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desirability profiles and are rigid in their preferences, then
the optimization process cannot converge on a solution.
However, too much similarity between stakeholders’
desirability profiles means that there is not sufficient
variation between stakeholders’ preference scores and the
optimization process will have difficulty selecting the
optimal set.

Whether the expected consensus method leads to the
selection of the most appropriate compromise solution for
multiple stakeholders depends upon the specifics of the
data. In the example studied, the maximum expected
consensus was achieved by a single decision-maker
bearing all the compromise; this may not be agreeable in
a real-life situation.

This research used simplified desirability functions to
model the preferences of multiple stakeholders. However,
the desirability function can take the form of any
mathematical function where a criterion value maps to a
single probability of acceptance. Small changes in the
desirability profile of a single stakeholder can lead to
significantly different results, so it is important to focus
on accurately defining the desirability function.

Scaling up the problem to include more criteria is feasible.
Adding criteria will have only a modest increase in
processing time, due to a function call to determine the
score for each criterion; obviously, that depends on the
complexity of the function. However, increasing the
number of decision-makers included in the problem will
increase the number of criteria to be optimised, hence that
will have a significant impact on processing times.

To conclude, if stakeholder preferences are not
incorporated prior to the search, then the process risks
rejecting combinations that meet one or more preferences
because they are sub-optimal; those discarded options
may have other desirable features, such as fulfilling a
preference for a specific design. Conversely, focusing on
desirability may jeopardise achieving performance
targets.
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