Journal of the Brazilian Computer Society, 2026, 32:1, doi: 10.5753/jbcs.2026.5457

© This work is licensed under a Creative Commons Attribution 4.0 International License.

RecSys-Fairness: A Framework for Reducing Group Unfairness

in Recommendations

Rafael Vargas Mesquita dos Santos ® &9 [ Federal Institute of Espirito Santo | rafaelv@ifes.edu.br |

Giovanni Ventorim Comarela ® [ Federal University of Espirito Santo | gc@inf.ufes.br ]

&9 Institute of Computing, Federal Institute of Espirito Santo, Cachoeiro de Itapemirim, ES, 29322-000, Brazil.

Received: 20 January 2025 e Accepted: 17 September 2025 e Published: 21 February 2026

Abstract. In this study, we address the importance of promoting fairness in recommendation systems, which are
highly susceptible to biases that can lead to unfair outcomes for different user groups. We developed a fairness
algorithm aimed at mitigating these injustices, which was applied to the MovieLens dataset and analyzed based on
the recommendations produced by the ALS (Alternating Least Squares) and NCF (Neural Collaborative Filtering)
methods. Users were grouped by activity level, gender, and age, and the results demonstrated the effectiveness of
the fairness algorithm in substantially reducing group unfairness (R4.p) across all tested configurations, without
causing significant losses in recommendation accuracy, measured by the Root Mean Squared Error (RM SE). In
particular, a reduction in group unfairness of up to 65.57% was observed in the ALS method. Additionally, we
identified an optimal convergence of the fairness algorithm for an estimated number of matrices (h) between 10 and
15, suggesting an effective balance point between promoting fairness and maintaining precision in recommendations.
In comparison with the available benchmarks, under identical experimental conditions, we managed to improve

group unfairness reductions by approximately 6% (from 59.77% to 65.57%).
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1 Introduction

Recommendation systems are decisive to various online plat-
forms that exert significant influence over the choices we
make in our everyday lives. From social media platforms
such as Facebook and Twitter to streaming services such as
Netflix and transportation apps such as Uber, these systems
shape our preferences and decisions. However, as our re-
liance on these systems increases, it is important to consider
potential inadvertent social harms that may arise.

Computational models are not free from bias because their
algorithms and training data have specific limitations [Taso
et al., 2023; Deldjoo et al., 2021]. These models may present
biases and privilege certain groups over other groups [Ruback
et al., 2021]. Therefore, due to non-neutrality they can make
discriminatory decisions [Niemiec et al., 2022].

In recent studies, it has been emphasized how recommen-
dation systems, by predicting user preferences, can uninten-
tionally perpetuate inequalities and unfairness. For instance,
Beutel ef al. [2017] and Burke et al. [2018] indicate the pos-
sibility of such systems offering unfair or unequal quality of
service to certain individuals or user groups. Furthermore,
it is important to emphasize that these systems can also con-
tribute to social polarization, widening the divergence be-
tween individual or user group preferences, as demonstrated
by Dandekar et al. [2013].

As our dependence on recommendation systems grows, it
is essential that we are aware of potential negative impacts
and that we work to mitigate them in order to promote a more
fair and inclusive environment.

Recommendation accuracy is often used as a metric to eval-
uate the performance of a recommendation algorithm-how

well it can predict whether a user may like an item or not, i.e.,
its utility. However, the issue of user fairness arises when it is
necessary to consider the unequal effects of recommendations
on certain groups.

Collaborative filtering-based recommendation systems rely
on user-provided data to learn models that are used to predict
users’ unknown preferences. However, the recommendations
generated by these systems can reproduce undesired charac-
teristics inherent to the observed data.

In this article, we utilize the definitions of fairness mea-
sures proposed by Rastegarpanah et al. [2019]. Based on
these definitions, we implement a fairness strategy aimed
at reducing unfairness among user groups, ensuring a more
balanced and equitable distribution of recommendations.

Furthermore, we examine the relationship between im-
provements in socially relevant measures and changes in the
overall system accuracy. Our analysis extends to exploring
the intricate balance between enhancing fairness and main-
taining high levels of accuracy.

This article is organized into four additional sections to
provide greater clarity and structure. Section 2 is dedicated
to presenting the results of a comprehensive literature review,
offering the theoretical foundation necessary for the study. In
Section 3, we describe in detail the materials used, the datasets
analyzed, the proposed methodological approach, and the
experimental procedures adopted. Section 4 presents the
experimental results obtained, accompanied by an in-depth
discussion of their relevance and limitations. Finally, Sec-
tion 5 presents the final considerations and suggests possible
directions for future research.
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2 Related Work

Justice is a topic of growing interest in the field of machine
learning, especially in the context of recommendation systems.
We consider a recommendation system to be fair if it mini-
mizes disparities in quality metrics, such as accuracy or mean
squared error, between different sensitive groups [Kamishima
et al., 2012; Dwork et al., 2011]. Fairness can also be un-
derstood as the absence of bias in the decision-making pro-
cess, ensuring that sensitive attributes such as race, gender,
or age do not disproportionately influence outcomes [Zemel
et al.,2013]. Furthermore, fairness may involve balancing the
trade-off between individual fairness, which ensures similar
treatment for similar individuals, and group fairness, which
seeks equitable treatment across predefined sensitive groups
[Hardt ef al., 2016]. Recent studies have also emphasized
the importance of fairness in dynamic environments, where
recommendation systems must adapt to evolving user pref-
erences while maintaining equitable treatment [Beutel ef al.,
2017].

However, despite advancements, many studies in the field
still present significant limitations. For example, approaches
that consider group-level fairness often face difficulties in
precisely defining sensitive groups and practically applying
balancing criteria [Kamishima et al., 2012]. Individual fair-
ness approaches, on the other hand, are challenged by the
complexity of ensuring consistency among users with similar
characteristics [Dwork et al., 2011].

Additionally, studies such as those by Burke ef al. [2018]
highlight the importance of a bidirectional perspective on
fairness, considering both the experience of users and the
items being recommended. Nevertheless, these approaches
often require frequent modifications to the learning model,
which can limit their application in large-scale systems [Burke
etal., 2018].

To ensure robust evaluation, we link fairness to well-known
statistical metrics, such as variance and mean squared error,
enabling a quantitative analysis of the uniformity in service
quality [Beutel et al., 2017].

In relation to research on learning tasks such as classifica-
tion and regression, few researchers have explored notions
of fairness in the context of recommendation systems. Re-
cently, Burke ef al. [2018] observed that recommendation
systems predicting users’ preferences for items should con-
sider fairness from both sides: the perspective of users re-
ceiving recommendations and the perspective of items being
recommended. Some of the early works by Kamishima and
Akaho [2017]; Kamishima et al. [2012, 2018] focused on
group-level fairness notions, modifying the learning model
to ensure that item recommendations were independent of
user characteristics, such as race and gender. More recently,
Beutel et al. [2017] and Yao and Huang [2017] defined group-
level fairness notions in recommendation systems based on
prediction accuracy across different user or item groupings.

Finally, it is important to mention that despite significant
contributions, much literature does not address strategies for
reducing disparities in service quality in real-time systems.
Moreover, few approaches explore post-processing solutions
to ensure fairness, which limits the practical applicability of
many proposals [Rastegarpanah et al., 2019].
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Our contributions:

1. We explore a different approach from most other works
to incorporate fairness notions in recommendation sys-
tems.

2. We link the fairness metric to well-known statistical
concepts, such as variance and mean squared error, to
ensure robust evaluation.

3. Our approach avoids direct modifications to the algo-
rithm for each fairness principle, providing greater flexi-
bility and scalability.

4. We propose a post-processing alternative that effectively
reduces group disparities.

5. Under identical experimental settings, our approach sur-
passed the benchmark established by Rastegarpanah et al.
[2019], achieving an approximate 6% improvement in
reducing group disparities (from 59.77% to 65.57%),
reinforcing the effectiveness of our proposal compared
to existing solutions.

3 RecSys-Fairness Framework

In this section, we will present an overview of the RecSys-
Fairness' framework. Modules 1 and 2 of the framework will
be detailed.

3.1 Module 1: Fairness Measures

We used module 1 of the algorithm to calculate social fair-
ness measures in the proposed case studies. Following the
specifications and discussions from the previous section, we
formally define the metrics that specify the objective func-
tions associated with individual fairness and group fairness.
It is pertinent to mention that all definitions of fairness mea-
sures detailed in this section were proposed in the work of
Rastegarpanah et al. [2019]. In our work, we implemented
these definitions and used them as part of our social fairness
strategy in recommendation systems. In section 3.2, both the
definitions and the implementation are original.

We start by presenting the system configuration, the no-
tation, and the problem definition. Let us suppose that
X € R"*4 s a partially observed rating matrix of n users and
d items, where the element x;; denotes the rating given by
user ¢ to item j. Let Q2 be the set of indices of known ratings
in X. Furthermore, let ¢ denote the indices of known item
ratings for user 7, and let 2; denote the indices of known user
ratings for item j.

For a matrix A, Pno(A) is a matrix whose elements at
(1,7) € Q are a;;, and zeros elsewhere. Similarly, for a
vector a, Po, (a) is a vector whose elements at i € (2; are the
corresponding elements of a, and zeros elsewhere. Through-
out the paper, we denote the j-th column of A by the vector
a; and the i-th row of A by the vector a’.

Given a traditional recommendation system, an estimated
matrix X = [X ij]nxd 18 generated. In this recommendation
problem, we assume users in a set {u1, us..., u, } and items
in a set {vy, va...,v4}.

Uhttps://github.com/ravarmes/recsys-fairness
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3.1.1 Individual Fairness

For each user ¢, we define ¢; as the mean squared error esti-
mated over the known ratings, with j indexing the items rated
by user i.

v .-
o €|
Next, we define individual unfairness as the variation of
user losses:
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To enhance individual fairness, we aim to minimize R;,, 4, .

3.1.2 Group Fairness

Let I be the set of all users/items and G = {G1, G, ..., G4}

be a partition of users/items into g groups, i.e., I = J{_, Gi.

We define the group loss as the estimate of the mean squared

error over all known ratings in group k:
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For a given partition G, the unfairness of the groups is the
variation among all group losses:
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Agam, to 1mprove group fairness, we minimize Rgrp.

3.2 Module 2: Fairness Algorithm

Module 2 of the algorithm was used to calculate a recom-
mendation matrix that minimizes group unfairness, i.e., that
maximizes fairness for social measures in recommendation
systems.

We use the estimated matrix X to generate h other esti-
mated matrices X 1 X'g..., X n. These h estimated matrices
are generated with random variations, bounded within —¢; /4
and +/; /4, for each value of 2° corresponding to user 1.

The new values of cells £ in each of the estimated matrices
X » can consider a perturbation strategy based on the variance
of rating differences versus recommendations. In this context,
we set a maximum variance of 16 (5 — 1)2, as the largest
possible difference between an actual and recommended value
is 4. For instance, we can consider an actual rating of 1
for a specific item compared to a recommendation for the
same item calculated at a value of 5. Thus, we normalize the
random recommendation value by dividing it by four times
the individual unfairness ¢;.

For each estimated matrix, we calculate n individual losses
(¢;), corresponding to the n users. Therefore, for each esti-
mated matrix Xp, where {1 < p < h}, we have a list of n
individual losses {¢1, (..., €n|f(p}.

We define the matrix of individual losses Z = [Z;;],xn
to represent the n individual losses calculated for each of the
h estimated matrices X, where Z;; € {R, },and {1 <7 <
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n}, and {1 < j < h}, index users and estimated matrices,
respectively.

We define the binary matrix W = [W;,],,x» to indicate
whether individual loss j is considered for a user 7 in forming
the final estimated matrix X, where Wi € {0,1}, {1 <
i <n},and {1 < j < h} index users and individual losses,
respectively. Specifically, if individual loss j is considered
for user 4, then W;; = 1; otherwise, W;; = 0.

The optimization algorithm is applied using the Gurobi
Optimization, LLC [2024] solver to select n rows
{v1, va, ..., vm|u;}, generating a single estimated matrix X,
In this algorithm, the goal is to minimize the group unfairness
Rgrp. The matrix W ensures that each row, representing
a user, has exactly one value equal to 1. Each 1 in a row
of matrix W indicates from which estimated matrix X, the
estimates for user ¢ should be selected. The optimization
algorithm seeks to find the best combination that minimizes
the value of Ry,

Thus, we formulate the optimization procedure for the
fairness-aware recommendation problem as follows:

1 g
Rﬁ?z;}j@k—MQ )
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For a better understanding of the RecSys-Fairness strategy,
consider Figure 1 and the Pseudocode of Algorithms 1, 2, and
3. The 6 steps of Figure 1 can be detailed as follows:

1. Prediction: the matrix X, partially filled, is considered
by a traditional recommendation system to make recom-
mendation predictions in X;

2. Clustering: users are grouped based on some common
characteristic;

3. Estimated Matrices: h matrices generated by perturba-
tions in X ;

4. Individual Fairness: compute user losses in each of the
h matrices to build Z.

5. Group Fairness: using an optimization algorithm, the
binary matrix W is created to achieve the fairest combi-
nation of recommendations, minimizing Ry p;

6. Solution Matrix: structure X, from W.

4 Materials and Methods

This section describes the methodology employed in the com-
putational experiments conducted in this study. It is structured
to provide a comprehensive understanding of the process,
from data acquisition to the final analysis, ensuring trans-
parency and reproducibility of the results.
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Figure 1. Scheme of the fairness algorithm
Algorithm 1 Fairness Algorithm Algorithm 3 Solution matrix
Require: Rating matrix X ¢ R"*9 groups G =  Require: Loss matrix Z, groups G, matrices
{G1,Gs,...,G4}, matrices count h {X1, Xo,..., X0}

Ensure: Estimated matrix XW with fairness

1: Calculate initial X using recommendation algorithm
Evaluate Rindv, Rgrp and RMSE of X
{Xl, Xo, ... ,Xh} + EstimatedMatrices(X, h)
for p < 1to hdo

Calculate Riy,dy, Rgrp and RMSE of X,

end for
Build loss matrix Z € R™*"
X, « SolutionMatrix(Z, G, {Xl, X, ... ,Xh})
return X}r

R A B A A T o

Ensure: Optimized matrix X,
1: Create optimization model

2: Define binary x[i, j] for user ¢, group k, matrix j
. 1 . . . .
3: Ly <= Group-k loss: 1oy dicay 2 Zli 3] - i, ]
4: Lypean < Group loss mean: % g L
5: Rgyp  Group variance: % > _1(Lk — Liean)?
6: Minimize R,
7: Add constraint: each user uses exactly one matrix
8: Solve optimization model
9: Build X, with selected ratings
10: return X,

Algorithm 2 Estimated matrices

Require: Estimated matrix X € R™*%, matrices count h
Ensure: Set of perturbed matrices {Xl, Xo, ... ,Xh}

1: forp < 1toh do
Calculate mean deviations p per user
Calculate variances o and scale by 1/4
Set lower bound B,,,;,, as 0 or o based on p sign
Set upper bound B, as o or 0 based on y sign
Adjust bound dimensions for matrix compatibility
Sample random perturbations from [B,,:r, Bmaz|
Adjust perturbation signs to match original direction
X, + X + perturbations
10: Clip values in X, to range [1, 5]
11: end for
12: return {Xl,f(z, e

R AN

7Xh}

4.1 Dataset

To test the fairness algorithm, we used the MovieLens 1M
dataset?, which contains approximately 1 million ratings for
3952 movies by 6040 users, with ratings on a 5-point scale
[Harper and Konstan, 2015]. We filtered the top 300 users,
along with the top 1000 most rated movies. The sparsity of
the dataset before and after filtering was 95.81% and 48.03%,
respectively.

The filtering of users and items for the experiments was

Zhttps://grouplens.org/datasets/movielens/

based on the work of Rastegarpanah et al. [2019]. We adhered
to this configuration to enable a comparison of our algorithm’s
performance in reducing unfairness with the state-of-the-art
benchmarks.

4.2 User Clustering

Users were grouped by activity level (number of ratings),
gender, and age, as detailed in Table 1, which shows the user
count per cluster group.

* Activity (95-5): one group containing 5% of users with
the highest number of ratings, and the remaining 95%
of users considered in another group. The 5% group
would be the favored users, while the 95% group are the
disfavored users;

¢ Gender: male and female;

* Age: under 18 years old, 18 to 24 years old, 25 to 34
years old, 35 to 44 years old, 45 to 49 years old, 50 to
55 years old, and over 55 years old.

In the proposed framework, each user group is treated with
equal weight in the fairness evaluation, regardless of its size.
The variance between groups is calculated considering only
the mean performance of each group, without weighting by
the number of users. This choice was motivated by the goal of
promoting a balanced treatment of fairness across all sensitive
groups, avoiding the neglect of minority groups.
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Table 1. Details of user clustering

Clustering Groups Quantity
. Favored 15
Activity Disfavored 285
Male 240
Gender Female 60
Age Under 18 years old 5
18 to 24 years old 53
25 to 34 years old 142
35 to 44 years old 58
45 to 49 years old 24
50 to 55 years old 12
Over 55 years old 6

However, it is acknowledged that, in certain contexts,
weighting the impact of each group by its size could be de-
sirable to reflect the overall representativeness of users in
the system. The choice between a weighted or unweighted
approach depends on the specific objectives of the application
and represents an interesting direction for future investiga-
tions.

4.3 Recommendation Algorithms

We also considered two filtering strategies in recommendation
systems to estimate unknown ratings. We opted to use ALS
(Alternating Least Squares) and NCF (Neural Collaborative
Filtering), each with unique approaches that differentiate them
from other available methods.

* ALS (Alternating Least Squares): ALS is used to per-
form matrix factorization in recommendation systems.
It decomposes the rating matrix into latent factors, en-
abling the generation of personalized recommendations.
This approach is effective for handling sparse datasets
and scales well for large systems. However, determining
appropriate parameters can be key, and ALS may face
challenges when dealing with very sparse data or new
users/items [Hardt, 2013; Hastie et al., 2014; He et al.,
2016].

* NCF (Neural Collaborative Filtering): NCF uses neu-
ral networks to model interactions between users and
items. This approach allows capturing complex patterns
in the data, especially in scenarios where the relationship
between users and items is non-linear. NCF is effective
in improving the accuracy of personalized recommen-
dations by learning latent representations directly from
interaction data [He et al., 2017; Wang et al., 2018].

These characteristics emphasize why we chose ALS and
NCF: ALS is recognized for its effectiveness in traditional
recommendation systems by using matrix factorization to
generate personalized recommendations based on explicit
preference patterns. On the other hand, NCF introduces an
innovative approach by employing neural networks to model
complex and non-linear interactions between users and items.
This advanced methodology aims to significantly enhance
recommendation personalization by capturing subtle nuances
and patterns in interaction data. These fundamental differ-
ences not only reflect technological evolution in the field
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of recommendation systems but are also significant for un-
derstanding how each method may behave uniquely in the
practical application of our research.

4.4 Hyperparameter Optimization

The hyperparameter optimization process followed a rigorous
methodology to ensure unbiased evaluation. We employed a
data partitioning strategy with 80% of the ratings for training
and 20% for testing, as described in Section 4.6. Hyperpa-
rameter tuning was conducted exclusively on the training set
using a 5-fold cross-validation approach, ensuring that the
test set remained untouched and was used only for the final
model evaluation. This methodology preserved the integrity
of the testing process and avoided information leakage.

The optimization process was primarily guided by the Root
Mean Square Error (RMSE) as the evaluation metric to ensure
prediction accuracy.

For the ALS (Alternating Least Squares) algorithm, we
tested {10, 15, 20, 25, 30} values for rank, representing the
number of latent factors, and {0.1, 1, 10, 20, 50} values for
lambda, the regularization parameter to prevent overfitting.
The optimal configuration was determined to be rank=20
and lambda=20. The number of iterations was fixed at 15,
based on empirical observation that additional iterations did
not significantly improve the RMSE on the validation folds.
ALS was implemented in the RecSysALS class, alternating
between user and item matrix updates until convergence.

For the Neural Collaborative Filtering (NCF) model, we
evaluated {10, 15, 20, 25, 30} values for n_factors, {32,
64, 128} for batch_size, and {10, 15, 20, 25} for the
number of epochs. The optimal parameters were found to
be n_factors=20, batch_size=64, and epochs=20. The
model architecture includes embedding layers for users and
items, followed by concatenation and dense layers with ReLU
activation, and is trained using the Adam optimizer with
the mean squared error loss function, implemented in the
RecSysNCF class.

4.5 Estimated Matrices Count

To determine the optimal number of estimated matrices to be
calculated by the fairness algorithm, we explored different
values of h: 3, 5, 10, 15, 20 and 25. The aim of varying
h is to identify the point at which the algorithm begins to
show signs of convergence, which is essential for ensuring
the effectiveness and efficiency of the optimization process.
The concept of algorithm convergence is fundamental in opti-
mization and machine learning, indicating the point at which
further adjustments to the parameters yield marginal or no
improvement in the results. Following the guidelines from
Bishop [2006] and Goodfellow et al. [2016], analyzing con-
vergence is essential for validating the stability and reliability
of learning algorithms.

We conducted 10 repetitions for each i value to ensure
the robustness of our results. This approach helps mitigate
the impact of outliers, which can distort the performance
evaluation of the algorithm. Using multiple repetitions and
analyzing the average values are recommended practices in
simulation and experimental studies to increase the reliability
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of the conclusions [Hastie et al., 2009; James et al., 2013].
The choice of conducting 10 repetitions strikes a balance
between the need for statistical precision and computational
feasibility, as discussed in recent works by LeCun et al. [2015]
and Krizhevsky et al. [2017].

4.6 Data Splitting for Training and Testing

To evaluate the performance of the recommendation algo-
rithms, we randomly divided the filtered dataset, which con-
sists of 300 users and the 1000 most-rated movies, into two
main parts: one for training (80%) and one for testing (20%).
This random splitting approach is essential to ensure that the
training and testing sets are representative and independent,
allowing for a fair and unbiased evaluation of the models. In
the training set, the algorithms are adjusted to the available
data, enabling them to learn the necessary patterns and struc-
tures for making recommendations. The test set, on the other
hand, is used to assess the models’ ability to generalize to new
data, providing an objective measure of their effectiveness in
real-world scenarios. This methodology is widely recognized
in the machine learning and recommendation literature as
fundamental to avoid overfitting and to ensure reliable results
[Bishop, 2006; Goodfellow et al., 2016].

5 Results and Discussions

In this section, we present the performance of our fairness
algorithm, drawing attention to the recommendation qual-
ity and the effectiveness of fairness compared to traditional
recommendation algorithms that do not consider fairness.

The results of the experiments are presented in tables 2, 3,
4,5, 6 and 7 providing the following information:

+ Algorithm: Name of the algorithm used before the ap-
plication of the fairness strategy;

* Clustering: Type of user clustering considered;

* h: Quantity of calculated estimated matrices;

* Mean: Mean resulting from 10 repetitions of the fairness
algorithm execution;

+ Standard Deviation: Standard deviation resulting from
10 repetitions of the fairness algorithm execution;

* (A%): Percentage reduction or increase comparing the
original value and the mean resulting from the fairness
algorithm execution.

The cells with the greatest reductions in group unfairness
(Rg4rp) were intentionally highlighted in red. These visual
markings emphasize the scenarios showcasing the best out-
comes achieved by the proposed fairness algorithm.

The presented tables provide a detailed analysis of the per-
formance of the proposed fairness algorithm, comparing it
with traditional recommendation algorithms on the Movie-
Lens 1M dataset, using three distinct user groupings (by ac-
tivity level, gender, and age) and two traditional recommen-
dation strategies (ALS and NCF). The results are analyzed
under two main indicators: group unfairness (24,,), which
measures the fairness of the recommendations, and root mean
squared error (RM SFE), which evaluates the effectiveness
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of the recommendations in terms of accuracy. These con-
figurations were applied for different numbers of estimated
matrices (h).

In the Activity grouping, we observe that both ALS and
NCF algorithms significantly reduce R, as the number of
estimated matrices increases. For example, with ALS, R,
decreases by up to 65.57% at b = 25, while NCF achieves
a maximum reduction of 37.13% at h = 15. Regarding
RM SE, both algorithms show slight variations, indicating
maintained efficiency in recommendations.

In the Gender grouping, a similar pattern emerges with sig-
nificant reductions in R, as h increases. ALS reduces Ry,
by up to 40.75% at h = 25, while NCF achieves a reduction of
43.43% at h = 25. Interms of RM S E, both algorithms show
slightly higher values than the previous grouping, suggesting
a minor loss of performance in customizing recommenda-
tions for users grouped by gender after applying the fairness
algorithm.

In the Age grouping experiments, the results show sig-
nificant reductions in Ry, as the number of estimated ma-
trices increases, using the ALS and NCF algorithms on the
MovieLens 1M dataset. With ALS, we observe a progressive
reduction in Ry, from 0.002170 to 0.001673 at h = 25,
representing a reduction of 22.91%. Similarly, NCF shows
a reduction in Ry, from 0.001367 to 0.001003 at A = 20,
resulting in a reduction of 26.65%. As for RM SE, both al-
gorithms show modest increases, very close to the grouping
by gender.

Although the absolute values of group unfairness (Rgp,)
are small, it is essential to consider the percentage reduction.
This demonstrates the overall capability of the algorithm to
reduce unfairness in scenarios with larger absolute values.

In summary, the results demonstrate the proposed fairness
algorithm’s ability to significantly reduce group unfairness
across various algorithm and grouping configurations, with
an acceptable compromise in recommendation accuracy. This
underscores the importance and effectiveness of integrating
fairness considerations into recommendation systems, point-
ing to promising avenues for future research in the field.

Figure 2 offers a detailed comparison between the met-
rics of group unfairness reduction (2,,) and the increase
in root mean squared error (RM SE), considering different
clustering strategies (by activity level, gender, and age) and
using the ALS and NCF algorithms. Each subplot illustrates
the variation of these metrics as a function of the number of
estimated matrices (h), allowing us to observe the behavior of
the metrics as we adjust the model’s complexity. The curves
for R, and RM SE are presented simultaneously for each
clustering and algorithm configuration, offering a clear view
of how fairness and accuracy evolve with different levels of
adjustment in the h parameter. This arrangement facilitates
the understanding of the trade-offs involved in the pursuit of
fairer recommendation systems without significantly compro-
mising the quality of the recommendations provided.

Observing Figure 2, we delve deeper into the dynamics
between the performance of the ALS and NCF algorithms in
various clustering strategies, namely, by activity level, gender,
and age. The figure contrasts the evolution of group unfair-
ness reduction (R,p) and root mean squared error (RM SE)
as the parameter h increases. A distinctive pattern emerges,
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Table 2. R, and RM S E Metrics: Activity-Based Clustering with ALS on MovieLens 1M

Activity-Based Strategy for User Grouping {G1, G2}

Algorithm  Clustering h  Rgp(p)  Rgrp(o)  ARgp, (%) ARMSE(u) (%)
Original ~0.000921  0.874940 - -

3 0.000552 0876573  -40.13% +0.19%

50000482 0875668  -47.68% +0.08%

.10 0.000358 0875391  -61.19% +0.05%

ALS ACVIty 15 6000329 0.875398  -64.33% +0.05%
20 0.000334 0875410  -63.74% +0.05%

25 0.000317 0.875469 [565.57% +0.06%

Table 3. R, and RM SE Metrics: Activity-Based Clustering with NCF on MovieLens 1M

Activity-Based Strategy for User Grouping {G1, G2}

Algorithm  Clustering  h  Rgp(p) Rgrp(0)  ARgr, (%) ARMSE(1) (%)
Original - 0.001717 0.853849 - -

3 0.001359 0851952  -20.85% 0.22%

5 0.001325 0851555  -22.83% -0.27%

.10 0001214 0851106  -29.31% -0.32%

NCF Activity 15 6001080 0.851230 IUS37.13% -0.31%
20 0001118 0851143 = -34.90% -0.32%

25 0001162 0851124  -32.33% -0.32%

Table 4. R,,, and RM S E Metrics: Gender-Based Clustering with ALS on MovieLens 1M

Gender-Based Strategy for User Grouping {G1, G2}

Algorithm  Clustering  h  Rgrp(p)  Rgrp(0)  ARgr, (%) ARMSE(p) (%)
Original ~ 0003145 0.884963 - -
30002492 0892091  -20.78% +0.81%
50002232 0893634  -29.04% +0.98%
10 0.002004 0.895262  -36.29% +1.16%
ALS Gender 15 (001890 0896107  -39.91% +1.26%
20 0.001885 0.896220 ~ -40.07% +1.27%
25 0.001863 0.896476 | -40.75% +1.30%

Table 5. R, and RM S E Metrics: Gender-Based Clustering with NCF on MovieLens 1M

Gender-Based Strategy for User Grouping {G1, G2}

Algorithm  Clustering h  Rgrp(p)  Rgrp(o)  ARgp, (%) ARMSE(u) (%)
Original — 0.002712 0.867263 - —
3 0.002110 0.868539 -22.19% +0.15%
5 0.001904 0.869791 -29.82% +0.29%
10 0.001764 0.870867 -34.95% +0.42%
NCF Gender 15 0001717 0.871155  -36.70% +0.45%
20 0.001664 0.871766 -38.63% +0.52%
25 0.001653 0.871931 -39.07% +0.54%

Table 6. R, and RM SE Metrics: Age-Based Clustering with ALS on MovieLens 1M

Age-Based Strategy for User Grouping {G1, G2, Gs, G4, G5, Gs, G7}

Algorithm  Clustering  h  Rgp(p) Rgrp(0)  ARgr, (%) ARMSE(1) (%)
Original — 0.002170 0.881594 — —
3 0.001957 0.888475 -9.82% +0.78%
5 0.001909 0.889672 -12.03% +0.92%
ALS Age 10 0.001750 0.890907 -19.37% +1.06%
15 0.001736 0.891773 -20.01% +1.15%
20 0.001700 0.891100 -21.68% +1.08%
25 0.001673 0.891400 -22.91% +1.11%
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Table 7. Ry, and RM SE Metrics: Age-Based Clustering with NCF on MovieLens 1M

Age-Based Strategy for User Grouping {G1, G2, Gs, G4, G5, Gs, G7}

Algorithm  Clustering h  Rgp(p)  Rgrp(o) ARy, (%) ARMSE(u) (%)
Original — 0.001367 0.862939 — -
3 0.001185 0.863384 -13.34% +0.05%
5 0.001113 0.863816 -18.63% +0.10%
NCF Age 10 0.001055 0.864861 -22.84% +0.22%
15 0.001013 0.865083 -25.96% +0.25%
20 0.001003 0.867910 -26.65% +0.46%
25 0.001040 0.869375 -23.95% +0.63%
Rgrp and RMSE Comparison by 95-5 Strategy, Algorithm, and Clustering
10 10

-20 1
-30
-40
—-50 4
-60
-70 1

04 ®
-10 I NCF Activity |
—20 -
~301

—40 4
-50 4
—60 1 —e— Rgrp
=701 RMSE

|
@
o

-80

=
o o©

0] ALS Gender

—-50 4

Percentage Change (%)
Ldd
o © o

10

04®
-10 4 NCF Gender|
~20 1
~304
—40 4
—50 4

~60 1 —e— Rgrp -60 1 —e— Rgrp
~701 RMSE -701 RMSE
-80 -80
10 10
04 ® 0

—-20 * * >
-30

~50 4
—60 1 —e— Rgrp
=701 RMSE

-20 1
~30 1

~50 4
—60 1 —e— Rgrp
=701 RMSE

-80 T T T T
0 3 5 10 15 20 25
Number of Matrices (h)

-80

0 3 5 10 15 20 25
Number of Matrices (h)

Figure 2. Percentage Reductions of Group Unfairness Rg;-p by Clustering Strategy and Algorithm

illustrating that ALS consistently outperforms NCF in mitigat-
ing Rgrp in all tested clustering strategies. However, regard-
ing the increase in RM S E, NCF maintains recommendation
accuracy better than ALS.

Furthermore, the figure elucidates an important observa-
tion regarding the influence of the parameter h. It becomes
evident that the trajectory of the Ry, and RM SE metrics
tends to stabilize beyond a certain & threshold, indicating a
potential equilibrium point where further increases in h do
not substantially affect the fairness-accuracy trade-off. Gen-
erally, this equilibrium plateau in group unfairness reduction
can be observed when h is between 10 and 15, emphasizing
the importance of optimal h selection to balance fairness and
accuracy in recommendations.

The comparative analysis also featuring the varying suscep-
tibility of clustering strategies to algorithmic interventions
aimed at reducing R4.,. Specifically, the distinct perfor-
mance patterns in the clustering strategies by activity level,
gender, and age reveal the intricate relationship between data
characteristics and the algorithm’s efficiency in achieving
recommendation fairness. This insight underscores the need
for specific strategies for each type of clustering in the imple-
mentation of fairness-enhancing algorithms.

Moreover, the minimal impact on RM S E across both al-
gorithms and all clustering strategies reinforces the feasibility

of integrating fairness with minimal compromise on recom-
mendation quality. This observation challenges the prevailing
notion of an inevitable trade-off between recommendation
fairness and accuracy, suggesting that judicious algorithm
selection and parameter tuning can indeed align fairness and
efficiency goals.

Essentially, Figure 2 not only corroborates the superior
capability of the ALS algorithm in diminishing group unfair-
ness but also accentuates the critical role of tailored parameter
optimization and algorithmic flexibility in navigating the com-
plexities of equitable recommendation systems. The analysis
invites further exploration into adaptive strategies that holis-
tically address the dual objectives of fairness and accuracy in
diverse recommendation scenarios.

Through Figure 3, we have a detailed visual representation
that contrasts the impact of ALS (4/ternating Least Squares)
and NCF (Neural Collaborative Filtering) algorithms on
fairness and accuracy in recommendation systems. Using
heatmaps for this analysis, the figure effectively illustrates
how each algorithm, on average, affects the reduction of group
unfairness (f24,p) and the increase in Root Mean Squared Er-
ror (RMSE) across three different grouping strategies: activity
level, gender, and age. This graphical representation facili-
tates an immediate understanding of the varied effects that
different algorithms can have on fundamental aspects of fair
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and accurate recommendations. For the calculation of dis-
played values, we consider the average of reductions obtained
for each configuration of the estimated matrices number (h),
specifically for values 3, 5, 10, 15, 20, and 25.

The displayed heatmaps allow for a clear and direct reading
of the calculated averages for the focused metrics, organized
according to algorithms and grouping strategies. The color
palette in the heatmaps not only visually differentiates the
values but also highlights the differences in results between
various combinations of algorithms and grouping strategies,
allowing for the intuitive identification of emerging patterns.
On the left, we see the representation of the average reduction
in group unfairness, and on the right, the graph focuses on the
average increase in RMSE. Together, these graphs provide
a comprehensive view of the balance between promoting
fairness and maintaining precision in the recommendations
produced.

The chosen graphic design aims to facilitate a multifaceted
comparison between complex variables, offering a visually ac-
cessible and immediately comprehensible way to evaluate the
performance of different algorithms in varied contexts. This
visual approach is essential for guiding informed decision-
making in the selection and fine-tuning of recommendation
algorithms, seeking to achieve the best possible balance be-
tween fairness and accuracy in the proposed systems.

Figure 3 presents the consolidation of average results from
experiments with different values of h, providing a comple-
mentary and consistent view with observations made earlier
in Figure 2. The use of the average for analysis does not
distort the overall trends observed in the data, remaining true
to the behavior of ALS and NCF algorithms in terms of fair-
ness and precision in recommendations. The color tones in
the heatmap quadrants facilitate the identification of differ-
ences and similarities between the algorithms and datasets,
reinforcing the conclusions obtained in individual analyses.

In the subplot related to the average reduction of group un-
fairness (Rg.p), it is observed that results vary significantly
based on the groupings and algorithms. The ALS algorithm,
when applied to activity level and gender groupings, shows a
consistent reduction in unfairness, indicated by more uniform
colors in the heatmap quadrants. This suggests that ALS may
effectively leverage the characteristics of these groupings to
mitigate unfairness in recommendations. On the other hand,
when applied to the age grouping, ALS shows a less uniform
reduction, possibly due to heterogeneous data distribution
in this aspect. Meanwhile, the NCF algorithm, while show-
ing promising results in activity level and gender groupings,
exhibits greater variation in unfairness reduction when ap-
plied to the age grouping, indicating additional challenges in
adapting the model to this specific data dimension.

Regarding RMSE values, a balance is observed in the re-
sults for different algorithms across the datasets studied. This
indicates that, despite variations in unfairness reduction, the
precision of recommendations remains relatively stable. This
stability contrasts with the behavior observed in other datasets,
where there is a more pronounced trade-off between fairness
and precision, accentuating the importance of careful algo-
rithm selection and parameter adjustment to achieve an ideal
balance between these two objectives.

In summary, Figure 3, by consolidating the averages of

dos Santos and Comarela, 2026

experiments with ALS and NCF in the new activity level,
gender, and age groupings, not only confirms the trends ob-
served individually in Figure 2, but also enriches the analysis
by emphasizing subtle and significant differences between
the groupings and algorithms used.

Figure 4 comprises two radar charts that provide a compar-
ative visualization of the performance of the ALS and NCF
algorithms across three distinct user groupings: Activity, Gen-
der, and Age. The first chart focuses on the maximum reduc-
tion in group unfairness (R4,p), while the second addresses
the maximum increase in Root Mean Squared Error (RMSE).
These charts allow for an immediate visual analysis of each
algorithm’s capability to promote fairness, measured by the
reduction in R, and their effectiveness, observed through
the variation in RMSE, under different grouping contexts.
The categories on the charts correspond to the analyzed user
groupings, providing a basis for direct comparison between
the algorithms and demonstrating their relative performances
in terms of fairness and accuracy. This representation aims to
facilitate understanding of the trade-offs involved in selecting
algorithms for recommendation systems that strive to balance
precision and fairness.

The radar charts in Figure 4 illustrate the superior capability
of ALS in reducing group unfairness across the Activity, Gen-
der, and Age groupings, maintaining an important balance
with modest increases in RMSE. ALS demonstrates consistent
reductions in group unfairness, with a relatively controlled
increase in RMSE across different groupings. This balanced
performance denotes the algorithm’s efficacy in navigating
the trade-off between fairness and precision.

Conversely, the NCF algorithm exhibits more diverse re-
sponses to fairness interventions across different groupings.
While it contributes to reducing group unfairness, the extent
of its effectiveness varies, suggesting less uniform adaptabil-
ity to the characteristics of the groupings. This observation
emphasizes the importance of context-sensitive strategies to
optimize the balance between fairness and precision.

The convergence of performance metrics around h = 10
indicates the ALS algorithm’s ability to achieve an optimal
balance between fairness and precision. This convergence
suggests a critical threshold beyond which further adjust-
ments in h have diminishing impacts on both fairness and
precision. Such insights suggest the importance of parameter
optimization to achieve equitable recommendations without
compromising precision.

Essentially, Figure 4 reinforces the nuanced dynamics be-
tween fairness and precision in recommendation systems,
accentuating the importance of algorithmic adaptability and
parameter tuning to achieve optimal outcomes across diverse
user groupings.

6 Conclusion

In this study, we explored the impact of different algorithms
on the development and evaluation of a fairness algorithm
in recommendation systems, focusing on grouping users by
activity level, gender, and age. We observed that the fairness
algorithm effectively reduced Group Unfairness (R4yp) in all
configurations tested, with significant decreases achieved in
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Figure 4. Reductions in Group Unfairness and Increases in RMSE

the MovieLens 1M dataset. Specifically, for o = 25 in the
grouping strategy by activity level, using the ALS algorithm,
a reduction of 65.57% in R, was noted.

It is important to note that the Root Mean Squared Error
(RMSE) did not show a significant increase as a result of
these reductions, indicating that the effectiveness of the rec-
ommendations remained stable, even with efforts to promote
greater fairness. This observation is essential as it demon-
strates the possibility of achieving a fairer recommendation
system without compromising the quality of the recommen-
dations provided.

Furthermore, a convergence of the fairness algorithm to an
optimal number of estimated matrices (h) situated between
10 and 15 was identified. This convergence suggests that
adjustments within this h range may offer the best balance
between promoting fairness and maintaining precision in the
recommendations.

Therefore, the findings of this study illustrate the ability
to effectively incorporate considerations of fairness into rec-

ommendation systems through the appropriate selection of
algorithms and parameter adjustments, without significant
detriments to the accuracy of the recommendations. This rep-
resents an important step towards the development of recom-
mendation systems that not only respond to user preferences
but also promote fairness and equal opportunities among dif-
ferent user groups.

Moreover, we highlight that the proposed framework can
be extended to recommendation systems based on implicit
feedback, such as Bayesian Personalized Ranking (BPR),
through appropriate adaptations. Specifically, the matrix Z
could be reconstructed using individual user performance
metrics, such as AUC or MRR, instead of prediction errors.
The objective function of minimizing the variance between
group errors could be preserved, now considering the variance
of the group mean performance metrics. In this way, it would
be possible to maintain the essence of the methodology while
respecting the specific characteristics of systems based on
implicit feedback.
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Regarding incremental and interactive recommenders, the
framework can be applied through periodic or continuous
calculation of fairness metrics, allowing dynamic adjustments
to the model as new interactions are registered.

For future research, it is planned to evaluate the fairness
algorithm in different contexts, utilizing diverse datasets and
exploring new user grouping criteria. Additionally, the algo-
rithm will be applied to recommendation strategies beyond
classic approaches, such as ALS and NCF, with the objective
of assessing its generalization and effectiveness. Further-
more, there are plans to adapt the algorithm to the context
of federated learning, aiming to enhance user data privacy.
Finally, the framework will be expanded to include a function-
ality that allows users to select the solution matrix, presenting
various outcome options generated from multiple recommen-
dation algorithms during the initial estimation stage. This
enhancement will enable users to explicitly prioritize either
the promotion of fairness or the maintenance of recommen-
dation accuracy.
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