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Abstract Recommender systems can strongly influence which information we 4
see online, e.g., on social media, and thus impact our beliefs, decisions, and
actions. At the same time, these systems can create substantial business value
for different stakeholders. Given the growing potential impact of such Al-based
systems on individuals, organizations, and society, questions of fairness have
gained increased attention in recent years. However, research on fairness in
recommender systems is still a developing area. In this survey, we first review
the fundamental concepts and notions of fairness that were put forward in the
area in the recent past. Afterward, through a review of more than 160 scholarly
publications, we present an overview of how research in this field is currently
operationalized, e.g., in terms of general research methodology, fairness mea-
sures, and algorithmic approaches. Overall, our analysis of recent works points
to certain research gaps. In particular, we find that in many research works
in computer science, very abstract problem operationalizations are prevalent
and questions of the underlying normative claims and what represents a fair
recommendation in the context of a given application are often not discussed
in depth. These observations call for more interdisciplinary research to address
fairness in recommendation in a more comprehensive and impactful manner.
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2 Consider Ashokan and Haas [2021], where the authors show that biases may occur
in a typical machine learning pipeline from data generation, over the model building and
evaluation, to deployment and user interaction.
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3 The term redlining [Corbett-Davies and Goel, 2018] is analogous to the concept of
indirect unfairness wherein a non-sensitive characteristic (such as geography) is used as a
proxy for a more personal quality (such as race or socioeconomic status).
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Table 1: Examples for possible statements around different notions of fairness in the context 1
of a recommender system for jobs.

Group vs. Individual

Compared to men, women are recom- My friend Elisa and

mended low-paying occupations! I had similar GPA, qualifica-
tions and skills, but she got bel-
ter job recommendations!

Process vs. Outcome

My friend John and I had similar Relevant higher-paying jobs get recom-

GPA, qualifications, and skills, but he mended to white people rather than

got better suggestions only because he’s black!

a man!

Direct vs. Indirect

I am receiving worse recommendations People from south Italy receive worse

only because of my skin color! job recommendations by the system!

Statistical parity vs. Predictive parity

My group should receive as many good Among people who are recommended

recommendations as other groups! for the job, there is a smaller share
of qualified people from my group than
from other groups!

Static vs. Dynamic

The system achieved to be fair just The system accounts for shifts in our

once, in a different job market, but tastes and mneeds, and can prefer me

now employees’ goals and priorities today if it preferred someone else yes-

have changed! terday!

Associative vs. Causal

If you are black-skinned, you are his-

Had I not been black-skinned, would I

torically more likely to be discrimi- have received that recommendation?

nated against!

tected) attributes that determine group membership. Furthermore, it is often 3
required to define/indicate precisely some target distributions. Later, in Sec-
tion 4, where we review the current literature, we will introduce additional
notions of fairness and their operationalizations as they are found in the stud-
ied papers. As we will see, a key point here is that researchers often propose
to use very abstract operationalizations (e.g., in the form of fairness metrics),
which was identified earlier as a potential key problem in the broader area of
fair ML in Selbst et al. [2019)].

2.4 Related Concepts: Responsible Recommendation and Biases 4

Issues of fairness are often discussed within the broader area of responsible 5
recommendation [Di Noia et al., 2022; Ekstrand et al., 2022; Elahi et al.,
2022], with the key dimensions generalizability, robustness [Deldjoo et al.,
2020, 2021c¢], privacy [Anelli et al., 2021; Friedman et al., 2015], interpretabil-
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4 We note here that our work is not intended to be a systematic literature review in the
strict sense of Kitchenham et al. [2009], but rather aims to outline a broader picture of
current research activities.

5 https://dblp.org/
6 Note that DBLP indexes arXiv papers.

7 The full list of papers is made publicly available in this link: https://github.com/yasdel/
FairnessRecSys_Survey2023.
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8 A number of related events have been recently connected through the ACM FAccT
Network, https://facctconference.org/network/
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Fig. 1: Number of papers published per year. The entire number of papers sum up to 157. 2
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@ Technical
@ Conceptual

Fig. 2: Technical vs. Conceptual Papers. 2

9 Each paper was categorized by at least two researchers, and potential discrepancies were
resolved through a discussion process. The same process was applied to categorize the papers
also in other dimensions as discussed later in this section.
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Fig. 3: Group vs. Individual Fairness.

10 We should note that we found no example where the reliability of these implicitly com-
puted attributes was analyzed. Usually, authors use explicit thresholds to assign users/items
to groups [Li et al., 2021a; Xiao et al., 2020] or percentiles from distributions based on a
variable of interest, such as item popularity [Abdollahpouri et al., 2021; Deldjoo et al.,
2021a).
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Table 2: Overview of common attributes used when addressing fairness concepts from con- 1

sumers, providers, or both perspectives.

Goal 1: Consumer Fairness

Target: Demographic parity — sensitive at-
tributes are attained by birth and not under
a user’s control.

Target: Merit-based fairness — attained through
a user’s merit over time.

Target: Behavior-oriented fairness — attained

based on a user’s engagement with the sys-
tem/item catalog.

Target: Other emerging attributes

Attribute
— Gender [Burke et al, 2017, 2018;
Chakraborty et al., 2017; Deldjoo et

al., 2021a,b; Edizel et al., 2020; Farnadi
et al., 2018; Geyik et al., 2019; Ghosh et
al., 2021a; Gorantla et al., 2021; Lin et al.,
2019; Mansoury et al., 2019; Riederer and
Chaintreau, 2017; Tsintzou et al., 2019;
Wan et al., 2020; Wang et al., 2021; Wu et
al., 2021a; Xia et al., 2019]

— Race [Chakraborty et al., 2017; Ghosh et
al., 2021a; Gorantla et al., 2021; Riederer
and Chaintreau, 2017; Zheng et al., 2018;
Zhu et al., 2018b,c]

— Age [Bobadilla et al., 2021; Deldjoo et al.,
2021a; Farnadi et al., 2018; Gorantla et al.,
2021; Melchiorre et al., 2021; Siithr et al.,
2021]

— Nationality [Weydemann et al., 2019] and
Location [Riederer and Chaintreau, 2017]

— Occupation [Farnadi et al., 2018]

— Education [Gémez et al., 2021; Siihr et al.,
2021]

— Income [Sthr et al., 2021]

— User (in)activeness [Chakraborty et al.,
2019; Fu et al., 2020; Hao et al., 2021; Li et
al., 2021a; Xiao et al., 2020]

— User (non)mainstreamness [Abdollahpouri
et al., 2020b, 2021]

— Physio/psychological [Htun et al., 2021;
Wan et al., 2020]

— Sentiment-based [Lin et al., 2021]

Goal 2: Provider Fairness

Target: Item producer/creator — sensitive at-
tribute based on who the item producer is.

Target Producer’s demographic or general in-
formation — sensitive attribute based on to
which demographic group the item producer
belongs, e.g., male vs. female artists.
Target: Item information — sensitive attribute
based on the item information itself.

Target: Interaction-oriented fairness — sensi-
tive attribute based on the interactions ob-
served on items e.g., popularity.

Target: Other emerging attributes

Target: Non-sensitive attributes

— News author [Gharahighehi et al., 2021],
music artist [Ferraro, 2019], movie director
[Boratto et al., 2021b]

— Gender [Boratto et al., 2021b; Kirnap et
al., 2021; Shakespeare et al., 2020; Xia et
al., 2019], geographical region [Gémez et
al., 2021]

— Price and brand [Dash et al., 2021; Deldjoo
et al., 2021a], geographical region [Burke et
al., 2018; Liu et al., 2020]

— Popularity [Abdollahpouri et al., 2019b;
Borges and Stefanidis, 2021; da Silva et al.,
2021; Deldjoo et al., 2021a; Dong et al.,
2021; Ge et al., 2021; Sun et al., 2019; Wey-
demann et al., 2019; Wundervald, 2021;
Zhu et al., 2018a], cold items [Zhu et al.,
2021]

— Premium membership [Deldjoo et al.,
2019], sentiment and reputation [Lin et al.,
2021; Zhu et al., 2020a]

— Movie and music genre [Ferraro, 2019; Lin
et al., 2019; Rastegarpanah et al., 2019;
Tsintzou et al., 2019]

Goal 3: Consumer Provider Fairness (Multi-sided Fairness)

Target: Combinations of two targets from C-
Fairness and P-Fairness.

— Same category of sensitive attributes for
both wusers and items (e.g. behavior-
oriented) [Abdollahpouri et al., 2019b;
Burke et al., 2018; Lin et al., 2021; Naghiaei
et al., 2022; Rahmani et al., 2022a,b]

— Different categories of sensitive attributes
[Deldjoo et al., 2019, 2021a; Mansoury et
al., 2019; Rahmani et al., 2022c; Tsintzou
et al., 2019; Weydemann et al., 2019; Xia
et al., 2019]
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11 Tt should be noted that if decisions would be based on the protected gender attribute,
it would not be individual fairness. In the discussed work, however, the goal is to treat indi-
viduals similarly which have similar attributes (and not considering the gender attribute).
This then represents an approach towards individual fairness according to the definition.



20 Deldjoo et al.

12 Even though there are some strategies that are not fair, e.g., dictatorship, where one
decides for the group [Masthoff and Delic, 2022].
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Fig. 4: Fairness Notions: Single-sided vs. Multi-sided Fairness.5
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@ static
@ Dynamic

Fig. 5: Fairness Notions: Static vs. Dynamic Fairness Evaluation 5
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@ Associative

@ Causal

Fig. 6: Fairness Notions: Associative vs. Causal Fairness. 2

4.4 Application Domains and Datasets 4

13 The categorization of the papers was based on the datasets that were used for the
empirical evaluations. We used higher-level categories of domains as done in earlier surveys,
e.g., in Jannach et al. [2012]; Nunes and Jannach [2017].
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Fig. 7: Application domains of used datasets. Note that some studies rely on more than 2
one dataset, and a number of theoretical or conceptual works do not provide experimental
validation.
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Fig. 9: Technical Focus of Papers. 4
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Fig. 10: Fairness Step. 3

14 We note that in these tables we only provide individual examples of works that used a
particular metric.
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— Effectiveness (sometimes called relevance) defines the amount to which an 1
item’s exposure is effective, i.e., corresponds to the user’s preferences.

Different stakeholders in recommender systems may be concerned with these 2
two types of utility to varying degrees. For instance, from the perspective of
customers, fairness primarily entails an equitable distribution of effectiveness
among users, thereby preventing the discrimination of historically disadvan-
taged groups such as female or black job applicants, for example. In contrast,
producers and item providers that seek enhanced visibility are primarily con-
cerned with exposure equity, which should not be punished, for instance, based
on producers’ popularity or country.

We note that the popularity of items is a central concept in most metrics 3
that are related to exposure. Most commonly, the popularity of an item is
assessed in offline experiments by counting the number of observed interactions
for each item in the training data. Moreover, various work assume that there is
a trade-off between different evaluation objectives: customer fairness, provider
fairness, and overall system accuracy. Thus, some metrics in the literature are
designed against the background of such potential trade-offs.

Table 3: Selected types of evaluation metrics used for group fairness scenarios. 4

Metrics used for measuring Exposure 5

Popularity ~ of  recom- Different measures are used in the literature to quan-

mended items tify the popularity of the items in a given list of recom-
mendations, e.g., the Average Recommendation Popular-
ity (ARP) Abdollahpouri et al. [2019a] or the PCOUNT
measure in Borges and Stefanidis [2021]. The assumption
is that recommending less popular items increases fairness,
see also Deldjoo et al. [2021b].

Deviation from popularity-  In Borges and Stefanidis [2021], the authors propose a met-

ranked list ric to assess the popularity bias of a list inspired by the Nor-
malized Cumulative Gain (NDCG) metric. The popularity
bias is assessed by comparing a given top-n recommenda-
tion list with a list that is ranked by popularity. Lists which
differ more strongly from a pure popularity-ranked list are
considered to be fairer.

Proportion of less popular  Different metrics in the literature assess the number of less

items in recommendations popular (long-tail) items in the top-n recommendations as
a fairness indicator. These metrics are called Average Per-
centage of Long Tail Items (APLT) in Abdollahpouri et al.
[2019a] or Popularity Rate in Ge et al. [2021]. Such met-
rics are commonly based on some pre-defined threshold to
distinguish long-tail items from other.

Disparate  exposure of In Boratto et al. [2021b], the authors compare how often

provider groups the items of a certain group of item providers are recom-
mended relative to the proportion of items of this provider
group in the catalog. This measure is used to assess what
the authors term “disparate visibility”. A variation of this
measure, “disparate exposure”, also includes a positional
decay, see also [Gémez et al., 2021]. The underlying fairness
assumption is that items of a minority group of providers
should be recommended to users proportional to their rep-
resentation.
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Individual provider expo-
sure

Variance of provider expo-
sure

Ranking-based Statistical
Parity (RSP)

Divergence of exposure
probabilities

Concentration on a subset
of items

Different exposure-based metrics were proposed which as-
sume that items from the same provider belong to the same
group. In Wu et al. [2021b], the variance of the distribu-
tion of group-level exposures is used, whereas in Patro et
al. [2020] an entropy-like measure is used; in both cases, a
lower value evidences less inequality and, hence, more fair-
ness. In Patro et al. [2020] another metric is defined based
on a minimum exposure requirement (i.e., each product
must be assigned to a minimum number of distinct cus-
tomers) to measure the fraction of satisfied producers.
Also Wu et al. [2021b] base their fairness assessments on
the exposure of the items of providers relative to the num-
ber (and quality) of their items in the catalog (as in Bo-
ratto et al. [2021b]). The final fairness judgment for a rec-
ommender system is however then made by considering
the variance of exposures across providers (groups), where
lower variance indicates higher fairness.

Zhu et al. [2020b] propose to assess if items of different
provider groups have the same probability to be contained
in the top-k recommendation lists of users. A system is
considered fair if it ensures statistical parity, i.e., when the
probability distributions of being ranked (exposed in) in
top-k lists are comparable for different groups.

In Dash et al. [2021], the authors aim to assess the proba-
bility of exposure for “sponsored” recommendations com-
pared to “organic” recommendations on e-commerce mar-
ketplaces. To that purpose they compute the Kullback-
Leibler divergence of the distributions, which they estimate
based on different factors. A system is considered fair and
not exhibiting exposure bias when the divergence is close
to zero.

A number of works, e.g., Ge et al. [2021], use the Gini in-
dex to assess to what extent a recommender system has a
tendency to focus on a limited set of items. Such a concen-
tration on a subset of the items in the catalog may lead
to an overproportional, and thus unfair, exposure of some
items. The Gini index is a number between 0 and 1, which
is traditionally used to quantify inequalities, e.g., in terms
of income in a society. A higher Gini index means higher
concentration. We however note that this not necessarily
means that the concentration is on popular items (which
is however usually the case in practice).

Metrics used for measuring Effectiveness!® 2

15 Historically, evaluations of fairness in recommender systems mostly associated “expo-
sure” with “providers” and “effectiveness” with “consumers”, as these utilities are of most
interest to these stakeholders. However, other works use less explored scenarios, e.g., [Boratto

et al., 2021b; Zhu et al., 2020b], and examine effectiveness from the provider perspective.

1
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Difference between group’s
utility

Relevance disparity

Prediction error access
market segment

Ranking-based equal op-
portunity (REO)

The simplest way to evaluate group fairness is to calculate 1
the difference (typically in an absolute sense) in the average
performance of group members where groups are defined
based on the protected attributes; here the performance
can be quantified using ranking-aware (e.g., NDCG), or
rating-based measures (e.g., RMSE). This concept is used
to quantify group fairness in a number of publications un-
der several titles, including mean Absolute Difference Deld-
joo et al. [2021a,b]; Zhu et al. [2018b], or user-oriented
group fairness (UGF) Li et al. [2021a], and even Negative
bias Misztal-Radecka and Indurkhya [2021], where the lat-
ter calculates the difference between a performance metric
(e.g., NDCG) for a user segment and all other users. It
should be highlighted that this metric can be utilized to
measure producers’ exposure fairness, see e.g., Deldjoo et
al. [2021a).

This metric was introduced along with “Disparate exposure
of provider groups” from above in Boratto et al. [2021b].
Essentially, this paper examines the same disparity on the
producer-side, but with relevance as the underlying util-
ity. The authors note that a disparity in relevance values
might not necessarily imply that the minority group is dis-
criminated against based on its exposure or visibility in the
recommendations lists, but it may be exacerbated through
continuous recommendation loops.

The average prediction errors of a fair algorithm are sup-
posed to be similar for different market segments. Thus, in
Wan et al. [2020] the authors propose to use statistical sig-
nificance tests and the F-statistic as a fairness evaluation
metric to evaluate a global parity of prediction errors across
different consumer-product market segments. Lower values
in this approach indicate better rating prediction fairness.

This metric, again introduced by Zhu et al. [2020b], is simi-
lar to RSP presented in the previous Table but is primarily
concerned with measuring effectiveness fairness. It quan-
tifies the discrepancy between item groups based on the
probability that a relevant item is among the top-k sugges-
tions;

Other Scenarios 2
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Two-sided metrics

Calibration

Weighted
Fairness

Proportional

A number of metrics were proposed that integrate two 2
group fairness criteria, namely consumer effectiveness and
consumer exposure. (1) Flezible probabilistic metrics: Some
works have presented fairness measurement models that are
adaptable to specific scenarios, mostly by comparing the
distributions provided by a given system against an ideal
(fair) distribution, sometimes called target representation,
see [Amigé et al., 2023; Kirnap et al., 2021]. Generalized
Cross Entropy [Deldjoo et al., 2019, 2021a; Rahmani et al.,
2022a] is such a metric that compares those two distribu-
tions. Similarly, Kirnap et al. [2021] investigate a variety of
divergence-based metrics and target representation types
(e.g., based on equity, proportionality to the corpus size,
etc.); (ii) Joint multi-sided metrics: another group of fair-
ness metrics eliminates the constraint of comparing against
a target representation and evaluates fairness on the basis
of statistical independence between user and item groups.
Examples include Bias Disparity [Lin et al., 2019; Man-
soury et al., 2019; Tsintzou et al., 2019] and Mutual Infor-
mation [Amigé et al., 2023]. Another example is Wu et al.
[2021b], where the authors study joint multi-sided fairness
evaluation by designing metrics to measure the individual
fairness of customers, group fairness of providers, and the
overall quality of the recommendation results by measur-
ing the quality-weighted exposure for the provider side and
comparing the reduction in individuals’ recommendation
quality for the consumer side (see individual fairness).

The assumption behind calibration metrics is that fair rec-
ommendations should not deviate from the historical data
of the user, this is exactly what User Popularity Deviation
(UPD) [Abdollahpouri et al., 2021] measures in terms of
the user’s interest towards popular items. AGAP (Group
Average Popularity) by Wundervald [2021] measures the
same, but at the (user) group level;

Inspired by rate control algorithms for communication net-
works, this metric proposed in Liu et al. [2020] is a general-
ized Nash solution that seeks equilibrium when allocating
items (associated with a category) to users. For this, it
solves a constrained maximization problem based on the
exposure of each group of items.

Table 4: Selected types of evaluation metrics used for individual fairness scenarios. 1

Individual recommendation scenario
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Group recommendation scenario
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Aggregating effectiveness  Some authors aggregate metrics like NDCG or recall ac-

metrics on a group basis cording to the users who belong to the same group. For
these aggregations, the minimal value in a group or the ra-
tio between minimal and maximal values have been used
to quantify the gap between the least and highest utilities
of group members in order to achieve social welfare [Kaya
et al., 2020; Malecek and Peska, 2021].

Other uses of effectiveness In group recommendation settings, where the recommen-

metrics dations for all the users in a group are combined into the
same ranking, effectiveness metrics are used as surrogates
of fairness to account for how many users are positively im-
pacted by the recommendation. This is done in a way that
higher values (more hits, or relevant recommendations for
users) mean fairer recommendation lists. Such an approach
was chosen in Xiao et al. [2020] with the average recipro-
cal hit rank, and in Kaya et al. [2020] with the zero-recall
metric, which considers how many users received no rele-
vant recommendations. Hence, lower values indicate fairer
situations.

Satisfaction Producing recommendations to a group should be fair when
multiple iterations are allowed (sequential recommenda-
tion). In this context, the authors of [Stratigi et al., 2020]
propose several metrics to account for fairness: the overall
satisfaction of a user (average of recommendation quality
received by a user on each iteration), overall group satisfac-
tion (average of overall user satisfaction across the group),
and group disagreement (difference between maximum and
minimum satisfaction values in a group).

Discussion The main problem when using computational metrics in offline 2
experiments, in general, is that it is often unclear to what extent these metrics
translate to better systems in practice. In non-fairness research, this typically
amounts to the question if higher prediction accuracy on past data will lead
to more value for consumers or providers, e.g., in terms of user satisfaction
or business-oriented key performance indicators, see [Jannach and Jugovac,
2019]. In fairness research, the corresponding questions are if users would ac-
tually consider the recommendations fairer or if a fairness-aware algorithm
would lead to the different behavior of the users. Unfortunately, research that
involves humans is very rare. An example of a work that considers the effects
of fair rankings can be found in Siihr et al. [2021], where mixed effects were
observed in the context of job recommendation, accounting for gender biases
and the impact of job context, candidate profiles, and employer inherent bi-
ases, revealing that fair algorithms are useful unless employers evidence strong
gender preferences.

Another potential issue of the metrics used is that they may be a strong 3
over-simplification or too strong abstraction of the real problems. Consider the
problem of recommending long-tail (less popular) items, which is in the focus of
many research works. The metrics we found that measure how many long-tail
items are recommended usually do not differentiate whether the recommended
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16 The level of reproducibility of research work can be assessed in multiple dimensions,
see [Gundersen and Kjensmo, 2018]. In the context of our work, we limit ourselves to the
analysis of certain central artifacts that are publicly shared.
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Fig. 11: Level of Reproducibility (Shared Artifacts). 2
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overly simplistic operationalization of the research problem, using computa- 1
tional metrics for which it is not clear if they are good proxies for fairness
in a particular problem setting. In such a research approach, fundamental
questions of what is a fair recommendation in a given situation are not dis-
cussed. Correspondingly, the choice of application domains sometimes seems
arbitrary (based on dataset availability), and the fairness challenges often ap-
pear almost artificial. Moreover, connections to existing works and theories
developed in the social sciences are rarely established in the published litera-
ture, and fairness is often simply treated as an algorithmic problem, e.g., to
make recommendations that match a pre-defined target distribution. In some
ways, current research shares challenges with many works in the area of Ex-
plainable AI, where many insights from social sciences exist, and where it is
often neglected that explainable Al like a recommendation, to a large extent
is a problem of human-computer interaction [Miller, 2019]. As a consequence,
much more fundamental research on fairness, its definition in a given prob-
lem setting, and its perception by the involved stakeholders is needed. This,
in turn, requires a multidisciplinary approach, involving not only researchers
from different areas of computer sciences, but also including subject-matter
experts from real-world problem settings and scholars from fields outside com-
puter science, such as psychology and social science.
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