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ABSTRACT

Conventional group recommender systems fail to take into account the impact of group dynamics on group recommendations,
such as the process of reconciling individual preferences during collective decision-making. This scenario has been previously
examined in the context of group decision making, specifically in relation to consensus reaching procedures. In such processes,
experts engage in negotiations to determine their preferences and ultimately pick a mutually agreed upon option. The objective of the
consensus procedure is to prevent dissatisfaction among group members about the suggestion. Prior studies have tried to accomplish
this characteristic in group recommendation by using the minimal operator for the process of aggregating recommendations.
Nevertheless, the use of this operator ensures just a minimal degree of consensus on the proposal, but it does not provide a
satisfactory level of agreement among group members over the group recommendation. This paper focuses on analyzing consensus
reaching procedures in the context of group recommendation for group decision making. The goal of the study is to use consensus
reaching processes to provide group recommendations that satisfy all members of the group. Additionally, study aims to enhance
group recommender systems by ensuring an acceptable level of agreement among users regarding the group recommendation.
Therefore, group recommender systems are expanded by including consensus reaching mechanisms to facilitate group decision
making. In the context of group decision making, a collective resolution is reached by a group of persons, who may be specialists,
from a pool of options or potential solutions to the issue at hand. To do this, each specialist obtains their preferences about each
possibility. The conventional selection techniques for group decision-making difficulties fail to include the possibility of dissent
among experts over the chosen choice. This issue is alleviated by using consensus-building techniques, in which a substantial degree
of agreement is attained prior to picking the ultimate decision. To facilitate alignment of experts' tastes, they repeatedly modify them
to increase their proximity. Prior to making collective choices, it is sometimes necessary to establish a certain degree of consensus.
Thus, this paper presents a group recommendation architecture that utilizes automated consensus reaching models to provide
accepted suggestions. More specifically, we are considering the minimal cost consensus model and the automated consensus support
system model that relies on input. The minimal cost consensus model calculates the collective suggestion of a group by adjusting
individual preferences based on a cost function. This is achieved via the use of linear programming. The feedback-based automated
consensus support system model mimics the interaction between group members and a moderator. The moderator offers adjustments
to individual suggestions in order to bring them closer together and achieve a high degree of agreement before generating the group
recommendation. Both models are assessed and contrasted with baseline procedures in the testing.
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INTRODUCTION, FORMULATION OF THE
PROBLEM

As more people become digitally connected in
today's society, there is an abundance of information
available online. The proliferation of information
has made it more difficult for users to locate the
information they need. The purpose of internet
search engines such as Google and Bing are to
provide relevant and helpful information to users,
but they are also becoming less important due to the
challenge of locating relevant information among
thousands of results [1].

© Gorbatenko A., Hodovychenko M., 2024

Personalized web apps are needed to solve this
issue since they gather the most important and useful
data from many sources. Web customization offers a
plethora of applications, the most noteworthy of
which is the recommender system, which facilitates
gasy content recognition and information access in a
manner that is worthwhile and acceptable for
consumers [2].

A typical recommender system’s general goal is
to observe user behavior, forecast an item's rating
based on that information, and then recommend
goods with the highest possible rating that
consumers could find appealing [3].
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One of the most common human tasks in
everyday life is decision-making. Group decision-
making procedures, in which a number of users
collaboratively choose a single, shared answer from
among many possible options, are becoming more
and more necessary [4].

In requirements engineering settings, for
example, members of a software development team
must collaboratively choose one or more needs from
a list of possible requirements to be included in the
next release. In these scenarios, recommender
systems that take into account each member's taste
and preferences for the user group are referred to as
group recommender systems [5].

In the realm of recommender systems, research
in this area is ongoing. A plethora of group
recommender systems have been created recently to
address the difficulties involved in formulating
suggestions for a group of members. The general
goal of a traditional recommender system is to
analyze user behavior, forecast item ratings based on
that information, and then suggest goods with the
highest rating that consumers may find appealing
[6].

Group  recommender  system's  primary
responsibility is to identify each user's preferences
and then identify a compromise that the group as a
whole can agree upon. The goal of group suggestion
is to create and compile each user's unigue
preferences.

The three main methods for creating the
preference aggregation are as follows:

(a) combining the individual suggestions;

(b) aggregating the individual ranks.

(c) building a model of group preferences.

Certain group recommender systems create the
group profile by giving each member of the group
the same weight and avoiding any interactions
between them. GRSK, Let's Browse, Polylens,
Intrigue, MusicFX, and The Collaborative Advisory
Travel System are a few examples of this kind of
group recommender systems [7].

A collection of recommendations in
conventional group recommender systems may be
directed by aggregation techniques like majority,
average, greatest joy, and least pain. These tactics,
however, don't always result in group suggestions
that are highly agreed upon by all participants. It is
possible that some members of the group will not
agree with the solution that was selected. Integrating
a consensus-achieving method that seeks group
members' agreement on the issue before making a
final choice and, as a result, produces a very

satisfactory answer for the group, is crucial in this
situation.

Thus, the purpose of this study is to provide a
method for group recommendations, which utilizes
automated consensus reaching models to provide
agreed-upon suggestions.

1. LITERATURE REVIEW

Group decision-making is a common and
regular action carried out in companies in the
present day. Hence, it is important to address group
decision-making concerns that are relevant to ensure
optimal progress inside a business. These dilemmas
may be described as instances in which members of
a group must collaboratively choose a solution from
a collection of possible options [8].

Various functional views exist about the
process of group decision-making, including issue
analysis, goal setting, item identification, and item
assessment and selection. Problem analysis enables a
group to examine the probable reasons of a problem
and identify the underlying issues or the symptoms
associated with the problem [9]. Goal setting enables
a group to choose the resolution to an issue that
requires  collective  decision-making. Item
identification facilitates the process of identifying
potential solutions and encourages collective
brainstorming within the group. Ultimately, the
process of item assessment and selection empowers
group members to assess the goods and choose the
most superior option [10].

This literature review specifically examines the
viewpoint in which group members use a preference
structure to articulate their thoughts over a list of
prospective things. Subsequently, a two-phase
selection procedure is conducted to arrive at a
definitive answer for a group decision-making issue.

In the first stage, the preferences of group
members are collected and combined using
aggregation algorithms. During the second phase,
known as exploitation, a specific criterion is used to
acquire an item or a collection of objects that will
serve as the ultimate solution [11].

In a formal sense, a group decision-making
issue is comprised of the following key components
[12]:

— a collection U consisting of n users (group
members), U = {u4,...,u,},n = 2, which express
their preferences for a collection of things;

— a collection X of m elements X =
{x1,...,x;m},m = 2 to be selected as prospective
answers to the challenge of making decisions as a

group,
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— set P represents the preferences of users
about the things, which serves to express the
opinions of users on the objects. The preference
values are defined inside a rating domain D(P <
UXxX - D).

A user's choice for an item may be denoted by a
preference structure. Various preference structures
have been used in group decision-making
methodologies, including preference orderings,
utility values, and preference relations [13]:

— preference ordering: A user, referred to as u;
expresses their preferences for a collection of m
objects by creating an individual preference
ordering. O' is a set of permutations, denoted as
{oi,...,0L,}, where o(-) represents a permutation
function over the set of indexes {1,...,m}. The user
provides a ranked list of item choices in descending
order. Within the context of recommendations, this
preference structure may be described as “a
hierarchical relationship between two or more items,
used to determine which, out of a range of options,
most closely aligns with the user's preferences”;

— utility values: a user, referred to as u;,
expresses their preferences for a collection of
objects, denoted as X, using a set of m utility values.
The set U; consists of elements ul,...,u,, where
each element u} belongs to the interval [0,1]. The
fundamental concept is that as the utility value of an
item increases, so does the user's preference for the
item's aims. Utility-based recommender systems, in
which  recommendations are generated by
calculating the efficacy of each item for the user,
have implemented this preference structure.

Several utility-elicitation techniques have been
devised using Multi-Attribute Utility Theory to
accurately capture a decision maker's comprehensive
preferences;

— hierarchical rankings: the user's preferences,
as defined by the function w,i:X X X - D,
explain the degree or intensity of preference for item
x; over item x; in the domain D. This preference
structure demonstrates the notion of paired
preferences in recommendation situations. In this
structure, instead of rating things individually, the
user expresses their preferences by indicating which
item they prefer in a pair (x;,x;). Users often
naturally communicate their preferences in pairwise
form in many real-life decision-making situations.
When choosing a pair of shoes, we do not evaluate
each pair of shoes independently. Alternatively, we
are inclined to evaluate and then choose the
desirable option [14].

Various forms of preference relations may be
used based on the specific domain in which the
strength of the preference is assessed. Out all these
categories, fuzzy preference relations are the most
used strategy because they are useful in simulating
decision-making processes [15].

In this technique, if D is a value between 0 and
1, each value p}, in the matrix P! indicates the
preference degree (related to user u;) for item x;
over item x; (typically, it is considered that p}, +
pi; = 1, foralljand k):

— the equation pj, = 1/2 implies that there
are no discernible distinctions in the preferences of
user u; between items x; and xy;

— the equation p}k = 1 signifies that item x; is
unequivocally favored over item xy;

— the equation pji-k = 0 signifies that item x;
is unequivocally preferred over item x;;

— the expression p]i-k > 1/2 signifies that item
x; is chosen above item x;. Another often used
method is linguistic preference relations, which use
a linguistic term, set to indicate the level of liking
for the items. If D is equal to S, where S is a
linguistic term set consisting of sy, ... ,s; with an
odd number of elements (g + 1), and s;5/2
represents a neutral label (such as “equally
preferred”), while the labels p}i-k in the matrix P!
denote the linguistic preference intensity of x; over
Xk [16]

In the context of group decision-making, the
process of selecting a conclusion does not ensure a
high degree of agreement in the outcome, which is
crucial in several real-world scenarios. To address
this limitation, it is necessary to implement a
consensus-building procedure that may adjust the
original preferences of individuals inside a group
discussion, bringing them closer to a collective view
that is agreeable to all members of the group [17].

Consensus is a condition in which all members
of a group reach a mutual agreement, and the final
choice is satisfactory to everyone. Consensus
measurements quantify the degree of agreement
among members of a group.

The measurements are bounded within the
range [0, 1], with 0 indicating no consensus and 1
indicating complete agreement.

The remaining assessment scores are within the
range of (0,1), indicating degrees of partial
unanimity. The consensus notion may be viewed
from several perspectives, ranging from rigorous to

38 Information technology in computer systems

ISSN 2663-0176 (Print)
ISSN 2663-7731 (Online)



Gorbatenko A. A., Hodovychenko M. A,

/' Herald of Advanced Information Technology

2024; Vol. 7 No.1: 36-47

more lenient based on these
principles [18].

Strict consensus, also known as unanimity,
refers to a complete agreement among all members
of a group. This means that the consensus measure is
equal to 1. However, achieving strict consensus is
sometimes difficult and expensive. The notion of
soft consensus has been introduced as a means to
relax the rigorous consensus approach, by defining

consensus using fuzzy linguistic quantifiers.
2. PROPOSED METHOD

The overall structure of the proposed method is
made up of the stages that are as follows:

— Recommendation — individual suggestions
are generated for each member using a collaborative
filtering mechanism during the first phase of the
process, which is the recommendation phase. After
that, these individual suggestions are filtered in
order to identify the top N common groups of things.
These sets of items are then represented as
preference orderings, which will be used in the
subsequent component;

— consensus — the individual suggestions are
included into an automated consensus reaching
process until a certain degree of agreement is
attained. When all is said and done, the group
suggestion and the collective preference are both
computed.

interpretations,

2.1. Recommendation step

During this stage, the initial step is to compute
the specific suggestions for each particular member.

In the case of every u; € U, the output is a
collection of pairs t; Tyt for every t, € T — Ty,
These suggested goods are arranged in decreasing
order after being classified according to rating
prediction. Through this sorting, an ordering Oy, is

established for each individual member w;.

As a result of the fact that customers have given
varying ratings to various things, their orders will
comprise distinct groupings of items. In order to
rectify this situation, the ordering Oy, takes into

account just the things that are generally suggested.
In other words, only the items that are included in
setT — ij].Tu]. are taken into consideration.

In the last step, the things that are ranked
highest are chosen to go on to the subsequent phase.
The collection of all ratings that are included inside
the recommender system serves as the system's
input. It is essential to take note of the fact that only
a limited subset of items from the total number of

available items are known, which is denoted by the
symbolR c T X M.

The application of single user collaborative
filtering is the initial phase in the process. The first
step is to create all of the individual forecasts for
each u; € U by utilizing their ratings over the items
that are stored in the group recommendation system
database respectively. These individual forecasts are
created for things that the member has not
previously evaluated; in other words, all of the
predictions 7, are generated for t, € T — T, .

Immediately after this, it is necessary to extract
the common set of objects that are suggested. This
step is carried out since the single user recommender
system may not be able to give predictions for all
(uj, tx) pairings, which is not acceptable for the
subsequent consensus phase.

We are going to refer to the collection of things
that are often expected for the group U as T,

T, = {tes.t. Vi € U 3y, ). 1)

Following the computation of the set of
commonly anticipated things, the predictions are
pre-filtered in order to decrease the number of items
that will be part of the item set that will be used
during the consensus phase. This is done to limit the
amount of computing work required during the
consensus phase and to shorten the list of things that
are proposed.

Because of this selection, things that are not
suitable for the group suggestion are eliminated from
consideration. There are a variety of social choices
voting systems that may be used for the selection
process. Some examples of these systems are the
Borda count [19], cumulative voting [20], and single
transferrable voting [21].

2.2. Consensus step

During the first step, the individual suggestions
of each member with reference to the common
collection of things that are suggested are produced.
In the phase of reaching agreement, the objective is
to get a high degree of consensus among the
individual proposals in order to gain the collective
choice. In this step, we investigate the application of
two of the automated consensus support models that
are currently available: (i) the minimal cost
consensus model, and (ii) the automatic consensus
support system model that is based on feedback.

ISSN 2663-0176 (Print)
ISSN 2663-7731 (Online)

Information technology in computer systems 39



Gorbatenko A. A., Hodovychenko M. A,

/' Herald of Advanced Information Technology

2024; Vol. 7 No.1: 36-47

2.2.1. Minimal cost consensus model

In this particular configuration of the consensus
phase, the individual predictions that were acquired
in the recommendation phase are subjected to the
application of the minimal cost consensus model
[22]. The individual forecasts of each participant are
received during this phase. These predictions are
regarded as individual preference values within the
context of this model. The minimal cost consensus
model modifies the preferences of users in order to
arrive at a consensus as quickly as possible.

Following the establishment of a consensus, the
model will obtain one preference value for each
item. This value represents the group rating
prediction that will be used to make
recommendations. It is necessary to apply a distinct
instance of the minimal cost consensus model to
each individual item ik.

Under each and every circumstance, the least
cost consensus model is driven by the following
rules:

— Ty, is the rating forecast for the target
item, and member wu; preference is the membership
preference;

cy; =1 is the cost that is incurred when
altering the preferences of a member u;;

— the weight of a member w;is equal to Wy =
1/1U1;

- ¢=0.2anda = 0.8.

In light of this, the following is the solution to
the minimal cost consensus model that was solved
using linear programming:

(. L s
min Cuj |Fujt, = Tujty |

ujeu

ru]'tk - 7/'Gtk| < g

s.t. rGtk = Z Wuj ru]'tkl
ujeu

Z Wu]' |7Aﬂu]-tk - 7:\'Gtk| < (1 - a)'

u]-EU

Vuj € U,
)

where ?u].tk represents the choice of member u; over

item ¢, at the conclusion of the consensus process,
and 7., represents the collective preference over
item t;, at the conclusion of the procedure.

Once this model has been solved, the collective
preference is used as the target item t; forecast for
the group, which is as follows:

Pred(U,ty) = fg¢,.- (3)

The consensus approach can only be applied to
the top k items from the social choice ranking,
which is something that should be mentioned. When
it comes to the group prediction, the average value is
used in this particular scenario for items that are not
included in the top — k set.

2.2.2. Feedback-driven automatic consensus
support model

Based on input, an automatic consensus support
system model is presented. In this particular
variation, an automated consensus support system
acts as a simulation of the interaction that takes
place between the members of a group and a
moderator who makes suggestions for modifications
that bring the members' preferences closer together
[23].

When a particular degree of agreement has been
obtained, the preference of the group is taken into
consideration when calculating the suggestion of the
group.

The first thing that has to be done is to describe
individual predictions as fuzzy preference
connections so that the consensus model can better
understand them. Because of this, the individual
predictions are transformed into crisp orderings.

Every single ordering Ouj is represented by a

fuzzy preference relation [24]. A transformation
function is being used by Py;.

Authors of paper [25] presented a number of
transformation functions in order to address the
many different preference representations that are
present in decision making issues that are subject to
ambiguity.

More  specifically, they  devised a
transformation function in order to construct the
fuzzy preference ordering from the crisp preference
ordering according to the following:

— [ trt 4
Pui - (puj )(nxn)’ “)
Ou, (t) =0y (t)
tgt; _ 1 ' '
=1+ )

This is an illustration of the first phase in the
process. The suggestion for member wu, is denoted
by the equation 0,,, = {t3,t5, ta, t;}.

This suggestion is stated in a preference
ordering, where 0, (t3) =1 indicates that item ¢,
has the greatest rating for member u; due to the fact
that it had the highest prediction.
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The following is the fuzzy preference relation
that corresponds to it:

- 033 067 0.17

p = 0.67 — 083 0.33 (6)
he! 0.33 017 - 0o /)
083 0.67 1 -

where the value of p,!"? is determined in accordance
with Equation (5) as follows:

0y, (£2)—0y.(t1)
tity _ 1 Y Y
Pu; ~ =3 1+ 4-1 >

(7)
L1+E2) =033

To push these preferences closer to each other
gradually until the consensus level achieves the
needed value, the second stage of the consensus
phase is to utilize the fuzzy preference relation P,

of all members and perform a consensus reaching
process.

This is done in order to bring the preferences
closer together. In this case, an automated
consensus model is used, which allows for the
preferences to be automatically updated in order to
bring them closer to one another. This s
accomplished by the utilization of a feedback system
that offers preference modifications to people [26].

When it comes to the group's fuzzy preference
relations, the consensus reaching process starts
monitoring the level of agreement that exists inside
the group. A similarity matrix, denoted by the

equation SMy, , = (smil]tfj;)nxn, is generated for

every pair of members that belong to the same
group.
The sm,/m matrix represents the degree of

similarity between members u; and wy in terms of
their evaluations of items t;, and t,,.

Following the acquisition of the similarity
matrices, the consensus reaching process will
proceed to construct the consensus matrix CMy ,, =
(ecm™i*k), ., by means of pairwise aggregation.

Each pairwise aggregation is an aggregation
operator that is applied to the similarity values.
Some examples of aggregation operators are the
arithmetic mean and the OWA operator [27].

Last but not least, the overall consensus degree
cr € [0,1] is generated by aggregating the values of
the consensus matrix CM. This occurs when the
consensus matrix CM is calculated.

To assess whether or not the members of the
group have attained a sufficient degree of
agreement, the consensus reaching process continues

to examine the amount of consensus that exists
inside the group.

Comparing the cr with the u € [0,1], which is a
value that is established a priori and indicates the
minimal degree of agreement that is necessary, is the
method that is used to do this.

In the event that the degree of consensus cr is
equal to or higher than g, it indicates that there is
sufficient agreement among the preferences of the
members, and the procedure is completed.

In any other case, the consensus reaching
process will proceed to alter the preferences of the
members. Furthermore, the parameter Max_Rounds
places a restriction on the number of rounds of
update that may be performed.

The execution of the consensus process is the
fundamental element of the consensus reaching
process method. The purpose of this section is to
discover the members of the group whose fuzzy
preference matrix P, i is the most far from consensus

by evaluating all of the fuzzy preferences matrices.

The first step is to generate a collective
preference P, by combining the individual
evaluations of each pair of things under

consideration. PP, ; = (Ppﬁf-tl) (s is the formula
nxn

that is used to construct a proximity matrix for each

uj € U. The pp,i’]‘,tl variable represents the degree to
which the member's opinion is similar to the
collective preference with respect to each pair of
pieces of information [28].

Following that, the use of the proximity matrix

PPy, is utilized in order to identify individuals
whose preferences are not sufficiently near to the
consensus. During this procedure, preferences pp,i’]‘_“

that have values that are not in agreement with the
majority are identified. These preferences are then
automatically modified [29] in order to raise the
degree of group consensus cr.

Immediately after the completion of the
consensus process, the consensus reaching process
will proceed with a fresh round and carry out the
consensus measurement itself. After either the
requisite degree of agreement has been obtained or
the maximum number of rounds has been
completed, the procedure is said to have reached its
conclusion.

The suggestions that have been agreed upon are
computed with the help of the collective preference
P.. Based on the fact that a consensus reaching
process was used in order to calculate P, it is
evident that there is a high degree of consensus
among the members of the group.
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In conclusion, an exploitation phase is carried
out in order to choose the many options about the
collective choice P..

According to paper [30], the non-dominance
selection criterion is the one that is used for this
particular selection. In order to identify the stringent
preference relation for the group, this criteria
computes a nondominance degree for each item by
using P,.

The formulation of this criterion is as follows:

tjt titk .o tjt tit;
pLt = {P! mptin >0 g
0 otherwise

The non-dominance degree, denoted by ND(t;,)
is then determined for each t, in the following
manner:

ND(t,) =1-— max {ﬁﬁjtk}- C)]

When it comes to the group suggestion, the
ultimate ranking of each item t; is determined by
the non-dominance degree, denoted by ND(¢;), of
that item.

3. EXPERIMENTAL RESULTS

This section provides a description of the
experiment that was carried out in order to assess
both variations of the proposed method and compare
them with earlier techniques, such as the average or
the least misery [31].

The purpose of this experiment was to
determine whether or whether the process of

obtaining agreement enhances group
recommendation.
Initially, the approaches that are being

compared are delineated. Following that, the
datasets and the techniques that are used to handle
them are described in depth. In a later stage, the
assessment criteria are specified.

In the end, the outcomes of both trials are
presented and assessed via the process. In
conclusion, a visual demonstration of the group
agreement effect for the group recommender system
using the automated consensus support system
model that is based on feedback is shown in the
form of an example.

3.1. Method variants comparison

The purpose of the experiments is to evaluate
the consensus method for group recommendation in
comparison to alternative methods that are centered
on the delivery of group recommendations that are
acceptable for all members of the group. The user-
based collaborative filtering and the item-based

collaborative filtering are the two single user
recommender systems that are examined in the first
experiment.

The minimal cost consensus model variation is
evaluated for both of these systems. Due to the fact
that this model is assessed using three different
configurations and compared with two additional
procedures, the total number of variants that are
compared is five:

— MinCost top-10: As a means of determining
the final aggregate rating value, the minimum cost
consensus model is exclusively implemented on the
ten items deemed most excellent based on the social
choice voting system. The final items are assigned
the mean value;

— MinCost top-50: The minimal cost
consensus model is implemented on the fifty most
popular items as determined by the social choice
voting system;

— MinCost all: Since the minimal cost
consensus model is implemented on the entire set of
items that are commonly predicted, it does not take
into account the outcomes of the social choice
voting system;

— Mean: The aggregate evaluation s
calculated by averaging the predictions made by
each individual regarding the objective item;

— Minimum: The collective rating for the
objective item is calculated as the minimum of all
individual predictions.

In the second experiment, the automated
consensus support system model that is based on
feedback variant is assessed and contrasted with the
recommendation aggregation group recommender
system operator that uses the minimum as the
aggregation operator [32].

The user-based collaborative filtering is the
individual recommender mechanism that comes into
play here. As a result of a number of adjustments,
this recommender system has been enhanced [33].

To determine the degree of resemblance
between the two groups, this experiment makes use
of Pearson's correlation coefficient. A relevance
factor is used in order to punish similarities that are
not calculated with a sufficient number of co-rated
items.

This is done in light of the fact that data
sparsity might introduce bias into the similarity.
Twenty is the value that is utilized for the particular
relevance factor. For the purpose of aggregating the
ratings of neighbors, the weighted sum is used
during the rating prediction phase.

The same selection of top-n items that was used
in the consensus-driven group recommender system
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is used here for the purpose of ensuring that the
findings are comparable. For the purpose of isolating
the influence of the consensus reaching process
itself, the proposal makes use of the exact same
individual regression functions.

Evaluations are performed on a number of
different configurations for the consensus reaching
process using a variety of consensus degree criteria
u. During the experiment, we demonstrate the
outcomes for the consensus degree values expressed
as u = {0.8,0.85,0.9}.

3.2. Used dataset

The MovieLens dataset was used for the
experimental study. To be more specific, we make
use of the ml-100k version, which is comprised of
one hundred thousand ratings statements that were
provided by 943 people across 1682 movies that fall
inside the {1,2,3,4,5} domain. The MovielLens
dataset does not include any information about
groups. In light of this, the method of group creation
that is used is the random group formation, in which
the number of members in the group is established to
be five.

Through the use of hold-out validation and a
test set that is 20 percent of the total, the dataset is
divided into training and test sets. Many different
executions of this split have been carried out in order
to acquire findings that can be relied upon. For the
purpose of group recommendation, the hold-out
approach has been modified to choose the ratings in
the test set only from the items that were evaluated
by each group.

3.3. Methods measurements

In these studies, three assessment metrics that
are commonly used are employed in order to
evaluate the outcomes of the framework in terms of
its capacity to recommend: (i) the area under the
receiver operator characteristic curve, (ii) precision,
and (iii) mean absolute error.

For the purpose of evaluating the outputs of
classifiers in relation to a threshold, the area under
the receiver operating characteristic curve (AUC) is
used. In recommender systems, the size of the
suggestion list is the threshold that is taken into
consideration.

To be more exact, the area under the curve
(AUC) measurements how the sensitivity and
specificity respond as the threshold is increased.
Several points are generated as a result of this rise,
which are characterized by its specificity and
sensitivity.

These points constitute a curve, the size of
which is equal to the area under the curve (AUC) of
the classifier. The outcomes of the group
recommender systems are improved in proportion to
the value of the variable.

Precision [34] is a metric that is used to
ascertain the degree of accuracy that the suggestions
provided by the recommender system possess.

In particular, it evaluates the proportion of
things in the suggestion that are considered to be
genuine positives. In a manner similar to that of the
AUC, the outcomes of the group recommender
systems are improved when its value is higher.

In order to ascertain the degree of accuracy of
the rating prediction made by a group recommender
system, the Mean Absolute Error (MAE) algorithm
is used. Because it is a measurement of inaccuracy,
the group recommender system is considered to be
of higher quality when its value is lower.

3.4. Experiments on group recommender system
with minimum cost

The performance that was produced by the
methodologies that were compared is shown in 1
and Table 2, respectively, with relation to the AUC
and MAE.

Table 1. Evaluation results (AUC)

Method variants
RS MinCost | MinCost | MinCost .
top-10 top-50 all Mean | Min
User-based 0.6431 | 0.6450 | 0.6429 |0.6431|0.6249
Item-based 0.5560 | 0.5432 | 0.5442 |0.5532|0.5492

Source: compiled by the authors

Min-Cost top-50 with user-based collaborative
filtering produced the best performance in the case
of AUC, while the MinCost top-10 strategy got the
greatest performance for item-based collaborative
filtering.

Both of these approaches were successful in
achieving the highest performance. When it comes
to MAE, the greatest performance with user-based
collaborative filtering was accomplished by Mean
variant, and when it came to item-based
collaborative filtering, the best performance was
accomplished by MinCost top-10. It is important to
point out that the Minimum approach got much
lower outcomes in terms of MAE when compared to
the other strategies that were used.

Table 2. Evaluation results (MAE)

Method variants
RS MinCost | MinCost | MinCost .
top-10 | top-50 all Mean | Min
User-based 0.7748 0.7750 0.7751 |0.7741]0.8679
Item-based 0.7988 | 0.8139 | 0.8152 |0.7993|0.9169

Source: compiled by the authors
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It is also important to note that the MinCost
top-10 and MinCost top-50 obtain superior results
when compared to MinCost all.This indicates that
the use of automated consensus methods on a
limited set not only lowers the amount of computing
resources required, but also enhances the overall
performance of the system.

In general, consensus models are able to
enhance group suggestions in the majority of
instances. Furthermore, when it comes to MAE with
user-based collaborative filtering, consensus models
attain a performance that is comparable to that of the
most effective strategy.

3.5. Experiments on group recommender system
with feedback-driven automatic consensus
support model

The group recommender system with the
automated consensus support system model based
on feedback was the subject of the second
experiment. The findings of the approaches that
were compared with reference to their AUC are
shown in Table 3.

Table 3. AUC for evaluated variants

Variant AUC
Baseline 0.5319
Consensus 0.80 0.5798
Consensus 0.85 0.5787
Consensus 0.90 0.5788

Source: compiled by the authors

Considering that the baseline findings are
improved by the three different configurations of
Consensus, it can be concluded that the consensus
reaching process is beneficial to the suggestion.

With regard to this particular dataset, the best
results are achieved when the consensus degree is
set at 0.8. The findings of the procedures that were
compared with respect to their precision are shown
under Fig. 1.

wwwwwwwwwww

0.70000

Fig. 1. Precision for different list sizes for

method variants
Source: compiled by the authors

The size of the list of recommendations is
shown along the X axis, and the accuracy of such a
list size is represented along the Y axis.

In terms of accuracy, the various procedures
that are being compared provide different findings,
which is proof that each methodology is giving
distinct suggestions. This is something that can be
seen. To be more specific, the proposal that has a
consensus degree of 0.8 has the highest performance
for a suggestion list that contains up to four items.
The accuracy in the remaining situations is not the
best when compared to the precision in the other
configurations; nonetheless, it is superior to the
findings of the baseline.

The results of Precision are computed for the
same set of 10 items, which is something that should
be brought to attention.

In light of this, the modification to the
suggestion is the sorting that each method produces
for the 10 items. Due to the fact that the precision
does not take into account the order in which the
things that are suggested are presented, it produces
the same result whether the number of items on the
recommendation list is 10.

Based on the accuracy value of 10
recommendations, it can be deduced that the test set
had 77.5 % positive ratings.

CONCLUSIONS

In this paper, a method is presented for
consensus-driven group recommender systems that
incorporate consensus-building procedures into the
recommendation procedure in order to increase
member contentment with the recommendation.
Two different iterations of the framework are
provided. The initial one employs a minimum cost
consensus model in order to enhance consensus
while minimizing the necessary modifications. In
order to enhance consensus and reach agreed-upon
solutions, the second one simulates the negotiation
process between experts and the moderator using a
feedback-driven automated consensus support
system model.

The performance of both models has been
assessed and verified through experiments that
compare various configurations of the proposed
methods with those of the baseline techniques. The
findings indicate that the incorporation of
consensus-building processes into group
recommender systems improves recommendation
outcomes, with performance on the evaluated
metrics surpassing that of the baseline.
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AHOTALIA

TpaauiiiiHi CHCTEMH TPYIOBHX PEKOMEHAIiii HE BPaxOBYOTh BIUIMB TPYNOBOI JWHAMIKM Ha TPYHOBI pPEKOMEHIALi,
HaNpUKIIaz, MPOLEC Y3rO/PKCHHS iHAWBIAYyalbHHUX YIMOAOOaHb IiJi 4ac KOJCKTUBHOrO MPHHHATTS pimeHb. Llel cueHapiit Bxe
PO3IIISIABCS paHillle B KOHTEKCT IPYIIOBOrO MPUHHSATTS PillieHb, 30KpeMa, Yy 3B'SI3KY 3 MPOLEAYPaMH JOCSITHEHHsS KOHCEHCycy. Y
TaKMX MpOIECaX eKCHepTH Oepyrb y4dacTh Yy II€peroBopax, 00 BH3HAYHTH CBOI YIOAOOaHHS 1 BpewTi-pemr obparu
B33a€EMOY3IO/KeHHI BapiaHT. MeTa nponeaypH JIOCSTHEHHsT KOHCEHCYCY - 3alo0irTH He3aJOBOJICHHIO WICHIB TPYITH MPOITO3HUIII€IO0.
TMonepe/Hi AOCTiKESHHST HAMAralkuCsl TOCATTH Ii€] XapaKTePUCTHKH B TPYMOBUX PEKOMEH[IAIlSIX, BUKOPUCTOBYIOUYH MiHiMaTbHHI
orepaTtop Ul MPOLECy arperyBaHHs pekoMeHnamiid. IIpore, BHKOpHCTaHHS LBOro omeparopa 3abesredye JHIIe MiHIMaIbHUN
CTYITiHb KOHCEHCYCY IIOJO0 MPOIMO3ullii, ane He 3abesnedye 3aJ0BIBHOTO PIiBHSA 3ro[M MiX UICHAMH TPYIH IIOIO0 TPYMOBOL
pexkomenanii. CTarTss NpUCBAYCHA aHAN3y MpPOLEAYP NOCATHEHHS KOHCCHCYCY B KOHTEKCTI TPYIOBHX pEKOMEHMAiil st
NPUHHATTS TPYHOBUX pillieHb. MeTOr JOCIIPKeHHsI € BUKOPUCTAHHS TPOLIECIB JOCSITHEHHSI KOHCEHCYCY UIS HaJaHHS TPYIOBHX
pEeKOMEHIallii, sIKi 33JI0BOJIBHSIOTH YCiX wiieHiB rpymu. KpiM TOro, DociiukeHHs ClpsIMOBaHe Ha BIOCKOHAJICHHSI CHCTEM TPYIOBHX
peKOMEH/Ialiil NUISIXOM 3a0be3MeyeHHs] MPUIHATHOTO PIBHS 3ro[iM MiK KOPHCTYBauaMH LIOA0 TPYMOBHX pekoMeHpamiil. Takum
YMHOM, CHCTEMHU TPYNOBHX PEKOMEHIALI pPO3IIMPIOIOTHCS 3a PaXyHOK BKJIIOUEHHS MEXaHI3MiB JIOCATHEHHS KOHCEHCYCY IJIs
TOJIETIICHHS TIPUIHATTA TPYNOBUX PillleHb. Y KOHTEKCTi I'PYHNOBOrO NPUIHATTS PillleHb KOJIEKTHBHE PIIIEHHS MPUHMAETCS TPYIIO0
oci0, siki MOXyTh OyTH (axiBISIMU, 3 IyJTy BapiaHTiB ab0 MOTEHLIHUX pIIeHb MPOOJIEMH, IO PO3TIAAAEThCA. [ bOro KoXeH
(axiBelb OTpUMY€E CBOI HepeBard MO0 KOXKHOI MOXIHMBOCTI. TpaiuiiiiHi MeTomu BUOOPY s TPYIIOBOTO MPUHHSATTS pillIeHb HE
BPaxOBYIOTh MOXJIMBOCTI PO30DKHOCTEH MiXK eKclepTaMd HIofo oOpaHoro BapianTy. Lls mpoOnema BHpIIIYETBCS HUIIXOM
BUKOPHCTaHHS METO/IIB IOCATHEHHS KOHCEHCYCY, KOJIM JOCATA€ThCA 3HAYHUN CTYIIIHb 3rOJ1 Iepel BUOOPOM OCTaTOYHOIO PillIeHHS.
{06 monermmTy y3roJpKeHHsl CMaKiB eKCHEepTiB, BOHH HEOAHOPA30BO MOMUMIKYIOTh 1X, MI00 30LIbIINTH iXHIO ONH3bKicTh. [lepen
THM, SK 3pOOHMTH KOJEKTHBHHW BHUOIp, iHOII HEOOXiJHO IOCATTH IEBHOIO CTYNEHS KOHCEHCYCYy. TakuM YHHOM, L CTaTTs
MPE/ICTABIISE APXITEKTypy TPYHOBHX pPEKOMEHAALl, sika BHKOPHCTOBYE aBTOMAaTH30BaHI MOJENi IOCATHEHHs KOHCEHCYCY ISt
HaJaHHS MPUIHATHX TPONO3MLiil. 30KpemMa, MU pO3IJIIAEMO MOJAENb KOHCEHCYCY 3 MIiHIMQJIBHOIO BapTICTIO Ta MOJETb
aBTOMATH30BaHOI CHCTEMH MIATPHMKH KOHCEHCYCY, SKa MOKJIAJaeThCsd HAa BXiAHI MaHi. Moneinb KOHCEHCYCY 3 MiHiMaJbHOIO
BapTICTIO OOYHCIIIOE KOJIEKTHUBHY MPOIO3HUIIII0 TPYITH LUISXOM KOPUTYBaHHS iHIMBIAyaJIbHUX IepeBar Ha OCHOBI (YHKIT BapTOCTI.
Ile mocsiraeTbest 3a TOMOMOTOKO JIIHIKHOTO HporpaMmyBaHHs. Mozenb aBTOMaTU30BaHOI CHCTEMH i ITPUMKH KOHCEHCYCY Ha OCHOBI
3BOPOTHOI'O 3B'A3KY IMITye B3a€MOJII0 MK WICHAMH IPYIU Ta MOzepaTopoM. MozaepaTop MporoHye KOPUT'YBAHHS 1HIHUBIAyaIbHUX
MPOIO3ULIH, 1100 301M3UTH iX i TOCATTH BUCOKOTO CTYIICHSI Y3TO/DKEHOCTI Hepei THUM, SIK COpMyBaTH IPYNOBY PEKOMEHIALIIO.
O0uBi MOJIEIi OLIIHIOIOTHCS 1 MOPIBHIOIOTHCS 3 0A30BHMH MPOLEYPaMH I1iJ[ 4acC TECTYBaHHSI.
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