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Provider fairness aims at regulating the recommendation lists, so that the items of different providers/provider groups are suggested
by respecting notions of equity. When group fairness is among the goals of a system, a common way is to use coarse groups since
the number of considered provider groups is usually small (e.g., two genders, or three/four age groups) and the number of items per
group is large. From a practical point of view, having few groups makes it easier for a platform to manage the distribution of equity
among them. Nevertheless, there are sensitive attributes, such as the age or the geographic provenance of the providers that can be
characterized at a fine granularity (e.g., one might group providers at the country level, instead of the continent one), which increases
the number of groups and decrements the number of items per group. In this study, we show that, in large demographic groups, when
considering coarse-grained provider groups, the fine-grained provider groups are under-recommended by the state-of-the-art models.
To overcome this issue, in this paper, we present an approach that brings equity to both coarse and fine-grained provider groups.
Experiments on two real-world datasets show the effectiveness of our approach.
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1 INTRODUCTION

Provider fairness in Recommender Systems aims at ensuring that (groups of) providers receive a visibility or an exposure
in the recommendation lists that is proportional to the amount of interactions of the users with these providers. When
group fairness is enabled by a system, usually a small number of groups is considered [2, 3, 15, 23]. Indeed, attributes such
as gender are considered as binary, while age is divided into three or four groups. In the context of demographic groups,
we refer to the terms coarse and fine-grained to describe the degree of specificity in the classification of populations.
Coarse-grained involves a more generalized composition and broad categorization of demographic groups, whereas
fine-grained involves a very specific and detailed categorization of demographic groups. Therefore, there are sensitive
attributes that can be seen at different granularities, which can allow us to characterize demographic groups in different
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ways. An example of a sensitive attribute currently studied in the literature of provider fairness where large groups
are considered is the geographic provenance of the providers [12–15]. Under this paradigm, item providers are usually
considered as belonging to one of the seven continents. However, this attribute can be declined at finer granularities,
and one might consider the country, the region, or the city of provenance, looking at this attribute as a sort of a Russian
doll. Clearly, the finer the granularity at which we consider a sensitive attribute, the smaller the demographic groups we
consider. The question that emerges, when considering coarse demographic groups (as in the current fairness literature),
is how the fine-grained provider groups inside each demographic group are treated in terms of fairness.

The focus of this paper is two-fold: (i) to enhance that the use of coarse demographic groups under-recommend
fine-grained provider groups; (ii) to show that a provider fairness algorithm that considers both coarse and fine-grained
provider groups enhances equity and augments coverage. Specifically, in this paper, we present CONFIGRE (i.e., a
COarse aNd FIne Grained RE-ranking) that not only focuses on providing fairness to large demographic groups but
also enables provider fairness to each fine-grained group (in our study, the country) inside a coarse demographic group
(in our study, the continent). Concretely, thanks to the use of buckets associating items to their continent and country
of provenance, we ensure that the providers of a given country are given enough visibility, meaning that they are
recommended a number of times proportional to the interaction of the users with their items. Note that our approach
can be easily generalized to any granularity of the provider groups, but in the datasets we used in this work it would
not make sense to consider finer granularities (e.g., region/city), due to the small representation these groups would
have in the data.

2 RELATEDWORK

In this paper, our focus is on provider fairness in recommender systems [4, 5], which explores how different providers,
either individually or as members of protected groups, have their items included (or not) in the rankings generated by a
recommender system [6]. In particular, a lot of work has been done in various scenarios [7, 8, 10, 11, 15, 21, 22, 29].
Different strategies can be employed when mitigating unfairness phenomena, including data pre-processing, in-
processing modifications to the model, or post-processing of recommendation lists [6]. Recent advancements include
the CP-fairness method [23], which integrates fairness constraints from both consumer and provider perspectives into
an optimization-based re-ranking approach. Furthermore, Burke et al. [3] introduce the SCRUF-D framework, where
providers and other stakeholders are presented as agents participating in the recommendation process through a two-
stage social choice mechanism. Finally, Wu et al. [31] propose the Multi-FR framework, a multi-objective optimization
approach for fairness-aware recommendations in multi-sided marketplaces, ensuring a Pareto optimal solution.

Concerning the mitigation strategy, various policies have been devised to examine the trade-offs between user
relevance and fairness. Kamishima et al. [18] introduced the concept of recommendation independence and developed
an objective function, which aims to minimize loss and maximize independence. Tahery et al. [30] expanded on this
analysis by considering items belonging to more than two protected groups by an algorithm called FARGO. Assessing
provider fairness typically involves metrics such as visibility and exposure. Visibility measures the frequency with
which an item appears in the rankings [9, 34]. Exposure evaluates the ranking position of an item, specifically for users
who receive recommendations for items from each provider [1, 35]. Mehrotra et al. [22] introduce a fairness metric that
rewards diverse recommendation lists in terms of popularity bias. Other approaches, like the one presented by Karakolis
et al [19], aim to provide fair recommendations across item providers by considering user diversity and coverage. Raj
and Ekstrand [25] provide a comparative analysis of several recently introduced fairness metrics for measuring fair
rankings, and Wu et al. [32] formulate a family of exposure fairness metrics based on the expected exposure metric, that
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address fairness concerns by considering group attributes of both users and items. Recently, Chen et al. [33] proposed a
model called P-MMF, that aims to balance provider fairness and user preference.

Existing proposals in provider fairness primarily focused on ensuring sufficient visibility for providers or groups at
a coarse granularity, without considering the impact for the fine-grained groups characterized by a given sensitive
attribute. In contrast, our proposal –to the best of our knowledge– is the the first that provides guarantees that also the
existing fine-grained of providers are not affected by disparities and receive a fair visibility in the recommendations.

3 PRELIMINARIES

Traditional recommendation scenarios are defined by a set of users, 𝑈 = {𝑢1, 𝑢2, ..., 𝑢𝑛}, that interact with a set of
items, 𝐼 = {𝑖1, 𝑖2, ..., 𝑖 𝑗 }. A totally ordered set of values, 𝑉 , can be used to express a preference together with a special
symbol ⊥. Considering a rating domain 𝑉 , the set of ratings results from a map 𝑟 : 𝑈 × 𝐼 → 𝑉 . If 𝑟 (𝑢, 𝑖) = ⊥, then
we say that user 𝑢 did not rate item 𝑖 . To easy notation, we denote 𝑟 (𝑢, 𝑖) by 𝑟𝑢𝑖 . We define the set of ratings as
𝑅 = {(𝑢, 𝑖, 𝑟𝑢𝑖 ) : 𝑢 ∈ 𝑈 , 𝑖 ∈ 𝐼 , 𝑟𝑢𝑖 ≠ ⊥} and they can directly feed an algorithm in the form of triplets (point-wise
approaches) or shape user-item observations (pair-wise approaches). We consider a random split of the data, where a
fixed percentage of the ratings of the users goes to the training, and the rest goes to the test set. The recommendation
goal is to learn a function 𝑓 that estimates the relevance (𝑟𝑢𝑖 ) of the user-item pairs that do not appear in the training
data (i.e., 𝑟𝑢𝑖 = ⊥). The term 𝑅 = {(𝑢, 𝑖, 𝑟𝑢𝑖 ) : 𝑢 ∈ 𝑈 , 𝑖 ∈ 𝐼 } refers to the set of recommendations.

Let 𝐶 = {𝑐1, 𝑐2, ..., 𝑐𝑔} denote the set of 𝑔 coarse-grained groups (i.e., in our case study, the geographic continents)
associated with the items, and let𝐷 = {𝑑1, 𝑑2, ..., 𝑑ℎ} denote the set ofℎ fine-grained groups (i.e., the set is the geographic
countries) associated with items. We denote as𝐶𝑖 ⊆ 𝐶 and𝐷𝑖 ⊆ 𝐷 the set of coarse and fine-grained groups, respectively,
associated with an item 𝑖 . Specifically, for the geographic provenance domain, note that since an item could be produced
by more than one provider, several geographic continents/countries may appear in a item, and thus, |𝐶𝑖 | ≥ 1, and
|𝐷𝑖 | ≥ 1. In case two providers belong to the same geographic continent/country, that continent/country appears
only once; this choice was made since we are dealing with group fairness, so when a group of providers is associated
with an item (either once or multiple times), we account for the presence of that group. We use the geographic
continents/countries to shape 𝑔/ℎ demographic groups, which can be defined to group the ratings of the items produced
in a continent/country (we denote the items in 𝐼 produced in a continent 𝑐 ∈ 𝐶 as 𝐼𝑐 , and the ones produced in a country
𝑑 ∈ 𝐷 as 𝐼𝑑 ). In our analysis and experiments, we use two metrics: group representation and disparate visibility.
Provider-group Representation. We compute the representation of a demographic group in the data as the number
of ratings for items associated with that group in the data. We define with R the representation of a group 𝑐 ∈ 𝐶 (i.e.,
continent of items) or 𝑑 ∈ 𝐷 (i.e, country or items) as follows:

R∗ =
|{𝑟𝑢𝑖 : 𝑢 ∈ 𝑈 , 𝑖 ∈ 𝐼∗}|

|𝑅 | (1)

where the ‘*’ symbol can be substituted by 𝑐 or 𝑑 , in case we are modeling the representation of a continent or a country,
respectively. Eq. (1), which ranges in [0,1], accounts for the proportion of ratings given to the items of a demographic
group associated with a continent or country. We compute the representation of a group only considering the training
set. Trivially, the sum of the representations of all groups is equal to 1.
Disparate Visibility. Given a group 𝑐 ∈ 𝐶 or 𝑑 ∈ 𝐷 , the disparate visibility returned by a recommender system
for that group is measured as the difference between the share of recommendations for items of that group and the
representation of that group in the input data:
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ΔV∗ =

(
1
|𝑈 |

∑︁
𝑢∈𝑈

|{𝑟𝑢𝑖 : 𝑖 ∈ 𝐼∗}|
|𝑅 |

)
− R∗ (2)

where, again, ‘*’ can be either 𝑐 or 𝑑 . The range of values for this score is [−R∗, 1 − R∗]; specifically, it is 0 when the
recommender system has no disparate visibility, while negative/positive values indicate that the group received a share
of recommendations that is lower/higher than its representation. This metric is based on Fabbri et al. [9].

4 DISPARATE IMPACT ASSESSMENT

4.1 Experimental Setup

We consider four state-of-the-art Collaborative Filtering algorithms: ItemKNN [28], UserKNN [16]), BPR [26], and
SVD [20]). In our experiments, we will report the results of the original non-fairness-aware recommendation algorithm,
denoted as OR and two baselines a provider fairness algorithm, P-Fair [13], and a consumer-provider approach,
CP-Fair [24]. We have used the P-Fair algorithm to control fairness for providers coming from different continents and
countries; we denote them as P-Fair𝑐 and P-Fair𝑑 , respectively. We follow a similar methodology to that described
in [24] to evaluate our experiments’ performance of CP-Fair, where we consider users as consumers and items (i.e.,
songs and movies) as producers. Since this algorithm does not allow a multi-group setting, as it addresses fairness as a
binary setting, we used the most represented continent group (North America) versus the rest of the continents.

To run the recommendation models presented previously and generate consistently formatted lists that can be fed
to CONFIGRE, P-Fair, and CP-Fair, we used the Cornac framework [27]. We used two datasets (publicly available at
https://github.com/davidcontrerasaguilar/CONFIGRE.git): (1) theMovieLens-1M (Movies) extended to integrate the
continent and the country of production of each movie, it provides 1M ratings (range 1-5), provided by 6,040 users,
to 3,600 movies, 54 countries, and 6 continents; (2) a new created dataset called DataSongs (Songs), which contains
1,777,981 ratings (range 1-5), provided by 30,759 users, to 16,380 songs, 62 countries, and 6 continents. Both datasets were
randomly separated into a test (20%) and training (80%) sets. For each user, we generated the top-1000 recommendations
(denoted in the paper as the top-𝑛) to then re-rank the top-𝑘 (set up to 10) through the proposed CONFIGRE algorithm.
To evaluate recommendation effectiveness, we measure the ranking quality of the lists by measuring the NDCG [17].

4.2 Group representation

Analyzing the training set in the Songs dataset, we observe that the North American (NA) continent has the highest
representation, which is close to 63.64%. Note that the United States country represents nearly 89.90% of the continent,
whereas only Canada, with a percentage of 7.49%, has a percentage above 1%; therefore, the remaining 2.61% is divided
between 7 North American (NA) countries. Moreover, the United States has 57.21% of the representation of the whole
dataset. Regarding the European (EU) continent, the United Kingdom has a 21.26% representation in the whole dataset
and a 77.67% concerning the other suppliers from the EU continent, leaving only 22.33% for the other 24 countries.
As it occurs in other continents, one country has more than half of the representation concerning other countries.
Similarly, this is the case of South Korea in the Asia (AS) continent, South Africa in Africa (AF), Australia in Oceania
(OC), and Brazil in South America (SA). Finally, it is also important to mention that, out of 54 countries, only 7 have a
representation of more than 1%, equivalent to 91.11% of the total representation. On the other hand, theMovies dataset
has a similar behavior, where the North American (NA) continent has 57.13% representation, and the United States
has 53.71% of the whole dataset. Additionally, this country has 94.01% of representation concerning the NA continent,
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whereas only Canada, with 4.50%, has a representation higher than 1.48%, and the remaining 1% is distributed among
the other 4 countries. Finally, it is essential to highlight that only 8 of 62 countries have a representation of more than
1%, equivalent to 89.59% of the total representation. Observation 1. The countries inside a continent have very different

representations, with a majority country that usually attracts most of the ratings. Hence, the question of how fairly the

providers of the minority countries inside a continent are recommended emerges.

5 CONFIGRE: A COARSE AND FINE GRAINED RE-RANKING PROVIDER FAIRNESS ALGORITHM

5.1 Algorithm

CONFIGRE’s primary objective is to reach a provider group’s target percentage observed in the training set, while
minimizing the loss in user predictions. By continually adjusting the recommendation list, CONFIGRE, which focuses
on re-ranking, ensures the provision of fairness for providers and guarantees equity. CONFIGRE works following
three main steps: Step 1: We compute the representation R∗ of each demographic group (i.e., the coarse groups, 𝑐 ∈ 𝐶 ,
and the fine-grained groups, 𝑑 ∈ 𝐷) considering the ratings in the training set, as in Eq. (1). Step 2: Given the items
predicted as relevant for a user by the recommender system, we create a bucket list considering each item-coarse group
pair, (i.e., in the experiments, item-continent pair), which will store the predicted items. In the same manner, we create
a bucket for each item-fine grained group pair (i.e., in the experiments item-country pair). Each bucket comes with
an attribute, which is the representation of the coarse or fine-grained group. Specifically, the recommender system
returns a list of top-𝑛 recommendations (where 𝑛 is much larger than the cut-off value 𝑘 , to be able to perform a
re-ranking). Our starting point to fill a bucket is the relevance predicted for a user 𝑢 and an item 𝑖 , 𝑟𝑢𝑖 . Each element in
the bucket is a record that contains the user ID, the item ID, and the relevance predicted by the recommender system
for that user, 𝑟𝑢𝑖 . We sort each bucket by item relevance. Step 3: We perform the re-ranking on the basis of the created
bucket lists. The goal is to guarantee fairness for coarse-grained providers and to correctly distribute the recommendations

among the different fine-grained groups. This step includes three phases, the first one is the most constrained and the
conditions for selection are relaxed in the second and third phases, so to complete the recommendation list of the user.
First, in Phase 1 we select items from the least represented fine-grained groups to the most represented ones in their
corresponding buckets. The algorithm selects items that satisfy the following conditions: (1) the percentage of items in
the recommendation list for a fine-grained group (i.e., country in our experiments) is lower or equal to its representation
(R∗); (2) the number of recommended items so far is lower than 𝑘 . Second, in Phase 2 we start this phase to include
more items in the recommendation list when phase 1 finishes, but the top-𝑘 is incomplete. Specifically, the selection is
made in the same way as in Phase 1. However, this time we do not care that the fine-grained percentage of items is
exceeded, but that it belongs to the same coarse-grained group as the item without exceeding the percentage calculated
in step 2, R∗. In this phase, condition (2) is not applied. Again, the recommendation list, top-𝑘 , may be completed or not.
If completed, the process finishes; otherwise, it is necessary to move to phase 3. Finally, in Phase 3 we complete the
recommendation list if the top-𝑘 recommendations cannot be reached due to the constraints in the previous phases. In
this phase, we select the items that have the greater relevance for the user until we complete the top-𝑘 .

5.2 Assessment of the Impact of CONFIGRE

Table 1 shows the disparities of the algorithms in the Songs and Movies datasets. In the Songs dataset, the sum of
absolute value of disparities in the OR models (i.e., negative represents lower visibility than expected and vice versa)
show that BPR produces a country disparate visibility (ΔV𝑑 ) of 57.5%, whereas SVD, UserKNN and ItemKNN show lower
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Table 1. Sum of the absolute value of the disparities ΔV𝑑 and ΔV𝑐 on the algorithms with respect to the training set in both datasets.
Results are shown in percentages. In parentheses is the number of countries/continents recommended by each algorithm. At each
row, in bold font the best ΔV∗ and the second one is underlined. Recommendations accuracy (NDCG) of algorithms is also shown.

Algorithm OR P-Fair𝑐 P-Fair𝑑 CP-Fair CONFIGRE

S
o
n
g
s

BPR

ΔV𝑑 57.5% (2) 56.8% (3) 56.8% (13) 43.0% (2) 6.2% (16)

ΔV𝑐 45.3% (3) 44.6% (2) 38.0% (4) 18.0% (2) 0.4% (5)

NDCG 0.0148 0.0134 0.0151 0.0121 0.0117

SVD

ΔV𝑑 37.5% (3) 37.5% (3) 28.7% (20) 50.4% (3) 3.2% (26)

ΔV𝑐 11.9% (3) 20.0% (3) 15.3% (5) 27.1% (2) 0.2% (5)

NDCG 0.0128 0.0129 0.0109 0.0083 0.0110

UserKNN

ΔV𝑑 13.2% (48) 10.4% (49) 9.5% (52) 33.8% (9) 0.5% (53)

ΔV𝑐 10.8% (6) 7.9% (6) 7.5% (6) 17.1% (4) 0.0% (6)

NDCG 0.0036 0.0035 0.0037 0.0024 0.0037

ItemKNN

ΔV𝑑 10.2% (54) 8.2% (54) 7.6% (54) 23.4% (9) 0.0% (54)

ΔV𝑐 8.1% (6) 5.9% (6) 5.9% (6) 5.7% (4) 0.0% (6)

NDCG 0.0036 0.0035 0.0036 0.0029 0.0037

M
o
v
i
e
s

BPR ΔV𝑑 47.4% (5) 54.7% (17) 42.1% (29) 63.9% (3) 16.6% (44)

ΔV𝑐 15.0% (2) 14.6% (4) 13.7% (4) 57.2% (2) 11.7% (5)

NDCG 0.1131 0.0733 0.1132 0.0811 0.1508

SVD

ΔV𝑑 63.9% (4) 50.4% (7) 43.1% (34) 60.6% (5) 18.9% (42)

ΔV𝑐 15.1% (2) 18.6% (4) 20.8% (6) 16.3% (2) 9.8% (6)

NDCG 0.1872 0.1552 0.1400 0.1653 0.1795

UserKNN

ΔV𝑑 41.9% (14) 46.1% (21) 40.1% (21) 63.1% (7) 15.0% (43)

ΔV𝑐 14.1% (3) 16.5% (4) 13.0% (5) 30.5% (4) 9.1% (6)

NDCG 0.0563 0.0618 0.0683 0.0046 0.0531

ItemKNN

ΔV𝑑 36.9% (35) 35.4% (42) 36.6% (40) 31.2% (16) 5.3% (61)

ΔV𝑐 15.0% (6) 17.3% (6) 15.7% (6) 11.6% (4) 3.5% (6)

NDCG 0.0791 0.0761 0.0817 0.0015 0.0792

values, being 37.5%, 13.2%, and 10.2%, respectively. The recommendation lists of the OR models generate a significant
geographical imbalance, especially in BPR and SVD algorithms, which only recommend 2 and 3 countries, respectively,
out of the 54 countries in the dataset. The continent disparity, ΔV𝑐 , in the OR models obtains better results than ΔV𝑑

in all recommendation algorithms.
Analyzing ΔV𝑑 in P-Fair𝑐 , P-Fair𝑑 , and CP-Fair, we can see that in the case of P-Fair𝑐 , BPR and SVD produce a

ΔV𝑑 almost equal to the OR. However, in UserKNN, it is reduced to 10.4%, and in ItemKNN to 8.2%. Although the
P-Fair𝑐 method obtains a slight improvement, the ΔV𝑑 and ΔV𝑐 are still very high. P-Fair𝑑 , presents results that are
very similar to those obtained by P-Fair𝑐 , with SVD being the algorithm that obtained the greatest reduction in both
types of disparities. Similar results are obtained for the visibility of continents, where all results are less or equal to
P-Fair𝑐 . However, the number of countries recommended has been enlarged in this approach. In the case of CP-Fair, BPR
produces a lower ΔV𝑑 of 43.0%, but the rest of the algorithms increase it. BPR continues to recommend items from 2
countries, but it is the only one that reduces the ΔV𝑑 with respect to the OR. SVD continues to recommend 3 countries,
but the third country changes to one with the lowest representation in the dataset. In UserKNN and ItemKNN, the
same number of countries are recommended, being much fewer than in OR, a total of 9 countries, which coincides with
being the most representative ones. Note that CP-Fair is better than OR, but P-Fair𝑑 outperforms it, except for BPR.

Finally, analyzing the results of the CONFIGRE method, BPR produces a ΔV𝑑 of 6.2% (i.e., 51% lower than the OR,
57.5%), in SVD the ΔV𝑑 is reduced from 37.5% to 3.2% (-34%), UserKNN goes from 13.2% to 0.5% (-13%), and ItemKNN
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reduces the disparity from 10.2% to 0.0% (-10%). Moreover, our method recommends more countries for each original
algorithm. For example, BPR recommends 16 countries, the SVD algorithm improves from 3 to 26 countries, UserKNN
from 48 to 51, and ItemKNN continues to recommend all 54 countries. Note that CONFIGRE is the algorithm that
reduces the most ΔV𝑐 , being able to include more countries/continents in the recommendation lists.

In the Movies dataset, Table 1 shows that SVD has the highest ΔV𝑑 at 63.9%, BPR at 47.4%, UserKNN at 41.9%,
and ItemKNN at 36.9%. Moreover, for these OR models, BPR recommended items from 5 different most represented
countries in the dataset and, in the case of SVD, UserKNN, and ItemKNN 4, 14, and 35 countries, respectively. Using the
P-Fair𝑐 approach, we obtain that SVD and ItemKNN drop the ΔV𝑑 to 50.4% and 35.4%, while BPR and UserKNN rise
to 54.7% and 46.1%, respectively. Although this approach does not reduce ΔV𝑑 , it increases the coverage of providers
from different countries (e.g., in BPR to 17 countries). P-Fair𝑑 , reduces ΔV𝑑 and increases the number of recommended
countries. In CP-Fair, BPR increases ΔV𝑑 to 63.9% and UserKNN augments to 63.1%, whereas SVD reduces to 60.6% and
ItemKNN to 31.2%. Moreover, considering the supplier’s coverage, BPR reduces the recommended countries to 3, while
SVD increases to 5.

Finally, the CONFIGREmethod presents the best results, being the algorithm that better reduces the country/continent
disparate visibility concerning the original algorithms. For example, in BPR, we obtain an improvement of ΔV𝑑 of 31%,
reducing the country disparate visibility from 47.4% to 16.6%. In SVD, the ΔV𝑑 achieves an 18.9% (-45% w.r.t. the OR
method), while in UserKNN, disparities are reduced from 41.9% to 15.0% (-27%), and in ItemKNN, from 36.9% to 5.3%
(-32%). Therefore, the sum of the absolute values of the disparities shows a substantial improvement compared to the
original results. Note that the coverage of countries in BPR increased from 5 to 44, SVD from 4 to 42, UserKNN from 14
to 43, and ItemKNN improved the coverage from 35 to 61 countries. Finally, it is important to note that similar to the
Songs dataset, CONFIGRE is also the algorithm that reduces the most ΔV𝑐 compared to the OR and baselines models.

Additionally, we analyze how models impact the quality of recommendations using the NDCG metric. Analyzing
the results obtained in the Songs dataset, we can observe that our method shows a better recommendation quality in
contrast to the OR and P-Fair methods in UserKNN and ItemKNN. In the case of BRP and SVD, CONFIGRE is slightly
smaller than the OR and P-Fair methods. Moreover, CONFIGRE is also better than CP-Fair in all methods except for the
BPR algorithm. Regarding the Movies dataset, CONFIGRE obtains better recommendation quality concerning OR (in
the case of BPR and ItemKNN) and P-Fair methods (in the case of BPR, SVD, and ItemKNN). In contrast, CONFIGRE
obtained slightly lower quality recommendations than OR (UserKNN) and F-Pair (UserKNN). Finally, CONFIGRE
obtained better quality recommendations than the CP-Fair method for all algorithms. Observation 2. CONFIGRE can

reduce both disparities (coarse and fine-grained) in the recommendations with a low impact on the recommendation quality

while expanding the coverage for providers according to their country of origin.

6 CONCLUSIONS

To facilitate the assessment of (un)fairness in recommender systems, a few, large, demographic groups are usually
considered. In this study, we assessed the impact that this way of enabling fairness might have on the fine-grained
groups. Specifically, we had provider fairness as a reference and studied the visibility of each coarse and fine-grained
provider group in the recommendations. Our results show that the state-of-the-art approaches to regulating unfairness
still bring disparities to the fine-grained groups within a demographic group. To overcome this issue, we presented
an approach capable of regulating fairness for both coarse and fine-grained groups via a post-processing approach.
Extensive experiments on novel datasets and against state-of-the-art baselines show that our solution can enable
provider fairness at different granularities, with a negligible impact on the recommendation effectiveness.
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