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Abstract. Recommendation systems are tools to suggest items that might inter-
est users. These systems rely on the user’s preference history to generate a list
of suggestions most similar to items in the user’s history, aiming for better accu-
racy and minimal error. Pursuing higher accuracy can lead to side effects such
as overspecialization, reduced diversity, and imbalances in categories, genres,
or niches. Thus, this work explores algorithms for selecting the items that form a
calibrated recommendation list. The hypothesis is that calibration can positively
contribute to fairer recommendations based on user preferences. We introduce
a variation of an existing algorithm, which performs better than the baselines in
a commonly used dataset in two different divergence measurements.

1. Introduction

Recommender systems (RS) have long been designed to retrieve the top-n most rele-
vant items for users based on their preferences. Traditionally, recommendation algo-
rithms have prioritized accuracy, ensuring that the recommended items closely align with
user preferences. However, this focus on accuracy has revealed significant drawbacks,
such as unbalanced genre distributions. These challenges have led researchers to explore
alternative approaches beyond accuracy to incorporate fairness, diversity, and novelty.
Recent research has also explored different contextual factors in RS. For example, geo-
graphic embeddings have been incorporated into POI recommendation models to better
capture user preferences based on spatial and contextual influences [Leite et al. 2024].
Similarly, our work focuses on calibration as an essential property to ensure recom-
mendations align with user preferences while addressing issues such as fairness and
diversity. Additionally, fairness has emerged as a critical concern in machine learn-
ing, with studies highlighting the risks of biased models leading to discrimination. Ap-
proaches such as fairness-aware machine learning techniques aim to mitigate bias, ensur-
ing that recommendation systems provide equitable outcomes across different user groups
[Sena and Machado 2024, Aragdo et al. 2024].

Personalized recommendations are provided as an ordered list of items, pre-
dicted based on user preferences. Two primary approaches dominate the recommenda-
tion landscape: content-based filtering (CBF) and collaborative filtering (CF). CBF sug-
gests items similar to those previously preferred by a user, leveraging item descriptions
and user profiles to determine relevance. Conversely, CF recommends items liked by
other users with similar tastes, relying on collective user interactions to make predictions
[da Silva et al. 2021, Steck 2018].
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A particularly pressing issue in recommendation systems is miscalibration, where
the distribution of recommended items diverges from a user’s original preference distribu-
tion. Calibrated RS seek to mitigate this issue by ensuring the proportion of different cate-
gories (such as genres or tags) in the recommendation list aligns with the user’s historical
preferences. Miscalibration occurs when the system fails to respect this distribution, po-
tentially leading to biased recommendations and reduced user satisfaction. For instance,
if a user listens to 60% Samba, 30% Rock, and 10% K-Pop, an ideally calibrated system
should generate recommendations reflecting similar proportions [Lin et al. 2020].

Similarly to previous works, we focus on calibrating recommendation systems as
a post-processing of the recommendation list. However, generating an optimally cali-
brated recommendation list requires evaluating all possible permutations of m candidate
items in n positions, making it an NP-hard problem. Among the methods proposed,
submodular optimization has emerged as a promising approach. Specifically, surrogate
submodular functions have been explored as efficient strategies to optimize recommenda-
tion sets while maintaining computational efficiency [Steck 2018, Kaya and Bridge 2019,
da Silva et al. 2025]. In this paper, we examine two algorithms, the surrogate and the cost
effective lazy forward (CELF), seeking to enhance calibrated recommendations, particu-
larly in genre calibration.

To achieve this, we present a detailed exploration of surrogate submodular algo-
rithms for calibration in RS, including the formal definitions of data models, probability
distributions for genre calibration, and divergence measurements. We outline the selection
criteria used for optimizing recommendations and examine two algorithms: the original
surrogate submodular method and a variation of CELF that we propose. Our method-
ology first fits a matrix factorization (MF) model, evaluating it using the mean absolute
error (MAE) metric to predict user explicit feedback. The recommendation list is then
generated based on these predictions, followed by a post-processing step to apply calibra-
tion, which is our focus. To evaluate the effectiveness of these approaches, we conduct a
comprehensive experimental setup using three-fold cross-validation and grid search. The
evaluation is based on multiple performance metrics, allowing us to assess how well each
method balances calibration with recommendation quality.

The work is organized as follows. Section 2 describes the related works with
calibrated recommendation subject. Section 3 describes a background in calibrating rank.
The proposed solution is shown in Section 4. We describe the experiments in Section
5 and discuss the results in Section 6. Finally, we conclude with insights and future
directions in Section 8.

2. Related Works

Steck (2018) presents a movie recommendation system using the collaborative filtering
method, which calibrates the recommendation list based on the user’s previous genre
preferences. In his paper, Steck argues that the problem of constructing a fair recom-
mendation list while maximizing user utility is NP-hard. The divergence between the
user’s preferences and the recommendation list is captured using Kullback-Leibler diver-
gence (Section 4.3) [Steck 2018]. To find the calibrated recommendation list, the author
employs the greedy Surrogate Submodular algorithm (Section 4.5.1). Kaya and Bridge
(2019) compared calibration with the intent-aware context, a concept in Information Re-
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trieval that accounts for multiple possible interpretations of user queries. They presented
variations of the calibration implementation and used Subprofile-Aware Diversification
and Query Aspect Diversification, algorithms designed to provide diversity in the rec-
ommendation list [Kaya and Bridge 2019]. Still, they followed Steck’s (2018) approach,
using the Surrogate Submodular algorithm in their calibration implementation variations
without introducing new algorithms or modifications. These related works apply a post-
processing approach to achieve calibration, using the same item reordering/selection al-
gorithm to generate a fair recommendation list. This algorithm addresses the problem
studied, which is combinatorial and NP-hard. Using a similar approach, Da Silva et al.
(2025) have shifted the attention to calibrated recommendations that also consider the
time importance of ordering items [da Silva et al. 2025]. However, a state-of-the-art gap
exists regarding exploring alternative algorithms that solve the same problem whilst we
employ a variation of CELF.

Zhao et al. (2020) replaced the Surrogate Submodular algorithm with the Top-
Z re-ranking algorithm to examine distortions in various traditional recommender algo-
rithms. Their experiments are conducted using the Movielens 1M dataset. The evaluation
relies on miscalibration and F1-Score metrics. The authors analyze recommendations
based on user gender and age attributes. They found that F1-Score is not correlated with
the calibration of these attributes. Additionally, as they have used maximal marginal
relevance (MMR), their results confirm that miscalibration decreases as the A param-
eter increases, aligning with findings from Stack (2018) and Kaya and Bridge (2019)
[Zhao et al. 2020]. The A is the trade-off between the original and the target recommen-
dation distribution. Abdollahpouri et al. (2023) investigate calibrated recommendations
as a minimum-cost flow (MCF) problem. They modify the linear trade-off proposed by
Steck (2018), replacing the relevance equation with the Maximum Weight Assignment
and the calibration with the Penalized Miscalibration Score. The authors implement the
MCEF optimization algorithm as the item selector, modeling the problem as a graph. They
argue that the MCF approach guarantees an optimal solution for calibrated recommen-
dations [Abdollahpouri et al. 2023]. Abdollahpouri ef al. (2023) found that miscalibra-
tion also increases as the list’s relevance increases. Among the optimization algorithms,
MCEF achieves the best precision and recall, and normalized discounted cumulative gain
(NDCG). The authors categorize users into three groups based on their preference for
popularity or diversity. They conclude that, depending on the trade-off weight, the metric
values can either be lower or higher than the baseline [Abdollahpouri et al. 2023].

Silva and Durao (2021) introduce a calibrated recommendation system and eval-
uation metrics suite. Like Steck (2018) and Kaya and Bridge (2019), they employ the
Kullback-Leibler divergence measure while proposing the Hellinger distance and Pearson
Chi-Square as alternative calibration measures. Additionally, they introduce two novel
metrics specifically for the calibrated recommendation context: miscalibration average
calibration error (MACE) and mean rank miscalibration (MRMC) [da Silva et al. 2021].
The evaluation using six well-known collaborative filtering algorithms demonstrates that
the Pearson Chi-Square measure outperforms other divergence-based calibration meth-
ods. Silva and Durdo (2023) outline a framework for calibrated recommendation systems,
breaking it into three steps and twelve components. This framework and the proposed
trade-off balance drive the implementation of this paper. Their decision protocol evaluates
546 systems using three metrics and two coefficients to identify the optimal system. The
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results align with Silva and Durdo (2021), confirming that calibrated recommendations
can achieve up to twice the precision of non-calibrated ones [da Silva and Durdo 2023b].
Table 1 compares our proposal with the state-of-the-art implementations.

Table 1. Related Works Comparison

Authors / Year Explores alternative algorithms in surrogate
[Steck 2018] No
[Kaya and Bridge 2019] No
[Zhao et al. 2020] Yes - Top-Z
[da Silva et al. 2021] No
[Abdollahpouri et al. 2023] Yes - MCF
[da Silva and Durao 2023b] No
[da Silva et al. 2025] No
Our work Yes (variation of CELF)

3. The Item Reordering/Selection Problem for Recommendation

The goal of calibrated recommendation is to generate a list of top-n items that is as fair as
possible, i.e., items represented as a distribution of classes/genres that achieve the lowest
divergence with the distribution based on the user’s preferences. Thus, the calibrated
recommendation list arranges items selected from a base set. To select these items, it
is necessary to test all m candidate items in the n positions, making it a problem of
permutation without repetition, which belongs to the NP-hard class. Equation 1 presents
the permutation formulation, which defines our problem.

|
A = 7 (1)

(m —mn)!

Figure 1 demonstrates an example of item selection, where a set of m = 15 can-
didate items and n = 5 positions in the recommendation list are considered. In this ex-
ample, it would be necessary to test 360,360 possible arrangements to select the best list
ultimately. This becomes unfeasible when the number of items for selection and positions
increases, for example, m = 21, 000 and n = 30.

LASIS
w \
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Figure 1. Example of item selection/ordering.

There are no existing methods to solve combinatorial optimization (permutation)
problems in a satisfactory time frame. Thus, as shown in Figure 2, it is necessary to
consider values other than the best value (global maximum) in exchange for obtaining
results in a satisfactory time. The search is expanded to explore solutions beyond the
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Figure 2. Example of different states of the objective function: the miscalibration
level. This figure illustrates the miscalibration value as a function of rec-
ommendation list size for three distinct choices. The curves demonstrate
that different initial choices lead to significantly varying miscalibration tra-
jectories.

global maximum, often leading to a locally optimal value. Greedy algorithms can help
find such solutions efficiently, though they do not guarantee an optimal local maximum.

In creating the optimal recommendation list, RL*, it is necessary to check all
combinations/arrangements of the list, seeking the best one. This task is a combina-
torial/arrangement optimization problem, and it is NP-hard, as argued by [Steck 2018].
Moreover, testing all possible recommendation lists in a real dataset with millions of
users’ profiles becomes a hardware limitation. To avoid it, the Select Item Algorithm can
work to find a local optimal list and not the optimal global list.

Figure 2 shows possible results. The x-axis represents a hypothetical recommen-
dation list size, the y-axis is the miscalibration value, and the curves are three possibil-
ities of a recommendation list. Selecting the best recommendation list is a combinato-
rial/arrangement optimization problem. In the figure example, the optimal list depends
on the list size and the choices made from the first item to be included on the list. For
instance, if the recommendation list has size 5, the best choice is Choice 2. If the recom-
mendation list has size 15, the best choice is Choice 1. Thus, to select the best list, it is
necessary to create the three lists and select the best one. However, it demands too many
combinations and trials.

4. Proposed System
The proposed system is divided into three stages [da Silva and Durdo 2023b]:

* Pre-processing: Aims to model the data to serve as input for the next stage.

* Processing: Seeks to filter a set of maximized candidate items through a recom-
mendation algorithm, selecting items as similar as possible to the user’s prefer-
ences. The items selected in this stage serve as input for the next stage.
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* Post-processing: Aims to generate calibrated recommendations based on the
user’s history. Our approach focuses on this stage.

The post-processing stage utilizes the maximized candidate item model to gener-
ate a fair reccommendation list. This list seeks to balance similarity and divergence, aiming
to maintain the proportionality of genres in all users’ preferences.

4.1. Data Models

Regardless of the dataset used by the system, the data must be formally modeled and
defined. Each model determines how its data is handled during system execution. During
pre-processing, the primary data is modeled for input in the processing stage, which, in
turn, models data for use as input in the post-processing stage. Consider the item set, the
user model, and the candidate item as the data model sets.

The items are the suggested objects in our system, which make up the recommen-
dation list. The letter ¢ represents an item, and / represents a set of items, such as

I'={iy,...i;]l <z <N} )

Each ¢ € [ in our system is represented by a tuple with two metadata fields, ¢ =
(UID, @), where UID represents the unique identifier of the item, and G represents
the genres to which the item belongs. The item set [ is divided into two parts: the user
model MU, and the candidate item model M IC,,, foreach v € U.

In any recommendation system, users must somehow interact with the system’s
items. These interactions are called transactions and are selected to be modeled as user
feedback. Thus, our user model, MU, represents all valid transactions between user «
and a subset of items belonging to /:

MU, = {{i1,wy1), ..., (I, 0y ) |1 < 2z < ||}, 3)
where w,; € R is the weight/rating/feedback.

The candidate item model, M IC,,, consists of all items ¢ € I that do not belong
to the user model MU,,.

This is the processing stage, which filters the items from the user’s candidate item
model, M 1C,,, creating a maximized subset,

MIC;TGI = {<i17w'r(u,1)>7 (33} <imawr'(u,nb)>‘l S m S |MICu|} . (4)

In this subset, items are ranked based on the recommended algorithm’s predicted weight.
This weight is used to select items from M IC',, removing any items that may not appeal
to the user.

4.2. Probability Distribution of Genres

The genres belonging to the user model MU, and the maximized candidate items
MIC7"** can be represented as probability distributions. To derive the target distribu-
tion based on the user model, we use the function p, which determines the importance of
genres in the user model MU, as

MU, .
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where w,, ; is the item weight given by the user u to item ¢, and p(g|7) is the probability of
observing g given ¢. This equation can be understood as a normalized weighted probabil-
ity of observing g given u. Similarly, the realized distribution ¢ for the recommendation
list is defined to measure the distribution over the recommendation list .S,,:

Su .
Zi wr(u,i)'p(g|l)
Su
Zi wr(u,i)

where w,(,,;) is the model-predicted weight of the item in the recommendation list.

q(glu) = , (6)

There is a possibility that the value of ¢(g|u) could be zero, which could lead to
numerical instability. We introduce a balancing mechanism between the probabilities to
prevent division by zero. A small value of « ensures that ¢ =~ ¢, preserving the original
result as much as possible. The adjusted probability distribution is given by:

q(glu) = (1 — @) - q(glu) + o - p(glu) . (7)

This formulation follows the framework introduced by [Steck 2018] and later adopted
by [Kaya and Bridge 2019, da Silva and Durdo 2023a, Abdollahpouri et al. 2020,
da Silva et al. 2025].

4.3. Divergence Measures

Divergence and distance are related. Distance is defined as the degree to which
two objects are far apart. There are numerous measures of distance. Measures
that satisfy the metric properties are called metrics, while measures that do not sat-
isfy these metric properties are occasionally referred to as divergences [Cha 2007,
da Silva and Durdo 2025]. Our system uses the Kullback-Leibler and Hellinger diver-
gences introduced in [Steck 2018].

Kullback-Leibler is a measure of divergence between sets and can take values
within the range [0, co] € R, where the smaller the value, the less divergent the sets are.
It is defined as:

G
Frr = KL(p|lg) = gp@\u) log, % . ®)

Hellinger is a measure of divergence between two sets, where [0, cc] € R repre-
sents the value of the divergence between the probability sets p and ¢q. The Hellinger diver-
gence has multiple formulations [Cha 2007, Jolad et al. 2016, da Silva and Durao 2025],
we consider the following:

G

Fup = HE(p,q) =,|2->_(/plglu) —V/alglu))?. ©)

4.4. Maximal Marginal Relevance

Since our goal is to create a recommendation list that is as fair as possible, we can use the
MMR function introduced in [Carbonell and Goldstein 1998] and utilized in the works
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presented in [Steck 2018] and [Kaya and Bridge 2019]. MMR represents the ranking al-
gorithm designed to select the items that optimize the recommendation list. The formula-
tion is presented as follows:

Sr = argrrégx(l — A) -Rank(S*) = X+ F(p,q(S*)), |S*] =n,S* CMIC**, (10)

where F'(p, q(S*)) is the divergence measurement used, which can be Kullback-Leibler
or Hellinger. The term function Rank() is the sum of the predicted weight for each item
belonging to M IC":

Su
Rank(S,) =Y w.) . (11)

4.5. Item Reordering/Selection Algorithms

State-of-the-art works typically use the Surrogate Submodular to reorder/select items for
the fair recommendation list. In our work, we propose a variation of a calibration algo-
rithm for the fair recommendation problem.

4.5.1. Surrogate Submodular

The Surrogate Submodular algorithm, proposed by Nemhauser et al. (1978), finds
a fair list with an optimality guarantee of 1 — é, where e is Euler’s number
[Nemhauser et al. 1978]. We will use this algorithm similarly to Steck (2018) and Kaya
and Bridge (2019). Below are the steps describing how the reordering process works

[Steck 2018, Kaya and Bridge 2019]:

e 5% starts with an empty recommendation list {}, S* is the calibrated recommen-
dation list;

* For each position in the recommendation list, £ < n, an item i is selected from
MI1CT* if it is the item that maximizes the fairness value between S; and M U,,;

¢ At the end, the recommendation list contains n — 1 items, and the last item is
added to obtain a fairer recommendation list.

The time complexity of the Surrogate Submodular algorithm is O(n - m), where
n is the number of items to be selected and m is the number of items to be tested for
the n positions. This complexity is due to the algorithm testing all m items for each of
the n positions. The algorithm always executes the same number of steps, meaning its
complexity has no variations.

4.5.2. Cost Effective Lazy Forward

Developed by Leskovec et al. (2007), the CELF algorithm, known as the Lazy Greedy
algorithm, is used to find the k£ nodes with the highest spread in a graph. To achieve this,
it exploits the submodularity property of the spread function, implying that the marginal
spread of a specific node in one iteration of the greedy algorithm cannot be greater than
the marginal spread in the previous iteration [Leskovec et al. 2007]. Below are the steps
describing how this algorithm works:
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1. Calculate the spread of all nodes and store them in a list/heap, performing the
ranking at the end.

2. Only the spread for the top node is calculated (the one at the top of the list from
the previous step).

3. If the node from the previous step remains at the top of the list, it must have the
highest marginal gain among all nodes.

4. This iterative process continues, finding the node that remains at the top after
calculating its marginal spread and then adding it to the seed set.

5. At the end, the algorithm returns the optimal seed set, the resulting spread, and the
time required to compute each iteration.

The original formulation of CELF uses the independent cascade (IC) as the cost function.
In our proposed modification, we replace the IC formulation with Equation 10, so the
spread values are determined through the balancing calculation. The complexity of CELF
is given as:

* Best case: {2(nlogn), achieved when the algorithm always finds the best item
during step 3, executing only once. Thus, the time is bounded below by sorting
items n logn, as the loop for selecting items in steps 3 and 4 runs in (n — 1) - 1
steps.

» Worst case: O(n - m), achieved when the algorithm finds the best item at the end
of the spread list, meaning steps 3 and 4 are executed (n — 1) - m times.

5. Experiment Setup
5.1. Methodology

The proposed system uses the collaborative filtering technique and employs item genres as
a balancing class, inspired by previous works. Due to hardware limitations, we selected
only one recommender algorithm for the processing stage, namely Singular Value De-
composition (SVD). The formulation described by [Koren and Bell 2015] is implemented
by the Surprise library [Hug 2017] and is used in this work. We use grid search to
determine the best recommender hyperparameter values among 81 input hyperparame-
ter configurations. The decision metric used to find the best hyperparameter set is the
MAE [Desrosiers and Karypis 2011], aiming to minimize the error between the user’s
actual feedback (w,;) and the prediction made by the recommender (w,(, ;). The valida-
tion of the best hyperparameters is performed using cross-validation, dividing the dataset
into three partitions. The optimal hyperparameter values found are: number of epochs,
ne = 50, number of factors, f = 100, item learning rate, v; = 0.05, user learning rate,
Y. = 0.05, item regularization term, A; = 0.03, user regularization term, A\, = 0.03, and
activation of user and item bias. After this model fitting, we use the predicted weights to
generate the rank list for each user.

The user models MU serve as the foundation for training the recommender. To
validate the system before training, one-third of the transactions (~ 33%) were randomly
removed from each user’s model and added to their respective candidate item models
MIC,. This data separation allows us to determine which items within each M IC,, the
users prefer, as these are the expected items in the final recommendation list. After the
recommender algorithm predicts the weight w,(, ) for all items in MIC), a cutoff is ap-
plied, limiting the maximized candidate item models to |MIC"**| = 100. These 100
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items have the highest w,(, ;) values, indicating a higher likelihood of user preference.
Additionally, the study by Kaya and Bridge (2019) uses the same cutoff value. Also fol-
lowing them, we use eleven fixed values of A € [0.0,0.1,0.2,0.3,...,1.0]. A value of
A = 0.0 means that ranking is given full importance while divergence is ignored, result-
ing in a recommendation list identical to that produced by the recommender algorithms
without post-processing. Conversely, a value of A = 1.0 means that ranking is ignored
and divergence takes full importance, recommending the least divergent items from each
user’s model.

In Section 4, we describe the use of o to prevent division by zero. We set
a = (.01, a value also applied in the works of [Steck 2018, Abdollahpouri et al. 2020,
Kaya and Bridge 2019]. In the same section, we define p(g|i) as part of Equations 5 and
6. In our work, we apply the rule @ meaning that each genre receives an equal proba-
bility for each item.

To validate our system and ensure statistical stability in the results, we run our
system three times for each dataset independently. That is, in each execution, the train-
ing data MU and the expected recommendations differ. The presented results are the
average values obtained across the three runs for each dataset. Recommendation lists are
generated with sizes [1; 10] € N, and evaluations consider each position in the lists.

5.2. Datasets

The MovieLens dataset is publicly available and free-access, used in state-of-the-art works
by [Steck 2018] and [Kaya and Bridge 2019]. It contains metadata describing the movies:
title, genre, and rags, as well as links to additional information in other databases; it also
includes information about user preferences and demographic data about the users. The
dataset has several subsets, and in particular, we use MovieLens 1M I

The MovieLens IM subset contains 18 genres, 6040 users, 3883 movies, and
1000209 ratings (transactions) with values w,; between [1,5] € R. These values
w,; represent the rating that user v € U assigned to movie ¢ € [ (explicit feed-
back). We applied a sequence of steps to clean the dataset, similar to other studies
[Liang et al. 2016, Steck 2018, Kaya and Bridge 2019]: i) we discarded any transaction
with w,; less than 4, keeping all higher values; ii) we removed all movies without genre
information; and iii) we eliminated any movie without user transactions, i.e., movies that
were never watched. However, unlike [Steck 2018, Kaya and Bridge 2019] and similar to
[Liang et al. 2016], we performed two additional steps in the following order: iv) we re-
moved all users with fewer than 50 total preferences, and v) we eliminated all items with
fewer than 5 transactions. Steps (iv) and (v) help us avoid the cold-start problem, which
was not addressed in this study, and assist with hardware resource management. After ap-
plying all steps, the resulting dataset contains: 3379 users (i.e., |U| = 3379), 2330 movies
(i.e., |[I| = 2330), 495354 ratings with w, ; between [4;5] € R (i.e., [MU| = 495354),
and 18 genres (i.e., |G| = 18).

5.3. Metrics

Recommendation Systems provide users with a list of size n containing the top-n most
recommended items for a given user. Thus, a ranking metric is applied to quantify the

Thttps://grouplens.org/datasets/movielens/1m/
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quality of the list. To obtain a single metric that contributes to the accuracy of the
recommendation method across the entire user set, the Mean Average Precision (MAP)
[Parra and Sahebi 2013] is used.

6. Experimental Results

The two figures containing the results (Figures 3 and 4) represent each divergence mea-
sure; the lines in the figures represent the item selection algorithms (surrogate and CELF).
The x-axis of the graphs displays the weights A € [0.0;0.1;0.2;0.3; ...; 1.0], while the y-
axis represents the metric values.

The results presented in Figure 3a illustrate the observation of the MAP metric
over the selection algorithms using Kullback-Leibler. It can be observed that, with a
balancing weight of 0.0, both item selectors yield similar results. When the balancing
weight starts to increase (0.1), CELF achieves better results than the surrogate, and this
difference is maintained up to a weight of 1.0, where only the Kullback-Leibler mea-
sure is considered. The most promising result from the cost function composition using
Kullback-Leibler is obtained with a weight of 0.1 in the CELF algorithm, achieving an
average precision of approximately 0.148.

The results presented in Figure 3b illustrate the observation of the MAP metric
over the selection algorithms using Hellinger. It can be observed that, with a balancing
weight of 0.0, both item selectors yield similar results, and this similarity is maintained up
to a balancing weight of 0.4. From a weight of 0.5 onward, CELF achieves better results
than the surrogate, and this difference increases up to a weight of 0.8. For weights 0.9
and 1.0, the difference between CELF and the surrogate decreases, although CELF still
maintains an advantage. The most promising result from the cost function composition
using Hellinger is obtained with a weight of 0.8 in the CELF algorithm, achieving an
average precision of approximately 0.148.

When comparing Figures 3a and 3b, it is possible to observe that the Kullback-
Leibler divergence achieves better results than the composition of the function using the
Hellinger divergence, when used in the cost function.

SURROGATE
3 A N n e— CELF
0.14 - 0.14 -

MAP
>

0.08 - 0.08 -

SURROGATE
0.06- # 4~ CELF 0.06- &

00 01 02 03 04 05 06 07 08 09 10 00 01 02 03 04 05 06 07 08 09 10

Weight Weight

(a) Kullback-Leibler. (b) Hellinger.

Figure 3. Results of the selection algorithms evaluated using the MAP met-
ric while observing the balancing weights in the Kullback-Leibler and
Hellinger divergence measures.
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7. Limitations

The proposed method still has some limitations. It does not handle extremely sparse
data scenarios or more complex multi-category problems. For instance, we have removed
users with fewer than 50 ratings and items with fewer than 5 ratings, simplifying the ex-
periment to avoid dealing with cold-start. This preprocessing step, while beneficial for
reducing noise and computational load, limits the method’s applicability to real-world en-
vironments where user and item interactions are typically sparse and unevenly distributed.
Additionally, the system relies on a single collaborative filtering algorithm (FunkSVD),
which constrains the generalizability of our findings across different recommender archi-
tectures. The exclusive use of the MovieLens 1M dataset further restricts the scope of the
evaluation, as domain-specific datasets or those with higher complexity may pose addi-
tional challenges. Also, this work does not cover all aspects of calibration. The analysis
exclusively focuses on MAP for ranking quality and on Kullback-Leibler and Hellinger
divergences for calibration, potentially overlooking other critical dimensions of recom-
mendation performance. For example, diversity-related metrics such as item coverage or
intralist diversity are not considered, which could provide insight into how well the system
avoids over-concentration on popular items. Similarly, novelty—capturing the system’s
ability to suggest less obvious or previously unseen items—is not evaluated. Furthermore,
fairness measures, such as demographic parity or equal opportunity across user groups,
are absent from the evaluation.

8. Conclusion

This work explores the problem of item selection for fair recommendation, based on the
distribution of genres of the items that make up the users’ preferences. The problem
addressed belongs to the class of NP-hard problems due to its permutation nature. The
proposal used CELF as a new algorithm beyond the state of the art and also proposed the
application of new cost functions in the algorithm. The results indicate that the proposal to
use CELF with a new cost function achieves promising results when evaluated using the
precision metric. The formulation of the cost function using the Kullback-Leibler diver-
gence measure achieves better results than the formulation using the Hellinger divergence,
for miscalibration, both item selection algorithms are used.

As a future work, it is possible to use other algorithms based on cost functions,
adapting them to the balancing formulation. Another future work is to use other cost func-
tions based on the similarity-divergence balance. Additionally, evaluating the algorithms
beyond precision, using evaluation metrics that verify whether the final generated list is
truly fair. A broader evaluation would be necessary to fully capture the system’s strengths
and weaknesses across different calibration dimensions.
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