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Intelligent user interfaces, particularly in interactive group settings, can be based on system
explanations that guide model building, application, and interpretation. Here we extend

Silver’s (1990, 1991) conceptualization of decisional guidance and the theory of breakpoints in
group interaction to operationalize feedback and feedforward for a complexmulticriteriamod-
eling system operating within a group decision support system context. We outline a design
approach for providing decisional guidance in GDSS and then test the feasibility of the design
in a preliminary laboratory experiment. Findings show how decisional guidance that provides
system explanations at breakpoints in group interaction can improve MCDM GDSS usability.
Our findings support Dhaliwal and Benbasat’s (1996) conjecture that system explanations can
improve decisional outcomes due to improvement in user understanding of decision models.
Further research on intelligent agents, particularly in interactive group settings, can build on
the concepts of decisional guidance outlined in this paper.
(Decision Support; Group Decision Support;Multicriteria Decision Making;User Interface; Intelligent
Systems)

1. Introduction
Complex multicriteria problems are a key component
of organizational life. Ethical choices, tradeoffs be-
tween cost and quality, and conflicts of preferences are
all examples of multicriteria decisions. Multicriteria
decision making models (MCDM) allow decisionmak-
ers to choose among competing alternatives by weigh-
ing the relative importance of different criteria and
then systematically evaluating howwell alternative so-
lutions meet these criteria.1 Many multicriteria prob-
lems are resolved in group meetings (Hackman and
Kaplan 1974). In group settings, MCDM take the form
of aggregating individual weights and preferences and

1MCDM algorithms have been extensively researched (e.g., Dyer et
al. 1992, Keeney and Raiffa 1976, Olson et al. 1995, and Saaty 1986).
Surveys of MCDM models are found in Buede and Maxwell (1995),
Buede (1992), Bui (1984), Evans (1984), Minch and Sanders (1986),
and Vargas (1990).

providing these as feedback for group discussion pur-
poses (Bird and Kasper 1995, Bui and Jarke 1984,
Dickson et al. 1991, Sengupta and Te’eni 1993, Tavana
et al. 1996).
Despite their potential for improving decision mak-

ing, MCDM and decision support systems embodying
them are not readily applied and used. A number of
years ago Evans (1984) reviewed 78 research articles
on MCDM and found that a mere two MCDM were
being regularly used in organizational settings. A key
barrier to the use of MCDM, even those embedded in
so-called user friendly support software, is their sheer
complexity. MCDM comprise a procedure toolbox—a
rich set of resources fromwhich the user must develop
a meaningful model and interpret the outputs in light
of the problem at hand. The paradox of decision sup-
port for MCDM is that the process of applying mod-
eling capability can enhance perceived problem com-
plexity rather than reduce it, thereby lowering comfort
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with using decisionmodels and reducing decision con-
fidence. Indeed, several studies have found that deci-
sion makers avoid the use ofMCDMdecision aids and,
when given a choice, prefer relatively unsophisticated
decision models instead (Brockhoff 1985, Buchanan
and Daellenbach 1987, Narasimhan and Vickery 1988).
With this conundrum in mind, Dyer and colleagues
(1992) called for researchers to incorporate behavioral
and psychological support within MCDM systems.
The general challenge of promoting greater user un-

derstanding and appreciation of decision aids is a ma-
jor research issue (Mackay and Elam 1992), and it is
exaggerated in the case of MCDM, especially in group
settings. Some scholars have called for the develop-
ment of intelligent interface capabilities that provide
explanations to users about how to develop and apply
models; and there is a growing line of research that
seeks to evaluate alternative approaches for building
these capabilities (Dhaliwal and Benbasat 1996, Gregor
and Benbasat in press). In group settings, explanation
facilities are decidedly more complex to design than in
settings where just one user interacts with the system.
For this reason, GDSS research to date has been con-
fined largely to design of human interventions to en-
hance user understanding and appreciation of mod-
eling tools (e.g., Anson et al. 1995, Clawson et al. 1993,
Dickson et al. 1993, Steeb and Johnston 1981). Here we
establish the groundwork for design of intelligent
agents for GDSS by exploring the feasibility of provid-
ing computer-based system explanations to groups as
they use MCDM GDSS. Our goal is to contribute to
research on intelligent interfaces for group decision
support.

2. Decisional Guidance for MCDM
Use in Groups

As a basis for designing explanation systems for
MCDM GDSS, we build on Silver’s (1990) notion of
decisional guidance. Automated decision guidance is the
enrichment of decision models with cues that direct
decision makers toward successful structuring and ex-
ecution of model components. Designers of desktop
decision aids have long called for the provision of flex-
ibility and easy-to-use features (Angehrn and Jelassi
1994, Keen and Scott Morton 1978), but automated

guidance is much more than this. A system with guid-
ance “enlightens or sways its users as they structure
and execute their decision making process—that is, as
they choose among and use the system’s functional ca-
pabilities” (Silver 1991, p. 107). Guidance incorporates
system-based explanations about why and how DSS
capabilities can be employed, as well as strategic ad-
vice for building models and interpreting outputs in
light of the task at hand (Dhaliwal and Benbasat 1996).
In its most powerful form guidance is intelligent and
is able to act without specific request by the user; in-
telligent guidance systems can monitor user behavior
and provide customized explanations on an as-needed
basis (Gregor and Benbasat 1999).

2.1. Goals of Decisional Guidance
MCDMmodeling involves an extensive set of activities
for a group: problem definition; identification and
prioritization of evaluation criteria by groupmembers;
determination of individual preferences; aggregation
of individual preferences into group judgments; “what
if” model analysis based on variousways of combining
criteria weights with alternative ratings or rankings;
exploration of alternative ways of combining individ-
ual with group judgments in the model; refinement of
individual and group preferences through consensus
seeking; and final selection of a single solution or dis-
tribution of choice across a set of alternative solutions.
Given the complexities, one might wonder whether
groups would be better off without software andmod-
els, especially for judgment tasks, but the research to
date suggests the reverse. In ameta-analysis of 64 stud-
ies comparing groups with and without GDSS sup-
port, Dennis et al. (1996) showed that groups benefit
from decisionmodeling, in terms of improved decision
quality, though models take time and effort to apply.
An earlier meta-analysis of 29 studies by Benbasat and
Lim (1993) reached the same conclusion. Despite de-
cision quality benefits, use of GDSS technology gen-
erally reduces group consensus, decision confidence,
and overall satisfaction. Only one of the studies re-
viewed in these analyses included MCDM capability
within the GDSS (Dickson et al. 1991), but the results
were the same: group consensus and satisfaction were
lower in conditions of MCDM GDSS when compared
to conditions of GDSS with simpler modeling tools
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(such as electronic voting on alternatives) or to con-
ditions of groups with no support whatsoever.
Laboratory experiments show that decision makers

avoid sophisticated decision aids, including GDSS and
MCDM, because these tools reveal decisional conflict
(Kottemann and Davis 1991, Watson et al. 1988). Buede
(1992) and more recently Tuttle and Stocks (1997) em-
phasize the importance of promoting user understand-
ing of decision aids, because, whether simple or com-
plex, these tools present a cognitive load to the user.
They argue that most software systems mistakenly
place relatively more emphasis on ease of use than on
decision makers’ understanding of the models them-
selves. In their review of explanations from intelligent
systems, Gregor and Benbasat (1999) propose that ex-
planations requiring limited cognitive effort will be
used more readily and will be more effective with re-
spect to performance, learning, and user perceptions.
Buede and Maxwell (1995) compared several multicri-
teria methodologies in a laboratory experiment and
found problem structuring support was more impor-
tant to improving decision quality than the selection
of a specific computational algorithm per se. Along the
same lines, Buchanan (1994), after comparing three
MCDM methods, concluded that the familiarity with
the solution method was significantly correlated with
confidence in the final solution.
With these findings in mind, we posit that design of

decisional guidance for MCDM in group decision set-
tings should have three major goals: (1) to enhance
user understanding of the model inputs, processes,
and outputs, (2) to improve decision outcomes by help-
ing the group to navigate through the complex choices
associated with MCDM modeling, and (3) to generate
more positive perceptions on the part of users about
their decision process, decision results, and theMCDM
technology.

2.2. Guidance Capabilities
Research on MCDM techniques, decision support, and
group decision making suggests two interdependent
kinds of support needed for groups using MCDM
GDSS. Cognitive support capabilities refer to expla-
nations about how to develop and apply MCDMmod-
els. Group interaction support refers to operators that
trigger the timing of system explanations as the

group’s decision process unfolds. These are comple-
mentary capabilities that must be implemented to-
gether in order to be meaningful.

2.2.1. Support for Group Cognition. Cognitive
feedback and feedforward capabilities should enable
improved understanding of the decision modeling
process in complex decision tasks. As Dhaliwal and
Benbasat (1996) point out, the issue is not which form
of cognitive support is relatively more effective, since
both are known to be effective. Rather, the issue is op-
erationalizing these capabilities in the DSS interface
and then evaluating system effectiveness in terms of a
multitude of decision-related outcomes. Cognitive feed-
back provides information about preference selections
and the model’s structure (Te’eni 1991). Cognitive
feedback draws attention to judgement inconsistencies
and illustrates their causes, enables decision makers to
understand their judgments and reduce their commit-
ment to incorrect analysis, and helps decision makers
to shape an adequate model of the decision making
process (Balzer et al. 1989, Sengupta andAbdel-Hamid
1993). Olson et al. (1995), after comparing several mul-
tiattribute utility systems, concluded that “feedback
concerning the consistency of decision maker re-
sponses should be regularly provided to make users
comfortable and . . . yield results valuable to the user”
(p. 743). Sengupta and Te’eni (1993) found cognitive
feedback to facilitate group convergence as well, that
is, to form and follow a decision rule in reaching a
group choice.
Feedforward is the process of providing explanation

prior to performing each step in the model building
process (Bjorkman 1972). Feedforward provides expla-
nation of MCDM procedures in advance of their use
and can be operationalized as a set of heuristics for task
performance. Feedforward is thought to attenuate cog-
nitive strain by providing decision makers with infor-
mation that otherwise should have been learned
through feedback (Bjorkman 1972). Malloy et al. (1987),
Cats-Baril and Huber (1987), and Sengupta and Abdel-
Hamid (1993) have found that feedforward can en-
hance learning and improve decision making perfor-
mance when it is presented in conjunction with
feedback. Neither cognitive feedback nor feedforward
have been designed or evaluated for use in GDSS
settings.
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2.2.2. Support for Group Interaction. Groupsus-
ing electronic communication media often struggle
with efficient information exchange (Hightower and
Sayeed 1996). Key challenges are focusing the group’s
decision process and keeping the conversation on track
so that a decision model can be developed and applied
(Wheeler and Valacich 1996). Supporting group inter-
action is more than a matter of cueing group members
to follow a prescribed set of decision steps. Groups
follow different sequences of decision making, with
the number and order of development stages varying
across groups (Poole 1981). Therefore, supporting
group interaction requires accommodating flexibility
in group process, even while restricting the group to a
general decision model. Following Poole (1983a,
1983b) and Friedman (1989), decisional guidance can
include operators that anticipate or detect “break-
points” in group interaction. These are points in the
group decision process where cognitive feedback and
feedforward can be made available to the group:
(1) Normal breakpoints are shifts from one decisional

step to another. Normal breakpoints are evident when
decision makers complete a major step in a MCDM
sequence, such as when they have finished weighting
criteria or entering alternative solutions in the model.
When a normal breakpoint occurs in the group’s
MCDM process, feedforward can be triggered, provid-
ing information on how the current step in the MCDM
modeling process relates to previous and next steps.
(2)Delay breakpoints are holding patternswherein the

group recycles through the same analysis or decision
step. Delay breakpoints are evident when a group re-
peats a step in the MCDMprocess but fails to complete
it, or when the group moves forward in developing
the model without adequately completing a prior step.
Suppose group members enter alternative problem so-
lutions that they like as individuals, but they fail to
discuss or agree on a list of alternatives; this is an ex-
ample of a delay breakpoint. Similarly, if the group
moves forward to calculate a MCDM model without
having specified which set of weights on those criteria
they would like to use in the model, this constitutes a
delay breakpoint. When a delay breakpoint occurs,
cognitive feedback can be triggered, suggesting as ap-
propriate that the groupmove backward in theMCDM

to complete an unfinished or partially finished previ-
ous step. For instance, guidance could recommend that
the group go back and further clarify the definition of
some criteria or specify weights on criteria. In thisway,
cognitive feedback would reveal conflicts or major in-
consistencies across group members at delay break-
points, focusing the group’s attention on understand-
ing and resolving these modeling difficulties so that
they can complete the current analytic step and move
on in the MCDM process.
(3) Disruption breakpoints are conflict episodes or pe-

riods of uncertainty wherein group members disagree
on how to use or interpret the information available to
them to reach a decision. Disruption breakpoints occur
when individual group members are overwhelmed
with MCDM output or are out of sync with the rest of
the group, operating at different points in the MCDM
procedure. Disruption breakpoints also occur if the
group collectively asks, “What does this result mean?”
or if members proceed to calculate the MCDM model
in ways that conflict with one another. To the extent
that disruptions heighten users’ awareness of conflict
or uncertainty on how to proceed, these breakpoints
are motivational opportunities for use of decisional
guidance (Gregor and Benbasat 1999). To avoid or re-
solve disruption breakpoints, cognitive feedback can
be triggered to help the group in interpreting and dis-
tilling the multicriteria model output, thereby facilitat-
ing understanding of how the MCDMmodel relates to
the specific problem that the group is addressing. Ta-
bles and graphs that summarize and explain common-
alities and differences in members’ inputs can be used
as aids to communicate this cognitive feedback. Feed-
forward can also be triggered at disruption break-
points to summarize and explain the current step in
the MCDM process, to provide explanation of model
outputs, and to suggest how to proceed next.
In sum, the literature on decision guidance, system

explanations, and group interaction suggests how
guidance might be designed to improve MCDM use in
groups: by provision of cognitive feedback and feed-
forward explanations that are provided during break-
points in group interaction. Following Dhaliwal and
Benbasat’s (1996) theoretical conjecture, these mecha-
nisms are hypothesized to improve decision making
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Figure 1 Overview of the Research

due to their potential to improve user understanding
of the MCDM modeling process. Figure 1 summarizes
our research model.

3. Implementing and Testing the
Guidance Concept

3.1. The MCDM GDSS
As a test bed for the automated guidance concept, we
selected the MCDMmodule of a GDSS developed ear-
lier by Dickson and colleagues (1992). The MCDM
GDSS module consists of 30–50 data input and output
screens (depending on the complexity of the particular
model developed by the group). It is menu-driven and
arranged in a hierarchical sequence such that users
specify a MCDM model in a sequential manner, fol-
lowing a series of options in which data is entered by
group members and viewed in an iterative fashion as
the model is built. The MCDM is a compensatory ad-
ditive process—the most widely used form of multi-
criteria modeling (Von Nitzsch andWeber 1993). As in
other MCDMs, the modeling process consists of: (1)
specification of alternative solutions to the problem, (2)
defining of criteria for evaluating alternative solutions,
(3) weighting of criteria, (4) evaluation of alternatives
across criteria, using rating, ranking, or voting tech-
niques for evaluation, (5) computation of weighted
preferences for each alternative based on individual or

group evaluations, and (6) selection of a final alterna-
tive solution, ranking of alternatives, or allocation of
resources across the various alternatives. Within each
of these six general steps, groups can specify the
MCDM based on either individual preferences, aver-
age group preferences, or some combination of the
two. Sensitivity analysis in which alternative compu-
tations of the model can be compared is also possible.
Though accepted for use in several organizational

settings, this MCDM GDSS has failed to yield measur-
able advantages under controlled laboratory condi-
tions unless an expert advisor works with the group
as they use the MCDM model. The expert explains the
model’s use and assures its appropriate application
(Dickson et al. 1991, 1993). This finding is consistent
with studies of other complex decision aids within
GDSS (George et al. 1992, Reagan-Cirincione 1991) and
suggests the potential value for automated guidance to
improve MCDM GDSS.

3.2. Implementing Guidance
Table 1 summarizes guidance capabilities correspond-
ing to each type of group support need in MCDM and
describes our approach for implementing these guid-
ance capabilities. We developed the interlocking com-
ponents of cognitive feedback and feedforward within
the MCDM GDSS, with these operators triggered as a
function of normal breakpoints, delay breakpoints,
and/or disruption breakpoints. As long as the group
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Table 1 Support Needs for MCDM GDSS, Corresponding Guidance Capabilities, and Our Implementation Approach

Support Needs Guidance Capabilities Implementation

Support for group cognition
Cognitive feedback Information about preference selections and MCDM

structure; identification of consistencies and
inconsistencies in judgments

Automated detection of uncompleted steps (e.g., missing
entries of individual or group judgments); detection of
wide varions in individual judgments on criteria or
alternatives; flagging of points of variation with visual
indicators on model input and output screens

Feedforward Information about each step in the MCDM modeling task
prior to its performance

Screens that summarize the current MCDM step in which
the group is engaged; addition of status windows
identifying each step and the subsequent step; visual
tracking of group progress through the MCDM model

Support for group interaction
Normal breakpoints Shifts from one step in the MCDM to another; determining

how output from one step should be used as input to the
next

Feedforward is triggered when a normal breakpoint
occurs

Delay Breakpoints Holding patterns wherein the group recycles through a
specific step in the model; determining when to repeat a
step and when to move forward

Cognitive feedback is triggered when a delay breakpoint
occurs

Disruption breakpoints Periods of conflict or uncertainty about how to use or
interpret model components or outputs; interpreting
model results and determining how to proceed

Both feedforward and cognitive feedback are triggered
when a disruption breakpoint occurs

followed the major steps of MCDM, experiencing only
normal breakpoints, the guidance system summarized
the current step, described how the current step related
to the previous and next steps, and displayed a status
window identifying the current step and the next step.
Feedforward was presented in the form of instructions
that clarified the objective of each step in the decision
model and explained how the step in question fit into
the overall MCDM process. Here are examples of feed-
forward explanations within the Weighting of Criteria
(Step 3 above) and Calculate Scoring (Step 5 above)
functions. (Note that these are just a few examples.
There were multiple feedforward explanations asso-
ciated with each step in the MCDM.)

VIEW CRITERIA
Next, you should view the criteria on the public screen. Delete
or combine duplicates. Make sure that the meaning of each
criterion is clear. Changewording if necessary.Make sure you
reduce the number of criteria to a manageable size.

CALCULATE SCORING
The group should have already entered the criteria weights
and the ratings of the alternatives. The purpose of this step is

to compute the scores for the alternatives. That is, for each
alternative the system multiples ratings by weights and sums
them.

A perfect score is 100. The group can elect to choose average
weights and average ratings, agreed uponweights and agreed
upon ratings, any member’s weights and ratings, or any other
combination of weights and ratings. The group is advised to
perform a sensitivity analysis by trying out different combi-
nations and observing their impact on the scores of the alter-
natives. When viewing the scores, it is helpful to perform a
sort to observe the alternatives with the highest scores. If an
alternative scores relatively low, a message will be displayed
on the public screen suggesting its deletion.

When a delay breakpoint occurred in the group de-
cision process, cognitive feedback suggested that the
group revert in the MCDM sequence and provided
cues for step completion. For example, if group mem-
bers varied widely in their evaluations of alternatives
on different criteria, the guidance system recom-
mended that the group discuss and further clarify the
criteria definitions before proceeding further. If group
members’ ratings of each alternative in the model ex-
ceeded a preset cutoff value, then a feedback message



LIMAYEM AND DESANCTIS
Decisional Guidance for Multicriteria Decision Making

Information Systems Research
392 Vol. 11, No. 4, December 2000

automatically displayed the inconsistent ratings and
advised that the group go back and sharpen their de-
scription of the alternatives, discuss their differences,
and then re-enter evaluations. The feedback explana-
tions also flagged alternatives that were consistently
rated poorly (low scores) by all group members and
advised that the group consider deleting them from
the MCDM model. Three examples of cognitive feed-
back explanations follow. The first two resulted from
evaluations of alternatives across criteria (Step 4 in the
MCDM) and the third example was triggered by the
result of a group’s calculation of scores (Step 5 in the
MCDM).

EVALUATE ALTERNATIVES: The following possible prob-
lems were detected in your ratings:
2 out of 6 ratings showed wide disagreements among group
members. This relatively high number may reflect a misun-
derstanding of the criteria.

Criterion 1 was flagged in at least half of the alternatives.
Make sure that each group member understands this
criterion.

Alternatives 1 and 2 were flagged in more than half of the
criteria. This may reflect a misunderstanding of these
alternatives.

EVALUATE ALTERNATIVES: You currently have 10 alter-
natives and 8 criteria. Thus, you will have to perform 80 rat-
ings. Assuming it takes approximately 10 seconds to decide
and enter one rating, it will take you approximately 13:20
minute(s) plus the additional time to discuss each item. At
this point, the group may decide to go back and reduce the
number of criteria by deleting or combining them.2

SCORING OF ALTERNATIVES: Using agreed upon weights
ANDUsing agreed upon rates. Alternative 1 scored relatively
low with the above combination of weights and ratings. The
group may want to consider deleting this alternative.

In a group setting MCDM can produce a volumi-
nous amount of information, including tables of each
member’s weighting of each criteria; ratings of each
alternative against each criteria; tables or graphs dis-
playing the mean, median, and variance in weights or

2Although this message refers to a future step in the model, we con-
sider it to be feedback (rather than feedforward) because it (a) in-
cludes an analysis of group inputs and an interpretation of the im-
plications for the model and (b) suggests that the group revert in the
MCDM sequence. Due to the large number of alternatives and cri-
teria input by the group, the system anticipates a disruption break-
point and provides this cognitive feedback.

ratings across group members; information on average
scores and individual scores; and results from running
the model using all inputs (all criteria, all alternatives,
all group members’ inputs) or some subset of inputs
(one or more criteria, one or more alternatives, one or
more group members’ inputs). Since “what if” analysis
is typical in MCDM, a MCDM GDSS can produce
many variations of model outputs should the group
experiment with alternative approaches to specifying
the MCDM model. Feedforward and feedback expla-
nations were developed to summarize and interpret
this output, to help groups manage disruption break-
points. To support understanding of MCDM outputs
and how to proceed, interpretive statements were
added to tabular and graphical displays of MCDM re-
sults. Where the results revealed incomplete or incon-
sistent information in the group’s modeling results, the
feedback guidance screen incorporated cues to repeat
the decision step or move backwards in the decision
model. Where results suggested complete and consis-
tent information, the group was cued to move forward
in the model. An example of a feedforward explana-
tion within the Select Alternative (Step 6) of the
MCDM follows:

GRAPH ALTERNATIVE SCORING
The purpose of this step is to graphically represent the scores
of the different alternatives using the combination of weights
and ratings chosen previously by the group. This graph pro-
vides a way to compare the alternatives. As an alternative
approaches 100, it more closely matches the group’s ideal
solution.

At this point, the groupmay choose to go back to CALCUATE
SCORING in order to choose another combination of weights
and ratings and graph the scores using this option. The group
may also elect to delete the alternative(s) with low scores.

An example of a cognitive feedback explanationwithin
the Ratings of Alternatives (Step 4) of the MCDM
follows:

RATINGS OF ALTERNATIVES (2/2)
CRITERION ID# AVERAGE RATING LOW/HIGH
Alternative #1:

***criterion 1 6.0 3/9
criterion 2 3.5 3/4
criterion 3 5.5 5/6
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Alternative #2
criterion 1 3.5 3/4

***criterion 2 5.0 2/8
criterion 3 6.0 5/7

***These ratings show a discrepancy that should be discussed
further.

To summarize, cognitive feedback and feedforward
explanations were embedded in all six major parts of
the MCDM process. Within Gregor and Benbasat’s
(1999) classification scheme, the explanations were
supportive in their content (since reasoning was justi-
fied by linking the explanation to knowledge from
which it was derived), multimedia in presentation for-
mat (since tables and graphs were provided in addi-
tion to text), and included both generic (always appli-
cable) and case-specific (customized to the group)
information. The guidance was provided automati-
cally and did not require that group members explic-
itly ask for assistance. If groupmembers repeated steps
within the model (e.g., entering preference weights,
displaying differences in alternative ratings), guidance
was provided each time that the step was executed.

3.3. An Experimental Evaluation
Seventeen groups used the MCDM GDSS with the
guidance capabilities outlined in Table 1. We com-
pared these groups to 18 control groups that used the
same MCDM GDSS without guidance. We first as-
sessed the direct effects of guidance on group out-
comes as follows:

Hypothesis 1. Groups receiving automated guidance
will achieve higher consensus on their solution decisions
than groups receiving no guidance.

Hypothesis 2. Groups receiving automated guidance
will achieve greater model understanding than groups re-
ceiving no guidance.

Hypothesis 3. Groups receiving automated guidance
will take more time to reach their decision than groups re-
ceiving no guidance.

Hypothesis 4. Groups receiving automated guidance
will have more positive perceptions of the group decision
process and outcomes than groups receiving no guidance.

Hypothesis 5. Groups receiving automated guidance

will have more positive perceptions of the MCDM GDSS
than groups receiving no guidance.

Next we assessed the mediating effect of user un-
derstanding of MCDM. In this way we could deter-
mine whether improvement in group outcomes was,
indeed, due to improved user understanding of the
modeling process (per Dhaliwal and Benbasat’s (1996)
conjecture).

Hypothesis 6. Groups that achieve greater model un-
derstanding during the decision process will have more posi-
tive outcomes and perceptions than groups that achieve
lower model understanding.

MBA students and upper level undergraduate stu-
dent groups drawn from courses inwhich theyworked
together in teams participated in the study, with a bal-
anced number of MBA and undergraduate groups as-
signed to each condition. Group size ranged from three
to six members, though most groups had three or four
members. Groups chose a preferred time slot to par-
ticipate in the study, and we randomly allocated the
time slots to one of the two experimental conditions.
Participation in the research was voluntary, and stu-
dents were given a modest number of course points
for their participation.3 Prior to the start of the exper-
iment, all groups were given training in the MCDM
GDSS in the form of a printed training guide and ver-
bal instructions highlighting material in the guide-
book. Training procedures were similar to those used
by Dickson et al. (1991) in an earlier study with the
same MCDM GDSS.
“The Foundation Task,” in which decision makers

are asked to allocate a sum of $500,000 among six com-
peting philanthropic projects, was completed first by
individual group members (to form a baseline of pre-
decisional consensus), then by groups, and then again
by individuals (to assess consensus). The background
information provided to the decision makers does not
allow them to choose an obvious best solution. Li-
mayem (1992) provides detail on the use of this task
for MCDM problem solving in groups. The Founda-

3As a performance incentive, students were informed that full credit
would be given to those who gave serious attention to the task, and
partial credit would be given otherwise. Experimental administra-
tors observed and rated participation and gave all participants full
credit at the end of the study.
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tion Task is a multicriteria problem because it requires
that decision makers define and weight criteria as well
as choose among alternative problem solutions. The
task is especially challenging for groups due to the
need to collect and reconcile individual values on cri-
teria, alternatives, weightings, ratings, and so on, in
order to reach a group decision. Further information
on the task, its procedures, and its scoring is available
in DeSanctis et al. (1989), Dickson et al. (1991, 1993),
Watson (1987), and Watson et al. (1988).

3.3.1. Procedure. The experiment took place in a
group decision support system laboratory with tables
arranged in a U-shaped pattern, swivel chairs with a
computer terminal in front of each chair, and a projec-
tion facility at the front of the tables that constituted a
public screen. Each group member first was asked to
read a background statement for the Foundation Task
and to allocate funds across the six competing projects,
based on their personal judgment. They then were
given training in MCDM GDSS use with guidance or
without guidance depending on their experimental
condition. Groups in the control condition used the
system as described in the section “TheMCDMGDSS”
above. Groups in the automated guidance condition
used the version of the system as described in “Imple-
menting Guidance” above. Group members then
worked together using the MCDM GDSS to allocate
funds to the six projects requesting support. When a
decision was reached, the group submitted a form re-
flecting its final allocation of funds. Then each group
member filled out a post-meeting questionnaire to
again individually allocate the $500,000 to the six pro-
jects and to rate their perceptions of the meeting pro-
cess, outcomes, and the MCDM GDSS technology.

3.3.2. Measurement. Group performance was
measured in three ways: degree of group consensus,
understanding of the MCDM modeling process, and
amount of time spent formulating the group decision.
Group consensus was measured using Spillman, Bez-
dek and Spillman’s (1980) formula as described by
Watson et al. (1988). The formula uses a fuzzy set al-
gorithm that identifies the degree of agreement among
n group members on a set of i alternatives by identi-
fying the degree of overlap in preference matrices for
all possible pairs of alternatives ai aj for all members of

the group. The preference matrices of group members
are compared to identify their degree of agreement,
with the result scored on a scale ranging from zero (no
overlap) to one (complete overlap).4,5

Model understanding was measured as a multiple
choice test and included questions related to the
MCDM inputs, computation, and outputs. Our ap-
proach to developing and validating this instrument
proceeded as follows. First, multiple choice questions
were generated to assess declarative and procedural
knowledge about MCDM inputs, computation, and
outputs. Second, the questions were reviewed and ed-
ited by severalMCDMexperts (operations researchers)
whowere familiar with themulticriteriamodel and the
MCDM GDSS. Finally, the instrument was adminis-
tered to 12 groups that participated in a pilot test and
validated via interview and observation of the group
members. The final version of the instrument consisted
of 15 multiple choice questions.6

Decision time was measured as the number of min-
utes between the time when the group began the task
(i.e., following training in the MCDM GDSS) and the
time they announced they had reached a group
decision.
Perceptions of the decision process and outcomes were

measured as five self-report scales. (1) Perceived decision
quality was based on an 8-item scale developed by

4Note that Cronbach’s alpha cannot be meaningfully calculated for
this measure of Consensus. The validity of the algorithm depends
on (a) its mathematical proof and (b) accurate elicitation of individ-
ual preferences to serve as inputs to the algorithm. Readers are re-
ferred to Spillman et al. (1980) for details on the algorithm. Prefer-
ence information was elicited through the experimental task.Watson
(1987) reports on test-retest reliability of the preference behaviors in
the Foundation Task. Although he found some decay in overall
group consensus following a period of three or more days, the pref-
erence patterns were similar over time, and test-retest reliability for
the consensus measure was significant at the 0.0001 level.
5A number of researchers other than the current authors have used
inputs from the Foundation Task as preference data for the Spillman
et al. (1980) consensus index: Cass et al. 1992, Dickson et al. 1993,
Hiltz et al. 1991, Ho et al. 1989.
6Though use of such post-tests is common in research on explana-
tions (see Gregor and Benbasat 1999), reliability assessment is diffi-
cult. Test-retest reliability would be ideal, but we were unable to
have repeated access to our subjects. For a copy of the multiple
choice test see Limayem (1992) or write to the authors.
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Gouran, Brown and Henry (1978) and used in earlier
studies of group decision making and GDSS
(DeSanctis et al. 1989, Easton et al. 1989, Niederman
and DeSanctis 1996, Sambamurthy 1989, Watson et al.
1988, Zigurs et al. 1988). Cronbach’s alpha for this scale
in our sample was 0.87. (2) Decision scheme satisfaction
was measured using a 5-item scale developed by
Green and Taber (1980) which also was used by Wat-
son et al. (1988), Zigurs et al. (1988), Sambamurthy
(1989), Easton et al. (1989), and Niederman and De-
Sanctis (1996). Cronbach’s alpha for the scale in our
sample was 0.90. (3) Decision confidence was measured
using an 8-item scale developed and validated by Sam-
bamurthy (1989) and indicates how committed group
members were to their group’s decision and their be-
liefs about its appropriateness given the problem at
hand. Cronbach’s alpha for this scale in our sample
was 0.85. (4) Post-meeting understanding was measured
as the extent to which groupmembers understood oth-
ers’ viewpoints at the end of the meeting. (5) Perceived
depth of evaluationwas the degree to which groupmem-
bers felt they critically assessed the alternatives and
considered all the viewpoints in the group beforemak-
ing their final decision. Scales (4) and (5) consisted of
two items each and were developed and validated by
Sambamurthy (1989) and Niederman and DeSanctis
(1996). Reliabilities for the scales in the current sample,
based on Cronbach’s alpha, were 0.87 and 0.89,
respectively.
We measured perceptions of the MCDM GDSS via

three self-report scales of 4, 4, and 5 items respectively.
Comfort indicated the degree to which group members
enjoyed using theMCDMGDSS.Respect referred to the
group appreciation of the system and the value they
place on the support provided by the MCDM GDSS.
Finally, challenge indicated the sense of achievement
resulting from the use of the system. All three scales
were developed and validated by Sambamurthy (1989)
and used here in the same form as in his study. Reli-
abilities for the current sample, using Cronbach’s al-
pha, were 0.87, 0.86, and 0.85, respectively.
For all variables except decision time, which was

based on a true group measure, and consensus, which
was calculated using Spillman’s formula (see above),
individual scores were averaged to create a group

score. The analyses reported in the next section are
based on these group scores.

3.4. Results
Means, standard deviations, and a summary of signifi-
cant differences between guidance and control condi-
tions for all dependent variables are shown in Table 2.
We first tested the moderating impact of group size
and pre-meeting consensus on the dependent variables
using a multivariate analysis of covariance (MAN-
COVA) model. The results showed no significance in
the covariates or their interaction. We then proceeded
to test the hypotheses with multivariate analysis of
variance (MANOVA)models. Assumptions of analysis
of variance were met for these models, with the excep-
tion that the assumption of homogeneity of variance-
covariance was violated for four of the 11 dependent
measures (based on the H statistic distribution,7 p �
0.05). Since the number of observations in each con-
dition was nearly equal, the violations should not
meaningfully affect the analysis (Box 1954, Hair et al.
1995, Hayes 1981). Following the multivariate proce-
dures, we ran 11 separate t-tests to test the hypothe-
sized differences between guidance groups and control
groups. Although the t-test is robust, it requires inde-
pendent samples, approximately normal distributed
data, and equal population variances (Hayes 1981).
Distributions for all dependent variables were normal
(based on the Kolmogorov-Smirnov statistic, Hayes
1981). For the measures of model understanding, post-
meeting understanding, and comfort and challenge,
the approximate t-test was usedwith separate variance
estimates. Pooled variances were used for all depen-
dent variables where variances within treatmentswere
not significantly different. Two-tailed tests were used
in all cases. To control for the experiment-wise error
rate associated with multiple t-tests, we applied Bon-
feronni’s adjustment to the decision criteria for tests of
significance (i.e., the significance level of alpha was di-
vided by the number of dependent variables in the
model). Results indicated that automated guidance
groups had greater model understanding and took
more time to reach a decision than control groups.
Group perceptions regarding their decision outcomes

7For information on the H statistic distribution, see Neter, et al.
(1985).
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Table 2 Means (Standard Deviations) and Tests of Differences Between Guidance and Control Groups

Dependent Variables Automated Guidance (treatment) N � 17 No Guidance (control) N � 18 df tb

Objective variables (MANOVA test: Wilks lambda � 0.19, F � 39.97, df � 3.29, p � 0.000)
Consensus 0.61 (0.23) 0.47 (0.17) 33 2.10
Model understandinga 14.63 (0.32) 11.78 (0.98) 20.7 11.68**
Decision time 70.18 (16.35) 55.56 (14.76) 33 2.78**

Perceptions of the group decision process and outcomes (MANOVA test: Wilks lambda � 0.25, F � 15.95, df � 5.27, p � 0.000)
Perceived decision quality 5.73 (0.41) 4.91 (0.60) 33 4.70**
Decision scheme satisfaction 4.25 (0.35) 3.33 (0.32) 33 8.27**
Decision confidence 5.31 (0.51) 4.56 (1.71) 33 1.74
Post-meeting understandinga 5.89 (0.40) 4.32 (1.80) 19.95 3.63**
Depth of evaluation 5.51 (0.55) 4.27 (1.65) 33 2.93**

Perceptions of the MCDM GDSS (MANOVA test: Wilks lambda � 0.80, F � 2.42, df � 3.29, p � 0.09)
MCDM GDSS comforta 5.42 (0.42) 4.72 (0.87) 24.91 3.06**
MCDM GDSS respect 5.30 (0.55) 4.73 (0.84) 33 2.35*
MCDM GDSS challengea 4.75 (0.36) 4.20 (0.73) 24.89 2.86**

aFor these variables, the two conditions had unequal variances. Thus, the approximate t-statistic was used.
bCritical p values were adjusted for the number of tests in each analysis. For p � 0.10 the decision criteria is 0.10/3 � 0.03 for the objective variables,

0.10/5 � 0.02 for the perceptions of the group decision process and outcomes, and 0.10/3 � 0.03 for the perceptions of the MCDM GDSS. For p � 0.05,
the decision criteria is 0.05/3 � 0.017 for the objective variables, 0.05/5 � 0.01 for the perceptions of the group decision process and outcomes, and 0.05/
3 � 0.017 for the perceptions of the MCDM GDSS.

*p � 0.10

**p � 0.05

and the MCDM GDSS technology were more positive
in the automated guidance condition than in the con-
trol condition, with the exception that there was no
difference in decision confidence for the MCDMGDSS
technology. These results generally support H2
through H5.
As a test of Dhaliwal and Benbasat’s (1996) conjec-

ture that decision improvements from system expla-
nation systems should be attributable to user learning
about the modeling process, we used a Partial Least
Squares procedure to estimate the path relationships
among the major constructs in our research model
(Figure 1). PLS-Graph version 2.91.02 (Chin 1994) was
used to perform the analysis. Tests of significance for
all paths were conducted using the bootstrap resam-
pling procedure (Efron and Tibshirani 1993).8 The es-
timated path effects and associated t-values are shown

8PLS models can be unstable when sample sizes are small. The boot-
strapping resampling procedure reruns the model through 100 it-

in Figure 2. All significant paths (p � 0.05) are indi-
cated with an asterisk. Findings confirmed the earlier
MANOVA analyses showing improvement in model
understanding for groups using automated guidance,
with a high explained variance in model understand-
ing due to decision guidance (R2 � 0.798). The paths
linking model understanding and the remaining out-
come variables are all significant, though the explained
variance for consensus, decision confidence, challenge,
respect, and time are low (R2 � 0.20).
As a final test of the mediating role of model under-

standing, we applied Baron and Kenney’s (1986) ap-
proach for testing mediation via a series of regression

erations based on sampling from the complete dataset. As a further,
simpler test of the model’s stability we reran the analysis using a
jackknife resampling procedure in PLS-Graphwith deletion at 2. The
results confirmed the bootstrapping procedure, suggesting that the
PLS model was stable for our sample.
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Figure 2 Results of PLS Analysis

Note. Tests of significance for all paths were conducted using the bootstrap
resampling procedure (Efron and Tibshirani 1993).

equations that model the relationships among the me-
diator, an independent variable, and an outcome vari-
able. The results were generally consistent with the
PLS analysis. Considered together, the hierarchical re-
gression and structural equation modeling analyses
suggest that model understanding mediates decision
scheme satisfaction most strongly. There are signifi-
cant mediational paths for all of the other variables,
but the strength of the mediation effect varies from
relatively strong (decision quality, depth of evaluation,
post meeting understanding, comfort) to relatively
weak (consensus, decision time, decision confidence,
challenge, respect).

3.4.1. Followup Analysis. As a followup, ex-
ploratory analysis, we viewed videotapes of each
group and took notes of what we thought were im-
portant issues and incidents. We made general obser-
vations about each group and then compared our
notes for the guidance and control conditions. Our ap-
proach was very descriptive; we did not attempt sys-
tematic coding or counting of behaviors. Reviewing
our notes, we observed that groups with guidance
moved more smoothly through the decision process
and were less likely to skip steps, avoid conflict reso-
lution, or take unnecessary detours in their decision
process. At times the discussions were contentious as
group members articulated differences in viewpoint
and attempted to persuade each other of one perspec-
tive or another. But group members appeared to trust
the technology and accept its instruction; they rarely
questioned or criticized the guidance. Guidance
groups seemed to benefit from the flags placed by the
system on items exhibiting disagreements in votes or
ratings. Guidance groups tried hard to resolve their
differences, eliminate the flags, and move through the
MCDM process as smoothly as possible. The following
kinds of comments were typical in groups supported
by decisional guidance: “the system will tell us what
to do next,” “there’s a flag, we should be careful,” “this
is easy,” and “we should go back and better refine our
criteria.”
Groups using the MCDM GDSS without decisional

guidance, on the other hand, seemed more puzzled
and confused by the MCDM technique. They were
more likely to ask the experimental administrator

questions about the task, experimental procedures, or
the technology. Statements reflecting frustration of one
sort or another were common. For example, “I don’t
understand the purpose of this step,” “What should
we do next?” “I have no idea why we are doing this,”
or “Can we skip this step?” These groups appeared to
sometimes overlook mistakes they made when execut-
ing some model components, leading to a ineffective
or “ironic” (Poole and DeSanctis 1990) appropriation
of the MCDM model. One of the more frequent blun-
ders made by control groups when using the MCDM
model was the use of vague or equivocal criteria
which, in turn, led to problems during the evaluations
of how well each alternative met the specified criteria.
We also noted a trend among control groups to rely
on onemember of the group to play the role of a leader,
teacher, or a facilitator for the others; one member
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seemed to dominate and serve as the person who an-
swered questions about the MCDM model or gave di-
rection to the others on how to proceed.

4. Conclusion
In contrast to prior studies of MCDM and MCDM
GDSS usability, we were able to show significant im-
provements in some outcomes when decision makers
were guided in their use of MCDM GDSS with cog-
nitive feedback and feedforward explanations. The au-
tomated guidance was implemented within a MCDM
GDSS which, like other MCDM GDSS technologies,
had been shown to be user-friendly (DeSanctis et al.
1994) but lacked the ability to yield important perfor-
mance advantages (Dickson et al. 1991, 1993). We
found that decisional guidance enabled groups to
achieve greater model understanding and more posi-
tive perceptions of decision satisfaction, decision qual-
ity, post-meeting understanding, depth of evaluation,
and comfort, respect and challenge with the technol-
ogy. Group consensus and confidence did not directly
improve with use of guidance. But our path analysis
suggested that decision guidance improved under-
standing of the MCDM modeling process which, in
turn, led to increases in consensus, decision quality,
depth of evaluation, post meeting understanding,
comfort, challenge, and respect. The mediating role of
model understanding was not as strong as we antici-
pated for some of the variables, especially group
consensus.
We leave it to future research to more fully explore

whether model understanding can, indeed, lead to the
range of objective and perceptual benefits that theory
would predict. Two posers for researchers are, first, as
Gregor and Benbasat (1999) point out, that learning
and performance are closely linked and nearly always
confounded; for example, it may be that a gain in con-
sensus or depth of evaluation is behavioral evidence
of greater learning about MCDM on the part of groups
using guidance. To conceptually and empirically sort
out the relationship between model understanding
and outcomes is complex to say the least. Second,
model understanding in the case of group decision
makers includes both cognitive and interactive com-
ponents and finding the ideal mix of these types of

support may be difficult. How much support and of
which sort will yield the greatest “payoff” in terms of
improved user understanding and outcomes? Our sat-
isfaction data suggest that significant improvements in
perceived value can be obtained, but a more thorough-
going study of the support-learning tradeoff may be
critical to the long-term success of intelligent expla-
nations systems.
There are, of course, important limitations that limit

the scope of our design work and our experimental
results. We incorporated guidance within one general
MCDM GDSS; we did not fully expound the ways in
which guidance might be added to more elegant or
varied groupware systems or MCDM models. We im-
plemented guidance only within an additive compen-
satory modeling approach. We tested the software on
one multicriteria problem, and we examined a limited
sample of student groups. The generalizability of our
guidance design approach to other software systems,
user populations, and problem contexts is yet to be
explored. Finally, our guidance approach included the
set of capabilities noted in Table 1. Future work might
endeavor to isolate the relative impact of these guid-
ance mechanisms across specific locations of the
MCDMmodel. In concert with prior literature (see Bal-
zer et al. 1989 for a review), we do not believe it worth-
while to focus on separating the effects of feedback and
feedforward in MCDM; existing research clearly
shows the need to combine these mechanisms in order
to enhance user understanding. Rather, the lurking is-
sue for further study is to identify at which points in
the modeling process guidance is most powerful in its
ability to enhance user understanding. If explanations
could be designed to focus on those critical junctures,
perhaps understanding of the modeling process could
be deepened and the time required to use modeling
systems could be reduced (rather than increased, as
was the case in our study). Given the time pressures
of modern organizational life, it seems critical that de-
cision modeling systems be viewed by potential users
as not only useful but efficient if they are truly to make
their mark in everyday settings such as group meet-
ings. The motivational “cost” of explanation facilities
is that they take time to use and apply (Gregor and
Benbasat 1999). Our system tried to limit user effort by
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making the explanations simple, automatic, and sup-
portive (rather than prescriptive). But to the extent that
learning can be further promoted without increasing
user time requirements, greater acceptance of MCDM
might result.
To conclude, our study is preliminary but offers the

following contributions: It bridges research in knowl-
edge-based explanations for DSS with GDSS research.
It provides operationalization of the decisional guid-
ance construct in the complex setting of MCDM and
GDSS. It provides further evidence for Dhaliwal and
Benbasat’s (1996) conjecture that cognitive feedback
and feedforward explanations can jointly improveDSS
success if they promote greater user understanding of
underlying decision models, and it bolster’s Gregor
and Benbasat’s (1999) view that supportive, multime-
dia, and case-specific explanations can reduce cogni-
tive load and thereby foster greater usability of intel-
ligent explanation systems. Our study moves GDSS
beyond the study of human interventions for improv-
ing user outcomes (e.g., facilitation) into the realm of
machine-based interventions to support group inter-
action and decision making and demonstrates the po-
tential value of research on intelligent assistants to en-
hance MCDM success. Given the rather dismal state of
affairs in the current literature with regard to usability
of MCDM in general and MCDM GDSS in particular,
further development and experimentation with the
guidance concept would appear to be worthwhile.
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