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1. Introduction

Texas A&M University, College Station, TX, USA
A series of projects to develop decision support systems
for managerial problem formulation is described. Problemsolving theory from cognitive psychology is integrated with
problem structuring techniques (cognitive mapping and structural modeling) to provide the theoretical foundation for the
work. The first project involved the development and testing
of graphics software to support problem formulation. Subsequent studies examined the use of this software in group
decision-making, and extended the system to include a problem diagnosis module, statistical routines to test relationships
before they were stored in the systems knowledge base, an
advisory module, and a discovery module which searches the
database for relationships as yet untested by users. Current
work includes the addition of a dialectical module and extension of the system to support an organizational perspective on
the management of causal knowledge.
Keywords: Problem formulation, Problem solving, Graphical
interface, Decision support system, Expert system,
Knowledge-based system, Automated discovery.
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This paper summarizes a series of studies involving the development and testing of decision
support systems (DSS) to assist in managerial
problem formulation. Problem formulation refers
to the process of deciding what variables are
included in a problem domain and how those
variables fit together and interact [2]. Problem
formulation has been recognized as a critical aspect of the modeling process [5, 17,22,25]. If the
decision-maker formulates the problem incorrectly, then a "Type III error" [35] will occur;
that is, the wrong problem will be solved. Since
an optimal answer to the wrong problem may
likely be worse than a good answer to the real
problem, it makes sense to develop systems to
help get the problem right. Although problem
formulation studies have been reported in the
literature of psychological organizational behavior, when this stream of research was initiated
DSS researchers had not yet begun to develop
systems to support the problem formulation process (as documented in [9]).
With this in mind, a series of projects was
initiated in the early 1980's to determine how
systems might be developed to support the prob-
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lem formulation process. The purpose of this
paper is to summarize the results of those projects and provide directions for future research in
problem formulation systems. The research described here is unique even considering the more
recent efforts by DSS researchers. This research
stream has emphasized computer-based model
development and manipulation, while other
DSS-related research has emphasized computerbased automation of problem-solving heuristics.
For example, Niwa [27] developed a system based
on a knowledge base of experimental knowledge.
This system contained rules designed to exploit a
human user's ability to associate knowledge which
was not related to other knowledge at the time of
acquisition. The primary tool provided by the
computer was an "association guidance" mechanism (i.e., heuristic) for relating pieces of knowledge. Cats-Baril and Huber [9] studied the effect
of delivering heuristics for problem structuring to
decision makers via computer. They found that
computer-based delivery of these heuristics had
no affect on any dependent variable they studied.
Recently, Paradice [28] studied the use of question/ answer process theory as a basis for guiding
the development of cognitive maps for particularly wicked problem situations. His research suggests that systems are needed to assist problem
solvers in identifying desired goal states, but such
a system has not yet been developed and tested
that is based on question/ answer process theory.
The next section of the paper describes the
theoretical foundations for this stream of research. After that, the experimental context is
presented and the series of projects is described.
As the research proceeded, it became clear that
managerial problem formulation required a much
broader view than had been taken at first. The
implications of this finding are discussed in the
section on future research.

2. Problem formulation research in cognitive psychology and systems engineering
The first research question to be faced was to
determine what unique features would be required of a DSS to assist in problem formulation.
Second, if such a system could be built, how
could one be sure that it does indeed help a user
formulate problems correctly? Answers to the

first question were found in the literature on
cognitive psychology and systems engineering.
Research in cognitive psychology relevant to
problem formulation is based on various theories
of human problem solving (see, for example, [16]
or [26]). For the most part, these findings are
based on rather simple problems, such as syllogisms and memorization of short word lists. The
process can be described as consisting of two
general phases: problem formulation (also called
predecision [14,15]) and problem solving [38].
Problem formulation contains three phases
[38]. Problem identification occurs when the problem solver perceives the need for a decision to be
made. This phase is typically marked by concern
or worry and the belief that a problem exists.
Problem definition concerns the cognitive conceptualization of the problem situation. During definition, the problem solver determines the relevant properties of the problem situation. Problem
structuring examines the relevant components of
the problem situation in order to determine a
strategy for addressing the problem. This phase is
characterized by instrumental reasoning, from
which a strategy for addressing the problem
emerges.
Similarly, problem solving contains two phases
[38]. Diagnosis occurs when the problem solver
identifies a problem's causes. Consequently,
causal reasoning characterizes this part of the
process. Alternative generation occurs next and
concerns the design of alternative courses of action.
Although convenient for discussion, this model
of problem solving suggests a linear progression
that may not always appear in problem solving
processes. Problems, depending on the problem
structure, the experience of the problem solver,
and the impact of information gained at various
phases, may require backtracking from later
phases to earlier ones as the problem structure
develops. Also, solutions to some problems give
rise to other problems, implying a cyclical structure. However, the model serves the purpose of
providing a means for examining an inherently
unstructured process.
Experiments in problem formulation and problem solving have revealed several important characteristics of the process. The set of alternative
acts that might solve a problem has been claimed
to represent the inherent structure of a problem.
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The ability to generate these alternative acts has
been found to be positively influenced by divergent thinking [14]. Subjects who exhibited divergent thinking abilities generated alternative act
sets that were closer to the optimal set for a given
problem. Additionally, the use of divergent
heuristics increases the number of alternatives
generated [1]. However, the use of either convergent or divergent heuristics, as opposed to a
limited heuristic strategy, resulted in high quality
alternative generation. This work seems to indicate that structuring heuristics in general are
supportive of the problem solving process.
As stated in [15, page 24], "The elements of
decision problem structures - acts, states of the
world, and outcomes - are inherent in decision
tasks, and hence should be considered by a motivated decision maker who is faced with an important problem." However, decision makers are not
necessarily adept at generating these structures
when they confront problems. Thus, problem
solvers act with limited knowledge of problem
structure, and in the worst case, produce a solution which is ineffective. If the most important
part of predecision behavior from the point of
view of decision analysis is developing problem
structure [1,15,24,25], then aids to structuring
problems should provide great benefits. Organization theorists believe that these problem structures are not only used to solve current problems,
but also dictate how future information is filtered
and interpreted [39]. Thus, determining the correct problem structure in a given situation has
long range implications.
Studies have also shown that diagrams and
images were useful in the problem understanding
phase of the process [16,31]. The right hemisphere of the brain, which is known to be associated with the manipulation of mental images, was
found to be more active during the problem formulation phase of problem solving. Thus, it has
been theorized that images and diagrams are
effective ways of representing the understanding
of a problem's structure [16]. Paivio [31] even
proposed a "dual coding theory" founded on the
belief that images are encoded differently in the
brain than verbal and procedural knowledge.
In rather loosely related work, systems engineers developed "structural modeling" [5,17,22]
and "cognitive mapping" [5], to represent the
structure of a problem. These techniques, which
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are based on the mathematical theory of graphs,
were developed independently of the research in
cognitive science described above, and have little
or no theoretical basis in cognition.
Cognitive maps are simply box and arrow diagrams in which boxes are used to represent variables and arrows represent relationships. Cognitive maps can also be represented in an "adjacency matrix," formed by creating a row and
column for each variable in the problem, then
placing a 1 in each cell where there is an arrow
from the variable in row i to the variable in
column j. Zeroes are entered in other cells of the
matrix. Signs may also be entered.
If weights on relationships are entered, then
this is usually referred to as a structural model,
rather than a cognitive map. Various matrix modeling techniques are available to analyze structural models.
Since work in cognition has indicated images
were useful in problem structuring and structural
modeling uses graphs to represent problem structure, it seems to follow that structural modeling
would be a useful element in a decision support
system to support problem formulation. The first
research task was to integrate the work in these
two fields and relate it to problem formulation in
a DSS context. Fortunately, work in the two
fields was quite compatible, even though done
independently. Despite the fact that structural
modeling uses both graphic and matrix forms, no
software could be found to support the graphical
aspect of the cognitive mapping process. Thus,
the next step undertaken involved the development of graphic software to support the development of structural models of managerial problems, the domain of decision support systems.

3. Pracht's study
Pracht [32,33,34] developed this software,
known as GISMO, a Graphical, Interactive,
Structural Modeling Option. This system permits
the interactive development of structural models
in either graphic or tabular form. It is integrated
with previously existing software for performing
various kinds of mathematical analysis, including
pulse analysis, matrix powering, etc. The question
remained whether the system actually did help in
formulating problems correctly.
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To address this question, a rather complex
managerial decision-making environment was
needed. However, in order to know whether users
were formulating problems correctly, it was necessary to know the actual problem structure. Since
the actual structure of real managerial problems
is not known with certainty, validation required
another approach.
Validation against a simulated managerial environment was chosen for several reasons. The
real relationship between variables in the simulated environment could be known by examining
the source code of the simulation model. Thus,
users could develop models of the simulated environment, and these could be compared to the
real model (that is, the source code) to determine
their accuracy. Furthermore, the initial tests in a
laboratory environment could be conducted where
better internal controls would ensure that the
findings were derived from system use, and were
not confounded by other factors.
Since it was not possible to obtain practicing
managers neither in sufficient numbers nor for an
appropriate length of time (several weeks) for
adequate statistical power, senior business majors
were used as subjects in this study. The use of
student subjects continues to be debated in the
literature. Some studies indicate the students respond similarly to managers, while others show
them to behave differently [34]. However, the
subject pool is a possible limitation of the experiment.
The Business Management Laboratory was the
simulation selected. It is a rather complex simulation, requiring up to 50 decisions per round. It
also provides a database and query language
known as SLIM, which had been used by DeSanctis [12] and Kasper [20,21] in previous DSS
studies. The SLIM database contains information
on over 120 highly interrelated variables. The
interaction between these variables is sufficiently
complex that "finding" the underlying structure
of the simulation is highly unlikely. In fact, the
underlying structure is exceedingly complex. Thus,
although the structure is programmed, it would
not be generally described by subjects as "well
structured" in the sense that a linear programming model or some other type of model (or set
of such models) could be developed to reflect the
structure. Consequently, subjects must create
models of various aspects of the simulation in an

attempt to cope with the complexity of the decision problem at hand. An informal survey conducted in class showed that many students who
had made decisions in this simulated environment for 8 weeks still felt that many of the
decisions were ill-structured.
Based on the research in cognition mentioned
previously, it was hypothesized that subjects with
good spatial ability would be most capable of
using GISMO. Since Witkin's Group Embedded
Figures Test had been used in several previous
DSS studies and is related to spatial ability, it was
used as the measurement instrument. A 2 X 2
factorial design was developed, based on a control group that did not use GISMO versus an
experimental group that did, and field independence (high spatial ability) versus field dependence. Instruments were developed to test the
ability of subjects to formulate the structure of
the BML simulation. These instruments included
structural models (drawn by hand by the control
group), the ability to list factors important in two
selected decision problems, and signed adjacency
matrices filled in by the subjects.
Data analysis determined that field independents using GISMO more closely formulated the
correct problem structure than any other group.
Field independents without the software performed the worst of all groups. They had the
cognitive ability to formulate the problem, but
failed to use that ability in the absence of a tool
like GISMO. Field dependents performed about
the same with or without the tool. Their cognitive
skills are such that they are ineffective in using
the tool to formulate the problem structure.
This result may indicate that the methodology
underlying automated tools is a critical factor in
effective use of the tool. Where the methodology
was compatible with the user's cognitive predisposition, the tool provided great support. When
there was little relationship between the tool's
methodological basis and the user's cognitive predisposition, the tool's impact was minimally effective.

4. Loy's small group experiment
Given the promising results of the Pracht study,
Loy [23] decided to test GISMO in a small group
decision-making context. The main objective of
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the experiment was to test whether small groups
using GISMO would better understand the problem domain and perform better in terms of net
income. However, since much of the research on
small groups deals with techniques for structuring
group interaction, the experiment was also designed to analyze the effect of GISMO with a
structured decision process. The Nominal Group
Technique (NGT) was chosen as the structured
process to test because it is the most widely
studied technique in the literature. Since most
small groups making management decisions use
an unstructured format, the NGT format was
compared to "interacting groups" which were
given no predefined rules regarding their interaction and were allowed to interact as they saw fit.
This resulted in a 2 X 2 design with the factors
GISMO use versus non-use, and NGT versus
interacting groups. Again, BML was used as the
experimental environment, and the instruments
developed by Pracht were used to measure the
accuracy of the problem formulation, and net
income was used to measure decision quality.
One would hope that better problem domain
understanding is associated with better decisions,
thus, a correlation analysis was conducted to analyze the relationship between these variables. The
results bear out this belief in that the correlation
coefficient is between the two is 0.7 (p > r =
0.002).
Multivariate and univariate analyses of variance were conducted to test the hypotheses that
the overall performance of groups as measured
by decision quality and problem understanding
was influenced by GISMO use, discussion format
(NGT versus interacting group), and the interaction of these two independent variables. GISMO
use was a significant variable in these analyses,
the statistical significance being supported at an
alpha level of 10 percent. Thus there is evidence
to support the assertion that GISMO use helps
small groups make better decisions.
There were no statistically significant differences between NGT and interacting groups for
either dependent variable. Thus in this study,
NGT was not found to be superior to interacting
groups in terms of either decision quality or problem domain understanding.
Since Pracht's study showed that spatial ability
has an effect on understanding, GEFT scores
were used to develop a measure of group spatial
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ability and were included in the analysis. The
GEFT variable was significant at an alpha of 5
percent. Thus there is evidence to support the
assertion that GISMO use helps small groups to
better understand a problem domain, especially
when group members have high spatial ability as
measured by the GEFT. The finding regarding
spatial ability is consistent with Pracht's results
regarding individuals.
Informal observations by the researchers and
debriefing of subjects seemed to indicate that the
discussions of the GISMO groups were much
more focused and productive, communication was
more effective, and the decision-making process
went much more smoothly. Non-GISMO groups,
even when using NGT, seemed to waste a great
deal of time in circular discussions, and ended up
rushing to make the decision at the end of the
meeting (which was limited to 45 minutes for all
groups). This may help to explain why GISMO
groups outperformed their non-GISMO counterparts on both dependent variables, but these are
opinions for which there is no statistical evidence.
NGT groups, especially those using GISMO,
seemed to feel that the process was actually a
hindrance and that they could have done better
without it. The subjects just didn't seem to like
NGT. Clearly it did not help in the decision
process, at least in this environment. Again these
are observations, not statistical facts, but they
seem to help in understanding the result that
NGT groups failed to outperform IG groups.
The results from Pracht's and Ley's studies
may indicate that GISMO use provided several
efficiencies that benefitted decision makers. The
visual nature of the models supplemented the
cognitive processes of individual decision makers,
allowing them to bring cognitive capabilities to
bear on the problem that otherwise may not have
been utilized. Also, the graphical models provided a means to "store" a problem formulation,
thus requiring less "redundant" mental effort to
reformulate the strategic situation each time individuals or groups had to process results from the
simulation. Taken together, these aspects of
GISMO use result in a methodology that requires
a lower "thinking cost" (i.e., less "units of thinking" to arrive at a decision) than would have
otherwise been required [37]. On the other hand,
the NGT methodology, with its regulated means
of interaction, may require a higher thinking cost
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than perceived necessary, and thus may be perceived as a cumbersome decision-making approach.
5. Ata's diagnostic system

Whereas Loy made no refinements to the
GISMO software, but rather tested it in a group
context, Ata [3,4,11] extended the system itself to
include problem diagnosis. As noted earlier,
problem diagnosis refers to searching for or hypothesizing about the causes of a problem. In a
pioneering study based on protocol analysis,
Bouwman [8] found that financial analysts used
relationships that he modeled as "causation trees"
to diagnose financial statements. Causation trees
are hierarchical diagrams similar to structural
models. The root node of a causation tree is the
"problem" for which potential causes are sought.
For example, in financial analysis the problem
might be an unexpectedly high ratio of debt to
equity. Branches of the tree represent paths from
the problem to variables representing base causes.
For example, a high debt/equity ratio the level
below the debt/equity node might simply be
separate nodes for debt and equity. The debt
node might have nodes under it for long-term
and short-term debt. Short-term debt might be
comprised of loans and accounts payable. The
path from accounts payable to short-term debt to
debt to debt/equity ratio is a possible explanatory path for a high debt/equity ratio (if accounts payable are unusually high).
Ata integrated Pracht's and Bouwman's work
by using structural modeling techniques to represent causation trees. User models of the BML
problem domain, including estimates of coefficients between pairs of variables, were inputs to
Ata's system. Then, given some unexpected variation of a goal variable such as profit or sales
revenue, the system used the variables and coefficients entered earlier by users to construct linear
models of the problem area. Current data was
dynamically extracted from the database and fed
to models in an attempt to diagnose or explain
the variation. If the model results were not significantly different from actual results, then the
user's model was accurate and could be used as
the basis for a diagnosis. If not, then the model
itself was deficient and in need of improvement.

To test the system, models developed by
Pracht's subjects were input and diagnoses of
problem areas were attempted. This approach
was very sensitive to the accuracy of the model,
and the users' models were not very good. Even
though GISMO helped user's formulate more
accurate models, they were still not accurate
enough for effective, semi-automated support of
problem diagnosis. This deficiency led the way to
the next project, which was designed to produce a
system that could formulate more accurate representations of the BML problem domain.
6. Paradice's knowledge-based system

The Ata study found that many user-developed models were flawed. These errors were
thought to be due to different cognitive biases
identified in various studies (see [36] for a review).
Paradice [29,30] developed SmartSLIM, a system
that controlled these biases through the use of
linear and higher order statistical models which
used data from the SLIM database to test users'
assertions about relationships in the BML domain at the time they were input. A dialogue was
conducted with the user to determine whether
the asserted relationship would actually be retained, and if so, to gather additional information
about the relationship.
Early testing of the system indicated simple
categorization of relationships into causal and
noncausal classes would be inadequate for problem diagnosis. (Validation of the system is discussed below.) Put simply, the system generated
models that tended to include all relationships in
the knowledge base when asked to diagnose particular problems, due to the extent in which all
variables in a complex managerial domain interact to some degree. These models were not very
useful in structuring a particular problem context.
Consequently, a revised taxonomy of managerial
domain relationships, based primarily upon an
analysis of relationships between data items in
financial proforma statements, was developed and
used [29]. In addition to representing cause and
effect relationships between data items, the revised taxonomy explicitly considered the existence
of data items that (1) act as upper and lower
bounds on other data items, (2) redefine other
data items, (3) combine with other data items to
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compose a data item, and (4) are correlated with
other data items. The revised taxonomy supported model formulations that were much more
parsimonious during the validation stage described below.
Since it was possible that an asserted relationship could be valid, but not statistically supported, the user could insert relationships even
when statistical validity was not upheld. User-rejected relationships were stored in a "rejection
base" for testing later by the system as additional
data was added to the database.
This system also incorporated features of expert systems to represent model knowledge and
provide a rather unusual advisory facility. Given a
question about how to increase or decrease a
target variable, the advisory module was capable
of extracting relationships from the knowledge
base (possibly input by different users), constructing a model of the target variable, and offering
advice on what other variables could be manipulated to achieve the desired change in the target.
The system used a breadth-first search to traverse
a hierarchy of relationships in offering this advice. Thus, variables that most directly impacted
the target variable were brought to the attention
of the user first.
SmartSLIM was validated in a rather unique
way. First, it was "trained" in the BML domain
by inputting relationships in models developed by
various users. The advisory module, along with
other system features, was then used to answer
the questions Pracht posed to his human subjects.
One set of questions dealt with the level of confidence the respondent had in various decisions.
The system's confidence was based on various
statistical measures including correlations and
beta coefficients. It was confident in most marketing decisions, but not confident in the areas of
plant and production, and unable to address
questions in finance and administration. These
results are due to deficiencies in the models used
to train the system, which had few model components in production and financial areas but had
well developed marketing concepts. In other
words, the subjects that developed the models
created models that had a strong marketing orientation. Still, the confidence levels illustrate how
the system itself could use information in its own
knowledge base to determine where it (and its
users) needed additional knowledge.
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Another test required the system to determine
whether a relationship between two variables was
positive, negative or zero. Eighteen (18) pairs of
variables were included in the test. Pracht's subjects had identified an average of 12.9 of these
relationships correctly. The system had enough
information to answer only 12 of these cases, but
got all 12 of those correct. Perhaps more importantly, it was correct in one case that was missed
by 29 of 32 subjects and another missed by 22
subjects. Thus SmartSLIM could have afforded
subjects the opportunity to improve their models,
at least in the case of two relationships. In that
sense the system improved on the problem diagnosis concept developed by Ata. It also demonstrated that computer-based knowledge support
of the managerial domain will require complex
knowledge modeling capabilities.

7. Billman's discovery modules
The architecture of SmartSLIM was based on
Blum's RX project [7], which included a "discovery module" intended to search the database
for relationships unknown to (or at least untested)
by its users. The objective of this module was to
improve representations of the problem domain
without user direction. The rejection base was
designed to support the discovery process, but
only a crude implementation existed in SmartSLIM.
Billman [6] undertook the development of the
discovery module. Whereas RX used statistical
tests to search for relationships, Billman based
her system on three different models for hypothesizing causal relationships. For brevity, only the
module based on Einhorn and Hogarth's [13]
model is described here. For a discussion of the
other two approaches see Billman [6].
Einhorn and Hogarth develop a model of the
way people evaluate the potential strength of a
causal relationship between two variables. The
"gross strength" measure between a potential
cause x and effect y is defined by the equation:
s(x, y) = T*B*L*[w*C + (l-w)S],
where C is covariation or the frequency with
which x and y occur and do not occur together,
T is 1 if x precedes y in time, and is 0 otherwise,
B is 1 if the change in x is large enough to be
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perceived and is 0 otherwise, L is a measure of
the length of the causal chain between x and y,
computed by multiplying the covariation of each
link in the chain, w is a weight reflecting the
attitude of the individual, and S is the "similarity"
between the two variables. To illustrate similarity
in a management context, two marketing variables might be perceived as more similar (more
closely related) than a marketing variable and a
production variable.
Note that if T is zero (the effect precedes the
cause) the entire equation reduces to zero. The
same is true for B - if the potential cause x is not
recognized as such by the observer, then the
equation goes to zero. Also, since covariation is
between 0 and 1, the value of s(x, y) decreases
as the length of the causal chain from x to y
increases.
One additional factor affects the perceived
strength of the causal relationship, the number of
other variables which may have caused the effect
to occur. To account for this, the gross strength
measure is reduced by a weighted sum of the
gross strengths of all other possible causes. The
weights reflect the perceived likelihood that the
corresponding variable is the actual cause.
The Einhorn and Hogarth model is directed
primarily at non-quantitative variables so that x
and y either occur or do not. On the other hand,
cognitive mapping and structural modeling deal
with concept variables, which, in principle at least,
are measurable. In developing an approach to
automated discovery based on the Einhorn and
Hogarth model, Billman extended the model to
the case in which x and y can increase, decrease,
or remain constant. Thus, her approach does not
require variables that can be measured precisely,
but can handle "soft data," such as morale, stress,
satisfaction, and so forth.
To describe how the approach was implemented, let x' be the change in x from one
period to the next. A threshold value representing B was selected (5% in the baseline case) and
variables in a SLIM database were transformed
using the mapping:
(
x"=

1
ifx'>B
-1 if x' <B
\ 0 otherwise,

where the terms in braces correspond to an increase, decrease, and no change in x, respec-

tively. Flags were set to indicate the time order of
variables in the database, so that T was known.
In the initial implementation, causal chain length
was ignored, and only gross strength measures
were calculated.
The system was tested in two ways: (1) by
comparing its ability to find relationships which
actually exist in the BML code, and (2) by comparing its results to a composite model built by
integrating four of the best cognitive maps developed by subjects who had participated in 12
rounds of the BML simulation. Cost of goods
sold was used as the test variable. There are 39
variables in BML that have an impact on cost of
goods sold.
A problem arises in interpreting the gross
strength measure. At what level of gross strength
are we to say that a relationship has been discovered? Clearly if s(x, y) approaches 1, we would
say a relationship has been found, and if it approaches 0, the system believes no relationship
exists. In the test case, if a gross strength of
greater than 0.15 is taken as an indication that a
relationship exists, then 30 of the 39 actual relationships would be "found" by the system and 6
spurious relationships would be hypothesized.
The composite model based on experienced human subjects contained only 23 of the 39 relationships, but no spurious variables.
The system finds spurious relationships because it looks at the data blindly without regard
to any underlying theoretical or logical rationale
as a basis for a relationship. User intervention
could be used to overcome this problem, suggesting a symbiotic human-machine relationship (as
in [27]) in which the machine could present relationships and the human could validate them.
This approach would exploit the talents of each
participant. The computer would tirelessly examine combinations of variables, testing various statistical relationships or possibly drawing upon
data item descriptions to direct its search through
the database. The size of most complex corporate
databases requires automated intervention like
this. The human would then examine the relationships detected by the computer, drawing upon
human judgment and experience to validate or
reject relationships proposed by the computer.
Thus, the computer's processing power is used to
identify candidate relationships, and the human's
evaluative power is used to endorse them.
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8. Future research
Pracht's study indicated the methodological
basis of an automated tool may impact the effectiveness of the tool's use. Studies need to be
conducted that examine this supposition. CASE
technology provides a particularly attractive environment for this study, as there are currently
several methodologies that have been implemented and CASE use is becoming increasingly
widespread.
Both Ata's and Paradice's work highlight the
potential danger in using knowledge bases that
are either flawed or incomplete. Knowledge bases
are generally considered to be fragile and brittle:
when they fail, they generally do not fail gracefully. Research into improving ways for a system
to determine the level of it's own expertise is
needed Some means for developing and using
system meta-knowledge, knowledge about the
system's knowledge, must be pursued. Such research could greatly reduce the fragile and brittle
nature of knowledge base use.
Paradice's "rejection base" represents one of
the first attempts to make use of "discarded"
knowledge. His assumption in retaining this
knowledge 'was that a relationship hypothesized
by a user has an inherent worth, even if the
current data does not support it. 1 He used the
rejection base to drive a crude version of the
discovery module prior to Billman's work. An
interesting avenue of research would be finding
additional means for exploiting this "knowledge,"
including heuristics for determining when rejected knowledge should be reevaluated.
Work is continuing on ways to improve the
accuracy of cognitive maps produced by subjects
operating in the BML domain. In an intriguing
study, Hodges [18] is developing software based
on dialectical theory. This software will take cognitive maps developed by users, form a diametrically opposed counter-map, and conduct a debate
intended to lead the user to a fuller understanding of the problem domain and a more accurate
representation thereof.

1

Many organizations retain files of project proposals or ideas
that have been rejected at earlier points in the organization's
history. These files become reservoirs of ideas that can be
reexamined at later dates.
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Another project under consideration would involve an attempt to develop software that would
construct cognitive maps directly from documents
describing problems the organization has analyzed in the past. When faced with important
problems, organizations usually form a committee
or task force to study the situation and make a
recommendation as to how the problem should
be solved. Reports produced by such teams often
include a diagnosis of the problem's causes. A
system that could scan these reports looking for
phrases such as "A caused B" or "A was caused
by B" might be able to construct at least a rough
map of the environment. Rules for manual coding of such documents [5] could provide the basis
for an expert system's approach to this problem.
While the resulting map might not be perfect,
human coders would at least have an initial map
to begin with and could then take over and make
the necessary corrections and additions. While
the development of an automated mapper is
clearly a nontrivial problem, the existence of
computerized grammar and style checkers, thesauri and other natural language processors suggest that such a system might be feasible.
One of the observations made during the
course of these projects was that managerial
problem formulation is not an isolated process
that must be undertaken each time a problem or
decision situation is faced. Rather, organizational
domains, while dynamic, consist of a variable set
and corresponding relationships that should be
captured, made explicit and shared with appropriate people in the firm. This is made obvious by
the use of a simulated environment in the projects described above. An accurate cognitive map
of the BML environment, if passed from one
subject group to the next, could be extremely
helpful in the successors' decisionmaking activities.
Likewise, in the "real world," mental maps are
often passed from one cadre of managers to
another. Decision-making processes could be improved by making those maps explicit, and storing
them in a form where they can be manipulated,
improved, used and shared. Exploring this hypothesis is the ultimate objective of our research
now. It will hopefully lead to the development of
systems for the support of "intelligent organizations," or those that use artificial intelligence
techniques at an organizational level rather than
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simply on narrow domain-specific problems related to only a small aspect of the organizational
management process.
9. Summary

Problem formulation is an important part of
the managerial decision-making process, but one
that has only recently received much attention in
the DSS literature. The series of projects described in this paper began with the objective of
developing systems to support the problem formulation process. Pracht integrated concepts from
cognitive psychology and structural modeling and
developed graphics software to assist in problem
structuring. An experiment testing the software's
ability to assist in problem formulation led to the
conclusion that the software was helpful to subjects with good spatial ability.
Since many management decisions are made in
a group situation, Loy tested the software in a
small group context. He found limited support for
the contention that the software would be useful
in helping groups arrive at more accurate problem formulations. Use of the Nominal Group
Technique in conjunction with GISMO did not
have any additional effect, and according to subject comments may have even hindered the process.
Ata extended the system to managerial problem diagnosis, and in the process discovered that
his system was very sensitive to errors in model
formulations. Even though GISMO was helpful
in problem formulation, models developed by
rather experienced subjects were still fraught with
bias and were not accurate enough for an effective diagnosis.
Paradice incorporated statistical analysis and
dialogues to mitigate the errors due to user bias.
Validated relationships were stored in a knowledge base and an advisory system was developed
to counsel users on how a target variable could be
manipulated. This system was capable of answering the questions posed to Pracht's subjects at a
rather high level of performance.
Billman extended the discovery module initiated by Paradice. Her work adapted that of Einhorn and Hogarth to a cognitive mapping environment. Her discovery module was able to locate relationships unknown to experienced sub-

jects in the problem domain, but also discovered
spurious relationships.
In summary, several conclusions can be drawn
from these studies. First, tools can be developed
to support problem formulation in a managerial
domain, although one tool may not be effective in
supporting all managers. Second, tools can also
be developed to support managerial domain
problem formulation by groups. However, the
influences of group dynamics on the problem
formulation process may render tools effective in
some group settings ineffective in other group
settings. Third, problem formulation systems can
be used as a basis for supporting later stages of
the problem solving process, such as problem
diagnosis. When they are used in this manner,
however, a critical concern must be the validity
and scope of the knowledge base supporting the
system. Fourth, creative aspects of problem solving, such as discovery of relationships between
variables, can also be supported by computerbased systems. As the use of these system extends
into the most abstract phases of the problem
solving process, the interaction between the user
and the system becomes more critical. Fifth, and
finally, these studies have identified many interesting avenues for further research. These studies
will require increasingly sophisticated systems to
be developed by DSS researchers.
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