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A B S T R A C T

There is a growing demand for public participation in environmental decision-making. However, it is unclear
how a large number of citizens can best engage in such complex public policy decision processes. This need from
the civil society challenges the OR community to develop online decision-making tools. This article reports on a
feasibility assessment of swing weight elicitation, implemented online, for real-world decisions about future
wastewater infrastructure. Eliciting weights with the swing method is common in MAVT/MAUT, but not online.
A total of 298 affected citizens from the Paris region answered the online swing weight elicitation survey.
Another 357 citizens directly rated objectives. Three aspects of learning in the context of MCDA were considered:
did participants learn facts about the wastewater topic? Did they comply with the swing elicitation process, i.e.
follow the instructions? Did participants learn about their preferences? Factual learning was limited. Process
compliance was really low (12%), leading to a number of recommendations for improving the interface for
online swing weight elicitation. The collected preferences differed statistically significantly between the com-
pliant and non-compliant participants, and also between the non-compliant and direct rating respondents. This
emphasised the effect of the elicitation method on preference construction. Moreover, more participants ex-
perienced a strengthening of pre-existing opinions than a change in opinion, and most reported being uncertain
about their answers. This calls for better understanding process learning and preference construction. We discuss
our developed procedure for online swing weight elicitation, recommend ways to improve swing online surveys,
and suggest interesting future research lines that would allow empirically verifying our propositions.

1. Introduction

1.1. Environmental MCDA needs to be more participatory

The demand for public participation in public policy in general
[1,2], and in environmental decision-making in particular, is growing
[3–8]. Citizens want their opinions to affect decision-making, as op-
posed to being solely informed [9]. For some academics, social parti-
cipation is essential for the success of sustainability policies [10]. The
literature discusses many reasons to justify increased public engage-
ment, from instrumental to normative rationales [11]. One argument is
that including more – informed – people (public and stakeholders)
improves the outcomes of the decision-making process [5]. In parti-
cular, citizen engagement broadens the range of opinions so that po-
tential conflict lines become more obvious [12,13]. User involvement,

or citizen engagement, can also increase public acceptance of the de-
cision [7,14], and thus facilitate implementation, as it contributes for
instance to legitimize an innovative sustainable alternative. Other
presumed contributions are found in the comprehensive recent review
by Baker and Chapin [11] and are listed hereafter. Participation can
increase efficiency of decisions (e.g. cost effectiveness), promote col-
lective action, adaptive capacity, and community development, in
particular through social learning. It can also deepen democracy, and,
in some cases, it fulfils agency mandates [11]. Obviously, participation
is not a remedy for “all” public policy and environmental decision is-
sues [5], and it may come with additional costs [15]. However, there
are many cases where stronger public engagement is highly justified.
This call for increased participation is challenging the decision analysis
and environmental management communities, who need to adapt their
practices to meet the demand [16–18]. In other words, formal decision-
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making methods should be adapted to meet the specific requirements of
engaging a large number of people.

In this article, we focused on such an adaptation of the structured
participatory process of Multi-Criteria Decision Analysis (see
Introduction to MCDA, Section 1.2). Specifically, we aimed to collect
preferences – in terms of the relative importance given to objectives
(Introduction Section 1.3) – from many affected citizens. Concurrently,
we evaluated the feasibility of the developed online survey, based on
three aspects of individual learning in MCDA (Introduction
Section 1.4).

1.2. Some MCDA (MAVT) theoretical inputs

Multi-Criteria Decision Analysis (MCDA) and Value-Focused
Thinking (VFT) are commonly used methods for complex environ-
mental decision-making [19–21]. They are a transparent way to deal
with issues involving difficult trade-offs and potentially conflicting in-
terests [e.g. [22] and references therein]. The problem is framed, and
structured into a set of objectives j. Various alternatives i are identified
and how they perform for each of the objectives is estimated (aij). Then,
subjective preferences are elicited. This enables to aggregate the per-
formance of each alternative for each objective aij. These subjective
preferences include, for instance in Multi-Attribute Value Theory
(MAVT), the marginal value functions for each objective vj, the weights
given to each objective wj, and the aggregation model. The marginal
value functions vj transform the attribute levels measuring the fulfil-
ment of objectives (or prediction a) of alternative i for objective j, aij,
(measured with a unit, e.g. Euro for “low costs”) to an interval scale
(e.g. 0 to 1). The weights w of objective j, wj, are scaling constants that
represent the relative importance of one objective relative to the others.
Last, given that the three axioms of simple and mutual preferential
independence and difference independence (or compensation) are met
[23], the additive aggregation model can be used to calculate the
overall value of alternative i, v(ai) [24,25]. Formally, the MAVT ad-
ditive model is:

=
=
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Eliciting the subjective preferences, including the weights, is one of
the main participatory parts of MCDA [23,25–27]. Face-to-face inter-
views or group workshops are the most common means to collect the
preferences of the stakeholders, and have been applied for many en-
vironmental decisions [19]. However, these direct interactions are
time-consuming and constrain the number of participants. To meet the
societal demand for more participation [5], MCDA practice has to
evolve. Online tools and civic tech for e-democracy allow a broad
public to participate in decision-making [9,28]. These tools and tech-
nologies make decision-making accessible to many and speed up the
elicitation [29].

1.3. Online swing weight elicitation needs real world testing

In the following, we focused on weight (wj) elicitation, because it is
a “crucial” step in MCDA that can strongly affect the results. It is cog-
nitively demanding, prone to biases, and to some extent method de-
pendant [26]. More specifically, we focused on the swing weight eli-
citation method, which belongs to the ratio weights procedures [26],
used in MAVT. The attribute weights wj are derived by normalising the
sum of given points so that the sum of weights equals one. Swing
weights describe the relative importance of the improvement of an
objective's attribute from its worst possible to best possible level,
compared to the improvement from worst to best of the other objec-
tives’ attributes [23]. The major advantage of swing weight elicitation,
compared to the trade-off method, is that it does not require knowing
the shape of the marginal value functions vj [23]. Others reported that

swing elicitation produced more stable weights compared to the smart/
swing variant [30]. In addition, when used in a hierarchical fashion,
swing weight elicitation minimises the occurrence of the equalising bias
[31].

Online swing weight elicitation has been experimentally tested in
the lab [29,32]. Authors suggest that “research should focus more on
the practical applications that tend to be more complex than simple test
tasks used in experiments” [29]. Others warn that unassisted weighting,
with a questionnaire, possibly online, may elicit weights that wrongly
reflect the opinion of the respondent [33]. To our knowledge, only one
real case application of unassisted online weight elicitation for complex
environmental issues exists [30]. Authors find it promising, but state
that more evidence is needed. Recently, there is a general call to in-
crease research on environmental decision-making processes in real-
world interventions [6,34–36]. Consequently, our study aimed at
testing the feasibility, i.e. the practicality and understandability, of
online elicitation of swing weights in a real-world application, from
affected citizens. Our study contributes to establishing good practice
guidelines.

1.4. Assessing weight elicitation tools

Many consider MCDA [10,22,33,37], or other operations research
tools and methods [38–41], as learning processes. In the context of
preference elicitation, when one considers that preferences are con-
structed [42], learning is implicit. Building on this literature and the
transformational learning theory for individuals [43], a framework for
learning in MCDA was proposed [18]. It considers preference con-
struction as a reflection on contents [43], composed of two aspects:
factual learning and preference learning. Factual learning consists of
discovering, understanding, and acquiring data about the system or
decision problem at stake. It contributes to reinforcing or changing the
internal representation of the problem. Preference learning consists of
valuing the various aspects of the problem. It contributes to strength-
ening or changing the preferences. In addition, Mezirow's process re-
flection [43] is interpreted in the context of preference construction as
learning about the tool, and/or method of elicitation, if not more
generally about a way to make a decision.

Thus, assessing the feasibility, i.e. practicality and under-
standability, of the online weight elicitation tool requires assessing
factual learning, preference learning and process learning. This led to
our three main research questions (RQ):

RQ1. Did participants learn facts about wastewater management
during the proposed online survey to elicit swing weights?

RQ2. Did participants follow the process instructions of the online
survey to elicit swing weights?

RQ3. Did participants learn about their preferences during the online
survey to elicit swing weights?

Another, more exploratory, research question emerged from a pre-
liminary analysis of RQ2. The results indicated that very few partici-
pants actually complied with the instructions. Because we had recruited
the participants through a panel survey company, we suspected that
they were accustomed to filling in marketing surveys, which mostly
consist of direct rating (according to the co-authors experience). Thus,
we formulated the fourth RQ as follows:

RQ4. Did the participants who did not comply with the process to
elicit swing weights perform a direct rating of objectives?

Section 2 of the paper introduces the methods. It includes a pre-
sentation of the online swing questionnaire, a summary of the case
study, the measures used for the assessment, and information about
data analysis. Section 3 reveals the results of the assessment. We discuss
results in Section 4: online survey to elicit swing weights is feasible, but
requires further research and development to design an improved in-
terface that reduces the encountered problems. Our conclusions are
summarized in Section 5.
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2. Materials and method

2.1. Design of the online interface to elicit swing weights

We summarize the purposes of the interface hereafter. First, the
interface should enable to elicit the weights from the respondents (i.e.
facilitate preference learning), and save the elicited weights in a data-
base. Second, in order to meet the prior aim, because the targeted au-
dience is laypersons, the interface should inform the laypersons about
the main decision issue, and the objectives to consider when deciding
how to address the main issue (i.e. facilitate factual learning). Third, it
should be compliant with the swing weight elicitation process, as de-
scribed in the textbooks e.g. [23] (i.e. facilitate process learning), and
follow the recommendations from the existing building code [44].
Fourth, it should improve a previous attempt by Lienert, Duygan and
Zheng [30]. They had faced the following inconsistencies: rating (i.e.
assigning weights) inconsistent with ranking of objectives, and rating of
the worst-case hypothetical alternative different from zero (where all
objectives are on their worst level and which should be zero according
to swing convention). They suggested using the inputs of the ranking
step to present the hypothetical alternatives in the right order for the
following rating step. In addition, we list some constraints that we were
facing. We had to develop the tool using a survey platform (no re-
sources for a stand-alone software). We chose the Qualtrics platform
(www.qualtrics.com, retrieved on 19.07.2018), as it was used for the
previous attempt [30]. The following part describes the survey in more
detail. For screenshots, please see the supplementary information
(Section SI 2a).

First, we introduced the aim of the survey, and emphasised why the
decision at stake was important and relevant for the participants. This
real decision concerning the wastewater infrastructure for Paris is de-
scribed in a separate paper [45]. The description of the first set of ob-
jectives, namely the objectives of the first branch of the objectives
hierarchy, followed. We consistently presented the following elements
for each objective: the objective name, its definition and an explanation
of why the objective is important, its attribute (in which dimension it is
estimated), the status quo in Paris today, the worst and best possible
predictions for the alternatives that are considered and what the ex-
pected impact for these values are. An English version of the survey text
is presented in the SI, and one example is given in Fig. 1. This in-
formative part targeted factual learning.

Second, the weight elicitation part followed (see screenshots in SI 2
and Fig. 2). As first step of weight elicitation, the dominated worst-case
hypothetical alternative was described (all attributes of the objectives
to be compared are at their worst level), and represented graphically. A
small image presented all objectives names, their measurement unit,
and their worst-case prediction (clearly signalled by an unhappy red

emoticon) in a table-like format. Hereafter, we refer to these table-like
images representing hypothetical alternatives as vignettes. Thereafter,
we introduced the swing hypothetical alternatives (with only one ob-
jective at the best level, and all others on their worst), again re-
presented with vignettes. They depicted in green the objective im-
proved to its best level, with a green happy smiley near the best-case
prediction achieved by this objective. This first step is an information
step. Second, the instructions asked the participants to order the vign-
ettes representing the hypothetical alternatives by dragging and drop-
ping in order of preference from the most preferred (at the top) to the
least preferred (at the bottom). The wording of the instructions em-
phasized that they were prioritizing the improvement of an objective's
attribute from its worst possible to best possible level, compared to the
improvement from worst to best of the other objectives’ attributes.
When the ordering of the vignettes representing the hypothetical al-
ternatives reflected their preference, the participants clicked next to
move on to the next page. In the third step of weight elicitation, all
vignettes representing the hypothetical alternatives were presented to
the participants in the order of their preference, including the worst-
case hypothetical alternative at the bottom. Each vignette was con-
nected to a slider. The most preferred hypothetical alternative at the top
received 100 points by default, the worst-case alternative at the bottom
0 points. The participants were asked to rate the hypothetical alter-
native(s) in between, by adjusting the slider according to their pre-
ference. The instructions explained that the rating had to be relative
(translation from originally French questionnaire): “Please consider the
relative importance. For instance, if you like a hypothetical alternative
half as much as another, it should have half the rating. You can give
equal rating if the hypothetical alternatives are equally good. As they
are ordered according to your preference, the top ones should get a
higher (or equal) rating.”

This swing process, consisting of (1) the informative part about the
objectives, (2) rank-ordering of vignettes representing the hypothetical
alternatives, and (3) relative rating, was repeated for each of the four
branches of the objectives hierarchy Fig. 3, branches B1 to B4). To
obtain the weights of the four upper level objectives, there was a fifth
swing process. This fifth swing process (later referred to as “Up”, for
upper level) considered the most important objective of each of the four
branches, i.e. one objective coming from each branch, specifically the
one with the highest weight within that branch. Participants were asked
a fifth time to (1) rank-order the vignettes representing the hypothetical
alternatives, and (2) rate them.

Practically, this required coding all the 24 possible combinations
(for an example, see SI 2b). Three colleagues carefully pre-tested the
usability of the survey, the wording of the instructions, and the coding
of all 24 combinations of objectives. Their feedback was integrated into
the tested version. Four native speakers proof-read the French transla-
tion of the survey text.

For comparative assessment, we developed an online survey with
direct rating of the objectives. This online survey mimicked the current
practice of non-MCDA surveys by asking for a direct rating of the ob-
jectives. There, the identical textual information about an objective was
presented, namely: the objective name, its definition and an explana-
tion of why the objective is important, its attribute (in which dimension
it is estimated), the status quo in Paris today, the worst and best pos-
sible predictions for the alternatives that are considered, and what the
expected impact for these values are. A slider allowing giving “im-
portance points” from 0 to 100 directly followed. The participants di-
rectly rated the lower level objectives. A single webpage displayed all
objectives of one branch only. This step-wise focus on only one branch
could have emphasized relative rating by comparing only the objectives
within this branch, although the instructions did not emphasize this.
We were able to use direct rating for comparison because it used the
same evaluation scale as swing (0 to 100).

Fig. 1. Example of description of the objective High possibility of swimming in
rivers”. This sub-objective belongs to the higher-level objective “High societal
well-being”. The description of each objective was presented to the participants
at the beginning of the survey. Note, the original survey language (and thus
text) was French.
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2.2. Summary of the case study

The authority responsible for wastewater management in Paris re-
gion is challenged to maintain a good management of urine and faeces
in the Grand Paris region in the future. Due to continuous population
growth and climate change, the current central wastewater treatment
plant is reaching its capacity limits. We conducted a stakeholder ana-
lysis and invited representatives of all parties to a problem-structuring
workshop in July 2016. Representatives of all parties (e.g. wastewater

engineers, city planners, authority representatives) joined to define the
objectives and generate alternatives. Only agriculture and health par-
ties were missing, as they declined the invitation. Another paper focuses
on the workshop and its outcomes [45]. After the workshop, we focused
on the wastewater authority's need: learning about what the affected
citizens value with help of online surveys, in order to make an accep-
table –and likely not contested– decision. To find out which alternative
(s) best meet the preferences of the citizens, we elicited the relative
importance of objectives, i.e. the weights given to objectives. This focus
on objectives is at the core of Value-Focused Thinking [25]. We aimed
to avoid decision-making based on heuristics, which typically occurs
when directly judging alternatives in a very complex case. We used the
two-level and four-branch objectives hierarchy presented in Fig. 3 (see
SI 1a for the description of the objectives). We used the elicited weights
to evaluate five alternatives, considered for new building areas around
Paris, namely a status quo alternative (centralised system as it is today,
alt.1), two urine source separation alternatives: one concentrated urine
(alt.2) and the other stored urine (alt.3), a vacuum system alternative
(alt.4), and a composting alternative (alt.5) (see SI 1b for complete
description of alternatives and SI 1c for the prediction matrix; more
details in [45]).

2.3. Participants

The decentralized alternatives to the status quo require different
toilets and a local processing of the wastewater (sometimes in the
buildings where people live and work). Thus, the decision on the future
wastewater management affects the inhabitants of the region, both
directly (as some alternatives will have effects on their daily life, e.g.
using different types of toilets) and indirectly (as the taxes they pay
fund the infrastructure).

In December 2017, 542 inhabitants from the region Île-de-France
were invited to answer the online survey to elicit swing weights by the
panel company MadeInSurvey (selected after a call) (fr.ma-
deinsurveys.com, retrieved on 19.07.2018), with quotas on gender, age
(from 18 to 74 years old), and socio-professional category in order to
represent the population of the region (see SI 3a-b). We used quotas to

Fig. 2. Swing weight elicitation. The three steps of swing weight elicitation and the corresponding sketches of how the interface presented the information, and
required actions from the participants. Screenshots of the interface are available in SI 2.

Fig. 3. The hierarchy of objectives for the Paris region case study on waste-
water infrastructure. The relative importance (weights) of the nine sub-objec-
tives was elicited from the citizens.

A.H. Aubert, et al. Operations Research Perspectives 7 (2020) 100156

4



reduce the selection bias due to the panel of the survey company. The
participants received a monetary incentive, according to MadeInSurvey
policy.

In December 2017, the same panel company invited to the online
survey with direct rating of objectives 544 inhabitants from the region
Île-de-France, following the same socio-demographic quotas as for the
online survey to elicit swing weights (SI 3c-d). No participant was in-
vited to both surveys. In total, 1′086 inhabitants from the Paris region
were invited.

2.4. Measures used for the assessment

RQ1. Did participants learn facts about wastewater management
during the proposed online survey to elicit swing weights? Factual
learning was measured thanks to a knowledge test answered before and
after the weight elicitation. There was one question per objective, some
being multiple choice questions [30] (SI 5a). The score summed the
number of correct answers: it varied from zero (no correct answer) to
18 (all correct answers were selected). We assumed that factual
learning occurs if the final knowledge score is higher than the initial
knowledge score.

RQ2. Did participants follow the process instructions of the online
survey to elicit swing weights? We used process compliance as a proxy
for process learning. Process compliance was measured by the fulfil-
ment of the three very explicit instructions, at each of the five steps of
the swing weight elicitation survey. These steps were: B1-B4 for the
sub-objectives of each of four branches of the hierarchy, and one step to
elicit the weights of the four upper-level objectives across branches (Up,
Fig. 3). The following three measures were used: Did participants in-
deed rate the most preferred hypothetical alternative (where most-im-
portant objective is on its best level, all others on their worst level) with
100 points? Did they rate the worst-case hypothetical alternative (all
objectives are on their worst level) with 0 point? Was the rating of the
hypothetical alternatives (i.e. numbers between 100 and 0) in ac-
cordance with the previously established rank-ordering of preference
(i.e. 1 = most important objective to improve, 2 = second most im-
portant … etc.)? These measures were 0/1 scales (not compliant/
compliant). Process compliance occurs if participants correctly follow
these instructions of the process.

RQ3. Did participants learn about their preferences during the on-
line survey to elicit swing weights? Given the lack of established pro-
tocols to measure preference learning [46], we answered this question
using three feedback questions. These questions were inspired from
literature on learning in MCDA [18], and the proposition that partici-
pants give greater confidence to constructed preferences [46]. Two
were yes-no questions. The first asked whether a change of opinion
regarding some of the objectives had occurred, and the second whether
the opinion regarding some of the objectives was strengthened. The
third question asked how certain the participants were about the an-
swers they provided.

RQ4. Did the participants who did not comply with the process to
elicit swing weights perform a direct rating of objectives? We compared
the structure of the weight distribution, based on the spread of weights
and the relationship of the mean weight received by the objective as a
function of its rank. These measures are explained hereafter.

Given the results on process compliance (RQ2), we split the sample
into two to calculate the weights. One sub-sample, termed “swing”,
contained the answers of those that complied with the concept of the
worst-case hypothetical alternative: it contained the answers of those
who gave this dominated alternative the lowest rating. The other “in-
valid swing” sub-sample gathered those answers that did not follow this
instruction, i.e. the worst-case hypothetical alternative (where all ob-
jectives are on their worst level) received a rating higher than at least
one of the other hypothetical alternatives with one objective at the best
level.

The weights for the swing sub-sample were calculated as follows.

First, we calculated local weights, i.e. normalised the ratings within
each branch by the sum of the ratings given to the hypothetical alter-
natives of the branch (so that within each branch, the sum of weights
equals 1). Second, we normalised the ratings at the upper level of the
hierarchy by the sum of ratings given to the hypothetical alternatives of
the upper level (so that at the upper level, the sum of weights equals 1).
Third, we calculated the global weights (so that the sum of weights of
the nine sub-objectives equals 1). This is formulated in Eq. (2).

=
= =

w
p

p
p

p
·r

r

i
m

i

R

j
n

j1 1 (2)

with wr the global weight of objective r, pr the rating given to the ob-
jective r (lower level in the hierarchy), m the number of objectives
within a branch, pR the rating given to the objective R (corresponding
to the upper level in the hierarchy), n the number of objectives at the
upper level (equals the number of branches).

Weights for invalid swing were calculated as follows: we normalised
the ratings given to the hypothetical alternatives by the sum of the nine
ratings given to the hypothetical alternatives, so that the sum of weights
of the nine sub-objectives equals 1 (Eq.3).
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with wr the global weight of objective r, pr the rating given to the ob-
jective r, o the number of lower level objectives.

We calculated the weights from the direct rating survey following
Eq. (3), normalising the rating given to one objective by the sum of all
the ratings.

Thereafter, we compared the invalid swing weight distribution with
the weight distribution from swing, and direct rating. First, we calcu-
lated the spread of weights, as the difference between the highest and
lowest weights. The spread of weight varies between zero (all weights
are equal) and one. We observed the proportion of participants who
gave equal weights (the spread of weights is zero), and the proportion
of participants whose spread of weights is above the threshold of 0.11
(this represents the weight received by an objective in a nine-objective
problem if the weights are equally distributed [47]). Second, we ob-
served the relationship of the mean weight received by the objective as
a function of its rank, as done in [47]. In particular, we calculated nine
independent t-tests to compare weights of each rank; we described the
shape of the non-linear curve representing the average weights as a
function of the rank; and we performed an analysis of variance with the
weights as dependant variable, the sample group was used as a be-
tween-participant factor, and the rank as a within-participant factor.
Participants from the invalid swing sub-sample were considered to have
performed a direct rating if the above-mentioned criteria describing the
weight distribution differed statistically significantly from the swing
weight distribution, and did not differ from the direct rating survey.
Table 1 summarises the research questions of this paper.

2.5. Data analysis

The statistical analyses were performed using R project for statis-
tical computing [48]. The tests used for each research questions are
described in the specific Results Section 3. They were performed with
alpha level of 0.05 and beta 0.95.

In addition, we controlled that the actual time needed to answer the
survey did not explain the number of unfollowed instructions (visua-
lizing the data, and performing a correlation analysis). Because this was
not the case, we were able to set a cut-off line of 15 min as minimum
required time (SI 4a). No respondents from the valid swing sub-sample
were faster than 15 min. It is also the reasonable time needed to read all
the text (description of the objectives, and the instructions).
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3. Results

3.1. Description of the population

In December 2017, 542 inhabitants from the Paris region were in-
vited to answer the online survey to elicit swing weights. The com-
pletion rate was 68% (number of completed answers: 365). This is
comparable with previous studies (e.g. 64% in Lienert, Duygan and
Zheng [30]). Of these, 67 respondents (18%) were removed for an-
swering the survey too quickly (less than 15 min; see Section 2.5). The
gender, age and socio-demographic distributions of the remaining 298
answers were representative of the regional statistics: none of the
Pearson's Chi squared test showed significant differences in the dis-
tributions between our population sample and the official statistics (SI
3a and SI 3b).

Also in December 2017, 544 inhabitants from the Paris region were
invited to answer the online direct rating survey, used for research
question 4. The completion rate was 79% (number of completed an-
swers: 431). Of these, for consistency with the swing survey, we re-
moved the 17% faster respondents (i.e. the 74 respondents who an-
swered in less than 11 min). This was justified by the facts that (1) the
descriptions of objectives were the same lengthy text to read, but (2)
there were fewer questions, and the questions were easier. The gender,
age and socio-demographic distributions of the remaining 357 answers
were representative of the regional statistics (analysed with Pearson's
Chi squared test as above SI 3a and SI 3c). The company providing
access to the panel guaranteed that no respondent answered both sur-
veys. The population samples of the swing and direct rating surveys are
similar in terms of gender, age, and socio-demographic distributions (SI
3d).

3.2. Factual learning

RQ1: Did participants learn facts about wastewater management
during the online survey to elicit swing weights? According to the
Wilcoxon statistical test for paired samples (Table 2), the hypothesis H0

(final and initial knowledge scores of the swing survey follow the same
distributions) was rejected. The final knowledge score was statistically
significantly higher than the initial knowledge score (about one point of
18 possible points). Respondents who answered the online survey to
elicit swing weights did learn about wastewater management. How-
ever, this learning is limited.

3.3. Process compliance

RQ2: Did participants follow the process instructions of the online
survey to elicit swing weights? During the first swing elicitation (step
B1 for objectives of branch “High natural environment protection”;
Fig. 3), at best half of the participants (50.3%) followed the instruction
that “the most preferred hypothetical alternative receives 100 points”
(Fig. 4). However, as worst case, only 23.5% followed the instruction
“the worst-case hypothetical alternative receives 0 point” in step B1.
The third instruction was followed by 38.9% of participants, namely
that “the rating of the hypothetical alternatives (i.e. assign numbers
between 100 and 0) should correspond to the previously established
order of preference (i.e. 1 = most important objective, 2 = second
most important … etc.).

In the following, we compared the percentage of participants who
followed each instruction at the first swing weight elicitation step (as-
sign weights to the sub-objectives within branch B1) and the last step
(Up; assign weights for upper-level objectives across all four branches).
At the fifth swing (Up; upper level objectives), 9.7% more participants
followed the instruction that “the most preferred hypothetical alter-
native should receive 100 points” (Fig. 4, plain line) than at the first B1
step. This instruction implies that the participant did not modify the
default value set to 100 for the most preferred hypothetical alternative.
Equally, 9.7% more participants followed the instruction that “the
worst-case hypothetical alternative should receive 0 point” at the last
step compared to the first step (Fig. 4, long dashed line). This instruc-
tion implies that the participant did not modify the default value set to
0 for the worst-case hypothetical alternative. Note that these 9.7%
participants are not systematically the same as for the instruction

Table 1
Summary of the research questions (RQ), and the data used to answer them.

Research questions Assessment Data considered

RQ1 Did participants learn facts about wastewater
management during the proposed online survey to
elicit swing weights?

Factual learning occurs if the final knowledge score is higher than the initial
knowledge score.

Swing survey (N = 298)

RQ2 Did participants follow the process instructions of the
online survey to elicit swing weights?

Process compliance occurs if participants correctly followed the three
instructions of the process.

Swing survey (N = 298)

RQ3 Did participants learn about their preferences during
the online survey to elicit swing weights?

Preference learning occurs if the three self-reported answers indicated that
this was the case.

Swing survey (N = 298)

RQ4 Did the participants who did not comply with the
process to elicit swing weights perform a direct rating
of objectives?

Participants were considered to have performed a direct rating if (1) the
weight distribution statistically significantly differed from the one of swing
and (2) if there was no statistically significant difference with direct rating.

1. Sub-sample “invalid swing” of
the swing survey (N = 262)
2. Sub-sample “swing” of the
swing survey (N = 36)
3. Direct rating survey (N= 357)

Table 2
Factual learning.

Swing (total, N = 298) Swing “valid” (N = 36) Swing “invalid” (N = 262)

Min Med Mean Max Paired Wilcoxon test Min Med Mean Max Paired Wilcoxon test Min Med Mean Max Paired Wilcoxon test

Initial KS 0 9 8.7 17 V = 6123
p<.001

5 12 10.7 15 V = 72
p<.001

0 9 8.4 17 V = 4746.5
p<.001

Final KS 0 10 9.7 17 4 13.5 12.2 16 0 10 9.4 17
Difference KS −7 1 1.1 8 −5 1 1.5 7 −7 1 1.0 8

Wilcoxon test between difference KS from swing “valid” and swing “invalid”: W = 5477, p-value = 1.1e-1 (n.s.).
KS = Knowledge score. KS varies between 0 and 18. Difference KS equals final KS minus initial KS. Difference KS varies between −18 and 18. Min = minimum;
Med = median; Max = maximum; p = p-value; n.s. = non-significant.
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“preferred = 100″. Finally, 15.4% more participants followed the in-
struction that “the point allocation (rating) should be consistent with
the order of preference (ranking) of the hypothetical alternatives” at the
last step, compared with the first (Fig. 4, dotted line). The instruction
implies that, for instance, an alternative that was ranked in the third
position does not receive more points than the alternative ranked in the
second position. Overall, considering each instruction separately, more
participants were able to follow the instructions at the last step than at
the first step. This suggests that participants did learn about the process.

However, the cumulative number of participants following all three
instructions together, which was already very low at the start (11.1% in
step B1), kept decreasing (Fig. 4, dash-dotted line). At the end, only 14
participants (4.7%) were able to follow all three instructions for all the
five steps of the entire swing weight elicitation. In addition, 262 par-
ticipants (87.9%) gave answers that do not make sense, i.e. they rated
at least once at the lower level (steps B1-B4) the dominated worst-case
hypothetical alternative (with all objectives on their worst levels) higher
than one of the other hypothetical alternatives, with one objective at
the best possible level. Consequently, in the following, we defined two
sub-samples: the “invalid swing” sub-sample composed of these 262
participants, and the “(valid) swing” composed of the remaining 36
participants.

3.4. Preference learning

RQ3: Did participants learn about their preferences during the on-
line survey to elicit swing weights? Overall (N= 298), 151 participants
(50.7%) reported that they changed their opinion concerning some of
the objectives during the survey, and 207 (69.5%) reported that they
strengthened their opinion concerning some objectives. However, many
participants reported that they were very uncertain about their an-
swers: on a scale from 0 extremely uncertain to 100 extremely certain,
the answers ranged from 1 to 64, with a mean of 22.5, a standard de-
viation of 20.2, and a median of 28. Thus, although we collected pre-
ferences, we must conclude that we cannot be very sure of how well
they represent the participants’ opinions.

3.5. Is invalid swing a direct rating process?

RQ4: Did the participants who did not comply with the process to
elicit swing weights perform a direct rating of objectives? The answer is
yes and no: the results for the “invalid swing” participants were always
in between those of the participants that correctly carried out the swing
survey, and those that filled in the direct rating survey. In other words,

we observed a succession in the results from all statistical tests starting
with swing, over invalid swing, to direct rating.

Specifically, the spread of weights for individual weight profiles was
statistically significantly larger in the swing (mean = 0.14,
median = 0.11) than in the invalid swing (mean = 0.10,
median = 0.08) (Wilcoxon rank sum test with continuity correction:
W = 3363.5, p-value = 5.3e-3). No participant from the group that
correctly used the swing weighting gave equal weights (spread of
weight = 0), while in the invalid swing group, 2.3% gave equal
weights. Note that a post hoc analysis (for Fisher's exact test, carried out
with G*Power 3.1.9.4) showed that the power is very low (1 –
β = 6.2e-8), suggesting that due to the difference in sample size the
results may not be conclusive. Additionally, in the swing group, 52.8%
had a spread of weights equal to or higher than 0.11, while in the in-
valid swing only 37.4% had a spread of weights equal to or higher than
0.11. The results for the direct rating group were even lower in these
measures than those of the invalid swing group. In the direct rating
survey, the mean spread of weight was 0.06 (median = 0.06), a higher
number of participants, i.e. 7.3% gave equal weights, and only 13.4%
had a spread of weights equal to or higher than 0.11. The spread of
weights for individual weight profiles differed statistically significantly
between the invalid swing and direct rating groups (Wilcoxon rank sum
test with continuity correction: W = 3406, p-value<0.001).

We also observed differences in the structure of weights distribution
in the relation between the average weight and the rank (Fig. 5). For
swing, the relation was concave and relatively steep (collapsed, de-
scribed by the equation in Table 3). In contrast, the relation was slightly
convex and less steep for the invalid swing group (Fig. 5 and Table 3).
These curves illustrate that in swing, the difference of weights between
two consecutively ranked objectives was higher for the first ranked
objectives than for the last ranked objectives. For the invalid swing, the
difference of weights between two consecutively ranked objectives was
higher for the last ranked objectives than for the first ranked objectives.
Note, that similar, but less pronounced, results are observed in the re-
lations between the median weight and the rank (SI 4c). These ob-
servations were further supported by the nine independent t-tests
comparing the weight distributions for each rank (Table 4). The ob-
servations were also supported by the analysis of variance performed
with the groups swing and invalid swing as between-participants factor,
and the rank as within-participant factor. As expected, there was an
effect of rank (F(8,2368)=491.6, p<.001), but there was also an effect
of the interaction group with the rank (F(8,2368)=13.47, p<.001).

The relation between the average weight obtained from the direct
rating survey and the rank was convex, with a negligible slope (Fig. 5,

Fig. 4. Process compliance in the online survey to elicit swing weights. Percentage of participants (N = 298) who followed the instructions of the survey. B1-B4:
weight elicitation within each branch of the objectives hierarchy (B1 has three objectives, and B2-B4 have two objectives; Fig. 3). Up: elicitation of weights for the
upper level-objectives (four upper-level objectives: the most preferred one from each of the four branches). (SI 4b for numerical data).
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Table 3). The shape of the relation was similar to the one of the invalid
swing, however “flatter”. The nine independent t-tests comparing the
weight distributions for each rank (Table 4) supported this visual ob-
servation with statistically significant results. Additionally, the analysis
of variance performed with the groups direct rating and invalid swing
as between-participants factor, and the rank as within-participant factor
again confirmed the statistical difference between the survey types:
again, the rank explained some difference in the variance (F
(8,3200) = 947.92, p<.001), and the interaction rank – survey type as
well (F(8,3200) = 18.55, p<.001).

As summary: the weights from the invalid swing group were less
spread than those of the group that correctly carried out swing weight
elicitation. The weights elicited with the direct rating survey resulted in
even less “strong” preferences, i.e. an even lower spread of weights than
in the invalid swing group and more equal weights. Moreover, the re-
lation between the average weight and the rank was convex in both the
invalid swing group and the group that completed the direct rating
survey, consistently with the point allocation curves described by
Doyle, Green and Bottomley [47]. In contrast, the swing group had a
relatively steep and concave relationship between weights and ranks.

4. Discussion

4.1. Answers to our research questions

Our results indicate that participants who answered the online
swing surveys somewhat learnt facts about wastewater, but only to a
limited extent (RQ1, Table 2). The knowledge score was statistically
significantly higher at the end of the survey than at the beginning in
both groups. However, an improvement of 1 point (out of 18) hardly
indicates substantial factual learning (Table 2). We also found that the
participants poorly complied with the instructions of swing weight
elicitation process (RQ2, Fig. 4), suggesting low to no process learning.
The statistically significant differences in weight patterns between the
respondents that complied with the instructions and those that did not,
and those that completed the direct rating survey, do indicate that we
elicit “something different” with swing (RQ4, Fig. 5, Tables 3 and 4).

However, we still need to understand better in which way a method
such as swing supports preference learning in a more suitable way than
direct rating [23]. Concerning preference learning (RQ3), half of the
swing participants reported that they changed their opinion concerning
some objectives during the survey, and 70% that they strengthened
some of their pre-existing opinion. However, the participants were
highly uncertain about their answers, leading us to conclude that we
cannot be very sure of how well these preferences represent the parti-
cipants’ opinions. This uncertainty can also be due to the low under-
standing of the swing process. The weights expressed by the partici-
pants who correctly carried out swing were relatively strongly spread,
which indicates more contrasted preferences, especially compared to
those participants that carried out the direct rating survey. Those par-
ticipants that did not comply with the swing instructions for weight
elicitation had preferences somewhere in between the patterns ob-
served for the “correct” swing and the direct rating group (RQ4, Figs. 4
and 5, Tables 3 and 4).

A disappointing result is that process compliance was low, and that
many participants were not able to follow basic instructions such as
giving 0 points to the obviously worst-case hypothetical alternative,
where all objectives are on their lowest level (RQ2; Fig. 4). As positive

Fig. 5. Spread of weights for the “swing” group (left panel) and the “invalid swing” group (middle), and those who received the direct rating survey (right). The
distributions of weights from the highest ranked (R1) to the lowest ranked (R9) objectives are represented with boxplots. The superimposed lines represent the mean
following the representation of Doyle, Green and Bottomley [47].

Table 3
Non-linear curves representing the average weights as a function of the rank. This table accompanies Fig. 5.

“Swing” group (N = 36) “Invalid swing” group (N = 262) Direct rating (N = 357)
Equation Weight = 0.217 – 0.0294 rank + 0.001 rank2 Weight = 0.169 – 0.0060 rank - 0.0006 rank2 Weight = 0.137 – 1.2e-3 rank - 6.2e-4 rank2

rank rank2 adjusted R2 Rank rank2 adjusted R2 rank rank2 adjusted R2

t(6) −10.974 5.031 0.9898 −5.630 −5.671 0.99 −1.2 −6.4 0.99
p-value <0.001 2.38e-3 <0.001 1.34e-3 1.29e-3 <0.001 0.29 <0.001 <0.001

Table 4
Comparing the weights per rank for invalid swing with swing and direct rating.
n.s. = non-significant.

Swing vs. invalid swing Direct rating vs. invalid swing

t df p-value t df p-value

Rank1 3.78 37.6 <0.001 −7.22 445 <0.001
Rank2 2.14 38.7 3.87e-2 −8.05 432 <0.001
Rank3 −0.908 46.2 3.69e-1 (n.s.) −7.00 411 <0.001
Rank4 −2.92 49.9 5.30e-3 −6.07 387 <0.001
Rank5 −2.58 40.2 1.38e-2 2.4 415 1.68e-2
Rank6 −2.54 39.3 1.51e-2 5.41 408 <0.001
Rank7 −3.65 41.5 <0.001 6.47 467 <0.001
Rank8 −1.53 50.0 1.32e-1 (n.s.) 6.58 437 <0.001
Rank9 −0.478 49.7 6.35e-1 (n.s.) 6.77 488 <0.001
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result, the number of participants that complied with each of the in-
dividual instructions increased from the first weight elicitation step
(B1) to the last step (Up) by 9.7% to 15.5% (depending on the in-
struction), so some process learning did occur. However, over the entire
survey, from weight elicitation in the first branch to weight elicitation
at the upper-level of the hierarchy, the cumulative number of partici-
pants following all three instructions together, which was already very
low at the start (11.1% in step B1) decreased to 4.69% at the last step
(Fig. 4). It indicated that some participants, who complied with the
instructions at the start, did not comply with the instructions at a later
step. Such problems in following the instructions were already reported
in the previous online survey to elicit swing weights [30, SI], and we
had made large efforts to improve the survey interface based on these
experiences. This confirms that unassisted online weight elicitation is
not easy [33]. It highlights that there is a real need to program better
interfaces to elicit swing weights online, if we (decision analysts) want
to meet the praxis demand. Online survey to elicit swing weights – as
we did it – was practically feasible, but not well understandable for
laypersons. We believe that our study gives interesting insights, al-
lowing us to formulate in which ways we can progress both for im-
proving the design of an online interface to elicit swing weights
(Section 4.2) and for future research (Section 4.3).

4.2. Recommendations for future online swing weight elicitation

Our first recommendation for future surveys is to enhance factual
learning (RQ1), as participants only increased their knowledge score on
average by about one point. For this purpose, tools need to be devel-
oped and tested in practical applications. They should be grounded in
theory, for instance using practical outputs for instructional design from
the research on education and science communication [e.g. 49,50].
Finding the right balance between reducing the text while retaining the
necessary information is challenging. The low factual learning observed
in our results could also be due to the experiment design: when re-
peating the knowledge questions at the end, we displayed the partici-
pant's initial answers by default. We made this choice because of the
length of the survey: our aim was to help the participants. However,
this might have created some kind of anchor to the initial answers,
particularly if the participants were fatigued at the end of the survey.

Second, the observed low compliance with the instructions for the
swing weight elicitation was a striking result (RQ2). Few participants
(14, i.e. 4.7%) did follow all of the instructions of the process, but the
majority did not (284 respondents, i.e. 95.3%). The previous study
applying online swing also reports such issues [30]. There, the authors
propose to ignore the inconsistencies in the responses (i.e. rating in-
consistent with ranking, rating of the worst-case hypothetical alter-
native different from 0), if the worst-case hypothetical alternative still
receives the lowest rating of all hypothetical alternatives. They report
removing 74 answers out of 199 fully completed surveys (37% re-
moved, in the first round of the public survey). In our case, only 36
respondents (12.1%) rated the worst-case hypothetical alternative as
the least preferred alternative. This would lead to the deletion of 87.9%
of the dataset. Hereafter, we reflect on the interface we proposed.

We aimed to improve the previous interface developed with the
standard Qualtrics package [30]. In particular, (1) in the ranking phase,
participants could drag and drop the vignettes in their preferred order,
instead of writing a number (the rank) in an open box; (2) in the rating
phase, participants could see the vignettes ordered according to the
rank that they gave, which was not the case in the previous version and
was suggested as a cause for the high inconsistency; and (3) in the
rating phase, participants used sliders to rate, instead of writing a
number (the rate) in an open box. However, these changes were not
sufficient. We recommend implementing the following additional fea-
tures when programming an online survey to elicit swing weights. (1) In
the rating phase of the elicitation, not only set the default values of 100
for the most preferred hypothetical alternative, and 0 for the worst-case

hypothetical alternative, but fix them (make it impossible for the par-
ticipants to change the default values of 0 and 100). (2) In the rating
phase of the elicitation, do not enable that a lower-ranked hypothetical
alternative receives a higher rating than a higher ranked alternative.
This means that the slider used for rating (i.e. for giving points between
0 and 100) must automatically stop as soon as it reaches the rating
points given to the higher-ranked hypothetical alternative (please note,
we already implemented this feature in a prototype for gamifying on-
line weight elicitation to collect reliable preferences [18]). In addition,
or alternatively, display a warning message in case of equal ratings. The
message would point out that the ratings of the lower-ranked hy-
pothetical alternative are now equal to the alternative on the next-
higher rank, and that the rating can be increased only if the rating of the
higher-ranked hypothetical alternative is increased. The warning mes-
sage could also offer the option to repeat the ranking of the hypothe-
tical alternatives in case the participants realise while rating that the
ranks do not reflect their preferences after all. (3) Improve the wording
of the instructions to make them more prominent, and find the balance
between giving sufficient information and examples, and too long and
complicated text [44]. This would reduce the risk of tiring the parti-
cipant, and could make the instructions more understandable. Instruc-
tional design should reduce extraneous cognitive load (load created by
external interacting elements), and if possible increase the proportion
of germane cognitive load (devoted working memory resource) [51].
For instance, the introduction could include a short video explaining
the swing weighting process [16]. Alternatively, it should include a
“training task” to introduce thinking in terms of preference, followed by
a “practice task” to train thinking in term of preferences applied to a
familiar topic, as suggested by Anderson and Clemen [46]. (4) Finally,
the system should be interactive and ask validation questions, such as
consistency check questions, and provide feedback [33,44]. However,
such an automatized, personalized procedure requires much more
programming than what we have done so far in our surveys. The default
standard options in Qualtrics are not sufficient, and presumably, a more
flexible program to code surveys is required. For future research, we
strongly recommend setting-up and pre-testing different interfaces be-
fore programming the actual survey. Additionally, it is highly re-
commendable to test different design interfaces in controlled experi-
ments.

The two other research questions (RQ3 and RQ4) did not directly
lead to recommendations for future online swing weight elicitation.
Thus, we discuss them in the next sections.

4.3. Raised research questions

Our results to RQ2 about process compliance not only led to the
above list of recommendations, but also raised a series of questions that
future research could address. In particular, we observed that the in-
struction “the point allocation (rating) should be consistent with the
order of preference (ranking) of the hypothetical alternatives” dis-
played the steadiest increase in compliance along the steps of the swing
weight elicitation process, with a surprising, substantial drop from the
fourth to the fifth step (Fig. 4, dotted line). This sudden drop in the
instruction compliance could be an effect of the number of objectives:
branches B2 to B4 had only two objectives, while at the highest level of
the objectives hierarchy, participants needed to express trade-offs be-
tween four objectives simultaneously (Fig. 3). The number of objectives
considered simultaneously by the decision-maker was already reported
as a factor for inconsistency between preference statements, e.g. by
Pöyhönen and Hämäläinen [29]. Future research could focus on rig-
orously investigating the effect of the number of objectives, in order to
make best practice recommendations.

In addition, two partially compensating phenomena seemed to
occur. We observed that process compliance increased if we considered
each instruction individually (Fig. 4). However, the cumulative process
compliance curve kept decreasing. What can this mean? One possible
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explanation is that those who complied with the instructions at first
might have become tired, and made mistakes towards the end. Future
research could monitor those two phenomena at each step (process
compliance vs. fatigue), in order to understand what is happening.

More generally, experimental research could focus on the under-
standability and the concrete design of the process. For instance, one
could test how well participants understand the vignettes representing
the hypothetical alternatives, including the dominated worst-case al-
ternative, where all objectives are on their worst level, e.g. versus more
simple graphs. That would inform us of whether participants under-
stand the proposed graphical representation, and what a dominated
alternative is. In addition to experimentally testing the vignettes
themselves, research could focus on the manipulation of those vign-
ettes. Is drag and drop of vignettes in a list the best design for ranking,
in comparison to, for instance, drag and drop from a first list to a second
list, or assigning a rank number in a text box, or assigning a rank
number in a matrix, etc.? Similarly, rating could be done by other
means than sliders. To address these points, the literature on survey
design could be useful [e.g. 52,53]. Moreover, future work could focus
on how participants perceive the survey, in relation to their personal
characteristics (e.g. age, level of systems intelligence [54], etc.).

We had used process compliance as a proxy for process learning.
Specifically testing for process learning would have required devel-
oping additional targeted test and self-reported questions in the feed-
back part of our already long survey. We encourage further experi-
mental research, as opposed to our real-world application, to
investigate along those lines, building up on the literature on measuring
constructed preferences [44,46]. Practically, studying the process of
weight elicitation itself could be achieved by, for instance, asking
participants to comment aloud on what they are doing or thinking
while completing the survey, i.e. using think-aloud protocols [55]. A
simpler approach would be to develop a post-questionnaire aimed at
unravelling the participants’ behaviour during the swing survey. These
studies would enable us to assess if the preference reversal observed
between the ranking and the rating phase is a real phenomenon, as
known from the behavioural economics literature [e.g. 56], or if it is
solely a consequence of a lack of attention or tiredness of the partici-
pants.

Addressing those questions would also help to better assess pre-
ference construction [57], going beyond the measure of constructed
preference [44]. In particular, understanding why participants did not
comply with the instructions would inform us about how to deal with
the collected data to calculate the weights. Did they lower the rating of
the most preferred alternative by mistake? Or did they mean to do so
because they were considering a global scale [58]? Would it make sense
in that case, to rescale the ratings, e.g. stretching the whole set of rat-
ings so that the highest rating equals 100? Note, that this would sys-
tematically contribute to an increased spread of weights. We observed a
statistically significantly stronger spread of weights amongst those
participants that used swing than those of the “invalid” swing and the
direct rating group (RQ4). More in-depth studies concerning the spread
of weights in general might be informative, since it is known that the
spread of weights can vary amongst elicitation procedures, and that e.g.
AHP can cause a larger spread [29], but possibly also the smart/swing
variant, compared to swing [30]. It would also be interesting to esti-
mate how much of the spread of weights is produced by the hierarchical
weighting procedure.

Thus, we need theoretical work that investigates how to measure
the construction of preference. Developing standardized protocols to
measure the process of preference construction would help decision
science to progress. It would help disentangling whether the observed
spread of weights is actually due to methodological choices (e.g. elici-
tation method, hierarchical elicitation technique, calculation to trans-
form the ratings into weights, etc.), or actually represents the persons’
preferences.

Moreover, the theoretical work on preference construction could

also investigate whether and how tasks perceived as more demanding
would enable respondents to construct and stabilize preferences more
rapidly than tasks perceived as less demanding (e.g. online swing
weight elicitation vs. direct-rating), as suggested by Hoeffler and Ariely
[59], but challenged by our results. That would be a first step in at-
tempting to explain RQ4, where our results suggest that participants
who did not comply with the swing instructions seemed to have done
something more similar to direct rating.

All the above suggestions indicate that there are many opportunities
for exciting – and relevant – research. We think that both controlled
field studies and well-design experimental lab research can be espe-
cially interesting for the young field of Behavioural Operational
Research (BOR) [60,61].

4.4. Limitations of the present study

The present study assessed an online survey to elicit swing weights,
developed on a basic commonly used survey platform. It focused on the
swing method (commonly used in MAVT/MAUT), and was constrained
by the supporting platform. In addition, because it was a real-world
application with affected citizens, the experimental design was limited.
Thus, criticism is legitimate. Most likely, the weakest point is the lack of
proper measures to assess preference learning (RQ3), and process
learning (RQ2). One could also point out that our measure of factual
learning (RQ1) as a pre- and post-knowledge test would rather be an
assessment of the short-term memory. Finally, the recruitment of the
participants through a panel company may also induce some biases.
However, our aim matched those limitations: we aimed to test the
feasibility, i.e. the practicality and understandability, of the proposed
online interface to elicit swing weights in a real-world application. We
hope that reporting on the weaknesses and the negative results con-
tributes to (1) overcome publication and confirmation biases [62,63],
which can lead to overrate treatments and distort results of meta-ana-
lyses, (2) establish good practice guidelines (or at least many re-
commendations), and (3) emphasize research opportunities.

4.5. Reflecting on using online swing to increase citizen participation

As presented in the introduction, praxis is demanding increased
engagement of citizens for dealing with complex environmental issues.
In order to do this, we need some way of understanding the public's
preferences. Two aspects are specific to using online swing weight eli-
citation, as a means to increase citizen participation [64]. First, citizens
are confronted with Value-Focused Thinking [25], i.e. they need to
think in terms of trade-offs between objectives. This differs from most
real-world decision-making, where citizens express their preferences for
alternatives, for instance by voting for or against a solution in a public
referendum (consultative mode). Second, when using online swing
weight elicitation, there is a two-directional exchange between the ci-
tizens and the initiator of the survey, i.e. the initiator communicates
facts concerning the environmental decision problem, and the citizens
share their preferences. However, “it is very possible that the ‘in-
formation’ displayed on a DSS [Decision Support System] does not truly
inform the user”, as suggested by French [9]. French goes on ques-
tioning whether the computer actually supports the participants cog-
nitively in their task, and whether completing this task supports the
overall decision-making process. We thus need to reflect (and test) good
ways to inform users.

We believe that a careful, well-designed use of MCDA methods,
including swing weight elicitation, can address such problems re-
garding broad public participation via online DSS. Through the use of
online swing weight elicitation, a structured decision-making process
could not only emphasize the depth of the process (information on the
problem, knowledge, and values are thoroughly considered) [64], but
also its breadth (many participants can take part in the process). Online
elicitation processes allow a large number of people to be involved.
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However, many meta-choices are required to develop the functional
interface [65]: these are still challenging researchers and practitioners.
Finally, Table 5 summarizes possible advantages and disadvantages of
an online process, versus face-to-face involvement (in individual in-
terviews or group workshops).

5. Conclusion

Our present study aimed to assess the feasibility, i.e. the practicality
and understandability, of eliciting swing weights through an online
interface, in a real-world application with affected citizens. We im-
proved a previously developed interface. We assessed the feasibility,
based on three aspects of learning in the context of MCDA: individual
factual learning, process compliance (following the instructions), and
preference learning. In total, 655 inhabitants from the Paris region
answered our online surveys to elicit swing weights, or to directly rate
objectives for comparison purposes. While some factual learning oc-
curred, it was limited. The proportion of participants not complying
with the swing process was very high, as observed in a previous real-
world attempt for online weight elicitation [30]. Participants answering
the online swing weight elicitation survey who complied with the in-
structions had more pronounced preferences (the weights were more
spread), compared to those that did not comply with the swing in-
structions, and especially those that answered the direct rating survey.
A majority of the participants reported that they had changed or
strengthened their existing preferences during the survey to elicit swing
weights, which indicates that some preference learning occurred.
However, because they also stated that they were uncertain about their
answers, we are unsure of how well these elicited preferences represent
the participants’ opinions.

Encountering the many issues in this survey enabled us to formulate
a series of practical recommendations for designing interfaces for future
online swing weight elicitation, which aim at enhancing factual
learning and process compliance. The encountered problems also al-
lowed us to highlight a number of research questions, whose answers
will contribute to improving the design and implementation of online
swing weight elicitation. Additionally, we believe that some of the
proposed research questions are of general importance for MCDA

researchers, and especially for the new stream of Behavioural
Operational Research (BOR). Our propositions (extensively developed
in Section 4.3) include: (1) exploring the number of objectives that can
be simultaneously assessed in elicitation, (2) understanding the cogni-
tive processes and the effects of different weighting procedures and
methods, (3) exploring how fatigue of respondents might reduce pro-
cess compliance, (4) researching visual representations and interactive
designs, and more. Controlled experiments, with the methods or in-
terfaces as varying factors, and/or think-aloud protocols should help
answering those questions, as well as further real-world applications.
Finally, and probably as largest challenge, we deem it as crucial that we
explore better measures for understanding process learning and pre-
ference construction. We hope that reporting our experience will help
building a community of practice and supports developing a practical
guide for online swing weight elicitation. This is in the interest of
practitioners and researchers alike, who are concerned with engaging a
larger number of citizens in complex environmental and public policy
decisions.
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