),
adaptor/innovator (Kirton, 1976), holism/serialism (Pask,
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1976), visualizer/verbalizer (Richardson, 1977), field de-
pendent/independent (Witkin et al., 1977), and sensation
seeker/avoider (Zuckerman, 1979).

In the context of diagnosis situations we selected two of
them:
�
 Pask’s holism/serialism dimension, in which several HCI
studies have demonstrated an interest (e.g., Torenvliet et
al., 2000; Roberts and Newton, 2001).

�
 Witkin’s field dependence/independence because it has

been discussed at length and is one of the most widely
studied cognitive styles (Ford, 1995). We will extend this
style to take into account more symbolic activities.

To adapt these cognitive styles to an a posteriori analysis
of diagnosis strategies we will suggest combining these
studies with others, particularly those carried out on
diagnosis tasks.
3.2.1. Holism and serialism

Following Bruner’s (1974) studies on concept attain-
ment, Gordon Pask sought to study learning and
comprehension in broader situations. This research led
him to distinguish between holist and serialist strategies
(Pask and Scott, 1972; Pask, 1976):
�
 Holist strategies are characterized by a global approach
to problems associated with a simultaneous approach to
the various parts of the task.

�
 Serialist strategies are more local and are directed at

only one aspect of the problem at any one time.

Pask developed different tests to infer holist and serialist
tendencies, notably the Smugglers and the Spy Ring

History tests. But as Ford (2000) noted, the complexity
of these tests has led to their limited use in studies. In the
case of diagnosis it is nevertheless possible to characterize
diagnosis strategies by returning to the original study of
Bruner et al. (1956) on concept attainment. Similarly,
Duncan (1985) suggested using the types of strategy
adopted by Bruner et al. to discriminate between cogni-
tive styles in diagnosis tasks. In this way, successive
scanning corresponds to serialist strategies and simulta-
neous scanning to holist strategies, as indicated in
Section 2.2.2. However, Bruner’s studies used highly
artificial and extremely abstract stimuli. Hoc and Carlier
(2000), therefore, did not only utilize these types of strategy
but also stressed the need to differentiate complexity of
hypothesis processing in their typology of diagnosis
strategies.

From this point of view, it is possible to identify holist
and serialist individuals using the diagnosis primitive
‘‘complexity of hypothesis processing’’: serialist human
operators favour successive scanning, whereas holist
operators favour simultaneous scanning.
3.2.2. Field dependence/independence and task/resource

commitment

Individuals can be distinguished by their management of
the contextual field. It is possible to associate this simple
assertion with laboratory studies carried out by Witkin and
Asch (1948) in the domain of perception. They studied field
independence, which can be defined as ‘‘the extent to which
a person perceives part of a field as discrete from the
surrounding field as a whole, rather than embedded in the
field’’ (Witkin et al., 1977, p. 7). This leads to a distinction
between field dependent and field independent individuals.
Field independent individuals operate using their own
frame of reference and are more capable of restructuring
the perceptual field or of imposing a structure if the field
structure is ambiguous or missing. This style is interesting
because it stresses differences in how individuals manage
the contextual field. But many authors have suggested that
it is necessary to consider both the field dependence/
independence and holist/serialist dimensions as originating
from an identical wholist/analytical construct (Riding and
Cheema, 1991). Moreover, in a study by Moran (1986) on
electrical fault diagnosis, this style cannot adequately
explain differences in diagnosis performance. This is
probably due to the theoretical domain (perceptual
aspects) of this style because operators not only perceive
but also engage in symbolic activities.
During diagnosis, an operator has to balance perma-

nently the investment in terms of cognitive costs (workload
and knowledge acquisition) and results obtained in terms
of performance (related to task requirements) to reach a
feeling of control of the situation. This permanent
balancing is named cognitive compromise by Amalberti
(1996) and Hoc (2005). Cognitive compromise is a type of
risk management, as high costs could lead to a ‘‘feeling of
difficulty’’ (which means an internal risk of loss of control
of the situation through a saturation of cognitive
resources), whilst insufficient costs could lead to a ‘‘feeling
of incomprehension’’ (which means an internal risk of loss
of control of the situation through a lack of knowledge).
These authors did not explicitly study individual differ-
ences in cognitive compromise.
While studying risk taking in driving, Heino et al.

(1996) noted differences in how individuals manage risks.
They suggested the differentiation of individuals, along
the lines of Zuckerman (1979), between those that engage
in risky activities, known as sensation seekers, and those
that tend to avoid such situations, known as sensation
avoiders.
Cognitive compromise describes the management of risk

between resources (mental cost) and task performance. In
this way, individuals could also be distinguished according
to their management of risk. We suggest that a distinction
be made between operators engaging in a diagnosis task
according to their style of cognitive compromise. We also
aim to distinguish task- and resource-committed indivi-
duals. Resource commitment leads to the protection of
cognitive resources, i.e. through reducing workload,
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whereas task commitment leads to the monopolization of
resources used in the task.

It is possible to illustrate this mechanism more precisely
using other studies, such as those undertaken by Dörner
(1987). In a laboratory task that was devoted to the study
of complexity management, performance levels were used
to distinguish between weak and strong performances.
According to Dörner, the participants who displayed weak
performances were characterized by a weak judgement of
their own capacity to act; and this judgement would exist a
priori, i.e., it would not be due to the experiment. This
weak judgement can be placed alongside the emergence of
a ‘‘feeling of difficulty’’ which leads operators to preserve
their resources. For these weak performances, Dörner
raised several error types. Thematic vagabonding implies
that participants change the topic under consideration,
without supplementing it truly, in order to protect their
resources. Encystement seems to indicate an opposite effect.
In this case, participants process small details very
precisely, but in fact are working in areas of the problem
that are the least problematic and of the least importance.
If one considers these participants as resource-committed
individuals (protecting their cognitive resources), it should
be added that the errors presented by Dörner are visible for
the less successful participants. The error types indicate
that the least successful participants of Dörner’s study were
resource-committed individuals whereas the most success-
ful could be considered as task-committed individuals.

Whereas field independence could discriminate between
individuals in terms of their management of the perceptual
field, the task/resource commitment allows symbolic
activities to be taken into account. Moreover, this style
predicts that when complexity increases, resource-com-
mitted individuals decrease their cognitive workload (using
more abstract representations), whereas task-committed
individuals accept this increase.

We will now validate our characterizations of diagnosis
strategies according to both expertise level and cognitive
styles (holism/serialism and task/resource commitment)
through a case study.

4. A case study: troubleshooting diagnosis

In France, when customers encounter a breakdown in
the telephone service (for example, a line cut due to bad
weather), they can contact their telephone company’s
customer service line (e.g., France Telecom). The operators
of this service have to identify the origin of the problem,
which then makes it possible to determine if it is necessary
to send a technician straightaway. Because the operators
have to deal with a large number of calls, and because they
must carry out their diagnosis within a limited period of
time to avoid saturating the telephone centre, it becomes
necessary to design a tool to automate part of their
activities.

The CNRS engineering laboratory at Valenciennes
(LAMIH) designed a tool to assist these operators (Jouglet,
2000; Jouglet et al., 2003). The internal model of the tool
associates 49 principal failures (syndromes) with more than
500 breakdowns (symptoms) in a hierarchical form
according to various representations (functional, topo-
graphic, structural, etc.). The screen displays all the
possible breakdowns at any one moment according to
these various representations and the operator can validate
or invalidate a breakdown, in this way reducing the search
space, which is automatically updated.
To evaluate the contribution of this new distribution of

diagnosis activities, an experiment was carried out to test
ten operators, considered as experts by their peers, in
fifteen successive scenarios. An engineer playing the role of
the customer exposed a problem and then used a document
that gave answers to the questions that the operators
asked. The results of this experiment indicated that when
both human and machine contributed to performance, the
rate of good diagnosis was 69.1% on average against 64%
on average for an expert alone. The results were not
homogeneous, however, with the performance of operators
(in terms of percentages of successful scenarios) varying
from 20% to 93.33% (Jouglet et al., 2003). As mentioned
in the introduction, differences in performance were not
directly linked with the number of years of practice. In fact,
the lowest performance was displayed by the operator with
the highest number of years of practice (21 years). The
purpose of our study was to re-visit the data collected by
Jouglet et al. (2003) in order to test hypotheses related to
expertise and cognitive styles.
5. Method

5.1. Participants and scenarios

Taking the 15 scenarios in the Jouglet et al. (2003) study,
we decided to evaluate the number of breakdowns that
could possibly be related to a failure to diagnose. This
evaluation allowed us to select the three most complex
scenarios and the three least complex scenarios.
We also decided to distinguish between two groups of

operators: the least successful operators and the most
successful operators. We selected six of the ten partici-
pants—three participants with low percentages of success
(47%723% of success on average) and three participants
with high percentages of success (86%76.5% of success on
average) to constitute these groups. In their study, Jouglet
et al. (2003) suggested that, in contrast with the other
operators, the least successful operator (with 20% of
successful scenarios) distrusted the support tool. We
decided to keep this operator in the less successful group
anyway as this result is also related to individual
differences and could be explained by our hypotheses. As
a matter of fact, in our results this operator did not
particularly contribute to the standard deviation of the less
successful operators’ group.
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5.2. Data analysis

From the Jouglet et al. (2003) study, we have gathered
several types of data—verbal reports between operators
and the virtual customer, as well as the actions on the
computer assistant. We used the method developed by Hoc
and Amalberti (2004), starting with individual protocols to
infer cognitive activities. These are formalized in the form
of a ‘‘predicate-argument’’ structure; activities constitute
the predicates and specifications constitute the arguments.
Predicates and common arguments are presented in Fig. 1.
Fig. 1. Coding scheme (adapted from Hoc and Carlier, 2000). The predicates

lower column. Other arguments which are specific to certain predicates are no
The coding scheme we utilized for diagnosis activity
analysis was elaborated by Hoc and Carlier (2000), as
explained in Section 2.2. The coding was done with the help
of the MacSHAPA software developed by Sanderson
et al. (1994). A sample of a protocol coding is presented
in Table 1.
The method to identify structural and functional

representations in protocols is explained in Section 2.2.1
and hypothesis processing in Section 2.2.2. For example,
the operator’s protocol, ‘‘How many telephones are
connected to this phone number?’’, relates to the generation
are presented in the upper three columns, the common arguments in the

t presented here, but can be found within the text of this paper.
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Table 1

Sample of a coded protocol

Raw protocol Coded protocol

Operator: How many telephones are

connected to this phone number?

HYPGEN(hypothesis number, time concerned by this hypothesis, representation type, representation

complexity, cognitive workload, object, variable, value, condition, goal)

HYPGEN(1, present, topographic, structural, 49, apparatus, number, several, computer check, enrichment)

IGG(means, time concerned, representation type, representation complexity, cognitive workload, object,

variable, value, condition, goal)

IGG(client, present, topographic, structural, apparatus, 49, number, ?, hypothesis, test)

Client: On this number, there is only one. IG(means, time concerned, representation type, representation complexity, cognitive workload, object, variable,

value, level of interpretation of the value, condition, goal)

IG(client, present, topographic, structural, 48, apparatus, number, one, basic, hypothesis, test)

TEST(hypothesis number, means, time concerned, representation type, representation complexity, cognitive

workload, object, variable, value, issue)

TEST(1, client, present, topographic, structural, 48, apparatus, number, several, invalidation, rejection)
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of a hypothesis (HYPGEN predicate) with an information-
gathering goal (IGG predicate) related to the number of
connected telephones. The protocol refers to a telephone,
that is to say a physical object, and thus the representation
of the device is coded as topographic. As this operator’s
question relates to a syndrome having more than just one
symptom, the representation complexity is coded as
structural. This operator’s questioning includes only one
hypothesis at a time, so hypothesis processing is coded as a
successive scanning strategy.

The interface of the diagnosis assistance tools designed
by Jouglet et al. (2003) allows the operator to validate or
invalidate a breakdown by starting with 500 different
examples (symptoms) corresponding to 49 failures (syn-
dromes). A more complete presentation of the tool and its
relation with Human-Machine Cooperation is developed
by Jouglet et al. (2003). Links between breakdowns and
failures were extracted and controlled by experts to ensure
they conformed to an average expert’s mental model.

In the experiment, the primary operator’s task was to
identify the reason why the telephone service failed. In this
study, cognitive workload was measured and the following
assumption made: experts, unlike novices, do not retain
their false hypotheses for a long time (Schaper and
Sonntag, 1998). As a result, we assume that operators will
need to retain a view of all other valid syndromes. Each
one of these retained syndromes will need to be evaluated,
tested and, as a result, will require short-term memory
resources. The number of retained syndromes was used as
an indicator of cognitive workload.

5.3. Hypotheses summary

Different hypotheses can be tested to explain individual
differences between the two groups of experts (low vs. high
percentage of success):
�
 Expertise level: If group differences are due to expertise,
an increase in operators’ performance will lead to a
higher percentage of functional and structural repre-
sentations, and to a lower cognitive workload. This
superiority will not depend on task complexity.

�
 Holist/serialist style: If individual differences are due to

the holist/serialist style, we could distinguish between
the two groups according to their complexity of
hypothesis processing. A serialist group of operators
will be characterized by a hypothesis testing that uses
more successive scanning than the holist group. This
distinction will not vary with task complexity.

�
 Task/resource commitment: If group differences are

related to differences in task/resource commitment, we
could note that when there is an increase in complexity,
resource-committed individuals will use more functional
(and more structural) representations to reduce their
cognitive workload, in contrast with task-committed
individuals who will tolerate this increase in cognitive
workload.

6. Results

The interpretation of significance levels is generally
dictated by a binary decision-making scheme. For example,
in the case of null hypothesis testing, a significant result
means that we can be confident in the fact that the
population effect is not exactly equal to zero. Usually, a
non-significant result is considered as non-conclusive.
Thus, there are only two issues. As indicated by Rouanet
(1996), the Bayesian method is complementary to this
traditional frequentist inference. It allows researchers to
determine the guarantee when asserting the size of an
effect. When an observed effect on a sample is considered
as notable, the Bayesian method is adopted in order to
prove that there is a high probability that the population
effect is also notable. When the observed effect is
considered as negligible, one tries to conclude that the
population effect is also negligible. A third issue is possible
when no relevant conclusion is attainable with an
acceptable guarantee (e.g., lack of experimental precision).
Taking into account the well-known traditional frequentist
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Null Hypothesis Significance Testing (NHST), we have
decided to include both (two-tailed) NHST and the (one-
tailed) Bayesian judgement, although these are two very
different ways of thinking. So, results associate the value of
the significance test with the observed two-tailed level of
significance, a Bayesian judgment on the population
parameter (d for an effect, f for a percentage) and the
guarantee associated with this judgment (g).

6.1. General analysis of the dimensions

6.1.1. Representation type is mainly functional

Operators exploited a functional representation in 67%
of the cases and a topographic representation in 22% of the
cases; the remaining 11% related to uncoded arguments
(not distinguishable). When restricting the analysis to
observable occurrences, the functional representations
constituted 76% of the cases (fð4Þ ¼ 75:8� 12:8, g ¼ :95)
and the topographic representations 24% (fð4Þ ¼ 24:1�
12:8, g ¼ :95). There are two explanations of this result.
First, it is in accordance with the expertise hypothesis,
associating functional representation and expertise.
Second, it also confirms results found by Hoc and
Carlier (2000): operators use functional representations,
partly because the customer presents mostly functional
information.

6.1.2. Representation complexity is mainly structural

Operators exploited a structural representation in 87%
of the cases, factual in 12% of the cases; the remaining 1%
related to uncoded arguments. When restricting the
analysis to the observable occurrences, the structural
representations constituted 88% of the cases (fð4Þ ¼
87:9� 5:6, g ¼ :95) and the factual representations only
12% (fð4Þ ¼ 12� 5:6, g ¼ :95). The results found by Hoc
and Carlier (2000) were distributed fairly between factual
Fig. 2. Effect of operator performance on the percentage of functional repres

represent SEM.
and structural knowledge; we can however see from our
study that operators preferred structural knowledge
(syndromes). This difference can be explained by the fact
that the Hoc and Carlier (2000) study used both expert and
non-expert operators whereas our study considered only
expert operators.

6.1.3. Hypothesis testing is mainly done using successive

scanning

Operators tested their hypotheses by successive scanning
in 86% of the cases (fð4Þ ¼ 86:2� 8:2, g ¼ :95) and by
simultaneous scanning in 14% of the cases (fð4Þ ¼ 13:7�
8:2, g ¼ :95). These results are not consistent with the
classical finding in experimental settings that experts prefer
simultaneous scanning. One explanation could be the
complexity of the situation, generated in particular by
having a conversation with a customer. This is also the case
in the Hoc and Carlier (2000) study.
In this diagnosis situation, operators used mainly

functional and structural representations while using
successive scanning. In the next section, we subject these
results to a more detailed and precise analysis, taking into
account situation complexity and operators’ performance.

6.2. Analysis of representation and processing

6.2.1. Type of representation and representation complexity

When complexity is low and with an increase in
operators’ performance, we can note an increase in the
percentage of functional representations (Fig. 2). Although
this difference is not significant (at a ¼ :05), the Bayesian
method shows that it would not be justified to conclude
that the effect is negligible (tð4Þ ¼ 1:331; NS; p4:20;
d44:6%, g ¼ :80); thus, the most successful operators
managed the representations on a higher abstraction level
than the least successful operators in the situation with low
entations according to the level of complexity of the situation. Error bars
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complexity. When complexity is high we cannot infer an
effect of the performance increase on the percentage of
functional representations, and it is not possible to
inferentially conclude on the importance of this effect
(tð4Þ ¼ 0:42; NS; p4:60).

When studying only the least successful operators, the
effect of situation complexity on functional representations
cannot be considered negligible (although it is not
significant) (tð2Þ ¼ 1:342; NS; p4:30; d43:7%; g ¼ :80).
So, these operators use more functional representations as
situation complexity increases. But we cannot demonstrate
any effect of complexity on functional representations in
the case of the most successful operators and it is not
possible to inferentially conclude on the importance of this
effect (tð2Þ ¼ 0:687; NS; p4:50). To discuss these results, it
is first necessary to examine structural representations.

When complexity is low and with a performance
increase, we can note an increase in the percentage of
structural representations (Fig. 3). Although this difference
is notable, it is not highly significant (tð4Þ ¼ 2:355; NS;
p4:05; d47:4%; g ¼ :80); in the situation with low
complexity, the most successful operators worked on a
more structural representation than the least successful
operators. And when complexity is high, we cannot
distinguish between the percentage of structural represen-
tations and the performance increase; the difference is not
significant and we cannot inferentially conclude on the size
of this effect (tð4Þ ¼ 0:521; NS; p4:60).

When studying only the least successful operators we can
note that they use more structural representations when
situation complexity increases. Although this effect is
notable, it is not highly significant (tð2Þ ¼ 3:147; NS;
p4:05; d48:5%; g ¼ :80). In the case of the most
successful operators it is not possible to note a significant
effect nor to inferentially conclude on the importance of
this effect (tð2Þ ¼ 0:668; NS; p4:50).
Fig. 3. Effect of operator performance on the percentage of structural represe

represent SEM.
If we consider the hypothesis according to which
differences in performance result from differences in
expertise level, we note that when the scenarios are slightly
complex, our results are in accordance with expertise
theory. This means that the most successful operators use
more functional and more structural representations. But
when the scenarios are highly complex, we cannot
differentiate between the two groups of participants with
regard to their diagnosis strategies.
Moreover, the quite visible crossover effect on the

graphs seems to indicate the inadequacy of an explanation
based on expertise. Our results stress that the least
successful operators used more functional and structural
representations when complexity increased. This is compa-
tible with an explanation of operators’ differences due to
task/resource commitment style. It is necessary, however,
to associate these results with those relating to cognitive
workload in order to decide if less successful operators
were actually leveraging their cognitive workload in this
way. Before we present a complete analysis of cognitive
workload, we are going to evaluate the hypothesis related
to holist/serialist cognitive style.

6.2.2. Hypothesis scanning

When complexity is low and with an increase in
operators’ performance, we can note an increase in the
percentage of successive scanning hypothesis processing
(Fig. 4). This difference is significant and notable
(tð4Þ ¼ 4:092; S; po:02; d411%; g ¼ :80); in the situation
with low complexity, the most successful operators tested
more hypotheses using successive scanning.
When complexity is high, we cannot relate the percen-

tage of successive scanning to the increase in performance;
the difference is not significant and we cannot inferentially
conclude on the importance of this effect (tð4Þ ¼ 0:1863;
NS; p4:80).
ntations according to the level of complexity of the situation. Error bars
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Fig. 4. Effect of operator performance on the percentage of successive scanning hypothesis processing according to the level of complexity of the situation.

Error bars represent SEM.

Fig. 5. Effect of operator performance on the cognitive workload according to the level of complexity of the situation. Error bars represent SEM.
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If one observes the results according to the holist/
serialist cognitive style dimension, the most successful
group operated using successive scanning more than the
least successful group. But, here also, in the most complex
situation, hypothesis testing does not allow us to distin-
guish between operators. Moreover, this style dimension
cannot adequately explain other results, particularly
differences in cognitive workload for the most complex
situation, as the next section will indicate.

6.2.3. Cognitive workload

In the least complex situation, we can note that with an
increase in performance there is a reduction in cognitive
workload (Fig. 5). This effect is not highly significant but it
is notable (tð4Þ ¼ 1:888; NS; p4:10; d44:49; g ¼ :80).
When complexity was low, the most successful operators
had a lower cognitive workload than the least successful
operators. And, for the most complex situation, we can
note a significant and notable difference in cognitive
workload with the increase in performance (tð4Þ ¼ 2:778;
S; po:05; d43:72; g ¼ :80). When complexity was high, the
most successful operators processed a higher cognitive
workload than did the least successful operators.
Moreover, there are notable (although not highly

significant) differences due to scenario complexity for both
the least successful operators (tð2Þ ¼ 1:631; NS; p4:20;
d44; g ¼ :80) and the most successful operators
(tð2Þ ¼ 2:557; NS; p4:10; d42:837; g ¼ :80). This indicates
that when complexity increased, the least successful
operators reduced their cognitive workload (i.e., protected
their resources), whereas the most successful operators
were subjected to an increase in workload.
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Table 2

Summary of results

Mean (S.D.) Least

successful

operators

Most

successful

operators

Bayesian

judgement

(g ¼ :80)

t value sig.

level (df)

Mean (S.D.) Least

successful

operators

Most

successful

operators

Bayesian

judgement

(g ¼ :80)

t value sig.

level (df)

Functional representation Structural representation

Low complexity 0.6639 0.823 d44.6 1.331 n.s. Low complexity 0.792 0.9165 d47.4 2.355 n.s.

(0.117) (0.153) p4.20 (4) (0.063) (0.079) p4.05 (4)

High complexity 0.7977 0.7488 0.42 n.s. High complexity 0.9155 0.8933 0.521 n.s.

(0.171) (0.115) p4.60 (4) (0.066) (0.035) p4.60 (4)

Bayesian

judgement

d43.7 Bayesian

judgement

d48.5

(g ¼ .80) (g ¼ .80)

t value 1.342 n.s. 0.687 n.s. t value 3.147 n.s. 0.668 n.s.

Sig. level (df) p4.30 (2) p4.50 (2) Sig. level (df) p4.05 (2) p4.50 (2)

Hypothesis scanning Cognitive workload

Low complexity 0.8036 0.9497 d411 4.092 Low complexity 35.68 26.55 d44.49 1.888 n.s.

(0.039) (0.108) po.02 (4) (7.940) (3.169) p4.10 (4)

High complexity 0.8376 0.8593 0.186 n.s. High complexity 25.52 31.14 d43.72 2.778

(0.047) (0.122) p4.80 (4) (2.859) (1.629) po.05 (4)

Bayesian

judgement

Bayesian

judgement

d44 d42.837

(g ¼ .80) (g ¼ .80)

t value 0.343 n.s. 1.189 n.s. t value 1.631 n.s. 2.557 n.s.

Sig. level (df) p4.70 (2) p4.30 (2) Sig. level (df) p4.20 (2) p4.10 (2)

Note: There is no interaction effect of complexity and operators’ performance in these analyses.

In line: effects due to operators differences. In column: effects due to complexity levels.
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These results are in line with the hypothesis related to a
task/resource commitment cognitive style dimension
(Table 2).
7. Discussion

7.1. Relevance of task/resource commitment to explaining

results

In this paper, several explanations of individual differ-
ences have been put forward. Expertise was the first
candidate tested. If diagnosis differences were due to
expertise, the hypothesis predicted that an increase of
performance (i.e. more expert diagnosis) will be associated
with a decrease in cognitive workload and an increase in
functional and structural representations. Results are in
accordance with this hypothesis when complexity is low.
However, when complexity is high we noted a crossover
effect: less successful operators increased their functional
and structural representations while decreasing their
cognitive workload. This is a result the expert hypothesis
could not predict.

The second candidate to explain results was the holist/
serialist cognitive style. Here also, this style was a good
candidate when task complexity was low. Indeed, it was
possible to distinguish individuals as holist or serialist
individuals. But when complexity was high, there was no
significant effect and this style cannot explain other results
(e.g., differences in representations format).
When complexity was high, the least successful operators
used more structural and more functional strategies than
when complexity was low and this was done in order to
reduce their cognitive workload (as indicated in Section
6.2.3.). On the other hand, the most successful operators
accepted an increase in their cognitive workload with the
increase in complexity. These results indicate that the least
successful operators seem to have privileged their resources
to the detriment of task requirements, using more abstract
strategies in order to decrease cognitive workload. The
opposite is true for the most successful operators; they
accepted the increase of complexity in terms of cognitive
workload and, in this way, obtained better task perfor-
mance. These results, therefore, confirm our hypothesis
according to which one can distinguish operators who
privilege their resources (resource-committed individuals)
from operators that privilege the task (task-committed
individuals). This result indicates that such a differentiation
between individuals could contribute to an explanation of
differences between experts. The importance of this topic is
shown by the number of studies about expertise (e.g.,
Sternberg, 1995; Cellier et al., 1997).
Nevertheless, these results highlight several questions

about the definition of expertise. With individuals’
performance varying from 20% to more than 90% of
successful scenarios, this poses the question of the
definition of expertise. It is known that performance is
not always a good indicator of expertise. And to define
experts by superior performance is somewhat restrictive.
As noted by different authors, poor performance could
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also be associated with expertise. For example, literate
experts are slower to write an essay than novices
(Scardamalia and Bereiter, 1991). Moreover, the develop-
ment of expertise leads to two different curves: perfor-
mance increases with expertise for typical problems, but
decreases for atypical problems (Raufaste et al., 1998). This
explains why experts can perform worse than novices in
these cases. Furthermore, it indicates that domain char-
acteristics or individual characteristic (acquisition of
expertise) mechanisms could revoke this simplified associa-
tion between expertise and performance.

In this paper, the operation of a change in task demands
(level of complexity) allowed the validation of the task/
resource commitment when compared with other hypoth-
eses. But it is the introduction of a computer that revealed
individual differences. It is known that when interacting
with a computer, performance could be determined by
cognitive styles (e.g., Van der Veer, 1989). In the diagnosis
tool used by Jouglet et al. (2003), representation format is
flexible, and operators could select a prefered representa-
tion format directly in the interface (e.g., functional,
structural). But individuals were constrained in the way
they could solve the problem (they had to find the customer
problem in the diagnosis tools). And it is known
that constraining navigation in an interface leads to
differences in performance depending on cognitive style
(e.g., Jennings et al., 1991). This is in line with Jouglet et al.
(2003) who found that performance differences are due to
the way individuals interact with their support tools. In
this case study, performance varied from 20% to more
than 90% of successful scenarios. These operators are
skilled but the support tool is more or less compatible with
their cognitive style. This suggests the allocation of
different support tools according to their task/resource
commitment in order that all operators achieve a
good performance. This has direct implications on the
design of human–computer interaction. It is, therefore,
important to take into account cognitive styles in Cognitive
Ergonomics.

7.2. Cognitive styles and cognitive ergonomics

Cognitive styles must be studied in Cognitive Ergo-
nomics because they allow us to partially explain individual
differences, complementary to expertise. This is particu-
larly the case when a task characteristic discriminates
operators on the basis of their cognitive style.

To give details of the role of cognitive styles we will
present the case of task interruption. Jolly and Reardon
(1985) and McFarlane and Latorella (2002) noticed that
field-dependent individuals are more disadvantaged by task
interruptions. In the production scheduling domain,
Crawford et al. (1999) indicate the importance of these
interruptions to schedulers’ practice. Nevertheless, no
laboratory studies in production scheduling have inte-
grated interruption. This leads to a problem of discrimi-
nating power (cf. Baron and Treiman, 1980) due to the fact
that field-dependent participants are not disadvantaged in
laboratory studies. So, differences between laboratory and
field studies could result from the fact that the latter have
more power to discriminate individuals.
When going from natural to artificial situations,

researchers must identify the main characteristics of
natural situations so that they can reproduce them in
artificial ones. This contributes to ecological validity

because cognitive conditions are similar in both situations.
As Hoc (2001, p. 286) indicates: ‘‘To be ecologically valid,
an artificial situation should reproduce the main aspects of
the human operators’ expertise in the domain’’. We could
add that the artificial situation has also to imply the
fulfilment of task characteristics (e.g., interruption),
discriminating individuals on the basis of their cognitive
styles. This requires a more precise determination of
judicious cognitive styles in Cognitive Ergonomics.
When it comes to including cognitive styles in Cognitive

Ergonomics studies, selecting which dimensions to analyse
could prove difficult because of the great number of styles
that exist (about thirty according to Riding and Cheema,
1991). It is, therefore, important to select the most
convenient styles in the studied situation and not to try
to maximize the number of tested styles. As Roberts and
Newton (2001, p. 142) note, there is a need to determine
‘‘(1) which styles are genuine, rather than being manifesta-
tions of, for example, different levels of verbal ability,
spatial ability, or intelligence; (2) which styles are
independent, as opposed to being similar to other styles
identified and named by rival research groups; and (3)
which styles are important for the domain of interest’’.
The first point relates to the need to find primitives in

cognitive styles. Results indicate that the task/resource
commitment cognitive style is sufficiently general to alone
explain a large number of results. Further validations are
necessary and could perhaps come from neuro-imaging
techniques, as suggested by Sanderson et al. (2003) in the
case of the holist/serialist dimension.
The second point stresses the need to lower the number

of non-independent cognitive styles studied. For example,
in diagnosis tasks it is possible to apply the conceptual
tempo cognitive style dimension, which is concerned with
impulsive and reflective individuals (Kagan, 1966). Im-
pulsive individuals test their hypotheses more quickly,
whereas reflective individuals require more time to decide
on one hypothesis to test. As Booth et al. (1987) note, this
has consequences for the type of hypothesis scanning used.
However, as is the case in our study, the type of hypothesis
scanning is also related to the holist and serialist
dimensions, which means that those constructs are not
independent in the explanation of our results.
The third point relates to the necessary reduction of the

number of styles taken into account according to domain.
For example, in the case of interface design, Booth et al.
(1987) argued about the inadequacy of the visualizer/
verbalizer dimension (Richardson, 1977) for predicting
individual user interface preferences in HCI.
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To select adequate cognitive styles in a situation, it is
important to take into account those cognitive styles that
are particularly known to discriminate individuals in some
way (e.g., interruption). In this way, task/resource commit-
ment could allow the differentiation of individuals in many
domains, particularly those where complexity is an
important factor.

8. Conclusion

By suggesting an adaptation of cognitive styles inherited
from Differential Psychology and by applying it to a field
study in Cognitive Ergonomics, this paper contributes both
to basic and applied research. If the task/resource
commitment style has to be further tested, we argued that
it has relevance in Cognitive Ergonomics. Whilst it
contributes to an explanation of expert individual differ-
ences in a specific situation, we suggest that it is possible to
generalize this dimension to other studies. The integration
of the study of cognitive styles into Cognitive Ergonomics
enriches the discipline, contributing not only to applied
research but also to basic research, by extending its
framework of analysis. This indicates it is not possible to
ignore cognitive styles in experimental settings due to their
influence on ecological validity and on discriminating
power. As Green and Hoc (1991, p. 302) noted: ‘‘It is a
mistake to try to escape the tension [i.e. basic or applied
research] by claiming that Cognitive Ergonomics only deals
with some smaller area, that it does not seek to generalize
or that it does not seek to be practical. Of course it does
both, and of course they clash’’.
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