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Abstract

Fairness is currently becoming a necessary dimension to consider in contem-
porary artificial intelligence(AlI)-based systems, according to the recent Ethics
Guidelines for a Trustworthy AI. Being recommender systems popular appli-
cations that incorporate Al in a larger or lesser extent, the literature analysis
identifies a research gap related to the exploration of demographic parity fair-
ness in the group recommendation scenario. The current work is focused on
this gap, developing a group recommendation framework that has as main nov-
elty the measuring of the consumer fairness taking into account the presence of
advantaged and disadvantaged class of users. Experimental studies are developed
for measuring the performance of the proposal in a real recommendations sce-
nario, illustrating that it is able to distinguish different fairness levels across the
delivered recommendations.
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1 Introduction

The Ethics Guidelines for a Trustworthy AI !, published by the European Commission
in 2019, identified that the development, deployment, and use of artificial intelligence
(AI) systems should adhere to the ethical principles of respect for human autonomy,
prevention of harm, explainability, and fairness. Particularly, fairness concerns a com-
mitment to ensure that individuals and groups in the system, are free from unfair bias
and discrimination in Al, assuring an equal and fair distribution of benefits and costs.
Considering its social impact in gender and diversity-related issues, the studies on
measuring and improving the systems’ fairness are becoming a relevant and necessary
topic in Al research.

Recently, the concept of fairness has been brought to the recommender systems
(RS) research area. As popular Al-based systems, RSs are focused on providing users
with items that best fit their preferences and needs, in an overloaded search space of
possible options [1]. Since 90s, they have been applied in scenarios such as e-commerce,
e-learning, e-health, and so on [1].

Formally, fairness is associated with the recognition of RS as a multi-stakeholder
scenario, in which the main stakeholders are consumers (C) and providers (P) [2].
Specifically C-fairness, the focus of this work, is formerly centered on the dis-
parate impact of recommendations on protected classes of consumers, associated with
sensitive features, e.g., gender, race, and age.

In other direction, recommender systems have been recently brought to scenar-
ios where users consume items in groups and not individually, such as TV programs,
restaurants, or tourism packages [3, 4]. For these scenarios, the concept of group rec-
ommender systems has been developed for suggesting items focused on satisfying the
overall preference of the group beyond the particularities of each individual preference
of the users.

However, research on fairness has been mainly centered on individual RS [2, 5, 6],
being on the other hand very limited the research on recommendation fairness in
group recommender systems (GRS). Current GRS proposals only consider fairness by
optimising the exposure of items in the final recommendation lists (e.g. the recom-
mendation of items that are preferred by the whole group, as far as possible [7, 8]),
without taking into account the user’s demographic attributes, which are considered
as key information for characterizing algorithmic fairness [9]. Here the item exposure
makes reference to the position of the item in the list of generated recommendations,
having a top position being considered as a higher exposure.

At this stage, we consider that it is necessary to boost the study of fairness in the
traditional GRS scenario. With this goal in mind, the current paper extensively brings
to the GRS context the C-fairness concept proposed by Burke [2] which is supported
by the demographic attributes of the consumers.

The paper is structured as follows. Section 2 presents some antecedents on fair-
ness in group recommendation. Section 3 explores how to measuring demographic
attributes-related fairness in GRS. Section 4 develops the evaluation of the presented
approach. Section 5 concludes the contribution.

"https://digital-strategy.ec.europa.eu/en/library /ethics-guidelines-trustworthy-ai



2 Fairness in group recommender systems

In contrast to fairness in individual RS [5, 6], fairness in GRS has been hardly covered
by the specialized literature, and with a much more limited scope. Xiao et al. [10]
proposed several definitions of fairness, encouraging the group members to minimize
the gap between least and highest recommendation utilities. Serbos et al. [11] explore
fairness in the package-to-group recommendation problem, by formalizing the concepts
of m-proportional fairness and m-envy-freeness, modelling greedy algorithms to find
appropriate recommendations. Sacharidis [7] also focused on fairness in GRS, defining
the member utility of a group recommendation list as the similarity value of the list
and the member ground truth. The fairness of the list is then defined as the lowest
member utility of the group, and is reached through the items probability to be in the
top-n pareto-optimal items for the group.

A similar goal is followed by Stratigi et al. [12] focused on an iterative process to find
a top-n list for the group that maximizes global utility. Also, Felfernig et al. [13] present
FAI, a method where group’s individuals incrementally build the recommendation list,
in a fair turn-based way.

Finally, Kaya et al. [8] have focused on a rank-sensitive balancing of relevance across
the group. Herein, the group recommendation list is built in a greedy way, according
to a score that depends on the probability that the item is relevant to each member
and that there is at least one relevant item in the list for each group’s member.

In short, current proposals for GRSs consider fairness by optimizing user fairness
in item exposure at the final recommendation list, a particular C-fairness scenario
in individual RS. Furthermore, Pitoura et al. [9] have recently pointed out that in
GRS the few fairness-aware approaches have been centered only on individual and
consumer fairness. It is then necessary to take into account fairness from a more holistic
viewpoint than in individual RS, by evaluating C-fairness from the demographic parity
viewpoint (performance in protected classes, e.g. age, gender), in the GRS. This is the
goal of the current work.

3 Formulating consumer fairness in the GRS
scenario

This section is focused on presenting the framework that will be used in the current
work, for exploring fairness in group recommendation. This architecture is composed
of three stages (see Figure 1): 1) group formation, 2) group recommendation process,
and 3) fairness measuring in group recommendation.

Group formation process. The typical group formation process in GRS, usually
predefines the associated groups in a previous stage before the recommendation gen-
eration. The current work will consider the selection of groups with users having a
large similarity in their rating profiles as group formation strategy. This approach has
been explored by several research works focused on this issue [3]

Group recommendation process. In this stage it will be used a rating aggregation-
based GRS approach, as one of the basic approaches in group recommendation [4]. Tt
is based on the creation, for each group, of a pseudo-user that contains the preferences
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Fig. 1 Overall architecture for measuring fairness in group recommendation

of the underlying users. This pseudo-user is then used for generating recommendations
as it was an individual, typical user [4]. In this work it will be considered the average
approach for aggregating the user’s preferences in the composition of the group profile.

Fairness measuring in GRS. Here we will present the novel strategy for charac-
terizing fairness in group recommendation. As novel feature, it is focused on bringing
the demographic attributes-related fairness, into the framework of group recommen-
dation. Specifically, it is centered on exploring whether the group members belonging
to the disadvantaged classes (regarding users’ demographic features), are adversely
affected by the generated recommendations.

With this purpose in mind, at first we identify the level of deviation of the actual
user preferences r,;, in relation to the predictions rg; done for the group using a GRS
algorithm (Equation 1). In this case we consider a signed deviation regarding we are
interested in exploring whether the users’ ratings are over or under the predicted group
preferences.

User_Group_Dev(u) = Z (rui — TGi) (1)
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In a second stage, we characterize the recommendation unfairness Unfairn
of the user u in a group recommendation framework, as how close are his/her
User_Group_Dev(u) value, in relation to the User_Group_Dev(v) values of the other
users v € G (Equation 2). If this difference is far enough, we consider that the under-
lying GRS model performed different for this user, being associated this behavior with
a larger unfairness.



Average unfairness values according to Equation 2, for disadvantaged and
advantaged classes in group members

Gender Age Age

Disadvantaged users Gender = Woman Age < 25 Age > 55
0.2454+0.1893 0.1572+0.1202  0.1866+0.1476

Advantaged users Gender = Man Age >= 25 Age <= 55
0.2070+0.1469 0.2007+0.1516  0.2312+0.1573

Average unfairness values for the identified groups and the disadvantaged
classes of users, according to Equation 3

Gender Age Age

Group unfairness  Gender = Woman Age < 25 Age > 55
0.1790+0.1029 0.1455+0.0741  0.2037+0.1291

Unfairn(u) = min(|User_Group_Dev(u) — User _Group_Dev(v)|);v € G (2)

Finally, the unfairness level associated to a group G (Equation 3), is represented
as the absolute difference between the average unfairness of the users respectively
belonging to the set A and D of the advantaged and disadvantaged users in the group
G.

Unfairn(G) I ZUnfazrn D ZUnfazr (3)
~I 2, DIz
The next section will be focused on exploring this unfairness criteria in a traditional

RS dataset.

4 Experiments

In this study we will use the traditional Movielens 100K dataset [14]. It contains the
ratings provided by 943 users over a set of 1682 movies, having 100000 ratings values
in the range [1, 5], and a sparsity around 94% [14]. In addition to the preference data,
there is available some demographic information for each user, specifically age, gender,
and occupation.

The Pearson correlation coefficient is used as similarity metric, building groups
with users with a pairwise similarity « > 0. Particularly, we will build groups of size
4; 3 out of these 4 users belonging to the advantaged demographic user class, and the
fourth user belonging to the disadvantaged user class. In this context, the goal of the
current experiment is to characterize the Unfairn value for each of the 4 members of the
group (Equation 2), as well as the overall Unfairn value for the whole group (Equation
3). The used GRS approach was the rating aggregation-based GRS approach with the
average aggregation function [4].

Table 4 illustrates the unfairness degree associated to the mentioned dataset,
according to three possible disadvantaged classes of users, which are Gender =



Woman, Age < 25, and Age > 55. The selection of these three classes follows a com-
mon sense connected to the user gender (F'), to young people (Age < 25), and old
people (Age > 55). In addition, it is also presented the average unfairness associated
to the users in the advantaged class (M, Age > 25, and Age < 55).

According to Table 1, the larger unfairness values were associated to the gender
attribute. In this case, the selected disadvantaged class was associated to the larger
unfairness values, lying around 0.2454. However, in the case of the age criteria, it
was obtained a higher unfairness value for the advantaged class in relation to the
disadvantaged class. Beyond this result, it was obtained a larger unfairness value for
the criteria Age > 55 in relation to Age < 25.

Table 2 illustrates the average unfairness values associated to the groups. Here
it is interesting to point out that even though the disadvantaged class of users with
the larger unfairness according to Table 1 was Gender = Woman, in this second
table the larger group unfairness was associated to Age > 55. This behavior can be
explained by the fact that in the case of gender it was obtained a high individual
unfairness according to Equation 2 for both disadvantaged and advantaged classes,
leading to a lower unfairness for the groups according to Equation 3 that is focused on
measuring the difference between unfairness at advantaged and disadvantaged classes.
In a different direction, the lower unfairness value was obtained for ” Age < 25”.

Overall, the experimental results lead to the following findings:

-The approach exposed at Section 3 for characterizing unfainess in group recom-
mendation, is able to identify different unfairness levels in GRS.

-The difference in the results obtained in Tables 1 and 2 regarding the larger
unfairness value (Gender = Woman in Table 1; Age > 55 in Table 2), illustrate that it
would be interesting to manage two different unfairness notions in this GRS scenario,
which are 1) a different prediction nature (over or under the actual preferences) in
relation to the other group members, and 2) a different prediction nature in relation
to the users belonging to other demographic attributes.

-The criterion Age < 25 leads to the lower unfairness value regarding the considered
disadvantaged classes, being interesting the exploration of other ages based on the
same criteria.

5 Conclusions

The current research work has been centered on bringing a novel framework for
characterizing demographic parity fairness in group recommendation. The performed
experiments illustrate that the proposal is able to distinguish different fairness levels
in demographic attributes such as gender and age. Future works will be focused on
studying other kinds of attributes and other fairness dimensions in the GRS scenario.
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