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Popularity bias and positivity bias are two prominent sources of bias in recommender systems. Both arise from
input data, propagate through recommendation models, and lead to unfair or suboptimal outcomes. Popularity
bias occurs when a small subset of items receives most interactions, while positivity bias stems from the over-
representation of high rating values. Although each bias has been studied independently, their combined effect,
to which we refer to as multifactorial bias, remains underexplored. In this work, we examine how multifactorial
bias influences item-side fairness, focusing on exposure bias, which reflects the unequal visibility of items
in recommendation outputs. Through simulation studies, we find that positivity bias is disproportionately
concentrated on popular items, further amplifying their over-exposure. Motivated by this insight, we adapt a
percentile-based rating transformation as a pre-processing strategy to mitigate multifactorial bias. Experiments
using six recommendation algorithms across four public datasets show that this approach improves exposure
fairness with negligible accuracy loss. We also demonstrate that integrating this pre-processing step into
post-processing fairness pipelines enhances their effectiveness and efficiency, enabling comparable or better
fairness with reduced computational cost. These findings highlight the importance of addressing multifactorial
bias and demonstrate the practical value of simple, data-driven pre-processing methods for improving fairness
in recommender systems.
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1 Introduction

Recommender systems are known to suffer from different types of bias against users and items
[16, 52, 57, 59, 68, 75]. Two prominent forms of such bias are popularity bias [14, 16, 30, 59, 75] and
positivity bias [16, 59]. Popularity bias refers to the situation that the majority of rating data is
concentrated on a small subset of highly popular items, leading to their over-representation while
less popular items remain under-represented in the input data. Figure 1 shows this phenomenon
across four datasets. As shown, most ratings are concentrated on a small fraction of items, with
MovieLens exhibiting the strongest popularity bias. For instance, in the MovieLens dataset, ap-
proximately 20% of the items make up around 65% of the total ratings. The abundance of rating
data on popular items skews the learning process of the recommender models, causing them to
primarily learn the characteristics of these popular items [28, 68]. Consequently, these items are
disproportionately recommended, reinforcing their dominance in recommendation results.

On the other hand, positivity bias refers to the situation that positive feedback (high rating
values) is over-represented in the input data. This occurs because users are more likely to rate
items they enjoy while ignoring those they dislike. Figure 2 shows the distribution of ratings across
four datasets, highlighting that higher ratings are significantly more prevalent. This pattern is even
stronger in the Google Local Data.

These types of bias originate from the input data, are exacerbated or transferred by recommender
algorithms, and lead to unfairness in recommendation results [29, 30, 79]. Unfair recommendations
not only negatively affect the recommendation performance [3, 45] but also lead to or perpetuate
undesirable social dynamics [38, 70, 86]. One specific form of this type of unfairness in recommen-
dation output is exposure bias [43, 70, 88], which refers to the situation that certain items frequently
appear in recommendation results while certain other items are never or rarely recommended to
users.

Prior research has discovered various consequences of this disparate representation of items in
recommendation results: (i) it negatively affects user experience by limiting exposure to a small
subset of items [45, 51, 72, 84] or failing to align with users’ preferences [27, 28, 68], (ii) it leads to
supplier unfairness, as items from certain suppliers would not be sufficiently (or equally) visible
in the recommendation results [43, 54], and (iii) it raises ethical concerns in sensitive domains
such as job recommendation or online dating, where the recommended items represent individuals
belonging to different sensitive attribute classes, increasing the risk of discrimination [19, 47, 70].
In this article, we explore two key types of bias in input data, popularity bias and positivity bias,
their connection to exposure bias in the recommendation results, and strategies to mitigate these
types of bias to improve exposure fairness.

Although the unfairness of popularity bias and positivity bias has been separately studied in the
literature [3, 4, 7, 34, 55, 60], their combined effect on recommendation fairness remains an open
research question. This combined effect is referred to as multifactorial bias, which encapsulates
the essential properties of both types of bias. Huang et al. [28] study the effect of this bias on the
performance and accuracy of recommendation models, but its impact on the fairness of recommen-
dation models has yet to be explored. To fill this gap, in this article, we conduct a comprehensive
study on the unfairness caused by multifactorial bias in recommendation results and propose a
solution to mitigate it.

First, we investigate multifactorial bias in several publicly available datasets. Our analysis re-
veals that positivity bias is stronger among popular items, signifying that highly rated feedback is
disproportionately concentrated on popular items, further reinforcing their over-representation
in recommendations. We then conduct a simulation study to examine how this type of bias af-
fects recommendation performance and fairness. Our results show that mitigating positivity bias,
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Fig. 1. Popularity distribution of the rating data in multiple datasets used in this article. The horizontal axis
shows the percentage of the items, and the vertical axis shows the percentage of the accumulated ratings.
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Fig. 2. Distribution of ratings of items in the MovieLens dataset. The horizontal axis shows the rating values
in the dataset, and the vertical axis shows the percentage of times each rating value is seen in the dataset.

particularly among popular items (which remain popular in terms of number of interactions/rat-
ings), can improve fairness of exposure for items in recommendation results.

Next, we adapt an existing rating transformation method [49] to address multifactorial bias in
rating data, specifically by diminishing the impact of positivity bias on popular items. This method
transforms the raw rating data into percentile values in item profiles, leading to less skew in
percentile distribution in the input data. Through extensive experiments using six recommendation
algorithms across four datasets, we validate the effectiveness of this proposed method in enhancing
exposure fairness of recommendation results.

It is important to note that the primary objective of this work is not to introduce a new bias
mitigation algorithm. Rather, our aim is to demonstrate how an existing method that balances rating
distributions can be effectively adapted to address multifactorial bias, particularly the concentration
of positivity bias among popular items, which is a property shared by both the proposed method
and the bias itself. In doing so, we focus on an underexplored yet practically important challenge in
recommender systems: the interaction between multiple sources of bias, specifically popularity bias
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and positivity bias. While these biases have often been studied independently, their interplay can
give rise to distinct fairness issues. Our approach is therefore motivated by the observation that
positivity bias may disproportionately affect popular items and that addressing this interaction
does not necessarily require a new algorithm, but rather a careful adaptation of existing techniques
that are well aligned with the structure of the problem.

Finally, beyond improving fairness, we show that our proposed method enhances the efficiency of
existing post-processing bias mitigation approaches. The effectiveness of these approaches depends
heavily on the size of the initial recommendation lists generated by the recommendation model.
Longer lists yield fairer recommendations, but at the expense of higher computational costs. We
show that our pre-processing approach enables achieving fairer recommendation results with much
smaller initial recommendation lists, resulting in a more efficient fair recommendation pipeline.

Overall, we make the following contributions:

— We investigate multifactorial bias in publicly available recommendation datasets, revealing a
strong correlation between positivity bias and popularity bias: positivity bias is more prevalent
on popular items.

—Through a simulation study, we demonstrate the relationship between multifactorial bias and
exposure fairness in recommendation results, showing that this type of bias negatively affects
item exposure fairness.

—We adapt an existing rating transformation method to mitigate the effect of multifactorial
bias in recommendation datasets. Our analysis shows that this proposed method reduces the
effect of positivity bias, particularly on popular items, resulting in reduced multifactorial bias
in input datasets and fairer item exposure in recommendation results.

—Lastly, through additional sets of experiments, we show that the proposed pre-processing
method improves the efficiency of existing post-processing bias mitigation methods by achiev-
ing comparable performance with a substantially shorter initial recommendation list as input
for those post-processing bias mitigation methods.

2 Related Work
2.1 Bias and Unfairness

2.1.1  Types of Bias. Selection bias, which refers to bias present in the data associated with
recommender systems, is pervasive in recommendation applications and manifests in various
forms [16]. It can arise due to self-selection bias, with users choosing to interact with certain
items more often [59, 75] or it may be due to algorithmic bias: the recommender system used for
logging chooses to show certain items to users more often [9, 68]. Among different types of bias,
popularity bias and positivity bias are the most widely recognized and studied, manifesting as the
over-representation of interactions with popular items [14, 59, 75] or items that users prefer [59],
respectively. Additionally, two forms of self-selection bias are frequently observed: incentive bias,
where users are incentivized to provide ratings for benefits and rewards [58], and conformity bias,
where users tend to rate items similarly to others in a group [31, 35]. Notably, Zhao et al. [91] show
that conformity is also a key driver of popularity bias, as users tend to interact with already popular
items regardless of their actual preferences, further inflating the popularity of these items. These
types of bias are often characterized by a single underlying factor.

In practice, selection bias is typically more complex, often involving a combination of multiple
biases or reflecting a multifactorial structure determined by more than one factor [82, 92]. Selection
bias can also be influenced by the additional factor of time, resulting in dynamic popularity bias [26].
Such dynamic effects may also arise because popularity bias is progressively amplified through
the model learning process. For instance, Lin et al. [40] provide a spectral analysis revealing that
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popular items disproportionately dominate the top singular vectors of the rating matrix. Chen
et al. [17] further show that graph convolution disproportionately amplifies the influence of high-
degree items in the learning process. Moreover, contextual factors such as position, modality, or
surrounding items in a recommendation list can simultaneously affect user interactions, referred to
as surrounding item bias or contextual bias [66, 82, 94]. Additionally, selection correlated with both
item and rating value factors has been observed across multiple real-world datasets [27, 28, 59].
Specifically, Huang et al. [28] formally define a multifactorial bias that is determined by two factors,
viz. item and rating value, which can be seen as a generalization of popularity and positivity bias.
In this article, we build on the findings of Huang et al. [28] and focus on multifactorial bias and its
resulting unfairness problem.

2.1.2  Unfairness. Despite being two distinct concepts, bias and unfairness are closely inter-
related. A widely accepted view is that various forms of bias and the learning process are the
key reasons for unfairness issues in machine learning [3, 39, 79]. For instance, prior studies have
shown that popularity bias can lead to unfair treatment of both long-tail items and users with little
interest in popular items [3, 83]. Recently, Dai et al. [18] offer a unified perspective by framing
both bias and unfairness as instances of distribution mismatch: bias arises from a mismatch with
the objective target distribution in real scenarios, while unfairness reflects a mismatch with the
subjective distribution aligned with human values.

The definition of fairness in recommender systems can vary depending on the multi-stakeholder
settings, commonly encompassing user-oriented [3, 38, 39] or item-oriented fairness perspectives
[1, 39, 71]. User fairness typically focuses on avoiding algorithmic discrimination against certain
users that are defined by demographic attributes (e.g., gender and age) [76, 93]. In contrast, item
fairness aims to ensure that items from different categories (e.g., long-tail items) receive equitable
exposure in the recommendation results [44]. Each of these fairness perspectives can be considered
at both the individual [76, 85] and group levels [70, 87, 88]. At the individual level, fairness is
often defined as treating similar individuals similarly, whereas at the group level, fairness refers
to ensuring that different user or item groups receive equitable treatment or outcomes, such as
equal quality of recommendations or balanced exposure [15, 53]. For example, Steck [76] introduces
calibration fairness, an individual-level user fairness notion, which requires that users receive
recommendations that are close to what they are expecting to get based on the type of items they
have rated. Rather than focusing on one specific fairness consideration, the concept of hybrid
fairness acknowledges the diverse fairness demands that arise in the real world and aims to achieve
more than one fairness requirement simultaneously [1, 43, 54]. Broadly, Zhao et al. [90] provide a
comprehensive overview of the interplay between fairness and diversity in recommender systems,
highlighting their connections at both user and item levels.

2.2 Fair Recommendation Methods

Existing methods for improving fairness in recommender systems can be broadly categorized
based on their position in the recommendation pipeline: data-oriented, ranking, and reranking
methods, which are also referred to as pre-processing, in-processing, and post-processing methods,
respectively.

Data-oriented methods mitigate unfairness by modifying or augmenting the training data used to
train the recommendation model. For example, Ekstrand et al. [20] apply a re-sampling strategy to
adjust the proportion of different user groups in the training data, thereby addressing user fairness
issues arising from imbalanced user group distributions. Rastegarpanah et al. [61] propose the use
of antidote data (e.g., fake user data) added to the training data to counteract unfairness.
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Ranking methods incorporate fairness considerations directly into the learning process of rec-
ommendation methods. These methods are typically categorized into regularization-based methods
[10, 12, 40, 85, 88], adversarial learning-based methods [11, 81], reinforcement learning-based meth-
ods [22], representation learning-based methods [13], causal inference-based methods [91], and
more recently, Large Language Model (LLM)-based methods. For example, Lu et al. [42] propose
a dual debiasing framework that jointly mitigates multiple sources of bias in LLM-based recom-
mendation, while Wang et al. [78] leverage LLMs to denoise sequential recommendation data,
improving the robustness of learned user representations.

In contrast, reranking methods adjust the outputs of recommender systems to promote fairness
without modifying or retraining the underlying recommendation methods. Zehlike et al. [87]
propose FA*IR, a top-k ranking method that maximizes utility while satisfying ranked group
fairness. Sonboli et al. [73] define a personalized fairness score based on multiple item attributes
and achieve a tradeoff between fairness and utility. Several other works propose diversification
reranking approaches to increase the representation of less popular items while maintaining
acceptable recommendation accuracy [2, 8, 44]. Additionally, Chen et al. [17] adjust prediction
scores at inference time to counteract the amplified influence of popular items introduced by graph
convolution. Liu et al. [41] examine model-generated explanations using a causal graph to identify
and mitigate sources of bias in the recommendation process. They simulate user feedback on these
explanations to better understand and correct biased selection mechanisms. Similarly, inspired by
causal inference principles, Zhang et al. [89] analyze both item- and feature-level popularity bias in
interaction data and propose separate inverse propensity score-based methods to mitigate their ef-
fects. Gao et al. [21] provide a broad discussion of causal inference techniques applied to debiasing in
recommender systems, covering propensity-based, intervention-based, and counterfactual methods.

3 Notation and Preliminaries

We consider a typical recommendation scenario, such as movie, music, and product recommenda-
tions, where users are allowed to express their opinions on various items through explicit ratings.
These ratings are then used to train a recommendation model that generates a recommendation list
for each user.

Formally, we denote U = {uy, ..., u,} as the set of nusers, I = {iy, ..., iy} as the set of m items,
and R € R™™ as the user—item rating matrix where entry R,; represents the rating provided by
user u € YU onitem i € 7. The rating values are chosen from a predefined set of numerical values
within the range [a, b], such that R,; € {r1,rs,...,ro}, where O is the number of distinct rating
levels. For example, in the MovieLens dataset, a 5-star rating system is used witha = 1, b = 5,
and Ry; € {1,2,3,4,5}.

We divide items into two groups based on their popularity: head and tail. Head items, denoted by
TH, consist of popular items that make up roughly 20% of the ratings according to the Pareto Prin-
ciple [65]. Tail items denoted by 77 consist of the rest of the less popular items (the ones not in 7).

Given the rating matrix R as input, the recommendation problem we consider is defined as
building a recommendation model that effectively identifies K most relevant items for a target user.
The recommendation list for a user u is denoted as L,,, which is a ranked list of K items sorted in
descending order based on their predicted relevance score. The set of recommendation lists for all
users is denoted as L.

3.1 Multifactorial Bias

According to [16, 28, 75], a typical recommender system with explicit user ratings often exhibits
three key characteristics:
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Fig. 3. The relationship between average ratings and popularity of items (fraction of users who interacted
with the item) in four public datasets.

(Characteristic 1) Few popular items are frequently interacted with, while the majority of
unpopular items are rarely interacted with.

(Characteristic 2) Users tend to rate items they like, resulting in a skewed distribution of
observed ratings toward higher values.

(Characteristic 3) The majority of high rating values are assigned to the popular items.

Figure 3 illustrates the relationship between item popularity and average rating values across
four public datasets, confirming the presence of Characteristic 3. The popularity of an item i is
computed as the fraction of users who interacted with i, i.e., number of users who interacted with i
divided by total number of users (n).

These characteristics are commonly recognized as forms of selection bias in recommender
systems. Characteristic 1 and Characteristic 2 are often referred to as popularity bias and positivity
bias, respectively, which have been studied extensively in the literature, with various methods
proposed to mitigate them [14, 16, 59, 75]. Characteristic 3 has also been observed by Huang
et al. [28]. Accordingly, Huang et al. [28] define a notion of multifactorial bias that occurs if the
process that decides whether a user provides a rating is not a random selection and is determined
by the item and rating value factors. This definition provides a general conceptual framework,
whereas Characteristic 3 reflects a specific real-world phenomenon commonly observed in practice.

While Characteristic 3 more accurately reflects real-world user behavior, it remains underexplored
in the literature. Huang et al. [28] are the first to examine the effect of multifactorial bias on the
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Table 1. Characteristics of the Datasets after Pre-Processing

Dataset #Users #Items #Ratings Density Ratings
Goodreads 2,225 3,423 137,045 1.8% 1-5
MovieLens 6,040 3,706 1,000,209 4.47% 1-5
Google Local Data 12,791 16,101 391,715 0.19% 1-5
Yelp 24,372 18,569 1,160,487 0.26% 1-5

performance and accuracy of recommendation models. In this article, we further investigate its
impact on the fairness of recommendation models.

4 Experiments

In this section, we describe the datasets, recommendation algorithms, evaluation metrics, and the
experimental setup that we use in the rest of the paper to perform our experiments.

4.1 Datasets

We use the following datasets for our experiments in this article.

— Goodreads:' A book recommendation dataset that contains user ratings of books.

— MovieLens [24]:*> A movie recommendation dataset that contains user ratings of movies.

— Google Local Data [37]:> A subset of the Google Local Data, which consists of business reviews
collected from Google Maps that contain user ratings of businesses.

— Yelp:* A restaurant recommendation dataset that contains user ratings of restaurants.

To alleviate the sparsity issue in the datasets and for more robust evaluation, we perform the
following pre-processing on each dataset. From the Goodreads and Google Local Data datasets, we
extract users who provided at least 10 ratings and items that received at least 10 ratings. From the
Yelp dataset, we create a sample of the dataset in which each user has rated at least 20 items and each
item has received at least 20 ratings. Table 1 summarizes the characteristics of the pre-processed
datasets that we use in the article.

4.2 Recommendation Algorithms

Since we are studying the impact of positivity bias in recommender systems in this article, to be
able to properly analyze the impact of our proposed approaches, we only focus on recommendation
algorithms that use rating data for their operation. Algorithms operating on implicit or binary
ratings data (e.g., Bayesian Personalized Ranking [62]) would not be affected by positivity bias as
they do not use rating data for their internal processing. Therefore, we perform our experiments
using the following recommendation algorithms.

—Biased Matrix Factorization (BiasedMF) [33]: This algorithm extends matrix factorization
by incorporating the user bias and the item bias terms into the objective function to better
capture the differences in users’ behavior and items’ characteristics.

— Integrated Latent Factor and Neighborhood Models (SVD++) [32]: This algorithm extends matrix
factorization by incorporating neighborhood influence into the objective function.

https://github.com/BahramJannesar/GoodreadsBookDataset.
Zhttps://grouplens.org/datasets/movielens/1m/.
Shttps://jiachengli1995.github.io/google/index.html.
*https://www.yelp.com/dataset.
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— Weighted Matrix Factorization (WRMF) [25]: A WRMF algorithm that incorporates a weight
into the objective function as the confidence in users’ interest toward items.

— List-Wise Matrix Factorization (ListRank) [69]: A specific form of matrix factorization with
list-wise optimization process.

— User-Based Neighborhood Model (UserKNN) [63]: A nearest neighbor-based model that uses
the user—user similarity matrix to recommend items based on the opinions of similar users.

— Item-Based Neighborhood Model (ItemKNN) [67]: A nearest neighbor-based model that uses the
item—item similarity matrix to recommend items similar to the ones in a target user’s profile.

4.3 Metrics

We evaluate the performance of the recommendation models on accuracy and fairness metrics. We
use the following metrics to evaluate the accuracy of the recommendation models.

— Precision: The fraction of correctly recommended items (the items in the recommendation
lists of users that also exist in the test data).

—Normalized Discounted Cumulative Gain (nDCG): A measure of ranking quality of the
recommendations. nDCG weights the correctly recommended items based on their position in
the recommendation list, recommending these items in higher position would lead to higher

weight (higher nDCG).
Moreover, we use the following metrics to evaluate the fairness of the recommendation results.

—Item Aggregate (IA) Diversity [46]: The fraction of items that appear at least « times in the
recommendation lists and can be calculated as:

Zie] 1 ([Zue‘u ZjeLu]l(i = ])] 2 0{)

m

IA(L) = (1)

This metric is a generalization of standard aggregate diversity as it is used in other work
[6, 77] where a = 1.

—Long-Tail Item Aggregate (LIA) Diversity [46]: The fraction of long-tail items that appear
at least o times in the recommendation lists and can be calculated as:

Siert 1([Zueu Xjer, 1= j)] = a)

LIA(L) = .
m

: (2)

where m” indicates the size of long-tail items in 77,

—Equality of Exposure (EE) [8]: A measure of fair distribution of recommended items. It
takes into account how uniformly items appear in recommendation lists. Given E(i|L) as the
exposure of item i in the recommendation lists L calculated as:

Zueu Ljer, 1 = j)

E(ilL) = XK

®)

We first form the distribution of items exposure as {E(i|L) | Vi € I }. Then, we calculate the
Gini Index over this distribution to measure its uniformity as follows:

Gini(L) = ﬁ D (2k = m = DE(icL), (4)
k=1

where E(ir|L) is the exposure of the kth least recommended item being drawn from L. A
uniform distribution will have a Gini Index equal to 0, which is the ideal case (a lower Gini
index is better). Therefore, to be consistent with the metrics definition, we define EE as
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EE =1 — Gini(L). This way, an EE value closer to 1 signifies fairer recommendation results
and is more desired (and EE closer to 0 is the least fair recommendation results).

—User Popularity Lift (UPL) [3, 5]: A measure of popularity bias amplification in recom-
mendation lists relative to users’ historical interactions. It quantifies the percentage change
between the average popularity of items in a user’s recommendation list and the average
popularity of items in their interaction profile. Let PX and P~ denote the mean popularity
of items in the profile and recommendation list of user u, respectively. UPL is computed as
follows:

PL_pR
Zue’u PR
UPL = ————*—, (5)
n

where UPL > 0 indicates that popular items are over-recommended, while UPL < 0 indicates
that popular items are under-recommended. A desirable value is UPL = 0, indicating that
the popularity of recommended items aligns with users’ historical interactions. To maintain
consistency with other metrics, we define User Popularity Alignment (UPA) as a normalized

variant of UPL, computed as UPA = w, where UPA, is defined as:
UPA, = [p] - [UPLy|, (6)

where p is the maximum absolute value of UPL across all users, i.e., p = max(|JUPL,| | u € U),
and |x| denotes the absolute value of x. Higher UPA values indicate stronger alignment between
the popularity of users’ historical interactions and their recommendation lists, corresponding
to UPL values closer to 0.

4.4 Experimental Setup

For our experiments, we split the input data into 80% as a training set and 20% as a test set.
The split is performed on users’ individual profiles: for each user, we randomly retrieve and
use 80% of the ratings in her profile to form the training set, and we use the rest of the rat-
ings to form the test set. The training set is used for building the recommendation model and
generating the recommendation list for each user. The test set is used to evaluate the generated
recommendations.

In the training phase, we perform extensive experiments with different hyperparameter values
for each algorithm and dataset combinations to find the best-performing results. Hence, we perform
a grid search over the hyperparameter space for each algorithm. For the neighborhood models
(UserKNN and ItemKNN), we set the shrinkage rate as {50, 100, 200} and the number of neighbors as
{10, 20, 30, 50, 70, 100, 200}. Also, we use Pearson Correlation as the similarity metric for computing
the similarity values between users in UserkKNN and Cosine similarity for computing the similarity
values between items in ItemKNN. For model-based recommendation algorithms (i.e., BiasedMF,
SVD++, ListRankMF, and WRMF), we set the number of factors to {30, 50, 100, 200}, the number
of iterations to {30, 50, 100, 150, 200}, and the learning rate to {0.0001,0.001, 0.01}. We report the
best-performing hyperparameter values for all recommendation models across all datasets in
Appendix A.

We use the best-performing recommendation model, to generate the recommendation list of
size 10 for each user. Then, we compare the generated recommendation lists with the test data
to measure the effectiveness of the recommendation model. We use Librec-Auto [48, 50] for per-
forming our experiments and the resources are available at https://github.com/masoudmansoury/
Unfairness_MultifactorialBias.
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5 The Impact of Multifactorial Bias in Recommendation: A Simulation Study

In this section, we conduct a simulation study on the impact of multifactorial bias on recommenda-
tions. In this simulation, we artificially change the high rating values assigned to most popular
items to low rating values in the input rating data (i.e., training data) as a pre-processing step and
then compare the performance of recommendation models on the original and modified data. For
example, on the MovieLens dataset, we modify the rating values in training data by changing rating
5 (i.e., the highest rating) given to popular items to 1 (i.e., the lowest rating) before feeding it into
the recommendation model.

What makes this simulation interesting is that the modified data has the same characteristics as
the original data (e.g., popularity bias) and only differs in ratings given to the popular items. This
signifies that for the modified data, we synthetically mitigated the multifactorial bias. Therefore,
the degree of multifactorial bias is the major difference between the modified data and the original
data, which we use to show the impact of multifactorial bias on recommendations.

To reliably observe the impact of multifactorial bias, we repeat the simulation by modifying the
ratings given to % of most popular items with varying values of §, i.e., € {1%, 3%, 5%, 7%, 10%, 15%,
20%, 25%, 30%, 35%, 40%, 45%, 50%}. Figure 4 shows the relationship between the average ratings
and popularity of each item on four datasets after the aforementioned pre-processing for different
P values (ie., f € {1%, 3%, 5%, 7%, 10%}). As expected, with increasing § value, more high ratings
given to the popular items are converted to low rating values. Note that this conversion does not
change the shape of the popularity distribution in each of these datasets, and the only difference is
in the positivity bias on popular items (i.e., multifactorial bias).

Figure 5 shows the results of our simulation in terms of both accuracy and bias metrics. In all
plots, the x-axis indicates the f value, the percentage of the most popular items whose high ratings
are changed to low ratings, and the y-axis shows the metric value, either accuracy (e.g., precision
and nDCG) or fairness metrics (e.g., IA, LIA, and EE).

According to the plots in Figure 5, as f§ increases, both precision and nDCG decrease, possibly
because less popular items are getting recommended by this change in the ratings of popular items.
This loss in accuracy of the recommender system may not necessarily imply a negative consequence
as the test set also suffers from popularity bias. On the other hand, from the plots showing IA
diversity, LIA, and EE, it is evident that the fairness of recommendations is improved. These results
suggest the effect of positivity bias on popular items, reducing the accuracy of the recommendations
(due to evaluation with a biased test set) while improving the fairness of exposure for items in
recommendation results.

6 Mitigating Unfairness of Multifactorial Bias in Recommendation

As shown in Section 5, while mitigating multifactorial bias helps to improve the exposure fairness
of the items in recommendation results, it negatively affects the recommendation accuracy. This
indicates that blindly mitigating multifactorial bias may not properly address the problem in real-
world scenarios and that a principled solution is needed to address the tradeoff between exposure
fairness and accuracy of recommendation results.

We base our bias mitigation approach on the rating transformation method proposed by Mansoury
et al. [49]. The authors introduce a rating transformation method that converts the ratings in a
user’s profile into percentile values to reduce the positivity bias in users’ rating behavior. They
show that the converted rating data result in a more uniform distribution for ratings in users’
profiles and consequently lead to improved ranking quality for the recommendation results. In this
article, we also build on the same transformation method to reduce multifactorial bias in rating
data. Unlike Mansoury et al. [49], who perform a percentile transformation on user profiles, we
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Fig. 4. The relationship between the average ratings and popularity of items (fraction of users who interacted
with the item) in four datasets after artificially mitigating for multifactorial bias.

perform a percentile transformation on the profiles of items. The motivation for this idea is the
property of this percentile transformation method that produces a more uniform distribution for
the transformed ratings (or percentile values) given to the items. In the following, we demonstrate
how this property helps mitigating the multifactorial bias in recommender systems.

Given R ; as the ratings given by different users on item i, the percentile value corresponding to
each rating in R ; is calculated as:
100 X position(r,o(R ;))

IRl +1

where Per(r, R ;) is the percentile value corresponding to rating r in R ;, o(R ;) is sorted R ; in
the ascending order, and position(r, o(R_;)) returns the index of r in 0(R ;). One challenge in this

transformation is that R ; often contains repeated ratings, which makes specifying the position
of a specific rating unclear. For example, in R ; = (1,2,2,2,2,3,3,4,5,5), it is not clear what the

Per(r,R ;) = , VreR, (7)
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Fig. 5. The performance of the recommendation model on modified rating data in our simulation study on
three datasets. Experiments are performed using the BiasedMF algorithm.

position of rating 2 should be. Possible solutions for this issue can be returning the first occurrence
(e.g., position 2), last occurrence (e.g., position 5), or something in between. Consistent with the
findings in [49], our experiments show that considering the last occurrence as the position of the
repeated rating yields the best result. Therefore, for the remainder of the article, our percentile
transformation is based on the last occurrence of the repeated ratings.

On each dataset used in this article (described in Section 4.1), we transform the rating data into
percentile data using the proposed percentile transformation method. In other words, for each
user u and item i in rating matrix R, we transform the rating R,,; into the percentile value using
Equation (7). This will create a user—item percentile matrix. We denote this matrix as P € R™™
with P,; being the percentile value corresponding to Ry,;.

To see to what degree the transformed percentile data suffer from multifactorial bias, we repro-
duce the plots in Figure 3 using the percentile matrix. Figure 6 illustrates the relationship between
item popularity and average percentile values across four datasets. Unlike the rating data in Figure 3,
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Fig. 6. The relationship between the average percentile values and popularity of each item (fraction of users
who interacted with the item) in four public datasets.

the percentile representation does not exhibit multifactorial bias: both popular and unpopular
items have percentile values concentrated within a similar range, without disproportionately high
values assigned to popular items. This is because item-level percentile transformation decouples
rating magnitude from item popularity by normalizing ratings within each item. As a result, the
long-tailed skewness observed in raw ratings, where popular items accumulate inflated values due
to the interaction between popularity and positivity bias, is reduced, leading to a more uniform
distribution. Consequently, the influence of this interaction is weakened, and rating values become
more evenly represented across items.

Our hypothesis is that using this percentile matrix as input for recommendation algorithms
results in a less biased model that may consequently improve the fairness of recommendation
results. To confirm this hypothesis, we separately perform experiments with raw rating data and
transformed percentile data as input for the recommendation algorithms and evaluate their fairness.
In the following section, we report our experimental results.

6.1 Experimental Results

To show the effectiveness of the percentile transformation in improving fairness of exposure for
items and popularity alignment for users, we perform experiments using six recommendation
models (described in Section 4.2) on four datasets (Goodreads, MovieLens, Google Local Data,
and Yelp). The recommendation models are separately trained with two types of input data: (i)
original rating data and (ii) percentile values. The results are evaluated in terms of both accuracy
and fairness metrics (described in Section 4.3). Figures 7-10 present our experimental results.
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Fig. 7. Performance of six recommender algorithms when raw rating data and percentile data are separately
used as input on the Goodreads dataset. For all metrics, higher values signify a better performance.

First, from the plots in Figures 7-10, it is evident that our proposed percentile transformation
significantly improves the fairness of exposure for items across all datasets, recommendation
models, and evaluation metrics (except for ListRankMF on the Yelp dataset). In particular, in most
cases, not only fairness is significantly improved but also accuracy metrics are boosted. For instance,
on the Goodreads dataset, both accuracy and fairness are improved when percentile values are
used as input for BiasedMF, ListRankMF, SVD++, and ItemKNN, rather than original rating values.

This fairness—accuracy tradeoff can also be observed in our results, such as for WRMF on the
MovieLens dataset. However, the drop in accuracy is negligible in comparison to the gain obtained
from the improvements in fairness. For example, for WRMF on the Google Local Data, with a 1.22%
drop in nDCG, fairness is improved by 16.81%, 19%, and 18.16% for IA(a = 1), LIA(a = 1), and
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Fig. 8. Performance of six recommendation algorithms when raw rating data and percentile data are separately
used as input on the MovieLens dataset. For all metrics, higher values signify a better performance.

EE, respectively. Or for UserKNN on the MovieLens dataset, with a 7.61% drop in nDCG, fairness
is improved by 48.09%, 85.04%, and 76.18% for IA(a = 1), LIA(a = 1), and EE, respectively. This
confirms the effectiveness of the proposed solution in achieving exposure fairness for items.

For UserkNN on the Goodreads dataset, the results show that our percentile method is outper-
formed by the original model in terms of JA(a = 10) and LIA(« = 10). This is due to the fact that
our percentile method recommends more unique items in recommendation lists (higher JA(a = 1)
and LIA(a = 1)), but there are not sufficiently many recommendation slots to show each at least
10 times (only 10 slots per user are available). This results in lower IA(« = 10) and LIA(« = 10)
values, while higher IA(a¢ = 1), LIA(a¢ = 1), and EE values signify that more unique items are
equally represented in the recommendation results, which follows the fairness criteria.
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Fig.9. Performance of six recommendation algorithms when raw rating data and percentile data are separately
used as input on the Google Local Data dataset. For all metrics, higher values signify a better performance.

Across all datasets, the percentile transformation exhibits a relatively smaller impact on
neighborhood-based models (UserKNN and ItemKNN) as well as WRMF. For neighborhood mod-
els, the use of mean-centering and normalization steps partially compensates for biases in rating
distributions, thereby reducing their sensitivity to distortions in the rating scale. As a result, the
additional effect of percentile transformation is less pronounced, although it still yields incremental
improvements.

For WRMF, the effect is even more limited, as the model is inherently less sensitive to absolute
rating magnitudes. Instead, it relies on interaction confidence and latent structure, making it more
robust to skewness in rating values. Consequently, modifying the rating scale through percentile
transformation has a relatively minor impact on the learned representations.
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Fig. 10. Performance of six recommendation algorithms when raw rating data and percentile data are
separately used as input on the Yelp dataset. For all metrics, higher values signify a better performance.

These observations suggest that the effectiveness of percentile transformation depends on
the extent to which a model relies on raw rating values. For models that already incorporate
normalization mechanisms or are less dependent on rating magnitude, the benefits tend to be
smaller. Nevertheless, the transformation does not degrade performance and can still provide
consistent, albeit modest, improvements in fairness.

Additionally, on the user side, UPA measures the popularity alignment between users’ his-
torical interactions and their recommendation lists. A higher UPA indicates stronger alignment,
meaning that the mean popularity of items in historical interactions is closer to that of items in
recommendation lists across all users. The results in Figures 7-10 show that UPA improves in
most cases when percentile values are used as input to recommendation models. For instance,
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on MovieLens and Google Local Data, this pattern is particularly pronounced, as improvements
are consistently observed across all recommendation models. It is worth noting that, unlike the
mitigation method in [5], which directly targets user-side popularity alignment, the proposed
percentile transformation does not explicitly aim to mitigate user-side bias. Instead, it operates on
the item side. Therefore, the observed improvements in user-side fairness can be interpreted as an
indirect effect of mitigating bias through the percentile transformation. This improvement in UPA
is also evident in the Goodreads and Yelp datasets across all recommendation models, except for
ListRankMF and UserkNN.

To further understand the effect of the percentile transformation method on user-side fairness,
we examine the popularity lift across different user groups for recommendation models trained
on rating values and percentile values, as shown in Figure 11. Users are grouped following the
strategy introduced in [3, 5]: Blockbuster users are primarily interested in popular items, Niche
users prefer less popular items, and Diverse users exhibit a balanced interest in both popular and
less popular items. To quantify the difference in UPL between models trained on rating values and
percentile values, we compute the percentage change as:

UPLpercentile = UPLRating
UPLRating ’

6UPL —

(8)
where a lower §YPL indicates a smaller popularity lift when using percentile values compared to
rating values. This suggests that percentile values better align the popularity of recommended items
with users’ historical interactions. As shown in Figure 11, in most cases, recommendation models
trained on percentile values yield lower UPL than those trained on rating values. In particular, niche
users, who represent the protected group in this context, are consistently better served by percentile
values in terms of aligning their interests with the popularity spectrum. This trend is observed across
most datasets and recommendation models, with exceptions including ListRankMF and UserkNN
on Goodreads and Yelp, and SVD++ on MovieLens. A similar pattern is also observed for other user
groups, further demonstrating the advantage of percentile values in aligning recommendations
with users’ popularity preferences.

6.2 Embedding Analysis

To further scrutinize the behavior of recommendation models when trained on rating values vs.
percentile values, we analyze the user and item embeddings learned after training. Specifically,
we examine the similarity of users and items to the popularity region in the embedding space.
Let Qf € R™"*d denote the embeddings of m! popular items in a d-dimensional vector space.
We define the centroid of the popularity region, g € R?, as the mean of the embeddings in Q*.
Subsequently, we compute the similarity between each user and item embedding and ¢”. Higher
similarity to the popularity region indicates stronger alignment with popularity-driven signals.

Figure 12 presents the density plots of similarity scores between user and item embeddings and
the popularity region for BiasedMF, trained separately on rating values and percentile values across
four datasets.

In the original rating-based model, the embedding distributions are largely centered and over-
lapping, suggesting that popularity is not represented as a distinct geometric factor but is instead
entangled within the latent space. In contrast, the model trained on percentile values exhibits a
clear structural shift: popular items form a tighter cluster and align more strongly with a latent
popularity direction, while user embeddings become more dispersed and shift away from this
axis. This indicates that the percentile transformation does not remove popularity, but rather
disentangles it from user preferences, allowing the model to separate popularity-driven signals
from personalized representations. These patterns are particularly pronounced in the Goodreads
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Fig. 11. User popularity deviation of recommendation models with both original and percentile input types
across four public datasets, evaluated for different user groups: (i) Blockbuster, i.e., users primarily interested
in popular items, (ii) Niche, i.e., users primarily interested in less popular items, and (iii) Diverse, i.e., users
with mixed preferences.

and MovieLens datasets, where popular items show a stronger deviation from other items when
percentile transformation is applied.

These results highlight an important property of the percentile transformation method in ad-
dressing multifactorial bias. As discussed earlier, the method does not aim to eliminate popularity
bias itself, which is consistent with its design. Instead, it mitigates the effect of positivity bias
on popular items, as also illustrated in Figure 6. The embedding analysis demonstrates that this
objective is achieved by disentangling popularity-related signals in the embedding space, thereby
enabling a clearer separation between popularity and user preference.
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Fig. 12. Analysis of the learned embedding space for the BiasedMF model across four public datasets. The
plots illustrate the similarity of user and item embeddings, including popular and tail items, to the centroid
of the popularity region (i.e., the centroid of popular items) in the embedding space.

7 Comparing with Baselines and Improving Existing Unfairness Mitigation Pipelines

In this section, we further investigate how our proposed pre-processing method can enhance the
performance of existing fairness mitigation strategies. As demonstrated in Section 6, our percentile-
based pre-processing method significantly improves the fairness of recommendation models while
preserving their accuracy. Next, we extend that analysis by examining the effectiveness of our
pre-processing method when combined with existing fairness mitigation approaches, particularly
within the broader recommendation pipeline.
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As discussed in Section 2, existing fairness mitigation techniques are commonly categorized into
three groups: pre-processing, in-processing, and post-processing. Among these, post-processing
methods, also known as rerankers, have received considerable attention due to two key advantages:
(i) they are model-agnostic and thus applicable across various recommendation models and (ii)
they have demonstrated strong performance in fairness enhancement, owing to their flexibility in
optimizing fairness criteria.

In a typical post-processing approach, an initial (often long) recommendation list is generated
for each user by a base recommendation model. The reranker then refines this list to produce a
shorter and fairer top-K recommendation output. However, it has been shown that the size of the
initial recommendation list directly affects both fairness outcomes and computational efficiency.
Longer initial lists generally lead to higher fairness but require greater computational resources
and time. Shorter initial lists are more efficient but often result in reduced fairness [8, 44, 87].

Our central hypothesis is that if a recommendation model can produce sufficiently fair and
accurate initial recommendation lists, even with a smaller size, then the reranker has a better
foundation to work with, potentially achieving strong fairness outcomes at reduced computational
cost. To demonstrate this, we evaluate the effectiveness of post-processing methods when applied
to initial recommendation lists generated using models trained on percentile values (i.e., after
applying our pre-processing method).

For this analysis, we focus exclusively on our percentile-based transformation, not alternative
pre-processing methods, for two reasons. First, to the best of our knowledge, no existing pre-
processing fairness method operates by modifying rating values to mitigate positivity bias. While
several pre-processing fairness approaches exist [36, 56, 64, 74, 80], none are designed to adjust the
rating distribution itself, which is essential for addressing multifactorial bias. Second, introducing a
new pre-processing algorithm aimed at optimally improving fairness is not the primary objective
of this work. Rather, our goal is to demonstrate the role that multifactorial bias [28] plays in
shaping item-side exposure fairness and to show that even a simple, data-driven transformation
can meaningfully reduce this bias in the input data. The percentile transformation serves as a clear
and effective example of how mitigating multifactorial bias at the data level can lead to improved
item exposure fairness in downstream recommendation outputs.

In our experiments, we use BiasedMF as the base recommendation model. We evaluate the fol-
lowing four reranking algorithms: Discrepancy Minimization (DM) [8], FA*IR [87], xQuAD [2],
and FairMatch [44]. These rerankers are described in Section 2. Additionally, we include two naive
baselines for comparison: (i) Random, which randomly selects K items from the initial list and (ii)
Reverse, which selects the bottom-K items based on their original relevance scores (i.e., sorted in
the ascending order).

We test three initial recommendation list sizes: 20, 50,100, from which we generate a final top-10
recommendation list using the rerankers. We evaluate four experimental settings:

—Original ratings only: rating — BiasedMF

—Percentile values only: percentile — BiasedMF

—Reranking applied on original ratings: rating — BiasedMF — reranker
—Reranking applied on percentile values: percentile — BiasedMF — reranker

Figures 13 and 14 present results across four datasets using six rerankers, plotted in terms of nDCG
vs. IA(a = 1) and nDCG vs. EE, respectively.® Several interesting patterns can be observed in these
plots.

3Similar trends were observed across other metrics as well.
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Fig. 13. Performance comparison of six rerankers with varying sizes of long recommendation lists N €
{20, 50,100} and two types of input data (original rating vs. percentile values) in terms of tradeoff between
nDCG and IA(a = 1) for K = 10. For both metrics, a higher value is better. The legends present settings of
the recommendation process: the black cross and green star show the results of BiasedMF with the original
ratings and percentile values as input data, respectively, while the blue circle and red square show the reranker
results on long recommendation lists of varying size generated by BiasedMF trained on the original ratings
and percentile values, respectively.

First, we observe a clear tradeoff between the size of the initial recommendation list and the
resulting performance. Larger initial lists (e.g., size 100) consistently lead to greater fairness, but at
the cost of lower accuracy. Smaller initial lists (e.g., size 20) maintain higher accuracy but deliver
less fairness. This tradeoff is well documented in prior work [23, 54]. Our results align with these
findings.

Second, reranking methods require increased processing time as the initial list grows. Figure 15
shows the runtime of DM across different initial list sizes and datasets. For example, on the
MovieLens dataset, DM takes approximately 3.7 times longer to process an initial list of size 100
compared to size 20, regardless of whether ratings or percentile values are used as input. Ideally,
we aim to achieve high fairness and low accuracy loss without the need for large initial lists, which
leads to the next observation.®

®The increased runtime of DM with percentile transformation is primarily due to the higher item diversity in the generated
recommendation lists. As shown in Section 6, percentile transformation leads to substantially higher aggregate diversity,
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Fig. 14. Performance comparison of six rerankers with varying size of long recommendation lists N €
{20, 50,100} and two different input data (original rating vs. percentile values) in terms of tradeoff between
nDCG and Equality for K = 10. For both metrics, a higher value is better. The legend presents settings of the
recommendation process: black cross and green star show the results of BiasedMF with original ratings and
percentile values as input data, respectively, while blue circle and red square show the reranker results on
long recommendation lists of varying size generated by BiasedMF trained on original ratings and percentile

values, respectively.

Third, our percentile transformation method clearly meets the ideal of achieving high fairness
with minimal accuracy loss and reduced computational overhead. Across all datasets, rerankers, and
evaluation metrics, using percentile-transformed input consistently results in: (i) higher fairness
scores, (ii) comparable or improved accuracy, and (iii) notably strong performance even with smaller

initial recommendation lists.

For example, as shown in Figure 13 for the MovieLens dataset, the FairMatch reranker applied
to percentile-transformed input with an initial list size of 20 achieved an IA(a = 1) of 0.335 and
an nDCG of 0.11, substantially outperforming the same reranker using an initial list of size 100
trained on the original ratings, which yielded IA(a = 1) of 0.253 and nDCG of 0.068.

meaning that more unique items appear in the recommendation lists. Since DM is a graph-based method that constructs

a bipartite graph over users and recommended items, a larger and more diverse item set increases the graph size and,

consequently, the computational cost, especially for larger list sizes (e.g., 100).
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Fig. 15. Running time of DM reranker with both original and percentile input types on four datasets.

Table 2. Performance Gain of DM Reranker with Initial
Recommendation Lists of Size 20 Generated by Percentile Values
Compared to Initial Recommendation List of Size 100 Generated by
Rating Values on Four Datasets

Dataset nDCG IA(a=1) EE Running time
Goodreads 57.69% 30.64% 20.25% 73.49%
MovieLens 79.52% 35.79% 83.78% 71.97%
Google Local Data  207.84% 730% —11.91% 77.57%
Yelp 37.65% 61.98% 109.11% 75.87%

Similarly, in Figure 14, the same reranker with percentile-transformed input achieved an EE
score of 0.05 on an initial list of size 20, compared to just 0.006 when using original rating input
with a larger list size of 100.

To further understand the performance boost provided by our method, we compare the utility of
DM reranker when applied to: (i) a shorter list (size 20) generated using percentile values, and (ii) a
longer list (size 100) generated using original rating values. We compute the relative gain as:

., M,20 .74, M,100
. UtllltyPercentile - UnlltyRating
gain’™' = X 100, 9)
Utility Y190
Rating

where UtilityM’20

i _denotes the performance score (e.g., nDCG, IA, EE) of the final recommendation
ercentile

list produced by DM using percentile input and a 20-item initial list. Utilityﬁs;ilr?;
same score using original ratings and a 100-item initial list. This analysis allows us to assess whether
our method can match or exceed the performance of traditional pipelines while using far fewer
resources.

Table 2 presents the gain values for each dataset and metric. The results strongly favor our
method across nearly all cases. For instance, we observe a 207.84% nDCG gain on the Google Local
Data and a substantial EE gain on the Yelp dataset (109.11%). An exception is found only in the EE
metric on the Google Local Data, where the performance is comparable. These results demonstrate
that using percentile values as input enables recommendation models to generate fairer initial
lists, which in turn allows rerankers to achieve better final fairness and accuracy outcomes, even
with shorter input lists, leading to a more effective and efficient fairness-aware recommendation
pipeline.

represents the
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8 Conclusion

In this article, we have investigated the combined effect of popularity bias and positivity bias,
to which we refer as multifactorial bias, on the fairness of recommender systems. Our analysis
revealed that positivity bias disproportionately affects popular items, intensifying their over-
exposure and leading to unfair treatment of less popular items in recommendation results. We
demonstrated through simulation and empirical studies that multifactorial bias plays a significant
role in amplifying exposure bias, a critical form of item-side unfairness.

To mitigate this issue, we adapted a percentile-based rating transformation as a pre-processing
method aimed at reducing multifactorial bias in the input data. Our extensive experiments across
multiple datasets and recommendation algorithms showed that this approach improves exposure
fairness without compromising accuracy. Moreover, we showed that incorporating this method
into existing post-processing fairness pipelines can enhance both their effectiveness and efficiency,
enabling fair outcomes with shorter initial recommendation lists and lower computational cost.

Overall, these findings highlight the need to explicitly address multifactorial bias in recommender
systems and demonstrate that simple, data-driven pre-processing techniques can play a powerful
role in building fairer and more efficient recommendation pipelines.

Despite these contributions, the percentile-based transformation method has two key limitations.
First, its reliability depends on the availability of a sufficient number of rating values; for example,
applying a percentile transformation to a rating vector such as (3, 4) would be unstable. Second, the
transformation assumes diversity in rating values; a uniform vector such as (3, 3, .. ., 3) would yield
uninformative percentile scores. In this work, we focused on dense datasets to avoid these issues,
but a natural direction for future research is to examine how percentile-based transformations
behave under sparse data conditions. Given that data sparsity constitutes a fundamental challenge
in recommender systems, future research should examine the robustness and generalizability of
our approach in sparse data environments and cold-start scenarios.

Additionally, future work will also explore whether combining existing mitigation strategies for
popularity and positivity biases can effectively address multifactorial bias when applied together.
We further aim to extend the application of the proposed percentile transformation to implicit
feedback data (e.g., clicks, views, or purchases), investigating its effectiveness across a broader class
of recommendation models.
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Appendix
A.1 Best-Performing Hyperparameter Settings

As noted in Section 4.4, we perform a grid-search over the hyperparameter space for finding the
best-performing model. We use nDCG of the recommendation model as a performance criteria
for finding the best-performing model. Tables A1-A6 present the hyperparameter settings for all
recommendation models across all datasets.

Table A1. Best-Performing Hyperparameter Values for BiasedMF

Dataset Input #lterations #Factors Learning rate
Rating 50 20 0.0001
Goodreads Percentile 100 200 0.0001
. Rating 30 100 0.0001
M L

ovieLens Percentile 30 100 0.0001
Rating 100 100 0.0001
Google Local Data . ile 200 200 0.001
Rating 30 100 0.0001

Yelp .
Percentile 100 200 0.0001

Table A2. Best-Performing Hyperparameter Values for ListRankMF

Dataset Input #lterations #Factors Learning rate
Goodeeads —— piine s s oo
Movilens  poite s w oo
GooglelocalDat prilie a0 o oo
e Pocenite 33 oo

Table A3. Best-Performing Hyperparameter Values for SVD++

Dataset Input #lterations #Factors Learning rate
Rating 30 100 0.01
Goodreads Percentile 10 300 0.001
. Rating 50 30 0.001

M L
ovielens Percentile 30 100 0.0001
Rating 30 100 0.001
Google Local Data Percentile 30 100 0.001
Yel Rating 50 100 0.0001
P Percentile 30 500 0.001
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Table A4. Best-Performing Hyperparameter Values for WRMF

Dataset Input #lterations #Factors Weight coef.
Goodreds il S ;
Moielens  pilae W s ;
Google Lol Data p2 Bt hog o0 10
el Pocentle 0o 3

Table A5. Best-Performing Hyperparameter Values for UserkNN

Dataset Input #Neighbors (k) Shrinkage
Goodreads i g w0
Movielens  pl P, R
Google LocalData p0 2 0 0
el Percentle "

Table A6. Best-Performing Hyperparameter Values for ItemKNN

Dataset Input #Neighbors (k) Shrinkage
oot [N 0w
Movielens L e w o
Google Local Data g:;ictrgltile ;88 28
Yelp Percentil w5
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