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Abstract
Group decision-making processes can be supported by group recommender systems
that help groups of users obtain satisfying decision outcomes. These systems integrate
a consensus-achieving process, allowing group members to discuss with each other on
the potential items, adapt their opinions accordingly, and achieve an agreement on a
selected item.Such aprocess, therefore, helps to generate group recommendationswith
a high satisfaction level of groupmembers.Our article provides a rigorous reviewof the
existing consensus approaches to group decision-making. These approaches are classi-
fied depending on the applied consensus models such as reference domain where a set
of groupmembers or items is selected for calculating consensusmeasures, coincidence
method that calculates the consensus degree between groupmembers depending on the
coincidence concept, operators that aggregate user preferences, guidance measures
where the consensus-achieving process is guided by different consensusmeasures, and
recommendation generation and individual centrality that enhance the role of a mod-
erator or a leader in the consensus-achieving process. Further consensus techniques
for group decision-making in heterogeneous and large-scale groups are also discussed
in this article. Besides, to provide an overall landscape of consensus approaches, we
also discuss new consensus models in group recommender systems. These models
attempt to improve basic aggregation strategies, further consider social relationship
interactions, and provide group members with intuitive descriptions regarding the cur-
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rent consensus state of the group. Finally, we point out challenges and discuss open
topics for future work.

Keywords Group recommender systems · Group decision-making ·
Consensus-achieving processes · Consensus models · Negotiation models

1 Introduction

Making a decision is one of the most usual human activities in daily life. There is an
increasing need for group decision-making processes where a group of users jointly
decides on a common solution for a problem consisting of many potential items. For
instance, in requirements engineering scenarios, stakeholders in a software devel-
opment team have to jointly select one/some requirement(s) from a set of potential
requirements to be implemented in the next release (Ninaus et al. 2014).

Group recommender systems have emerged as an effective tool that suggests inter-
esting, suitable, and valuable items that are consumed socially by groups of users
(Pérez-Almaguer et al. 2021). These systems can also support group decision-making
processes, where group members are allowed to first articulate their preferences for
items and thereafter perform a recommendation process to suggest the most appropri-
ate item(s) for the group (Castro et al. 2018; Nguyen and Ricci 2018; Yera et al. 2018).
A group recommendation can be generated by one of the following approaches: aggre-
gated predictions and aggregated models (Felfernig et al. 2018a; Masthoff 2015). In
the first approach, recommendations are produced for individual group members and
then aggregated into a group recommendation. In the second approach, the prefer-
ences of individual group members are aggregated into a group model, which is then
used to produce a group recommendation. In traditional group recommender systems,
an aggregation can be guided by aggregation strategies, such as average, majority,
most pleasure, and least misery (Masthoff 2011). However, these strategies do not
always generate group recommendations with a high agreement of all group members
(Palomeres et al. 2011). There could exist a situation where some group members
are dissatisfied with the chosen solution. In this context, it is essential to integrate a
consensus-achieving process that pursues group members’ consensus about the prob-
lem before proposing a final decision and thus yields a highly satisfying solution for
the group (Palomares et al. 2014a).

The notion of “consensus” in consensus-achieving processes can be interpreted
in different ways, ranging from strict consensus to soft consensus. Strict consensus
is referred to as complete agreement that requires a mutual agreement of all group
members in all items. This consensus typemight be hard or even impossible to achieve,
especially in large and diversified groups. In this context, more feasible approaches,
so-called soft consensus, have been proposed to soften the strict view of the unanimity
consensus. Soft consensus can be achieved when most group members participating
in a problem agree with the most important items. These soft consensus approaches
consider different degrees of partial agreement among group members to decide if a
consensus exists and to indicate how far away the group is from ideal consensus.
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Most existing studies focus on approaches based on soft consensus measures since
it is more appropriate for reflecting human perceptions of the consensus concept
(Cabrerizo et al. 2017b). Although these approaches have been prominently studied,
they are pretty fragmented. Hence, it is crucial to review and summarize the exist-
ing research to provide a systematic overview of studies on this topic, focusing on
the classification of consensus-based models. To the best of our knowledge, only one
related overview paper (Cabrerizo et al. 2017b) exists in the literature. However, this
work has two drawbacks: (1) only studies up to 2016 are reviewed and (2) consensus
approaches are not discussed in the group recommendation context. In this article, we
provide a more complete review of consensus approaches, including 80 related stud-
ies, in which there are 53 papers/articles published from 2017 on. Besides, different
from the mentioned related work, we present further consensus models integrated into
group recommender systems. The contributions of the article are three-fold:

• We discuss widely used approaches to soft consensus models for group decision-
making that have been developed based on different methods such as reference
domain, coincidencemethod,OWAoperators that aggregate user preferences asso-
ciated with the support of multiple criteria, guidance measures, recommendation
generation, and individual centrality. Besides, we also present further consensus
approaches developed especially for heterogeneous and large-scale groups.

• We discuss approaches applied to consensus-based group recommender systems.
These approaches propose consensus models for improving basic aggregation
strategies, considering group members’ social interactions, and intuitively repre-
senting the current agreement status of a group. These approaches help to increase
group members’ mutual awareness w.r.t item preferences, which is the basis for
group members’ preference adaptations and a highly accepted group recommen-
dation after all.

• We point out challenges and discuss open issues for future work.

The remainder of the article is structured as follows: In Sect. 2, we present the
research methodology used as a basis for our article. Section3 summarizes the basic
concepts of group recommender systems, group decision-making, and consensus-
achieving processes. Consensus models for group decision-making are discussed in
Sect. 4, and further consensus approaches for group recommender systems are pre-
sented in Sect. 5. Finally, in Sect. 6, we conclude the article and raise open issues to
be addressed in future work.

2 Researchmethodology

The basis of our analysis was a systematic bibliographic review of the existing litera-
ture on consensus models in group decision-making and group recommender systems
(Stark et al. 2019; Pincay et al. 2019). We collected relevant references using key-
words such as “group decision-making”, “group recommender systems”, “group
recommendations”, “consensus decision-making”, “consensus-achieving process”,
and “negotiation methods”. To have a deeper look at the consensus approaches in
group decision-making, we used additional keywords such as “soft consensus mod-
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els”, “consensus measures”, “fuzzy sets”, “fuzzy logic”, “fuzzy linguistics modeling”,
“fuzzy preference relation”, “consensus degree”, and “linguistic quantifier”. In order
to search for consensus models supported in group recommender systems, the follow-
ing keywords were used: “consensus-driven group recommender systems”, “social
influence”, “recommendation performance”, “consensus explanations”, “informa-
tion visualization”, and “aggregation strategies”.

We looked for the existing publications in digital libraries such as ACM,1 Google
Scholar,2 ResearchGate,3 Science Direct,4 Scopus,5 and Springer.6 To ensure high-
quality references,wefirst checked the title, abstract, keywords, conclusion, tables, and
figures of the collected publications. Thereafter,weused the followingfiltering criteria:
(i) conference/workshop proceedings, articles, and books/book chapters published by
prestigious conferences/workshops, journals, and publishers; (ii) presenting detailed
discussions on our research topic; and (iii) providing logical and reasonable findings
related to the research topic. We excluded irrelevant publications that did not meet the
filtering criteria.

Based on the mentioned criteria, we identified 170 publications. Thereof, 115
articles have been published in various journals, in which 31 articles have been
published in high-quality journals, such as IEEE Transactions on Fuzzy Systems,
IEEE Transactions on Systems, Man, and Cybernetics, Information Fusion, and
Knowledge-based Systems. The remaining articles were found in other computer
science journals, such as Fuzzy Sets and Systems, Information Sciences, Decision
Support Systems, Applied Soft Computing, Informatica, and Expert Systems with
Applications. In addition, we collected 44 conference/workshop papers, in which
some of them have been published in prestigious conferences such as ACM Con-
ference on Recommender Systems—RecSys, ACM Conference on User Modeling,
Adaptation and Personalization—UMAP, and ACM Conference on Intelligent User
Interfaces—IUI. Finally, we filtered out 11 books/book chapters from well-known
publishers such as Springer, Food Not Bombs, RWS Publications, Harper Collins, and
Morgan Kaufmann, which have been regarded as suitable for our study. More details
about the distribution of the references according to the mentioned types are depicted
in Fig. 1.

1 https://dl.acm.org/.
2 https://scholar.google.at/.
3 https://www.researchgate.net/.
4 https://www.sciencedirect.com/.
5 https://www.scopus.com/home.uri.
6 https://link.springer.com/.
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Fig. 1 The distribution of the references according to three types of publications—journal articles, confer-
ence/workshop papers, and books/book chapters

3 Fundamental concepts

This section provides a brief overviewof group recommender systems, group decision-
making, and consensus-achieving processes, which is the basis for further discussions
in the follow-up sections.

3.1 Group recommender systems

Recommender systems have been recognized as an effective tool that helps users over-
come information overload by selecting valuable information from a vast amount of
available data sources (Kapoor 2017). While previously published studies on recom-
mender systems are limited to single-user decisions (Masthoff 2011; Kapcak et al.
2018), there exist plenty of scenarios in reality where decisions are more likely made
by groups of users. Some examples thereof are selecting a restaurant to have din-
ner with family members (Tran et al. 2018) or deciding on a tourism destination for
the summer vacation (Ardissono et al. 2003; Tran et al. 2018). Group recommender
systems have also emerged as an effective tool suggesting interesting, suitable, and
valuable items that are consumed socially by groups of users (Pérez-Almaguer et al.
2021). Besides, group recommender systems can also be a powerful tool that supports
group decision-making processes. The primary purpose of these systems is to generate
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recommendations that satisfy the preferences of individual group members as much
as possible. One critical task of a group recommender system is to merge the profiles
or predictions created for individual group members to achieve a consensus group
recommendation (Salamó et al. 2012). In this regard, a group recommendation can be
generated in the following steps (Jameson and Smyth 2007):

– Step 1 (Preference acquisition): The system acquires the preferences of group
members for items. Group members’ preferences can be collected explicitly or
implicitly. Explicitly, the system collects the preferences of group members for
given items by asking them to specify their preferences using, for instance, a
five-level rating scale (1—the worst and 5—the best) (Jameson 2004; Nguyen
and Ricci 2017a; O’Connor 2001; Samer et al. 2020). Implicitly, group members’
preferences can be inferred according to their actions and feedback. For instance,
Let’s Browse (Lieberman et al. 1998) learns the interest of group members by
analyzing the words occurring in the web pages visited by the group. Flytrap
(Crossen et al. 2002) learns themusic preferences of the potential users by noticing
what MP3 files they usually play on their computer. Nguyen and Ricci (2018)
propose an approach that induces the preference of group members by combin-
ing long-term and group-induced preferences. DeepGroup (Ghaemmaghami and
Abari 2021) uses reverse social choice to infer the preferences of a user involved
in observed group decisions.

– Step 2 (Recommendation generation): A group recommendation can be generated
by one of the following popular strategies: aggregated predictions and aggregated
models (Felfernig et al. 2018a). Aggregated predictions first generate recommen-
dations for individual group members and then propose group recommendations
based onmerging these recommendations.Aggregated models combine all individ-
ual groupmembers’ preferences into a group preference model (i.e., group profile)
that represents the inferred preferences of the whole group. The group profile is
then applied to generate group recommendations (Felfernig et al. 2018a). Aggre-
gated models are usually helpful when group members want to perform additional
actions in the group decision-making process, such as analyzing, negotiating, or
adapting the preferences of the group (Jameson and Smyth 2007). Furthermore,
these models help to conserve group members’ privacy since individual group
members’ profiles are not recorded in the system (Felfernig et al. 2018a).

– Step 3 (Recommendation presentation and explanation): A group recommender
system should present a recommendation to group members as soon as it has
been generated. Since there are many ways to create a group recommendation, it
is natural that group members should be aware of how a specific item has been
chosen for them (Jameson and Smyth 2007). This is particularly evident since
convincing groupmembers that a particular recommendation is suitable for them is
especially important (Salamó et al. 2012). There exist different ways to present and
explain group recommendations.PolyLens (O’Connor 2001) shows the predicted
rating for each group member and the group as a whole. This system also lets
the group know how group recommendations are generated via the least misery
strategy (Felfernig et al. 2018a) by comparing the predictions for the individual
group members with the predictions for the group. Tran et al. (2019) propose

123



An overview of consensus models for group decision-making…

different textual explanation types based on social-choice strategies (Masthoff
2011) to explain group recommendations and increase fairness and consensus
perception of group members. Najafian (2020) proposes an approach to generate
natural language explanations of group recommendations, taking into account two
different aspects: (1) repairing that describes a scenariowhere groupmembers have
conflicts and (2) reassuring that describes a scenario where all group members
agree on the recommended item.

– Step 4 (Consensus negotiation): Generating a group recommendation is not a one-
shot process, but rather a multifaceted process since group members’ preferences
often adapt to other members. It may turn out that what they select for a group does
not fullymatch individual groupmembers’ preferences (Nguyen 2017).Moreover,
creating a group recommendation based on aggregated strategies could not guar-
antee a satisfactory outcome for individual group members. In the worst case,
it could even trigger opponents among group members (Masthoff 2015). In this
context, a consensus-negotiation process should be supported to assist groupmem-
bers in achieving a consensus about which recommendation to accept. It is usually
assumed that an individual group member will decide whether to accept a rec-
ommendation. Let’s Browse (Lieberman et al. 1998) adopts this assumption to
allow one particular group member to be responsible for the final decision. This
group member typically controls the system interaction with other members who
play the role of viewers rather than actors (Salamó et al. 2012). However, this
approach does not work effectively since, in many other scenarios, final decisions
are expected to be made through a group discussion where an extensive debate or
negotiation is required. The system at that time should be able to facilitate the nec-
essary communication among group members and help to increase the satisfaction
of all group members regarding the final decision.

To better support group discussions of individual group members, conversational
group recommender systems (Nguyen 2017; Contreras et al. 2021; Emamgholizadeh
2022; Omar et al. 2016) can be developed. The main focus of these systems is to
enhance group members’ interactions that better support a full decision-making pro-
cess, including the entire preference elicitation and recommendation phases. Contreras
et al. (2021) propose a collaborative model based on social interactions taking place in
a web-based conversational group recommender system. This model implicitly infers
different roles within a group, namely collaborative and leader user(s). Moreover, it
serves as the basis of collaboration-based consensus strategies that integrate individual
and social interactions in the group recommendation process. Omar et al. (2016) intro-
duce an approach considering social interactions during the formulation, discussion,
and negotiation of the items jointly selected by group members. The system supports a
collaborative preference elicitation and a negotiation process where desired items can
be defined individually. Besides, a group consensus mechanism is supported, making
group members more active in the item filtering process. Further details of how social
interactions are taken into account in consensus-based group recommender systems
will be discussed in Sect. 5.2.
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3.2 Group decision-making

Group decision-making is an everyday activity performed in organizations nowadays.
Therefore, related group decision-making problems are required to guarantee proper
development in an organization (Palomeres et al. 2011). These problems can be defined
as situations where group members have to jointly select a solution from a set of
potential items.

There are different functional perspectives on which the group decision-making
process is done, such as problem analysis, goal setting, item identification, and item
evaluation and selection (Gouran and Hirokawa 1996). Problem analysis allows a
group to look at the likely causes of the problem and figure out the real problems or
the symptoms of the problems. Goal setting allows a group to identify the solution
to a group decision-making problem. Item identification helps a group find possible
solutions and involve brainstorming with the entire group. Finally, item evaluation
and selection allows group members to evaluate the items and pick the best one.
This article focuses on the last perspective, where group members utilize a preference
structure to express their opinions over a list of potential items. Thereafter, the selection
process with two phases is done to reach a final solution for a group decision-making
problem. The first phase proceeds with the aggregation of the preferences of group
members using aggregation strategies (Felfernig et al. 2018a). In the second phase—
exploitation, a selection criterion (Herrera et al. 1995; Orlovsky 1978) is adopted to
obtain an item or a subset of items as the final solution.

Formally, a groupdecision-makingproblemconsists of the followingmain elements
(Gallardo et al. 2015; Palomeres et al. 2011):

• A set U of n users (group members) (U = {u1, . . . , un}, n ≥ 2) who articulate
their preferences for a set of items.

• A set X of m items (X = {x1, . . . , xm}, m ≥ 2) to be chosen as potential solutions
to the group decision-making problem.

• A set P of users’ preferences over the items to describe the opinion of users about
items. The preference values are in a rating domain D(P ⊆ U × X → D).

A user’s preference for an item can be represented by a preference structure. Dif-
ferent preference structures have been used in group decision-making approaches,
such as preference orderings, utility values, and preference relations (Cabrerizo et al.
2017b; Herrera-Viedma et al. 2002; Palomeres et al. 2011):

• Preference ordering: A user ui specifies his/her preferences for a set of m items as
an individual preference ordering Oi = {oi

1, . . . , oi
m}, where oi (.) is a permutation

function over the indexes set {1, . . . , m} (Tanino 1984). A user gives an ordered
vector of item preferences from the best to the worst. In the recommendation
context, this preference structure can be defined as “an ordering relation between
two or more items to characterize which, among a set of possible choices, is the
one that best fits user tastes” (Brafman and Domshlak 2009; Huang et al. 2015).

• Utility values: A user ui gives his/her preferences on a set of items X by means
of a set of m utility values Ui = {ui

1, . . . , ui
m}, where ui

j ∈ [0, 1]. The basic idea
is that the higher the utility value of an item, the higher the preferences of the
user concerning the item objectives (Herrera-Viedma et al. 2002). This preference

123



An overview of consensus models for group decision-making…

structure has been used in utility-based recommender systems where suggestions
are generated based on the computation of the utility of each item for the user
(Huang 2011). Some utility-elicitation methods have been developed based on
Multi-Attribute Utility Theory (MAUT) (Sarin 2013) to represent a decisionmaker’s
complete preference.

• Preference relations: The preferences specified by a user ui are described by a
function μPi : X × X → D where μPi(x j , xk) = pi

jk can be interpreted as the
preference degree or intensity of the item x j over item xk expressed in the infor-
mation representation domain D. This preference structure indicates the concept
of pairwise preferences in recommendation scenarios when a user does not rate
for items separately but instead provides his/her preferences by expressing which
item is preferred in a pair(x j , xk). Pairwise preferences are naturally expressed by
users in many real-life decision-making scenarios. For instance, when selecting a
pair of shoes, we do not rate different pairs of shoes separately. Instead, we are
more likely to compare them and then select the preferred one (Kalloori et al.
2018).
Different-types of preference relations can also be used according to the domain
where the intensity of the preference is evaluated. Among these types, fuzzy prefer-
ence relations are themost commonapproachdue to their effectiveness inmodeling
decision-making processes. According to this approach, if D ∈ [0, 1], every value
pi

jk in the matrix Pi represents the preference degree (associated with user ui ) for

item x j over item xk (normally, it is assumed that pi
jk + pi

k j = 1, ∀ j, k):

– pi
jk = 1/2 indicates that there are no differences in the preferences of user ui

for items x j and xk .
– pi

jk = 1 indicates that the item x j is absolutely preferred over item xk .

– pi
jk = 0 indicates that the item xk is absolutely preferred over item x j .

– pi
jk > 1/2 indicates that x j is preferred over item xk .

Another widely applied approach is linguistic preference relations, using a lin-
guistic term set to represent the preference intensity of the items. If D = S where
S is a linguistic term set S = s0, . . . , sg with odd cardinality (g + 1), sg/2 being a
neutral label (e.g., “equally preferred”) and the remaining labels pi

jk in the matrix

Pi represent the linguistic preference intensity of x j over xk .

3.3 Consensus-achieving process

In group decision-making, the selection process does not guarantee a high agreement
level in the final decision, which is essential in many real-life situations (Castro et al.
2015). To overcome this drawback, a consensus-achieving process is needed tomodify
the initial preferences of group members in a discussion process and make them closer
to a collective opinion that is satisfactory for all group members.

Consensus can be understood as a state ofmutual agreementwhere the final decision
satisfies all groupmembers (Rothstein andButler 1987).Consensus measures describe
the consensus level between group members. These measures are in the [0, 1] interval,
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where 0 means no consensus and 1 means full consensus. The remaining assessment
values are in (0, 1), representing partial consensus degrees. Based on these values, the
consensus concept can be interpreted from different points of view, ranging from strict
to softer interpretations. Strict consensus (unanimity) indicates a full agreement for
all group members (i.e., consensus measure is equal to 1), which is usually very hard
and too costly to achieve (Palomeres et al. 2011; Herrera-Viedma et al. 2014). Soft
consensus has been proposed to soften strict consensus, where the consensus concept
is defined using fuzzy linguistic quantifiers.

The consensus-achieving process is dynamic and repeated. It attempts to obtain a
high agreement of group members before making the final decision. This process can
be performed in the following phases (Castro et al. 2015; Gallardo et al. 2015):

– Phase 1 (Preference gathering and consensus measures): The preferences of indi-
vidual group members are gathered to calculate the current consensus degree by
meansof consensus measures. This phase cares about different consensusmeasures
to determine the agreement in the group. The adequate selection of a consensus
measure is a key issue for improving and optimizing the consensus-achieving
process (Palomeres et al. 2011).

– Phase 2 (Consensus control): The current consensus degree is compared with the
consensus threshold defined at the beginning of the consensus-achieving process.
If the consensus degree exceeds the consensus threshold, then the consensus-
achieving process finishes. Otherwise, this process repeats until achieving a
consensus or reaching the maximum number of iteration rounds defined earlier.

– Phase 3 (Consensus progress): To increase the group’s agreement level and accel-
erate the consensus-achieving process, different procedures need to be performed
based on the capability of the consensus model. Typically, two procedures can be
performed: (1) allowing group members to adapt their preferences based on the
generated feedback and (2) supporting automatic preference update mechanisms:

• Feedback generation (Bryson 1996; Carlsson et al. 1992; Dong and Zhang
2014; Mata et al. 2009): The consensus model implements a feedback mech-
anism that sends feedback to the moderator who supports group members in
modifying their preferences and brings them closer to the group opinion.

• Automatic updates (Ben-Arieh and Chen 2006; Wu and Xu 2012; Zhang et al.
2011): The consensus model implements approaches allowing group mem-
bers to provide their initial preferences. Thereafter, an automated preference
adaptation mechanism is applied to increase the agreement level.

4 Consensusmodels for group decision-making

As mentioned in Sect. 3.3, full consensus is usually tough to reach. Therefore, more
realistic consensus models have been proposed following the soft consensus concept.
These models have been widely used since they are more human-consistent and ideal
for reflecting human perceptions of the meaning of consensus in practice (Kacprzyk
and Fedrizzi 1988; Herrera-Viedma et al. 2014). Following the concept of soft con-
sensus, we discuss in this section innovative and prominent consensus models found
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in the literature based on different methods: reference domain (Sect. 4.1), coincidence
method (Sect. 4.2), OWA operators (Sect. 4.3), guidance measures (Sect. 4.4), rec-
ommendation generation (Sect. 4.5), and individual centrality (Sect. 4.6). The existing
studies presented in these sections are classifiedbasedon the categorization approaches
proposed by Herrera-Viedma et al. (2014) and Cabrerizo et al. (2017b). However, dif-
fering from these two studies, we introduce further consensus models published from
2017 to provide a broader landscape of the literature (see Sects. 4.3 and 4.4). We
also discuss consensus models that better support group decision-making processes
in heterogeneous and large-scale groups (see Sect. 4.7). Besides, to provide readers
with better guidance for using these consensus methods, we discuss group decision-
making scenarios where the consensus model can be applied and the main idea of
related consensus approaches. Simple examples are also included to provide readers
with a better understanding of the mentioned scenarios and concepts. We also add a
short remark at the end of each section, summarizing the presented approaches and
discussing their advantages and limitations. The summary of the mentioned consensus
models is shown in Tables 1 and 2. Due to a high number of related studies in the
literature and their solid content, we do not present the details of the related consensus
models. Instead, we discuss only the basic concepts and main ideas of the models and
refer readers to the related studies for further details.

4.1 Consensusmodel based on reference domain

4.1.1 When to apply?

The consensus model based on reference domain supports a consensus-achieving
process of group decision-making problems in the following settings:

• Fuzzy preference relations are used to elicit group members’ preferences. Group
members present their preferences for potential items using fuzzy preference rela-
tions. For instance, in the requirements engineering domain, the preference of a
stakeholder s1 for a set of three requirements {r1, r2, r3} can be represented in
matrix P1 shown below. The value 0.8 indicates that p112 = 0.8, meaning that the
stakeholder prefers requirement r1 over requirement r2 (see also Sect. 3.2).

P1 =
⎡
⎣
0.5 0.8 0.5
0.2 0.5 0.7
0.5 0.3 0.5

⎤
⎦

• Some group members/items have higher importance than others. For instance, in
a software engineering scenario, the project manager and domain experts might
impact the final group decision more than others. Besides, some requirements may
have a higher priority (i.e., should be implemented earlier) than others.

• The difference in the initial preferences of group members is high, which makes
the group far from consensus.
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4.1.2 Basic concepts

The main idea of the consensus model is to compute the consensus measures based
on the reference domain selected for the calculation process.

The reference domain can be a set of individual group members or a set of items. The
computed consensus measure expresses the degree to which, “most of the important
individual group members agree with almost all of the relevant items” (Kacprzyk and
Fedrizzi 1988). This expression uses fuzzy linguistic quantifiers such as “most” and
“almost all”. Besides, fuzzy sets such as “important” and “relevant” are utilized to
denote the importance/relevance of the individual group members and items (Zadeh
1983).

The set of group members as the reference domain: This approach was proposed
in very early studies such as (Carlsson et al. 1992; Fedrizzi et al. 1988; Kacprzyk and
Fedrizzi 1988; Kacprzyk et al. 1992; Kacprzyk and Fedrizzi 1989) that calculate the
consensus measure in three steps:

– Step 1: For each pair of individual group members, the agreement degree of their
preferences between all pairs of items is calculated.

– Step 2: The agreement degrees calculated in Step 1 are pooled to obtain a degree
of agreement of all the pairs of individuals regarding their preferences between
the “most” relevant pairs of items.

– Step 3: The agreement degrees calculated in Step 2 are merged to obtain a degree
of agreement of “almost all” important pairs of individuals w.r.t their preferences
between “relevant” pairs of items. The outcome reflects the consensus degree of
the whole group.

The set of items as the reference domain: Other studies such as (Herrera et al. 1996,
1997; Cabrerizo et al. 2010; Herrera-Viedma et al. 2007; Cabrerizo et al. 2009a;
Herrera-Viedma et al. 2005) propose various approaches focusing on the item set.
These approaches compute the consensusmeasures by considering the following levels
of a preference relation (Cabrerizo et al. 2017b; Herrera et al. 1996; Herrera-Viedma
et al. 2014):

(1) The level of preference indicates the consensus degree among all the m preference
values specified by n group members.

(2) The level of item measures the consensus existing over all pairs of items where
a given item is present. For instance, a group decision must be made for a list of
three requirements r1, r2, and r3. Given requirement r1, all pairs from r1 to the
remaining requirements ((r1, r2) and (r1, r3)) are considered when measuring the
consensus.

(3) The level of preference relation evaluates the social consensus indicating the cur-
rent consensus in terms of preferences among all group members.

The calculated consensus measures help to understand the current consensus status
in each representation level, on which group members who are close to consensus or
have more trouble reaching consensus are identified.

Remark When comparing the two mentioned approaches, Cabrerizo et al. (2017b)
and Herrera-Viedma et al. (2014)) found out that the approach focusing on the set of
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Fig. 2 Examples of symmetric fuzzy linguistic term sets (a) and unbalanced fuzzy linguistic term sets (b),
where None = N, Very Low = VL, Quite Low = QL, Low = L, Medium = M, High = H, Quite High = QH,
Very high = VH, and Total = T

items works better in terms of consensus process design and allows to guide group
members to modify their opinions during the discussion process.

4.2 Consensusmodel based on the coincidencemethod

4.2.1 When to apply?

The consensus model based on the coincidence method supports the consensus-
achieving process of group decision-making problems where group members may
find it difficult to express their preferences using numerical values (Bryson 1996;
Kacprzyk 1986; Kacprzyk and Fedrizzi 1988; Herrera-Viedma et al. 2007). This is
especially the case in multi-attribute group decision-making problems, where group
members specify their preferences for a set of potential items according to a set of
criteria/attributes. In this context, instead of using numerical values, group members
prefer using natural language (e.g., linguistic terms) to express assessments that are
normally vague, imprecise, and incomplete (Rodríguez et al. 2012; Porro et al. 2021).
Based on this idea, group decision-making scenarios need to be defined in fuzzy lin-
guistic contexts and groupmembers convey their preferences using linguistic variables
assessed in linguistic term sets. The linguistic terms are uniformly and symmetrically
distributed, i.e., the same discrimination levels on both sides of the mid-linguistic term
are specified (Alonso et al. 2013; Cabrerizo et al. 2015; Dong et al. 2013). An example
of a symmetric linguistic term set is the following: None = N, Very Low = VL, Quite
Low = QL, Low = L, Medium = M, High = H, Quite High = QH, Very high = VH,
Total = T (see Fig. 2a).

Besides, this consensus method can also be applied to group decisions where group
members need to express their opinions using linguistic term sets that are not uniformly
and symmetrically distributed (Alonso et al. 2008; Cabrerizo et al. 2009b; Alonso et al.
2008). Theunbalanced fuzzy linguistic information could appearwhengroupmembers
need to assess their preferences with several terms on one side of the reference domain
higher than on another side (see an example in Fig. 2b).

4.2.2 Basic concepts

The main idea of the model is to calculate the consensus degree [i.e., the similar-
ity between group members’ preferences (Cabrerizo et al. 2017b)] using one of the
following approaches depending on the coincidence concept (Herrera et al. 1997):
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Approach 1—Strict idea of the coincidence concept (Cabrerizo et al. 2017a; Fedrizzi
and Kacprzyk 1993; Herrera et al. 1996, 1997; Kacprzyk 1987, 1986; Kacprzyk and
Fedrizzi 1988; Mich et al. 1993): If the opinions of two group members are the same
then they are in agreement (consensus degree = 1). Otherwise, they are in disagreement
(consensus degree = 0).

Approach 2: The less strict idea of the coincidence concept (Bordogna et al.
1995; Cabrerizo et al. 2017a; Fedrizzi and Mich 1992; Fedrizzi and Kacprzyk 1993;
Kacprzyk 1987, 1986; Kacprzyk and Fedrizzi 1988; Chen et al. 2012): If the opinions
of two group members are more or less the same according to a pre-defined degree α,
then they are in agreement (consensus degree = 1). Otherwise, they are in disagreement
(consensus degree = 0).

Approach 3—Another less strict idea of the coincidence concept (Ben-Arieh and
Chen 2006; Herrera-Viedma et al. 2002): The coincidence concept in this approach is
a gradual concept assessed with different values in the unit interval [0, 1], expressing
the closeness level between two group members’ opinions.

Remark Each of the mentioned approaches shows its strengths and drawbacks. The
advantage of the first approach is the simplicity and easiness of the similarity compu-
tation. However, it faces a disadvantage when the obtained consensus degree does not
reflect the real consensus situation. The positive side of the second approach is that
the obtained consensus degree better reflects the actual consensus situation. However,
the limitation lies in difficulties when computing the consensus degree. Particularly,
the similarity criteria to calculate consensus measures need to be defined, which is
hard or even impossible sometimes. Finally, the last approach shows the strength in
achieving a consensus degree that does not show group members’ preferences but
the position of the items in a solution, which reflects the real consensus situation in
each round of the consensus-achieving process. The drawback of this approach is that
the calculation of the consensus degrees is more complicated than the two previously
mentioned approaches since we need to define to which extent the opinions of group
members are close to each other (Cabrerizo et al. 2017b).

Besides, when comparing the three mentioned approaches, Cabrerizo et al. (2017b)
and Herrera-Viedma et al. (2014) claim that the second and the third approach are
the most useful methods since they provide group members with advice during the
consensus-achieving process. Besides, they show that the second approach is help-
ful, especially in group decision-making scenarios under preference relations. The
third approach is suitable for decisions where the preferences of group members are
represented in different formats.

4.3 Consensusmodel using order-weighted averaging operators

4.3.1 When to apply?

Theconsensusmodel usingorder-weighted averagingoperators supports the consensus-
achieving process of group decisions where group members have expressed their
preferences utilizing linguistic preference relation and their preferences should be
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specified under multiple criteria, multiple attributes, or multi-objective optimization
(Palomeres et al. 2011). For instance, in the software engineering domain, a group
of developers must decide on a programming language for a project. The potential
programming languages in this scenario are Python, Java, and C++. A developer can
create a preference relation between these languages according to various criteria, such
as familiarity, simplicity, performance, availability of tools and libraries, and commu-
nity support. Assume that, in terms of familiarity, developer u1 finds that Python is the
most familiar, followed by Java and then C++. He/she can represent this preference
relation as follows: Python > Java > C++. The symbol “>” represents the “preferred
to” relation. This preference relation indicates that developer u1 prefers Python over
Java, and he/she prefers Java over C++.

4.3.2 Basic concepts

The main idea of this model is to calculate a collective consensus degree of a group
using aggregation operators (Kuncheva and Krishnapuram 1996; Palomeres et al.
2011). This model also describes the general idea of group decisions where the pref-
erences of group members need to be merged in the consensus-achieving process
(Csiszar 2021; Palomeres et al. 2011).

Ordered Weighted Averaging (OWA) is a typical example of aggregation operators.
It is a symmetric aggregation function that allocates weights according to the input
value and unifies the conjunctive and disjunctive behavior in one operator (Yager
1988). Formally, an OWA operator of dimension n is the mapping F : In → I if it has
an associated weighting vector w = (w1, w2, . . . , wn), wi ∈ [0, 1], 1 ≤ i ≤ n with∑n

i=1 wi = 1 and F(x1, x2, . . . , xn) = OW Aw(x) = w1x(1) +w2x(2) + ...+wn x(n),
where x( j) is the j t h largest element of the bag < x1, . . . , xn >. The fundamental
aspect of an OWA operator is the reordering action, meaning that the weights wi are
associated with a particular ordered position rather than with a particular element.
Besides, different OWA operators are distinguished by their weighting functions that
are defined as follows:

– Max: w∗ = (1, 0, . . . , 0) and Fmax (x1, . . . , xn) = max(x1, . . . , xn)

– Min: w∗ = (1, 0, . . . , 0) and Fmax (x1, . . . , xn) = max(x1, . . . , xn)

– Arithmetic mean: wA = (1/n, 1/n, . . . , 1/n) and FA = ((x1 + ... + xn)/n)

OWA operators provide a parameterized family of aggregation functions, including
well-known operators such as the Attribute OWA (AOWA), Centered OWA (COWA),
Weighted OWA (WOWA), Generalized OWA (GOWA), and Distance OWA (DOWA).
For further details of these operators and their extensions, we refer to Csiszar (2021),
He et al. (2021), Merigo and Gil-Lafuente (2009), Merigó and Casanovas (2011).

Remark In the aggregation process, it is extremely important to reflect the group’s deci-
sion policies or the group’s attitudes regarding how to measure consensus as faithfully
as possible (Palomeres et al. 2011). Among the above-mentioned operators,AOWA has
been proposed as an operator that can integrate the concept of group attitude towards
consensus in the consensus measures used throughout the consensus-achieving pro-
cess. Group attitude can be reflected by three different attitudinal parameters ∈ [0, 1].
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The first parameter (orness) represents the group’s attitude in aggregating pairwise
similarities. This attitude can be either optimistic if it is greater than 0.5, pessimistic
if it is smaller than 0.5, or neutral if it is equal to 0.5. The second parameter (α)
indicates whether higher or lower similarity values are assigned to a non-null weight
when aggregating. The lower α, the higher ranked values are considered. Finally, the
third parameter (d) indicates the number of similarity values given a non-null weight
and therefore are considered in the aggregation. We refer to Palomeres et al. (2011)
for further details of the mentioned approach.

4.4 Consensusmodel based on guidancemeasures

4.4.1 When to apply?

The consensus model based on guidance measures supports the consensus-achieving
process of group decisions with the following settings:

– Insufficient knowledge of group members: In some scenarios where some group
members do not have enough knowledge about the domain and therefore cannot
discriminate the degree to which some options are better than others (Atas et al.
2018). These stakeholders tend to provide incomplete information rather than try-
ing to specify their preferences using fuzzy linguistic term sets. In this context,
incomplete unbalanced fuzzy linguistic preference relations (IUFLPR) can be used
by groupmembers to provide their preferences (Cabrerizo et al. 2009b). One exam-
ple of these preference relations is described as follows. Assume that a group of
three developers is evaluating three different web frameworks: Django, Ruby on
Rails, and Express.js. The developers are asked to provide their preferred relation
for the three frameworks based on their experience. However, not all group mem-
bers have experience with all three frameworks. The preference relation provided
by the group members are the following:

Developer 1: Django > Ruby on Rail;
Developer 2: Express.js > Ruby on Rails > Django;
Developer 3: Django > Express.js

In this example, the preference relation is incomplete since not all group mem-
bers have provided a preference for all three mentioned frameworks. Additionally,
the preference relation is unbalanced because some frameworks have more prefer-
ence statements than others. In fact, Django and Ruby on Rails have two preference
statements each, while Express.js has three preference statements.

– Complex and inconsistent group decisions: Group decision-making problems
can be complex and consist of inconsistencies among group members’ prefer-
ences. In such scenarios, inconsistencies must be quantified and monitored, which
will then be used as a parameter to validate the final solution obtained after
the consensus-achieving process (Cabrerizo et al. 2017b; Chiclana et al. 2007;
Fedrizzi et al. 2002; Herrera et al. 1997; Herrera-Viedma et al. 2014; Wu and Xu
2012).
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4.4.2 Basic concepts

For group decisions where group members lack domain knowledge, the consensus-
achieving process can be guided by two types of measures: (1) consensus degrees
that evaluate the agreement level of all group members and (2) proximity measures
that evaluate the agreement level between the group members’ preferences and the
group preference (Cabrerizo et al. 2009b). These measures are estimated based on
Tanino’s consistency principle (Tanino 1984) and use all its estimation possibilities.
Besides, missing preference values in a group member’s IUFLPR are computed using
the preference values provided by him/her. This assures that the reconstruction of
IUFLPR is compatible with the rest of the information provided by the group mem-
ber.

For complex and inconsistent group decisions, the consensus-achieving process can
be guided by ameasure that combines consistency and consensusmeasures (Cabrerizo
et al. 2010, 2017b; Herrera et al. 1997; Herrera-Viedma et al. 2007; Zhang et al. 2014;
Zhao et al. 2018). Suchmeasure can be computed as a weighted aggregation of consis-
tency and consensus degrees. Thereafter, the measure is used as a control parameter to
decide if the consensus-achieving process is completed. Adopting consistency mea-
sures in the consensus-achieving process can help to avoid misleading solutions that
could not be detected using the approaches with only consensus degrees (Cabrerizo
et al. 2017b; Herrera-Viedma et al. 2014). Another approach is to adapt consistency
and consensus degrees with hesitant fuzzy linguistic preference relations (HFLPRs)
based on discrete fuzzy numbers (Rodríguez et al. 2012). When group members are
confronted with more complex subjective information, they tend to be hesitant about
linguistic variables such as “better than good”, “between fair and very good”, or even
more complex expressions. In such scenarios, the concept of a hesitant fuzzy linguistic
term set helps to increase the flexibility and richness of linguistic elicitation in hesi-
tant situations under qualitative settings. In this context, a direct consensus-achieving
process is developed to assist group members who must reconsider their preferences
for achieving the pre-defined consensus degree. We refer to Cabrerizo et al. (2017b),
Rodríguez et al. (2012), Herrera-Viedma et al. (2014) for more details about these
approaches.

In another work, Zhang et al. (2014) study consistency and consensus measures
for group decision-making problems that support the concept of distribution assess-
ments. Distribution assessments in a linguistic term set enable the assignment of
symbolic proportions to all the linguistic terms. One example of distribution assess-
ments is the following (Zhang et al. 2014): Let assume that the term set S = {s−2 =
“very poor′′, s−1 = “poor ′′, s0 = “average′′, s1 = “good ′′, s2 = “very good′′ } are
used by a football coach to evaluate the level of a player. The player participated in ten
football matches, in which he was judged five times as s2, two times as s1, and three
times as s−1. The coach’s evaluations for the player can be described as distribution
assessments of S as follows: {(S−2, 0), (S−1, 0.3), (S0, 0), (S1, 0.2), (S2, 0.5)}. The
consensus model developed in this work has effectively improved the consensus level
among distribution linguistics preference relations.
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Remark The mentioned approaches point out that taking into account additional cri-
teria, such as consistency measures in the consensus-achieving process, can help to
achieve more adequate solutions for a group decision-making problem. For instance,
using consistency measures helps to avoid misleading solutions, which cannot be
detected in consensusmodels where only consensus degrees are considered (Cabrerizo
et al. 2017b).

4.5 Consensusmodel based on recommendation generation

4.5.1 When to apply?

The consensus model based on recommendation generation supports consensus-
achieving processes where a moderator is responsible for monitoring the agreement
in each stage and supervising the decision process towards success (Herrera-Viedma
et al. 2014; Cabrerizo et al. 2017b).

4.5.2 Basic concepts

In the mentioned group decisions, recommendation generation methods play a crucial
role. Earlier related studies propose approaches focusing on amoderator (Herrera et al.
1996, 1997; Kacprzyk 1986; Kacprzyk and Fedrizzi 1988; Kacprzyk et al. 1992). The
common idea is to calculate consensus measures that help to enhance the moderator’s
knowledge about the current consensus situation. Besides, the moderator utilizes these
measures to monitor the consensus-achieving process. However, these studies show a
limitation since themoderator can introduce some subjectivity (Cabrerizo et al. 2017b;
Herrera-Viedma et al. 2014). Different models have been proposed to overcome this
drawback. Thesemodels integrate a dynamic feedbackmechanism into the consensus-
achieving process, substitute the moderator’s actions, and provide the moderator with
better analysis tools. This way, the proposed models can support more effective and
efficient decision-making processes (Kacprzyk et al. 2009, 2010; Herrera-Viedma
et al. 2002, 2005, 2007). Besides, there exist other consensus approaches with a
semi-automated feedback mechanism that supports an automatic feedbackmechanism,
allows the moderator’s intervention, and considers the importance of group members
(Bouzarour-Amokrane et al. 2015). The main idea of the mentioned approaches is
presented in the following.

Dynamic feedback mechanism substituting the moderator’s actions: The consen-
sus model consists of two measures: consensus and proximity. A consensus measure
indicates the agreement between experts’ opinions, while a proximity measure shows
how far the individual opinions are from the group opinion. These measures are cal-
culated by comparing the positions of the items between the preferences of group
members and the preference of the whole group. Based on these measures, a consen-
sus support system is developed to substitute the moderator’s actions. The consensus
measure guides the consensus-achieving process until the final solution is obtained.
The proximity measure guides the discussion phases and helps group members
change their opinions to obtain a high consensus. For further details, we refer to
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Herrera-Viedma et al. (2002), Herrera-Viedma et al. (2005), Herrera-Viedma et al.
(2007).

Better analysis tools for more effective and efficient decision-making processes:
This approach uses action rules to generate advice for the further running of discus-
sions in a group. The concept of an action rule is presented by Ras andWieczorkowska
(2000) in the context of Pawlak’s information systems (Pawlak 1981). It is represented
by triples I S = {O, A, V }, where O is a finite set of objects, A is a set of its attributes,
and V = ⋃

a Va with Va being a domain of an attribute a ∈ A. The set of attributes
A may be partitioned into subsets of stable (ASt ) and flexible attributes (AFl ). The
intended meaning of an action rule is to show how a subset of flexible attributes should
be changed to obtain the expected changes of the decision attribute for a subset of
objects characterized by stable attributes. For instance, let bank customers be objects
oi ∈ O characterized by stable attributes (e.g., age, gender, and profession) and flex-
ible attributes (e.g., account type and reduction of the monthly fee) and the decision
attribute is the customer’s total monthly spending. In this context, an action rule may
indicate that, e.g., offering a 20% of monthly fee reduction (instead of the option
with 10%) to a middle-aged customer is expected to increase his/her spending from
medium to high. We refer to Kacprzyk et al. (2009), Kacprzyk et al. (2010) for further
details.

Semi-automated feedback mechanism: This approach supports a more realistic
model by integrating different human behavior aspects (e.g., positive and negative
influences, selfishness, and prudence) in the evaluation and recommendation phases.
This approach is developed based on a general framework of the bipolar approach
(Tchangani et al. 2012), in which initial group members’ preferences are represented
by bipolar measures expressing the degree of supportability and rejectability of items.
Besides, the satisficing game theory is used as an aggregation tool in individual group
members’ evaluations. This theory is based on the fact that decision-makers do not
necessarily seek an optimal solution (that usually costs too much effort), but instead,
a satisfactory solution whose capabilities are estimated fairly good regarding objec-
tives achievement (Tchangani 2009). This way, the theory provides adequate tools for
selecting satisficing items and reaching a consensus.We refer to Bouzarour-Amokrane
et al. (2015) for further details.

Remark Compared to other studies in the same research line, the consensus approach
based on dynamic feedback mechanism supports an automatic consensus-achieving
process without the moderator, which avoids a possible subjectivity that the moderator
can introduce. Besides, approaches using the concept of action rules help to provide
useful information regarding the consensus-achieving process, such as how far the
group is from consensus, what are the most controversial items, whose preferences
are in the highest disagreement with the rest of the group, and how their preference
changes would affect the consensus degree. Finally, the consensus approach support-
ing a semi-automated feedback mechanism based on the bipolar concept is similar
to the two previous approaches in the sense that the consensus-achieving process
consists of the adaptions of group members’ initial assessments to obtain consensus
solutions. However, the difference is that this approach does not converge the assess-
ments of individual group members on the set of all items but focuses mainly on

123



An overview of consensus models for group decision-making…

items that receive the same initial rating behavior of group members. Targeted rec-
ommendations are then given to divergent group members (with incoherent opinions
compared to others) in the adaptive process. Another difference is that the impor-
tance degree of group members is considered in the evaluation and recommendation
phase.

4.6 Consensusmodel based on individual centrality

4.6.1 When to apply?

The consensus model based on individual centrality supports the consensus-achieving
process of group decisions where social aspects such as trust, reputation, and social
judgment scheme are taken into account during the group decision-making process.
Besides, in these decisions, items are evaluated according to different criteria. For
instance, in the requirements engineering domain, stakeholders evaluate the require-
ments based on popular criteria such as effort, profit, and risk.

4.6.2 Basic concepts

The main idea of this model is to allow group members to select a leader according
to some social aspects, such as the trust of other group members in the leader and the
leader’s reputation and expertise (Tundjungsari et al. 2012). The leader is a so-called
Supra Decision Maker (SDM) who plays a role as a decision bench-maker to other
group members in evaluating each item. The more the preference similarity between
the SDMand other groupmembers, the higher the probability of reaching a consensus.
In this approach, the consensus-achieving process follows the idea of the three primary
phases mentioned in Sect. 3.3 but adds some changes corresponding to the concept of
the SDM. These three phases are summarized in the following:

– Phase 1 (Preference gathering and consensus measure): Group members have to
provide their preferences for a set of items according to a set of criteria. Besides,
they need to specify the weight/importance ∈ [0, 1] for each criterion. The sum of
all the weights should be equal to 1. Thereafter, one group member is selected as
the SDM. The distance between a groupmember ui and the SDM (d(SDM, ui )) is
calculated using theEuclidian-like distance (Rusinowska et al. 2007). The distance
measure determines whether a group member has achieved a consensus level (the
shorter the distance to the SDM, the better). If not, this group member must adapt
his/her preferences for the item. In this approach, the SDM cannot change his/her
preference since he/she has been chosen by trust and reputation mechanisms as
the leader/advisor of the group for having the highest reputation value.

– Phase 2 (Consensus control): A consensus level θ is pre-defined by the group,
such that θ = 1− dmax , where dmax = max{d(SDM, ui )} denotes the maximum
allowance distance from the SDM to the group members. Suppose the distance
between the SDM and a group member ui (d(SDM, ui )) is greater than dmax . In
that case, this groupmember has to change his/her preferences until themajority of
his/her decision toward all items has reached the consensus level. For each group
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member, when half of the items have reached the consensus level, the consensus
for him/her has been achieved.

– Phase 3(Consensus progress): Group members who did not contribute to the con-
sensus process or did not have enough items reaching the consensus level (inPhase
2) will receive feedback concerning preference adaptations based on shortening
the distance between them and the SDM.

Remark By taking into account social aspects and group members’ evaluations for
items performed according to multiple criteria, the mentioned consensus model
contributes to a better understanding of consensus achievement within a group
decision-making setting,which is the prerequisite to achieving a better quality decision
(Tundjungsari et al. 2012).

4.7 Consensusmodels for heterogeneous and large-scale groups

4.7.1 When to apply?

The expansion of societal and technological paradigms such as e-democracy (Kim
2008), social networks (Urena et al. 2019), marketplace selection for group shopping
(Büyüközkan 2004), and adding new requirements to the solution of consensus-based
group decision-making problems (Palomares et al. 2014a) has triggered the engage-
ment of a large number of users in different decision-making problems. For this reason,
large-scale group decision-making (LS-GDM) has become an interesting topic in the
decision-making problem research line (Rodríguez et al. 2018).

Differing from classical consensus-achieving models that focus on achieving an
agreement within a group of a few users, LS-GDM consensus models are applied to
group decisions with the following settings (Chen and Liu 2006; Gou et al. 2018; Liu
et al. 2014; Pan et al. 2022; Rodríguez et al. 2018; Srdjevic 2007; Tang et al. 2021;
Xiao et al. 2020; Tang and Liao 2021; Yager 2001; Zahir 1999a; Zhang et al. 2020):

– Group size is relatively large [(e.g., more than 20 users (Chen and Liu 2006;
Srdjevic 2007), several hundreds, or even thousands of users (Rodríguez et al.
2018)].

– Groups are heterogeneous, composing of individuals with diverse characteristics,
such as different ages, genders, cultures, education levels, backgrounds, and opin-
ions. These groups are characterized by a high degree of diversity among their
members, which can lead to different preferences and decision-making processes.

– The decision attributes tend to be complex due to their large size and the con-
nections among group members. In this context, group members must specify
their preference for items based on multiple and complex criteria. Tang and Liao
(2021) discuss a group decision-making scenario where many experts have to
select a pilot eco-industrial park in the Sichuan Province, China. In this scenario, a
large group of experts from multiple fields and ministries must be invited to make
decisions according to multiple attributes. For instance, eight ministries in China,
including the National Development and Reform Commission (NDRC), the State
Environmental Protection Administration (SEPA), the Ministry of Science and
Technology, the Ministry of Industry and Information Technology, the Ministry
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of Finance, the Ministry of Commerce and the National Bureau of Statistics. The
list of alternatives is also big in this scenario (more than 40 candidates have been
selected). The experts must discuss and evaluate the alternatives according to com-
plex attributes, such as sharing common services and infrastructures, industrial
trade by-products, manufacturing waste, energy, heat, and wastewater. Further-
more, for each attribute, different aspects also need to be considered. For instance,
to evaluate the impacts of wastewater on the environment, different aspects have
to be considered, such as water and habitat contamination, soil degradation, and
harmful substances.

– Group members’ preferences tend to be fuzzy and uncertain due to the complexity
of the decision-making problems.

Due to the mentioned settings, the main concerns emerging in these group deci-
sions are scalability, time cost, constant preference supervision, stronger disagreement
positions, and difficulties in understanding and visualizing the current status of group
consensus (Labella et al. 2018; Palomares et al. 2014b; Rodríguez et al. 2012).

4.7.2 Basic concepts

Plenty of attempts have been made on LS-GDM with the focus on the following
major methods (Rodríguez et al. 2018): clustering methods in LS-GDM (Liu et al.
2014; Zahir 1999a), consensus-achieving processes in LS-GDM (Dong et al. 2016;
Palomares et al. 2014a, b; Quesada et al. 2015; Xu et al. 2015; Wu and Xu 2018), and
LS-GDM support systems (Carvalho et al. 2008; Palomares et al. 2014b; Turoff et al.
2002). We summarize the main idea of these methods in the following.

a. Clustering methods in LS-GDM: The main idea is to classify group members
in LS-GDM problems into several subgroups/clusters according to their evalua-
tions/preferences in order to process more easily a high number of evaluations
or preferences provided by group members. Based on this idea, several clustering
approaches have been developed.

One early approach proposed by Zahir (1999a) presents an algorithm to classify
group individuals into natural clusters using a convenient similarity measure. In this
work, the author denotes a large group with clusters an ensemble and extends the
conventional Analytic Hierarchy Process (AHP) formulations (Saaty 1990)7 to an
Euclidean vector space and applies it to group decision of a homogeneous group.
The proposed algorithm takes advantage of the benefits of Euclidean embedding in an
interesting manner. Once the clustering structure of a group has been established, the
author extends the simple mechanism proposed in his previous work (Zahir 1999b)
that aggregates the preferences of homogeneous groups to cluster and calculate the
priorities representing the entire group.

Another approach proposed by Liu et al. (2014) combines interest groups with the
practical decision information to classify group members in complex multi-attribute
large-group decision-making (CMALGDM) problems in an interval-valued intuition-
istic fuzzy (IVIF) environment. CMALGDM is one of the most common activities in

7 The concept of Analytic Hierarchy Process is presented by Saaty (1990), which has been commonly
engaged to aid individuals as well as group decision-making processes.
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modern society, involving the selection of an optimal item from a finite set of items
evaluated according to a set of criteria. Besides, the information provided by group
members is expressed as IVIF decision matrices, where each element is characterized
by an interval-valued intuitionistic fuzzy number. This approach first normalizes all
cost attributes into benefit attributes to avoid a wrong decision result. Thereafter, it
employs a continuous interval argument OWA (C-OWA) operator (Yager 1988) to
transform IVIF number samples into single-valued samples. During the transforma-
tion, to guarantee that the preference information of group members is aggregated
objectively, a BUM function (Yager 2004) is provided to each group member accord-
ing to his/her risk attitudes. The BUM (balanced incomplete unbalanced linguistic
preference relations and their applications) function is a mathematical tool to aggre-
gate linguistic preference information in a group decision-making context. The BUM
function can be used to calculate a collective preference order from a set of individual
preference orders, each of which may be uncertain, incomplete, or unbalanced.

Remark By comparing the two mentioned methods, the method proposed by Liu et al.
(2014) better helps to resolve the drawback of the CMALGDM problems that contain
uncertainties regarding preference information.

b. Consensus-achieving processes in LS-GDM: There are several approaches pro-
posed for this method:

Approach 1 (Rodríguez et al. 2012): The main idea is to model different types of
preference information together with the group’s attitude toward achieving agree-
ments. Preference information can be expressed in different domains, such as
numerical, interval-valued, and linguistic domains. This approach is related to the
group’s attitude, and a required consensus level can be obtained according to the atti-
tude of group members. Two types of group attitude are taken into account: optimistic
attitude and pessimistic attitude. Regarding optimistic attitude, achieving an agree-
ment is more important for group members than their own preferences. Therefore,
more importance is given to positions in the group with higher agreement. Pessimistic
attitude shows a contrast tendency, where group members put a higher importance
on their own preferences. Therefore, positions in the group with lower agreement are
given more importance. In this approach, an attitude-OWA operator (an extension of
the OW A operator) can be used to integrate the attitude of group members in the
consensus-achieving process. We refer to Rodríguez et al. (2012) for further details.

Approach 2 (Palomares et al. 2014a;Quesada et al. 2015;Dong et al. 2016): The goal
of this approach is to deal with group decisionswhere some groupmembers/subgroups
are not willing to adapt their preferences to achieve a consensus. To address this goal,
this approach tries to detect and manage non-cooperating users/subgroups to speed up
the consensus-achieving process.

Approach 3 (Xu et al. 2015): This approach extends Approach 2 by additionally
determining minority opinions that hinder the consensus-achieving process, besides
non-cooperative behaviors. Minority opinions are referred to as views or ideas held
by a small number of individuals within a group that differ from the opinions given
by the majority of the group. Minority opinions should be considered, especially
in emergency group decision-making scenarios where high-quality decision-making
results are required to avoid a wrong decision that causes incalculable losses. An

123



An overview of consensus models for group decision-making…

example of minority opinions in an emergency group decision-making scenario is
described as follows. In emergency evacuation planning, there may be a minority
opinion on the best evacuation route or strategy. For instance, one group member may
suggest a different route they believe would be safer or more efficient. By considering
the minority opinion, the group can evaluate potential alternatives and make the best
decision for the safety of the individuals involved. In summary, in emergency scenarios,
the views of all group members should be fully considered, predominantly minority
opinions, and the interests of all parties should be well-balanced.

Approach 4 (Wu and Xu 2018): The main idea is to construct an interactive con-
sensus model where the clusters are changed whenever group members modify their
preferences throughout the consensus-achieving process. Furthermore, with the assis-
tance of the decision support system, the clusters are recognized as virtual clusters.
Changes in the clusters do not affect the preference adaptations of group members.

Approach 5 (Tang et al. 2021; Tang and Liao 2021; Gou et al. 2018): The main idea
is that the consensus-achieving process is guided and supervised by a moderator or
the representatives of subgroups.

Remark Approaches 1 and 2 present consensus models for non-cooperative behav-
iors, which show two limitations. First, they do not consider the emergencies when
the decision must be made promptly. Even non-cooperative behaviors should be taken
into account to guarantee high-quality decisions. In this context, it is more crucial
to ensure the timeliness of decision-making (Xu et al. 2015). Second, it fails to pro-
vide mechanisms to deal with minority opinions that hinder the consensus-achieving
process. Approach 3 can resolve the mentioned drawbacks. In particular, through an
illustrative example regarding an emergency situation in the coal mine, this approach
has been proven to be feasible and efficient formanaging thementioned issues in large-
group emergency decision-making problems (Xu et al. 2015). However, these three
approaches focus on detecting and managing non-cooperative behaviors by updating
the clusters’ weight. It is usually assumed that the obtained clusters do not change.
However, when group members’ preferences are modified, this is generally not the
case anymore. Approach 4 has been presented to effectively solve this issue. Finally,
Approach 5 allows the consensus-achieving process to be done in a different fashion
compared to the previously mentioned approaches, which achieves higher efficiency.
Instead of updating the weighted average of group members’ preferences in sub-
groups/clusters, Approach 5 applies a more realistic mechanism where a moderator
communicateswith the representatives of subgroups, which accelerates the consensus-
achieving process.

c. LS-GDM support systems: In LS-GDM, users tend to participate in the decision
process and express their opinions at different points of time and places. Therefore,
the main idea of the related consensus-achieving approaches is to develop effective
decision-support systems facilitating users’ participation in LS-GDM. Turoff et al.
(2002) propose a new type of information/communication system that supports the
participation of large groups of users in social decision-making. This approach uses the
concept of social decision-support systems, which is regarded as an LS-GDM support
system in the social choice process. This system aims to produce, integrate, and syn-
thesize diverse views in such a way that allows all users to respect and understand the
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differences caused by the diverse values and interests of the contributing population.
Besides, this system supports a movement towards consensus and makes decisions
on societal-scale issues. These issues can be particularly challenging in LS-GDM, as
they often involve complex trade-offs and conflicting interests. For instance, group
decision-making on public health issues, such as vaccination programs or pandemic
response strategies, can impact large populations and require consideration of a wide
range of factors, including public opinion, scientific evidence, and resource avail-
ability. In the same research line, Carvalho et al. (2008) develop a system so-called
LaSca that supports group decisions of three types of users: creator, participant, or
moderator. A creator is able to formulate a new problem. A participant is allowed
to provide opinions on the problem formulated by the creator. Finally, a moderator
can receive and summarize the opinions provided by the participants. Palomares et al.
(2014b) develop a map-based graphical monitoring tool, so-calledMentor, that sup-
ports group members in analyzing information about the status of LS-GDM problems
during their resolution. This tool facilitates the achievement of important information
about various features, such as detecting agreement/disagreement positions within the
group, the adaptations of groupmembers’ preferences, and the closeness level between
group members’ preferences achieved during the consensus-achieving process.

Remark The mentioned tools/systems can be integrated into an existing group
decision-support system to obtain a new design and a highly interpretable group
decision-support system that better supports asynchronous group decision-making
processes (Palomares et al. 2014b).

5 Consensusmodels for group recommender systems

Basic concepts, as well as consensus models used in group decision-making, can
be basically exploited to generate related consensus models in group recommender
systems (Castro et al. 2018; Yera et al. 2018). However, the application of these
consensus models to group recommender systems has yet to be studied sufficiently.
The current literature shows two main directions of this application, clearly shown in
consensus models based on fuzzy preference relations and minimum cost. We have
seen that fuzzy preference relations (Cabrerizo et al. 2017b; Herrera-Viedma et al.
2002; Palomeres et al. 2011) can be used to develop a consensus approach in a group
recommender system that overcomes the drawback of the basic aggregation strategies
(Castro et al. 2018; Gallardo et al. 2015). A minimum cost consensus model in a group
recommender system (Yera et al. 2018) can be generated based on a corresponding
consensus model under OWA operators (Zhang et al. 2011).

Besides, the focus of consensus model-related work in group decision-making is
quite different from this in group recommender systems research. While most consen-
sus models in group decision-making attempt to compute soft consensus measures,
related models in group recommender systems focus on improving the basic aggre-
gation mechanisms and achieving group recommendations with a high agreement
level. As mentioned in Sect. 3.1, to generate a group recommendation, the infor-
mation of individual group members is merged using aggregation strategies. Some
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systems aggregate group members’ preferences (Ortega et al. 2016), whereas others
aggregate individual recommendations (Ardissono et al. 2003). Recent studies have
pointed out that it is necessary to develop recommendation approaches beyond the
basic aggregation approaches since solely applying these aggregation mechanisms
does not guarantee a high agreement level among group members regarding the group
recommendations (Castro et al. 2018; Gallardo et al. 2015; Masthoff and Delić 2022;
Yera et al. 2018). On the other hand, these mechanisms do not consider essential
aspects regarding group recommendation scenarios, such as overlapping experiences
among groupmembers (Castro et al. 2018) or conflicts about recommendations within
the group (Yera et al. 2018). Ignoring the mentioned aspects could lead to biased rec-
ommendations and, as a result, dismissing group members’ satisfaction with group
recommendations (Boulkrinat et al. 2015; Castro et al. 2018). This section presents
various consensus approaches to aggregating individual user models, overcoming the
mentioned limitations and achieve a high consensus level on group recommenda-
tions (see Sect. 5.1). We present these approaches according to the applied techniques
such as fuzzy preference relations (Gallardo et al. 2015), opinion dynamics (Castro
et al. 2018), range voting technique (Boulkrinat et al. 2015), minimum cost consensus
model (Yera et al. 2018), statistical dispersion (Salamó et al. 2012), individual content
(Borowik et al. 2015; Cerquides et al. 2007; Masthoff and Gatt 2006), and negotia-
tion method (Choudhary et al. 2020; Nguyen and Ricci 2017b; Schiaffino et al. 2020;
Bahari Sojahrood et al. 2023; Villavicencio et al. 2019).

Although the above-mentioned approaches have already considered some factors
beyond group members’ preferences, other social interactions (e.g., social relation-
ships, expertise, and preference dissimilarity between group members (Gartrell et al.
2010)) need to be further investigated. Ignoring these factors can result in sub-optimal
group recommendations. We have found in the literature another type of group recom-
mender systems exploiting interactive and conversational approaches to facilitate the
group decision-making process. These systems compose of new consensus strategies
that integrate individual and social interactions in the group recommendation process
(Contreras et al. 2021; Emamgholizadeh 2022; Gartrell et al. 2010).

In addition to algorithmic-oriented consensus methods, further approaches based
on explanations and visualization methods have also been proposed for accelerating
the consensus-achieving processes. These approaches help to intuitively describe the
current consensus state of the group or conflicts among group members (Najafian and
Tintarev 2018; Quijano-Sánchez et al. 2017; Tran et al. 2019). Moreover, they provide
group members with solutions/hints on how to adapt their preferences until achieving
an agreement.

Based on the discussed aspects, in the following sections, we present consensus
approaches categorized into three groups: consensus approaches to improving tra-
ditional aggregation strategies (Sect. 5.1), consensus approaches considering social
relationship interactions (Sect. 5.2), and consensus approaches based on explanation
and visualization methods (Sect. 5.3). It might be observed unequal distributions of
consensus approaches across the sections. Particularly, Sect. 5.1 has more consensus
approaches presented compared to Sects. 5.2 and 5.3. The reason lies in the predomi-
nant number of consensus approaches in the existing literature that attempt to improve
traditional aggregation strategies. Another note for this section is that, due to the high
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number and solid content of the presented approaches, we will provide only the main
idea of the consensus approaches and refer readers to the related studies for further
details. Besides, similar to Sect. 4, we also add a short remark to further discuss the
strengths and drawbacks of the presented approaches. Furthermore, to provide readers
with better guidance for using the existing consensus approaches, we discuss their
application scenarios as well as their main idea (see also Table 3). A summary of the
consensus approaches for group recommender systems can be found in Table 4.

5.1 Consensus approaches to improving the basic aggregation strategies

5.1.1 Fuzzy preference relations

When to apply? The consensus approach based on fuzzy preference relations can be
applied in any group decision where uncertainty or imprecision exists in the decision
problem. This approach can also support situations where the preferences of group
members for a list of selected items can be specified, translated, or aggregated using
fuzzy preference relations (Palomares and Martinez 2014). For instance, in a tourism
group recommender system, fuzzy preference relations can be used to aggregate the
preferences of different group members (see also related discussions in Sect. 4.1.1).
Each member’s preference for a travel destination can be represented using a fuzzy
preference relation. These relations are merged to generate a group preference for
different travel destinations.

Basic concepts The main idea is to translate the recommendations of individual
group members to fuzzy preference relations before merging them to calculate the
group’s agreement level.

A group recommender system based on this idea is proposed by Gallardo et al.
(2015), integrating a group recommendation process that considers an added value
for reaching a certain agreement level concerning group recommendations. In the rec-
ommendation phase, necessary computations are done to generate a set of predictions
(recommendations) for each group member. The predictions are ordered from the best
to the worst items. Consequently, a preference order is created for each group mem-
ber over the top-n items that have been predicted for him/her. The consensus phase
is then activated to obtain a collective list of predictions for the group with a high
consensus degree among individual predictions. At the beginning of this phase, indi-
vidual recommendations for groupmembers are translated to fuzzy preference relations
since a consensus model with preference relations is utilized. Thereafter, a consensus-
achieving process is performed to gradually bring group members’ preferences closer
to each other until a high level of agreement is achieved. This consensus model inte-
grates a mechanism that automatically updates the preferences of group members. At
each round of the consensus-achieving process, thismodel is performed in three phases
(as mentioned in Sect. 3.3) until a consensus is achieved. In the first phase, fuzzy pref-
erence relations of groupmembers are gathered and utilized to calculate the agreement
level in the group. The calculated consensus degree is checked in the second phase to
determine if it indicates enough agreement. If the consensus degree is not lower than a
pre-defined consensus threshold θ , then a consensus among group members has been
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reached, and the consensus-achieving process completes.Otherwise, preference values
need to be updated. An additional parameter—Maxround is used to limit the num-
ber of consensus rounds. In the last phase, group members’ preferences farthest from
the consensus are identified. Corresponding preference adaptations are performed to
increase consensus in the following rounds. Once group members’ preferences have
been updated, another consensus round is activated. As soon as the consensus has been
reached, the collective preference Pc reflecting a high level of agreement is used to
deliver a list of agreed items to the group. Gallardo et al. (2015) deployed a user study
in the movie domain to evaluate the approach. The experimental results show that
applying the proposed consensus in a group recommender system helps to improve
the satisfaction of group members compared to the baseline group recommendation
techniques (i.e., k-nearest neighbors algorithm and least misery aggregation strategy).

5.1.2 Opinion dynamics

When to apply? The consensus approach based on opinion dynamics can be applied
in a group recommender system supporting the following group decisions:

– When there is a lack of consensus among group members: If the individual pref-
erences of group members are widely different and there is no clear preference
for a particular item, the consensus model based on opinion dynamics can help to
bring the group members to a shared preference by allowing them to interact and
influence each other (Castro et al. 2018).

– When the preferences of group members are expected to change over time: In
some situations, individual group members’ preferences may be influenced by
new information or by the opinions of others (Castro et al. 2018; Urena et al.
2019).

– When group members have different expertise/knowledge levels: In some cases,
certain group members may have more expertise or knowledge on a particular
topic than others (Nguyen 2017).

Basic concepts The main idea is to consider the relationships between group mem-
bers’ preferences for generating group recommendations with a high agreement of
individual group members.

Following the mentioned idea, Castro et al. (2018) propose a framework for group
recommendation based on opinion dynamics based on opinion dynamics (Dong et al.
2016) with consensus (GROD) and the extension of DeGroot’s model (Degroot 1974).
Opinion dynamics models are used to describe particular aspects of the social behavior
of group members and model how group members’ opinions evolve over time (Castro
et al. 2018). The model of DeGroot assumes that users change their opinions accord-
ing to a social influence model, in which each user considers another user’s opinion
with a certain weight. Based on these concepts, the proposed framework applies a
flexible process to produce a group value, given that it is driven by the matrix of
weights between group members. The framework consists of two models: Pre-GROD
and GROD. Pre-GROD extends to group recommender systems and considers rela-
tionships between group members’ preferences in the recommendation phase. This
model generates a group recommendation in four steps: (1) computing individual
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group members’ predictions; (2) calculating the relationships between group mem-
bers’ preferences; (3) predicting the group rating for each item usingDeGroot’s model;
and (4) recommending items with high predicted values. The Pre-GROD model does
not ensure consensus and, therefore, yields a group recommendation that does not
satisfy all group members. To address this issue, the GROD model is proposed that
extends the Pre-GROD model by adding a sub-step to step 2 to ensure the conditions
to calculate consensus recommendations. In this substep, a relation matrix is analyzed
and, if needed, is modified to ensure consensus. To evaluate the mentioned model,
Movielens datasets (for single users) were used and then synthesized to create group-
related datasets. The experimental results show that the proposed framework improves
the performance of the preference aggregation strategy compared to the baseline (the
average aggregation strategy) since it considers the relationships between groupmem-
bers’ preferences when generating group recommendations. Moreover, the framework
ensures consensus in recommendations.

5.1.3 Range voting technique

When to apply? The consensus model based on the range voting technique can be
applied in a group recommender system that supports situations where groupmembers
are allowed to linguistically evaluate all candidate options using the relations between
their choices. For instance, “I strongly prefer item A over the two remaining ones B
and C for which, I have a slight preference between them”.

Basic concepts The main idea is to resolve drawbacks of the existing voting tech-
niques such asApproval voting, Plurality voting, andUtilitarian voting (Felfernig et al.
2018a; Masthoff 2011) where the preferences of some group members are ignored.
Although other voting techniques (such as Condorcet and Borda count (Masthoff
2011)) can solve the mentioned drawback, the preference intensity is simply missing
in these techniques.

Boulkrinat et al. (2015) present a consensual recommendation approach based on
the range voting technique. This technique builds up a consensus sequence of tourism
attractions that will be recommended to the group as a joint decision. Range voting
allows group members to linguistically evaluate all candidate options, where they can
express the relation between their choices (see the example above). This relation shows
not only which option a group member may prefer over another but also how much
he/she likes an item through the intensity of each of his/her preferences. This way,
range voting improves recommendation outcomes since it captures the first choice of
groupmembers and the relative deviation between different choices from a preferential
point of view. Besides, to achieve a satisfying choice for all group members, the
authors consider the consensual sequence, in which they alter each time only one
item from its initial position with another and keep the rest unchanged. By doing so,
group satisfaction might be captured better, while not deviating too much from the
initial consensual sequence. This re-ordering process continues until optimal group
satisfaction is reached. The optimal group satisfaction is determined through a gain
value that measures the total number of satisfied options for all the group members. To
evaluate the performance of the approach (in terms of group satisfaction), the authors

123



An overview of consensus models for group decision-making…

use tourism datasets from TripAdvisor8 and form groups artificially. Thereafter, they
compare the gain values given by the proposed approachwith these given by a baseline
approach (least misery strategy). The experimental results show a better performance
in terms of gain values, meaning that the range voting technique achieves a higher
group satisfaction level than the baseline approach.

5.1.4 Minimum cost consensus

When to apply? The consensus model based on minimum cost consensus can be
applied to group decisions where group members have conflicting preferences.

Basic concepts. Themain idea is tominimize the cost ofmodifying groupmembers’
preferences.

Yera et al. (2018) propose aminimum cost consensus approach that reaches a higher
consensus and acceptance regarding the final group recommendation. The general
scheme of this approach consists of three phases: (phase 1) individual recommen-
dation generation, (phase 2) Borda count-based ranking, and (phase 3) minimum
cost consensus analysis. In the first phase, a collaborative filtering recommendation
approach is applied to generate the recommendations for individual group members.
In the second phase, to reduce the computational cost, the Borda count-based ranking
strategy is used to decrease the possible set of recommended items used in the con-
sensus phase (i.e., only the top-k ranked common items will be sent to the consensus
phase). Finally, in the last phase, a minimum cost consensus model is applied to the
top-k common items achieved in phase 2. This phase receives the prediction values of
individual group members and adjusts the group recommendation to reach a consen-
sus. As the final output, themodel recommends the group items that receive the highest
agreement of all groupmembers. Themain idea of theminimum cost consensusmodel
is to minimize costs associated with modifying group members’ preferences to reach
a consensus. Such minimum cost can be obtained by solving a linear programming
model (Zhang et al. 2011). This cost is computed independently for each item i , con-
sidering the four following assumptions for translating a consensus model notation
into a group recommender system scenario: (1) each user preference on an item i
is the opinion of a group member u on i ; (2) the cost of modifying the preferences
of u is always 1; (3) given n number of group members, a group member’s weight
is always 1/n; and (4) the maximum possible distance between collective preference
(representing group preference) and individual group members’ preferences should
be equal to a pre-defined value. A performance evaluation was conducted with movie
datasets. The performance values show that the consensus model could lead to the
improvement of the recommendation performance.

5.1.5 Statistical dispersion

When to apply?The consensusmodel based on statistical dispersion can be applied in a
group recommender system supporting situations with diverse opinions or preferences
within the group.

8 https://www.tripadvisor.com.
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Basic concepts The main idea is to identify items with a high degree of dispersion
or variability in the ratings/preferences among group members. In this context, a
consensus-achieve process is proposed with two strategies based on the measurements
of dispersion used in statistics and probability theory (Salamó et al. 2012). The first
dispersion strategy, called mean, indicates the mean satisfaction of the group for a
specific item. This measure is defined as the average of the satisfaction of group
members according to their preferences. It helps to derive a central tendency of the
preference space. Based on this measure, the so-called deviation measure is calculated
to specify the variability or diversity from the mean. A low deviation indicates that
group members’ preferences are close to the mean. In contrast, a high deviation shows
that group members’ preferences are spread over a large range of values.

The second dispersion strategy is the so-called purity that measures the percentage
of positive preferences among the whole set of preferences made by the group. A
purity value = 1 denotes that all group members’ preferences are satisfied. In contrast,
a purity value = 0 means that none of the group members’ preferences are satisfied.

5.1.6 Individual content

When to apply? The consensus model based on individual content can be applied in a
group recommender system that supports situations with a high degree of variability
in the preferences of group members.

Basic concepts The main idea is to measure the satisfaction of individual group
members with a specific item based on the following individual content strategies:
completeness, logical sufficiency, and group sufficiency (Salamó et al. 2012).

The completeness measure has been previously used in negotiation scenarios (e.g.,
in auctions scenarios (Cerquides et al. 2007)) where the provider and buyer want to
reach an agreement for the best offer. Instead of performing negotiations between two
individuals, like in auction scenarios, group recommendation scenarios need negotia-
tions involving more than two individuals. The objective of the completeness measure
is to support high satisfaction scores while penalizing significant differences among
group members. This measure is computed based on the satisfaction of group mem-
bers. It also considers a weighting factor that allows putting a higher focus on some
group members than others. For instance, experts in software requirements engineer-
ing scenarios can have a higher weight than other stakeholders. The completeness
values are normalized to the values ∈ [0, 1].

The logical sufficiency measure (in short, the ls measure) is a standard likelihood
ratio statistic, which has been used tomeasure the rule quality of rule induction systems
(Borowik et al. 2015). The ls degree of an item for a user is defined as the ratio of
the satisfied preferences of the user to the user’s preferences that are not satisfied. The
larger the ls value, the higher the user’s satisfaction with an item. The ls value of an
item for a group is defined as the sum of the individual ls values of group members
divided by the total number of preferences in the group.

In inductive rule learning algorithms, the ls measure causes the development of a
new measure—lscontent. This measure estimates the local sufficiency measure with
a Laplace correction that penalizes items with low-level satisfaction for group mem-
bers. There are no differences between ls and lscontent when we evaluate the degree
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of logical sufficiency of an item in relation to an individual group member. How-
ever, lscontent might help to reach a consensus when we apply the degree of logical
sufficiency to describe a group sufficiency. The group sufficiency (in short, the gs)
measures the satisfaction of a group member in relation to the satisfied preferences
and unsatisfied preferences of the other group members. The underlying idea of this
strategy originates from the emotional contagion concept (Masthoff and Gatt 2006)
where the satisfaction of an individual group member tends to depend on that of other
group members.

5.1.7 Negotiation method

When to apply? The consensus model based on negotiation methods can be applied
in a group recommender system with conflicting or diverse preferences among group
members. This approach involves negotiating and compromising to reach a consensus
recommendation that satisfies the preferences of as many group members as possible.

Basic concepts The negotiation method is expected to generate recommendations
that satisfy group members more uniformly than other approaches such as voting or
auction-biding (Villavicencio et al. 2019). This method can be integrated into group
recommender systems to find consensus and create group recommendations with a
high satisfaction level for all group members (Gross 2019).

In the literature, we have observed a common approach where a group recom-
mender system is built based on amulti-agent solution - MAS and a negotiation method
(Choudhary et al. 2020; Schiaffino et al. 2020; Bahari Sojahrood et al. 2023; Villavi-
cencio et al. 2019). There also exist a few earlier studies applying only aMAS in group
recommender systems, especially in the tourism domain (Sebastiá et al. 2010; Sebas-
tia et al. 2011). However, these approaches heavily rely on traditional aggregation
strategies (either for aggregating user preferences or group members’ recommenda-
tions (Felfernig et al. 2018a)) and do not integrate a negotiation mechanism, which
consequently triggers unsatisfying recommendation outcomes. A study proposed by
Nguyen and Ricci (2017b) introduce a group recommender system for points of inter-
est (POI) that allows groupmembers to repeatedly express and revise their preferences
during the decision-making process through a chat-based application. Although this
study applies improvements in preference elicitation and revision for increasing the
quality of recommendation outcomes, group members need more effort to discuss the
options and then vote for them.

Approaches proposed more recently that integrate MAS with the negotiation
method can resolve the mentioned issues. For instance, Villavicencio et al. (2019)
and Schiaffino et al. (2020) develop a group recommender system, so-called MAGReS
(Multi-Agent Group Recommender System), in which a personal agent represents a
group member, saves his/her preferences, and acts on his/her behalf when making
item proposals to other agents and looking for agreements. These agreements are
achieved by the agents through a cooperative negotiation process. The authors select
a multilateral negotiation method known as Monotonic Concession Protocol (MCP)
that closely describes how human negotiation works (Endriss 2006). The main idea
of MCP is to ensure two aspects: (1) any negotiation process following the protocol
will eventually terminate and (2) at least one agent can concede until an agreement
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has been obtained. MCP can be performed in two steps: step 1—each agent makes an
initial proposal according to its initial proposal strategy (e.g., selecting a top-ranked
item with the highest utility value), and step 2—the initial proposals of all the agents
are exchanged to analyze if an agreement over one of the proposals can be reached.
The notion of agreement is defined based on theMultilateral Agreement Criterion that
is described formally as follows: An agreement is reached if and only if there exists an
agent (agi ∈ A) whose proposal xi is accepted by every other agent agk ∈ A. The pro-
posal accepted by each agent agk ∈ A is determined by the Proposal Acceptance (PrA)
strategy used by that agent. This strategy proposes a flexible way to define acceptance,
which includes three levels: strict, relax, and next. For further details of the PrA strat-
egy, we refer to Villavicencio et al. (2019). If an agreement is reached, the proposal
satisfies all the agents. Otherwise, one (or more) agents need(s) to concede. A conces-
sion means that an agent seeks an inferior proposal (in terms of its utility), hoping to
reach an agreement. The concession can be performed using different strategies [for
further details, see Villavicencio et al. (2019)]. If none of the agents can concede, the
process ends without an agreement. To evaluate the performance of MAGReS, single-
user datasets in the movie and POI domains are used to synthesize group datasets. Two
baseline approaches (i.e., preference aggregation and recommendation aggregation)
are selected. The performance of MAGReS is evaluated based on three dimensions:
group satisfaction (the satisfaction of the group w.r.t the recommended item), group
members’ satisfaction dispersion (how uniformly group members are satisfied by
either a single item or a recommendation), and fairness (the percentage of group
members satisfied by the recommendation). The experimental results show that using
the proposed negotiation method (instead of baseline techniques) can significantly
improve the quality of group recommendations w.r.t the mentioned dimensions. How-
ever, MAGReS faces one limitation where the social factors between group members
(such as friendships, trust, and common tastes) are ignored. Meanwhile, these factors
are assumed to affect group recommendation outcomes and, therefore, can change the
resulting average satisfaction of some group members (Masthoff 2011).

To overcome the mentioned issue, Choudhary et al. (2020) propose a multi-agent
negotiation protocol for group recommendation that extends the MAGReS protocol
(Schiaffino et al. 2020; Villavicencio et al. 2019)) by further considering the trust
factor. This protocol allows agents to accept or discard part of the offer based on trust
and distrust among users, which gives more agility to the negotiation process. Trust
and distrust factors help to obtain more satisfactory bargaining outcomes (Liu et al.
2016). Besides, according to the Influential Theory, a higher level of trust/distrust
among two users can lead to an agreement/disagreement on some issues (Wang et al.
2013). In other words, a higher level of trust (or a lower level of distrust) yields an
agreement. Trust and distrust can be represented by seven standard triangular fuzzy
sets (Girdhar et al. 2019; Kant 2013). An example of seven fuzzy sets for trust are the
following: zero trust (ZT), very low trust (VLT), low trust (LT), medium trust (MT),
high trust (HT), very high trust (VHT), and full trust (FT). Similarly, seven fuzzy sets
for distrust are zero distrust (ZD), very low distrust (VLD), low distrust (LD), medium
distrust (MD), high distrust (HD), very high distrust (VHD), and full distrust (FD).
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Based on the mentioned theory, Choudhary et al. (2020) introduce a fuzzy
trust/distrust-based negotiation model for group recommendation. This model is orga-
nized along the following steps:

– Step 1: An agent (representing a user or a groupmember) makes an initial proposal
for its favorite item according to the Zeuthen strategy (Villavicencio et al. 2019)
(i.e., selecting an item with the highest utility value).

– Step 2: The fuzzy trust and distrust of all remaining agents on the active agent are
computed. The trust/distrust score for a user ui to another user u j is denoted as
T Dui ,u j = (trusttag, distrusttag), where trusttag and distrusttag represent the
linguistic labels for trust and distrust, respectively. These scores are exploited to
compare the trust and distrust labels given by one user to another in the system.
They can be computed based on the fuzzy computational model proposed by Kant
(2013), taking into account two factors: similarity and knowledge. The similarity-
based trust and distrust values between two users are calculated according to their
liking or disliking of a common item. The knowledge-based trust and distrust val-
ues between two users are calculated based on reciprocity and experience between
users. See further details of calculating these values in Choudhary et al. (2020).

– Step 3: If all the agents have fuzzy trust values as FT, VHT, HT and distrust values
as ZD, LD, VLD then the negotiation process finishes with an agreement on the
proposed offer. Otherwise, the proposed offer is rejected.

– Step 4: There are two possibilities:

• If the proposed offer is rejected and all the offers have not been proposed yet,
then the next agent with lower Willingness to Risk Conflict (WRC) value will
be an active agent. A utility function, which is associated with ratings provided
by users to the items, is used for each agent in the group. The ratings can be
actual ratings or predicted ones. If a user rated an item, its actual rating is
considered as its utility. If a user did not rate an item, the ratings could be
computed by a single-user recommendation technique (Li et al. 2018). So, we
select an active agent by applying the Zeuthen strategy (Villavicencio et al.
2019). Each agent in a group computes the WRC value [see the calculation
formula in Choudhary et al. (2020)] and selects an agent with the lowest WRC
value as an active agent.

• If the deadline (the maximum time for the negotion process) is reached and
there is no agreement on any of the items, the negotiation process ends without
an agreement.

At the end of the negotiation process, the proposed offer with an agreement is
recommended to all the group members.

To investigate the performance of the proposed negotiation model, the authors
test it with different real-world datasets such as MovieLens,9 Epinions,10 and Book-
Crossings11 and compare with baseline techniques such as Average Strategy, Least
Misery Strategy, and Most Pleasure Strategy (Felfernig et al. 2018a; Masthoff 2011).

9 https://grouplens.org/datasets/movielens/100k/.
10 https://snap.stanford.edu/data/soc-sign-epinions.html.
11 https://www2.informatik.uni-freiburg.de/~cziegler/BX/.
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The experimental results show that the proposed negotiation model shows a higher
level of effectiveness of a group recommendation compared to the baseline ones. The
effectiveness of a group recommendation in this work can be measured in terms of
group satisfaction that is the average satisfaction of its group members.

Remark Although experimental results show that thementioned consensus approaches
(presented in Sects. 5.1.1–5.1.7) help to improve recommendation outcomes in differ-
ent aspects, we believe that these evaluations are not sufficient due to the following
reasons. First, no real group-related datasets have been used to evaluate the consensus
models. All of the group datasets used in these consensus approaches are synthesized
from the single-user datasets. Second, for some approaches [e.g., Choudhary et al.
(2020), Castro et al. (2018)], weak baseline techniques (e.g., Average strategy) are
selected, even though a better baseline could have been used instead (e.g., using Least
Misery instead of Average). Average can be a bad strategy for polarity groups where
the preferences of group members are distributed on both sides of a spectrum. In this
context, this strategy forces group members to give up their preferences to achieve
an outcome that no one really likes. Third, although experimental results show that
the mentioned approaches present a higher quality of group satisfaction, this aspect
has not been proven sufficiently since the feedback was done after experiencing the
recommendation approaches (Boulkrinat et al. 2015; Yera et al. 2018). Finally, the
proposed approaches have been tested only in a few item domains (mainly in the
movie and tourism domains), which limits generalization.

5.2 Consensus approaches considering social relationship interactions

When to apply? The consensus model considering social relationships can be applied
in a group recommender system where social relationships and interactions between
group members are important factors in decision-making. This approach recognizes
that group members are not independent entities and that social relationships and
interactions can influence their preferences and decision-making.

Basic concepts While most of the previously mentioned approaches focus on the
content interests of group members and ignore the social interactions among them,
the consensus approaches in this section take this aspect into account to increase the
group recommendation performance.

Gartrell et al. (2010) propose a group recommender system with group descriptors
that examine the impacts of different social interactions (such as social relationships,
expertise, and dissimilarity) on group decisions. A social descriptor measures the
social relationship strength of a group. This strength between two group members can
be quantified using a five-level scale (1: weakest, 5: strongest). For instance, the social
strength of a family that consists of a husband and wife is usually perfectly suitable
for level 5 because they meet each other almost daily. Meanwhile, the social strength
of a faculty member and his Ph.D. student may fit level 2 since they have regular meet-
ings twice a week. The two-member social measure is extended to measure the social
relationship strength of a group with more than two users. This measure considers the
group size and the strength of each pair of group members. Expertise descriptor mea-
sures the relative expertise of two individual group members. In general, the opinions
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of experts may be weighted more heavily than those of other group members. The
expertise of a group member is also measured using a five-level scale. It can also be
identified based on the number of items a groupmember has consumed. The higher the
number of consumed items, the higher the expertise level. The Dissimilarity descrip-
tor measures the preference disagreement between two group members. Intuitively,
the closer the preference for an item between two group members, the lower the dis-
agreement between them. To describe the preference difference of a group, average
pairwise dissimilarity is used to calculate the average of the differences between all
pairs of group members. In this context, a heuristic-based group consensus function
is presented. This function incorporates all the factors mentioned above to generate
the final group rating for a given group and a given item. Gartrell et al. (2010) observe
that when the social relationship strength is strong and tight, the final decision for a
group tends to reflect the maximum satisfaction of group members. Otherwise, the
final decision follows average satisfaction or minimum misery strategies. In order to
boost the quality of group decision outcomes and increase the satisfaction of all group
members, all three descriptors are combined into a heuristic group consensus function
using the most common group strategies [see Equation 8 in Gartrell et al. (2010)].
In order to evaluate the performance of the proposed group recommender system,
the authors conducted a user study in the movie domain with 30 individual partici-
pants who were then formed into 10 different groups. The experimental results show
that the proposed group consensus function significantly improves the overall predic-
tion quality compared to traditional aggregation strategies (e.g., average, max, and
min).

With a similar idea as (Gartrell et al. 2010), Nguyen and Ricci (2017b) develop a
chat-based group recommendation environment that takes into account the interactions
of group members with the items. In this system, group members do not interact
directly but provide feedback on the items other users proposed to the whole group.
The amount of feedback allows the system to infer who is the most active user in
the group. An active user is a group member who highly interacts with items over
the session. This interaction can happen by providing ratings or preferences over the
items and is not necessarily a collaboration with other users in the group. Although
this work embraces interactions in the group recommendation process, it shows some
issues, such as a lack of the consideration of implicit feedback on items or the limited
definition of an active user that might not be enough to recognize the role of the leader
and other group members.

To resolve the mentioned issues, Contreras et al. (2021) propose a collaborative
model considering social interactions taking place in a conversational group recom-
mender system (Jannach et al. 2021). This model allows the group recommender
system to implicitly infer the different roles within the group, namely, collaborative
and leader user(s). Different from Nguyen and Ricci (2017b), a leader user in this
approach is defined as an influencer of the group who has been providing the group
with suggestions, of which some or all have been viewed and stacked by other group
members. Contreras et al. (2021) also build a group conversational recommender sys-
tem based on gCOACH (Contreras et al. 2015). This web-based platform provides
an environment where group members can interact on a one-to-one basis thanks to
the included interaction modalities. These modalities collect implicit feedback on the
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collaboration and leadership of the users in the group. Besides, gCOACH refines the
choices of groupmembers by providing feedback andmaking suggestions to a specific
group member. However, different form gCOACH, the conversational group recom-
mender system proposed by Contreras et al. (2021) includes social interactions in the
groupmodeling consensus strategy and therefore reshapes the group recommendations
based on group interactions. To model social interactions, a model with two compo-
nents is developed: individual models storing individual group members’ preferences
and collaborative models representing the collaborative usermodel of groupmembers.
Each collaborative user model shows a group member’s social interactions with the
remaining group members and how these interactions have been viewed and accepted
by each individual user. Based on this proposed model, new collaborative-consensus
strategies are developed, integrating collaboration models into the traditional aggre-
gation strategies (e.g., collaborative mean, collaborative completeness, collaborative
multiplicative, and leader satisfaction—see further details of these strategies in Con-
treras et al. (2021)). To evaluate the proposed group recommender system, the authors
performed a user study in the tourism domain with 68 participants, who were then
formed into 17 groups. The experimental results confirm that, by monitoring user
interactions, the collaborative model can be developed to infer useful notions of col-
laboration and leadership. This way, this model helps to generate more effectiveness
of group recommendations.

Remark Although consensus approaches taking into account social relationship inter-
actions help to increase the performance of group recommendations, they show two
limitations. First, the proposed group recommender systems were tested with small
group datasets, which could lead to insufficient and imprecise evaluation results w.r.t
the group recommendation performance. Besides, these systems were only examined
in two item domains (e.g., movie and tourism), which may not provide sufficient
insights into the impacts of social interactions on the proposed consensus model from
the item domain perspective (Contreras et al. 2021).

5.3 Consensus approaches based on explanations and visualizationmethods

When to apply? Consensus approaches based on explanations and visualization meth-
ods can be applied when group recommender systems need to provide consensus
explanations that intuitively describe the current status of group members’ prefer-
ences and help to resolve potential conflicts among them.

Basic concepts Explanations are often integrated into recommender systems to pro-
vide further information regarding the underlying recommendation mechanisms. The
integration of explanations can bring different goals, such as transparency (explaining
how the system works), scrutability (telling the system it is wrong), trust (inspiring
the trust and loyalty of users), satisfaction (increasing the system utility and users’
joy w.r.t recommended items), effectiveness (assisting users on making good deci-
sions), efficiency (accelerating users’ decision-making processes), and persuasiveness
(convincing users to consume the recommended items) (Tintarev 2007). Besides the
mentioned goals, in the context of group recommendation scenarios, explanations can
also provide further goals to better consider social factors in group recommendation
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scenarios.12 Consensus is a typical example of social factors, indicating the ability
of an explanation to help group members resolve conflicts among group members’
preferences and accelerate the consensus-achieving process (Felfernig et al. 2018b;
Tran et al. 2019). When conflicts among group members’ preferences occur, consen-
sus explanations are needed to help group members be aware of the group’s current
status and proceed with preference adaptations to resolve conflicts. Based on this idea,
consensus explanations can be categorized into two types: (1) explanations showing
group members’ conflicts and (2) explanations resolving group members’ conflicts. In
the following, we will provide further discussions regarding these explanation types.

Explanations showing group members’ conflicts When there are conflicts among
group members, a consensus-achieving process is activated. This process is repeated
until the consensus degree of the group is high enough (i.e., not lower than a pre-defined
threshold). In each iteration, explanations should be provided to help users be aware
of the current consensus state of the group. Information regarding the compatibility
of group members’ preferences and the current group consensus level can be included
in consensus explanations. Some examples of the textual consensus explanations are
presented in the following:

• Explanationwhen the consensus level is low (i.e., smaller than a pre-defined thresh-
old): “The current consensus level of the group is still low because the preferences
of user A and user B are highly different”.

• Explanation when the consensus level is high enough: “The current consensus
level of the group reaches the threshold and the consensus process completes”.

The consensus-achieving process can be hindered by conflicts arising among group
members. In order to help detect conflicts, an explanation could be formulated for the
group member as follows: “We have detected that your preference on item X is very
different from the preference of user A and user B”. Preference conflicts can also
be graphically represented using different display modes. For instance, Palomares
et al. (2014b) use a set-based graph to visualize the current group consensus state
in different rounds of the consensus-achieving process. In each round, the prefer-
ences of all group members are represented in a 2-dimensional space. Each circle in
the graph represents a group member. Group members with similar preferences are
placed close to each other and gathered into a cluster. This approach enables users
to detect disagreement positions within the group. For instance, Fig. 3a shows that
two subgroups of users strongly disagree with each other and with the rest of the
group members. A consensus-achieving process, therefore, needs to be repeated. At
the end of each round, the consensus state is updated for the decision-maker. Fig-
ure3b describes the projections of group members’ preferences in the final round of
the consensus-achieving process. In this round, most users moved their preferences
closer to the agreement position, meaning that they contributed positively to the group
consensus achievement. However, there exist some users who did not change their
preferences. All detected information about the group consensus situation assists the
decision-maker in carrying out appropriate activities for group members. These activ-

12 Since explanations in group recommender systems are not the focus of this article, we refer to Felfernig
et al. (2018b) for further details regarding this topic.
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Fig. 3 A set-based graph representing the consensus state of a group in the initial round and in the final
round of the consensus-achieving process. In the initial round, two subgroups of users represent a strong
disagreement with each other and with the remaining group members. In the final round, many users moved
closer to the collective preference P (i.e., the preference obtained in the aggregation phase), whereas there
were still some users who still needed to adapt their preferences. This figure is based on the original one
from the work of Palomares et al. (2014b). Numbers in the axes describe the preference intensity of group
members, for instance, −2: completely dislike, and 2: completely like

Fig. 4 A node–link diagram
representing preference conflicts
among group members. Nodes
represent group members, and
links represent conflicts between
two group members. The length
of a link indicates the conflict
level between group members.
The longer the link, the higher
the conflict level between group
members. We drew this figure
based on the original work of
Alonso et al. (2007). The
handshake icon in the figure is
from https://www.flaticon.com/
(free download version)
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Daniel

David
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ities can be, for instance, informing users (who did not positively contribute to the
consensus-achieving process) about moving towards the selection process to make the
final decision or penalizing those who did not cooperate with the rest of the group.

In another study, Alonso et al. (2007) visualize the preference conflicts in a group
using a node–link diagram. The nodes represent group members, and the links show
conflicts between them. The longer the link, the higher the conflict level between group
members. For instance, the link between Sergio and Antonio indicates a high conflict
between these two users (see Fig. 4).

Differing from the two mentioned visualization approaches, Mahyar et al. (2017)
represent conflicts among group members using different display methods such as
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Fig. 5 A visualization approach combining circles, text, lines, and symbols to describe disagreements in a
group decision. A small circle represents the preference of a group member, whereas a big one represents
the average of group preferences. Each red line shows one of the following disagreements: disagreement
between the group and the current user (see area B) and disagreement within the group (see area C). This
figure is drawn based on the original work of Mahyar et al. (2017)

circles, text, lines, and symbols. A small circle represents the preference of a group
member, whereas a big one represents the average of group preferences. Each red line
describes one of the following disagreements: (1) disagreements between individual
group members and the rest of the group and (2) disagreements within the group itself
(see Fig. 5).

Explanations resolving group members’ conflicts Besides helping group members
be aware of the conflicts between them, explanations regarding the repair actions
are also needed to help them resolve conflicts. One approach to formulating such
explanations is to indicate possible changes in group members’ preferences. These
explanations help group members agree on a solution and improve their satisfaction
with the recommended items (Tran et al. 2019). Quijano-Sánchez et al. (2017) propose
another approach to generate explanations that convince group members to take items
recommended by their close friends or people they trust. A related example explanation
is: “Although your preference for item X is not very high, your close friend A (who you
highly trust) thinks it is an excellent choice”. Najafian and Tintarev (2018) propose
explanations that persuade group members to agree on a solution, for instance, “Item
X is recommended because nobody hates it in the group due to the lowest rating
determined for user A and supports the highest rating determined for user B”. The
authors also propose repair explanations considering the fairness aspect: “The system
detected that you are not interested in item X, but it is the item that user A likes
the most. You made your choice in the previous round. It is now user A’s turn”.
Tran et al. (2019) develop explanations convincing group members to agree on a
recommended item by considering decision history and future decision plan in the
context of repeated decisions. Decision history shows how the preferences of group
members were considered in the past decisions. Future decision plan shows how the
preferences of group members will be taken into account in future decisions. One
example of decision history-based explanations is formulated in the following: “The
preference of user A was not taken into account in the last three decisions. Therefore, in
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the ongoing decision, item X has been selected since he/she likes it the most”. Another
example of future decision plan-based explanations is: “Item X has been recommended
to the group since user A likes it the most. However, all group members agreed that
the preferences of the other group members should be taken into account in turn in
the upcoming decisions”.

Remark The explanations and visualization approaches presented in this section can
be considered UI-based consensus models instead of algorithmic consensus models
as presented in Sects. 5.1 and 5.2. These approaches support group members’ consen-
sus and negotiation processes by showing conflicts among them (Alonso et al. 2007;
Mahyar et al. 2017; Palomares et al. 2014b). To accelerate the consensus-achieving
process, these approaches also show conflict-related information at the group level,
i.e., this information can be seen by all group members. Besides, explanations can
also be created as repair solutions that help group members to resolve their con-
flicts (Quijano-Sánchez et al. 2017; Najafian and Tintarev 2018; Tran et al. 2019). In
these approaches, typical social factors such as consensus and fairness have already
been taken into account as the basic arguments for the generated explanations. The
mentioned approaches show several drawbacks. The effectiveness of consensus expla-
nations has not been sufficiently evaluated. For instance, in the approaches proposed by
Alonso et al. (2007), Mahyar et al. (2017), Palomares et al. (2014b), it is still unclear if
the proposed explanation/visualization methods help to increase group satisfaction, if
the explanation/visualization is updated in real-time or if the consensus-achieving pro-
cess has already been accelerated thanks to the consensus explanation/visualization.
Although explanation approaches for resolving conflicts show some performance
improvements in the experimental results, the evaluations were done with small group
datasets. Besides, they are synthetic datasets instead of real ones.

6 Open topics for future work

Although the literature has shown various approaches to performing the consensus-
achieving process in group decision-making and group recommender systems, some
open topics still need to be considered for future work. In this section, we further
discuss open issues pointed out by Cabrerizo et al. (2013) and propose corresponding
solutions to address them. The issues and related solutions are applied to both contexts,
group decision-making and group recommender systems.

6.1 Feedback generation

The feedback mechanism in the consensus-achieving process needs to be activated
when the consensus degree of the whole group is lower than a pre-defined consensus
threshold.Userswhose preferences differ fromothers’ preferences receive suggestions
regarding preference adaptation. Although several studies address this, the proposed
approaches are solely appropriate for scenarios where preference structures speci-
fied by group members are homogeneous (i.e., the same preference formats). In the
circumstances of heterogeneous preference structures (i.e., group members use differ-
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ent preference formats to express their preferences), the feedback generation process
is still challenging. Therefore, it would be necessary to develop adaptive consensus
models which can manage different formats of preference structures at the same time.

In addition, the consensus-achieving process is often time-consuming since it needs
to be performed in many iterations. Hence, it is essential to propose adaptation mech-
anisms that guarantee the fast convergence of group members’ preferences. In this
section, we discuss an idea for a more efficient adaptation mechanism. What came
up to our mind is a group distance-based consensus model, showing that if a group
member adapts his/her preferences close to the average group preference, then it
helps to quickly bring him/her closer to other group members. Inspired by the work
of Gallardo et al. (2015) and Delic et al. (2019) where centrality scores are utilized to
measure the distance between a group member’s preferences to the preferences of the
rest of the group, our idea is to compute the consensus degree based on the distance
between group members. The lower the distance among group members, the higher
the consensus within the whole group. For each item, the distance of each pair of
group members is first computed. The distances of all pairs of group members for an
item are then aggregated to obtain the group distance. Thereafter, the global group
distance of the whole group for all items is calculated by taking the average of group
distances of all items. For each round of the consensus-achieving progress, the global
group distance is calculated and compared to a pre-defined threshold θ . If the global
group distance is not greater than θ , the distance of all group members is acceptable,
and the consensus-achieving process completes. Otherwise, a feedback mechanism is
activated to let group members adapt their preferences. Group members whose prefer-
ences are different from other group members’ preferences need to be identified. The
user identification can be performed as follows. For each item, the distance between
each group member and the others is computed. Group members with the maximum
total distance to otherswill receive feedback regarding preference adaptation. To speed
up the consensus-achieving process, the identified group members are encouraged to
adapt their preferences for a specific item closer to the average group preference.
Although we believe this approach could bring a more efficient consensus-achieving
process to group members, for future work, we will conduct experimental studies in
different domains to prove the efficiency of the proposed consensus model.

6.2 The importance of groupmembers

In several real-life group decision-making problems, there exist situations where some
group members have higher importance than others. For instance, in requirements
engineering scenarios (Samer et al. 2020) where a group of stakeholders has to select
which requirements should be implemented in the next release, project managers or
experienced stakeholdersmight influence the final decisionmore than other stakehold-
ers. To model such situations, one usual approach is to assign a higher weight to those
with a higher importance level (e.g., project managers and experienced stakeholders).

Contreras et al. (2015, 2021) take into account the role of the leader in a group,
who provided more feedback to the items proposed to the other group members and
therefore has a higher impact on the final decision. Some other consensus models have
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considered the heterogeneity of the groupmemberswhen aggregating their preferences
into the collective preference (Bouzarour-Amokrane et al. 2015; Herrera et al. 1997).
However, this aspect needs to be considered when advising the preference adaptation
solutions. Therefore, it is crucial to develop new feedback mechanisms that adjust the
amount of advice delivered to group members by considering their knowledge level.
It is reasonable that users with lower importance or knowledge level will need more
adaptation suggestions compared to more experienced users.

Along with the importance of group members, fairness within the group is also
an essential factor that needs to be considered in the consensus-achieving process
(Felfernig et al. 2018b). Consensus demands a high level of trust and satisfaction
among group members. By the end of the consensus-achieving process, users want to
believe that each group member has been treated fairly. Besides, during this process,
every group member should honestly do their best to foster fairness. In fact, Hearld
et al. (2013) point out that the perceptions of group members regarding fairness in the
groupdecision-makingprocess strongly correlatewith the perceived level of consensus
among group members. Similar findings have also been found in the work of Tran
et al. (2019). These authors show that fairness-related arguments can be exploited to
increase the perception of groupmembers in terms of fairness and, therefore, convince
them to reach a consensus and agree on a recommended item. However, the results
in the mentioned studies need to be further examined since they were just evaluated
in synthetic group datasets that do not reflect real group recommendation scenarios.
Therefore, further work on fairness in the consensus-achieving process should be
performed as part of future work.

6.3 Persuasive arguments

During the consensus-achieving process, one of the most essential tasks of the mod-
erator is to suggest group members whose preferences are far from group preferences
to adapt their preferences to increase the consensus degree. However, not every group
member is willing to adjust their preferences. Therefore, the challenge in this context
is that the moderator needs to find a way to convince group members to adapt their
opinions. However, convincing people is a challenging task. Hence, the generation
of persuasive arguments should be based on the influential principles introduced by
psychologists (Cialdini 2007; Fogg 2002). These principles identify strategies that
improve the effectiveness of persuasive arguments. Among them, the six influence
strategies proposed by Cialdini (2007) (reciprocity, scarcity, authority, social proof,
liking, and commitment) are the most commonly used in persuasive systems studies
(Alslaity and Tran 2020; Gkika et al. 2016):

– Reciprocation describes a user’s tendency to return favors and pay back others
who have given him/her something.

– Consistency describes the tendency of a user to be consistent with his/her first
opinion.

– Social proof indicates a user’s tendency to be influenced by similar users.
– Liking refers to the tendency of a user to be influenced by people he/she likes.
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– Authority describes a sense of obligation and duty to users who are in positions of
authority.

– Scarcity refers to a user’s tendency to consider more valuable whatever is scarce.

The mentioned strategies can be utilized to generate convincing arguments that
help to change group members’ attitudes, beliefs, and behavior and avoid coercion.
Besides these strategies, personality has already been recognized as a crucial factor
in generating persuasive arguments (Josekutty Thomas et al. 2017). The literature
has witnessed several studies investigating the influence of users’ personality on the
influence-strategy selection (Ciocarlan et al. 2019; Felfernig et al. 2018a; Shmueli-
Scheuer et al. 2019; Thomas et al. 2017). However, in the context of recommender
systems, only a few studies were conducted to discover the role of users’ personality
in generating persuasive explanations (Gkika et al. 2016; Alslaity and Tran 2020). The
mentioned studies are limited to discussing results regarding the impacts of personality
on the persuasiveness of explanations, whereas in-depth studies on how explana-
tions can be enriched with this factor and how they affect the consensus-achieving
process (especially in group decision-making and group recommender systems) are
still missing. To bridge this gap, one open topic is to develop different techniques
to enrich explanations with personality-related information. We believe that develop-
ing personality-aware arguments helps to increase users’ perception concerning the
recommended items (in terms of “how well the recommended item fits their person-
ality”). Besides, these arguments can motivate them to consume the items or change
their decision behavior. These explanations can also help to increase the satisfaction
of users with the recommended items.

6.4 Consensus explanations and visualization

Consensus explanations and effective visualization methods are beneficial for group
members to be aware of the current consensus state in the group. Graphical represen-
tation could be an effective method that helps group members be aware of differences
between his/her preferences and other group members’ preferences. Although several
approaches to consensus explanations and visualization have been proposed in the
current literature (see Sect. 5.2), group members still do not have insights into the
consensus state of the group, such as “where do the conflicts come from?” or “which
users conflict with each other?”.

To providemore sufficient information regarding the consensus state, further studies
on consensus explanations and visualization need to be performed. One solution can
be to use a node–link diagram to represent the conflict/agreement between two group
members. The diagram consists of nodes showing the name of group members and
links representing the conflict/agreement level between group members. The thicker
the link, the higher the conflict/agreement level between group members’ preferences.
The current consensus status of a group of friends in the tourism domain can be
visualized as in Fig. 6.

For futurework, user studies are needed to evaluate the effectiveness of the proposed
visualization method. Besides, one factor that needs to be examined for the proposed
method is privacy. Najafian and Tintarev (2018) point out that group members do
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Fig. 6 A proposal of a node–link diagram representing the conflicts/agreements among group members. A
node represents a group member and a link represents the conflict/agreement between two individual group
members. A link shown as a solid line represents an agreement between two group members. A link shown
as a solid line with a conflict icon represents a conflict between two group members. The thickness of a link
represents the intensity of a conflict or an agreement. For instance, the current user—you (shown with a
thick blue frame) has a high conflict with Luca. By clicking on the link, the current user can see the details
of the conflict and agreement between her preferences and the preferences of another group member. The
conflict icon in the figure is from https://www.flaticon.com/ (free download version). (Color figure online)

not have an equal privacy concern to all types of user information. Given specific
information, some users want to disclose it, while some do not. Besides, the needs
of users regarding privacy are assumed to be affected by different factors such as
personality, the relationship type in the group, and preference scenarios. Inspired by
this work, user studies should be conducted to analyze on which level the preference
information should be disclosed (only for each individual group member or for the
whole group). Besides, a groupmember should be able to decide whether he/she wants
to disclose his/her preferences to other group members.

6.5 Consensus negotiation

Several studies have been conducted in group recommender systems to overcome the
drawbacks of the basic aggregation strategies and generate consensus-based group
recommendations. Most of these studies are proposed on the algorithmic level (in the
recommendation generation phase) or on the representation level (in the explanation
representation phase) that shows consensus explanations to users. However, further
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open topics can also be discovered in the consensus negotiation phase to better support
consensus-achieving processes. One promising solution is to enrich user interfaces
by integrating negotiation mechanisms among group members. User interfaces are
designed in such a way that facilitates groupmembers to share their preferences within
the group (Nguyen and Ricci 2017a). Being aware of the preferences of each other
helps the group reach a consensus more quickly. An example thereof is the following:
userA prefers“cheese”, whereas userB is interested in“beef”. A negotiation template
can be proposed in this context as follows: “user A would accept recipes with beef as
long as they contain cheese”. The generation of negotiation patterns for the consensus-
achieving process is still an open research topic up to now.

7 Conclusion

The consensus-achieving process plays a vital role in group decision-making activities,
which helps to achieve a final solution with a high agreement and satisfaction level.
This article provides readers with a full landscape of existing consensus models in
two contexts—group decision-making and group recommender systems. Consensus
models for group decision-making focus on calculating soft consensusmeasures based
on various models such as reference domain, coincidence method, OWA operators,
guidance measures, recommendation generation, and individual centrality. Besides,
other approaches supporting the consensus-achieving process in heterogeneous and
large-scale groups have also been discussed in this article, such as clustering methods,
consensus-achieving processes, group decision-making methods, and group decision-
making support systems. On the other hand, we also discuss different consensus
approaches for group recommender systemswith different targets, such as overcoming
the limitations of the basic aggregation mechanisms, further taking into account social
relationships among group members, and achieving highly satisfying group recom-
mendations. Different consensus approaches based on explanations and visualization
are also presented to intuitively describe the current consensus state of the group and
accelerate the consensus-achieving process. Although plenty of studies on consensus
models have been proposed in the literature, there still exists room to proceed with
further improvements in these models in both contexts, group decision-making and
group recommender systems.
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