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Summary

Recommender systems have seen considerable adoption in recent years, driven by modern streaming
services, social media, and novel LLM applications. However, recommender systems show clear sta-
tistical biases and can expose stakeholders to social biases. This phenomenon is caused by several
factors, such as the data, which tends to be too dirty for the statistical methods used in recommenda-
tion; the pipeline, which might directly introduce bias into recommendations; and the evaluation, which
is often unaware of the underlying biases in the task. As such, we first reviewed current literature on
the topic and discovered several discrepancies. Firstly, fairness-aware solutions, which aim to reduce
social bias, are often not tested on Missing-at-Random (MAR) data, which is cleaner than the traditional
Missing-not-at-Random (MNAR) data used in recommendations. Further, we establish a connection
between statistical bias and social bias, and identify the need for user-group-based studies. As such,
we first tested whether fairness-aware solutions benefit from MAR data similarly to debiasing solutions,
which aim to reduce statistical bias. Then we investigated the extent to which debiasing solutions can
address fairness issues, before finally delving into more detail on the individual user-group performance
of some of our configurations. We found that some fairness-aware algorithms benefit from MAR data,
though this does not appear to be universal. We also observed a noticeable benefit from diversifica-
tion enabled by debiasing solutions, and we identified interesting insights into how interventions impact
users based on the share of popular items they interact with.
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1
Introduction

Machine Learning (ML) has seen wide adoption in recent years due to its ability to support time series
processing, image classification, and other complex tasks that traditional algorithms struggle with. How-
ever, this adoption has exposed a large issue at the core of ML. Machine Learning algorithms suffer
from inherent bias, which can degrade their accuracy and harm stakeholders in complex systems. For
example, recent facial recognition systems have shown reduced accuracy for non-white individuals [9],
meaning that large portions of the population are likely to experience negative interactions with such
systems. This phenomenon is not exclusive to image classification either. Research first showed that
machine translation models exhibit gender bias a decade ago, with more recent work suggesting that
solutions still fail in some areas [32].

Widescale adoption has also exposed fundamental ethical concerns in the formulation of some ML
tasks. At their core, Machine Learning algorithms create an approximation of the training data that is
flexible enough to account for new data. However, this makes algorithms highly sensitive to the data
they ingest. For example, if we were to train a crimemonitoring system on a dataset primarily consisting
of incidents in a specific part of town, or involving a specific ethnic or religious group, the model would
learn an association between these data features and its tasks. Simply put, the model could learn to
directly associate an irrelevant feature of users/items/data with the task. We call data with such clear
biases biased data. Not only will this hurt the model’s performance, but in a serious enough use case,
it can lead to disastrous consequences for users. Automated crime monitoring systems trained on
biased data can reinforce negative racial stereotypes, while an automated investment system might
hyperfocus on poor but shortsighted investments due to their prevalence in a biased dataset. Biased
data can even expose system manufacturers to lawsuits if a system violates a user’s rights.

Recommender Systems (RS, RecSys), like many other fields nowadays, have adopted Machine Learn-
ing with open arms. One of the most common recommender formulations, Collaborative Filtering (CF),
leverages modern Machine Learning and Deep Learning (DL) techniques to learn embeddings such
that the dot product between them reveals user preferences. As such, the problem of fairness and
bias in ML extends to Recommender Systems too. Furthermore, research has consistently shown that
recommenders exhibit various biases, as discussed in Section 2. At the same time, we can see recom-
menders employed in more andmore fields, thanks to advances brought on by Large Languagemodels
(LLMs). For example, many LLM chatbots use a Retrieval-Augmented-Generation (RAG) pipeline to
ensure factual responses. Bias and fairness have also been topics in RS for a long time, with various
forms of bias shown in research. For example, as we will discuss, Zehlike et al. [48] presents a scenario
in which job candidate recommendations can lead to biased outcomes for women. Other papers have
identified several groups of bias and fairness issues that can arise in a recommendation pipeline [7,
43].

Recommender systems have gained a considerable amount of interest in recent history due to the
proliferation of variousmodern platforms such as social media and streaming services. Recommenders
enable us to sift through large amounts of data efficiently and easily, identifying individual items relevant
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to users. Such systems get deployed to create curated feeds on social media platforms, allowing users
to interact with like-minded individuals and discover new, relevant posts. Similarly, streaming services
have had to adopt recommendation algorithms to help users find engaging content on their platforms.

In the traditional recommendation pipeline, an algorithm is designed and evaluated offline against a
relevant dataset consisting of user-item interactions. More formally, the dataset contains an interaction
record for each user u ∈ U and item i ∈ I if u has interacted with i. Interaction data is commonly
represented as a matrix with specific interaction information for each user-item pair, such as a binary
interaction flag (where 1 indicates an interaction and 0 indicates its absence) or a rating on a standard
scale. As in other ML setups, the dataset is often split into three subsets: training, test, and validation.
The task is then to learn a model function f ′ that maximizes accuracy on the unseen test set, while
training on the typically much larger training set, with validation serving as a tool for hyperparameter
optimization or a secondary performance evaluation.

Although this setup is quite successful, recent research has exposed issues. Namely, recommenders
exhibit algorithmic bias and unfair predictions, which negatively impact the algorithm’s accuracy and
introduce undesirable outcomes in the system’s outputs. While bias is often an unintended byproduct
of a pipeline’s design, fairness is an ethical decision made by the designers; as such, the relationship
between fairness and bias in recommender systems remains unexplored. Properly distinguishing be-
tween the two can often be quite challenging because both phenomena result in the same unexpected
behavior.

One of the most common types of bias observed in Recommender systems is popularity bias, where
users are recommended popular items based solely on their existing popularity, rather than their rele-
vance to the user [37]. Besides reduced accuracy, popularity bias can make the algorithm’s outcomes
unfair by disproportionately recommending items with existing popularity, effectively suppressing items
that are yet to be ’discovered’. In critical scenarios, such as medical treatment recommendations, pop-
ularity bias can have disastrous effects on the system’s outcome by prioritizing popular treatments over
those that are more relevant for the patient.

We can better understand the effects of bias on recommendations by evaluating a pipeline in an un-
biased manner, typically using specialized metrics or debiased data. Debiased data is created by
randomly prompting users with items instead of relying solely on past interactions [6]. Reliance on past
interactions from existing recommendation systems risks introducing undefined behavior in a novel
pipeline, as it mirrors the biases of the pre-existing system. One of the most significant issues with
past interactions is that ratings missing from the data are missing-not-at-random (MNAR), meaning we
must account for external factors when using the data. In contrast, interactions in a debiased dataset
are selected at random, making missing ratings missing-at-random (MAR) and removing the need for
us to consider external factors. As such, debiased data is less noisy and better suited to the task at
hand [6]. Because of this, approaches for reducing bias are sometimes evaluated exclusively against
debiased test sets, thereby minimizing the effect of pre-existing, undefined behavior in the data. How-
ever, we rarely do this when improving fairness, which may misrepresent the effectiveness of fairness
approaches, as we estimate performance on data that may not be entirely fair.

Metrics have been a consistent issue on the evaluation front as well. Many recommendation metrics
initially originated in Information Retrieval (IR). Although there is overlap, these metrics fail to accurately
represent the recommender’s performance due to differences between the IR and RS tasks [41]. At
the same time, metrics that target recommenders directly, while more accurate, do not always account
for known biases in the task. Another reason we rarely see metrics that account for bias and fairness
is the overreliance on accuracy in modern RS research, which creates pipelines that appear more
accurate but may exhibit exaggerated, undefined behavior due to a lack of research on the behavior of
the proposed solution.

Finally, unexpected behavior can also occur in the algorithm’s design directly by taking advantage of the
biased properties of the data or the overall task. Such models achieve good performance, at the cost
of highly skewed results that ultimately fail to represent the underlying task. While their performance
might be impressive, they might not perform as well long-term and might fail to account for long-tail
relationships that are important for Recommendation. Another cause of undefined behavior could be
unnecessary complexity in the optimization task, often due to attempts to correct possible bias and
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fairness issues. In such cases, we frequently employ multi-objective optimization schemes, which
have demonstrated greater success in optimizing for multiple distinct goals. However, MOOs struggle
with gradient issues and can fail to determine the correct objective to optimize against, resulting in
difficulties in finding an optimal solution to the recommendation task.

Due to the numerousmoving parts that comprise a recommendation pipeline, it can often be challenging
to pinpoint the cause of undefined behavior in the outputs. At the same time, research focuses on
increasing accuracy while treating bias and fairness as secondary factors; this leads to highly accurate
recommendation pipelines, but often on data that is itself not truly representative of the goal of the task,
using metrics that fail to evaluate recommendations properly, and/or by exploiting facts about the data
that hurt the performance on clean, unseen interactions. Collecting more data about the behavior of
solutions at various points in the recommendation pipeline could help us better understand the interplay
between bias, fairness, and accuracy. It will allow us to determine how to optimize for all of them.

1.1. Research questions and contributions
In this paper, we aim to gain a better understanding of the interplay between bias and fairness in
recommender systems by systematically exploring the prevalence of several types of bias and fairness
issues through a comprehensive evaluation scheme. We further aim to answer the following research
questions.

Firstly, ”What trends in accuracy can we observe when applying fairness-aware solutions on
MAR data?”. During our exploratory phase, we identified that by and large, fairness-aware algorithms
are rarely evaluated against MAR data. At the same time, research has shown that MAR data provides
a more accurate and realistic estimate of an algorithm’s performance. As such, we aim to investigate
the performance of various fairness-aware algorithms on MAR data.

Secondly, ”What trends can we observe in the effects of modern RS debiasing optimizations on
fairness?”. We noticed that, in research, debiasing algorithms are typically evaluated only for their
accuracy and/or debiasing impact. However, we also believe it is valuable to investigate their fairness
outcomes, as there appears to be a connection between bias and fairness in Recommender systems,
given that many debiasing and fairness-aware algorithms use overlapping definitions of the negative
impact they aim to minimize. As such, we hope that by investigating the fairness outcomes of debiasing
algorithms, we can better understand how well they perform. Furthermore, we hope to learn exactly
how connected debiasing and fairness-correction are.

Finally, research typically reports only aggregated dataset-level metrics of an algorithm’s performance.
However, an intervention or novel recommender pipeline might impact different users differently. As
such, we aim to answer the research question ”What is the impact of bias and fairness intervention
on different user groups?” by segregating users by the share of popular items they have interacted
with, allowing us to examine the impact of interventions on users based on their preferences.

Contributions
This work makes the following contributions: first, we include additional analysis across several vectors,
in the hope that future system designers can make more informed decisions when constructing novel
pipelines. Specifically, alongside additional information on each intervention’s impact on bias and
fairness, we provide a breakdown of user group performance. Furthermore, we contribute additions
to the RecBole framework, which we use for our experiments. In particular, we contribute extendable
versions of the intervention approaches discussed in this work, alongside supporting code. We hope
that these additional implementations can aid future research in better understanding the behavior of
recommender systems interventions.

1.2. Structure
The rest of this theis is structured as follows: in chapter 2 we provide necessary background information
about our work, discussing bias and fairness in Recommender systems, and approaches for mitigating
the effects of bias and unfairness. Then in chapter 3 we present our problem statement alongside our
experimental setup discussing the algorithms, details, and particularies about the evaluation setup. We
present results in chapter 4 before finally discussing them in chapter 5. We close everything off with a
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final conclusion based on our research chapter 6.



2
Related work

In this chapter, we review related work and lay the groundwork for our experiments. First, we discuss
bias in recommender systems before focusing on fairness. Then we break down several intervention
approaches to address bias and fairness in pipelines.

2.1. What even are bias and fairness in RecSys?
In this section, we discuss bias and fairness. First, we introduce the concepts, discuss their relevance
to Machine Learning and Computer Science broadly, and then delve deeper into how they impact
recommender systems.

2.1.1. Bias
Intuitively, when people hear bias, they think of systemic issues such as the gender pay gap and unequal
treatment by the judicial system of individuals from underrepresented social groups. In the case of
recommendation, this can manifest as the systematic misrepresentation of underrepresented items.
For example, a hiring platform exposed to data that primarily shows male candidates as suitable might
overexpose male candidates relative to female ones [17]. While there are works that discuss this facet
of bias in recommender systems, they often present it as a fairness issue rather than bias. RecSys, like
many other ML-dominated fields, relies on statistical algorithms and tools that approximate a function
from existing data. These approaches entail certain expectations that, if unmet, introduce statistical
biases into the model’s output. One example of this is the data, which is typically MNAR (missing not at
random), thereby introducing statistical bias into the pipeline [33], as the data is not truly representative
of the underlying population.

While the two definitions are conceptually different, they both fall under the label of algorithmic bias, as
they both manifest as effects of the recommendation pipeline. However, the way we correct each of
these phenomena can differ greatly. Statistical bias can be factored directly into the pipeline’s formu-
lation through specialized model structures, loss functions, and training schemes, allowing the recom-
mender to actively debias its recommendations during training and inference. Still, social bias can be
difficult to quantify because it lacks a purely statistical definition, unlike biases such as popularity bias,
selection bias, etc. Social bias inherently depends on the task at hand, the data, and the system’s
application, making it much more difficult to identify who might be affected. The same pipeline that
recommends movies on Netflix can also learn to recommend medical treatments, yet both applications
involve completely different ethical considerations.

Furthermore, confusion over the use of terms, as documented by Lipton and Steinhardt [18] in the ML
field, creates scenarios in which it is difficult to determine an algorithm’s goal. For example, an inter-
vention might aim to correct a specific bias by applying a social view, such as equal distribution of a
specific quality (e.g., item exposure, custom metrics, etc.) across a group of items or users, thereby
transforming the intervention’s goal from correcting statistical bias to addressing a social effect. At
the same time, statistical bias can have a negative social impact depending on how the recommenda-
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2.1. What even are bias and fairness in RecSys? 6

tion system is applied. For example, popularity bias can cause music recommendation platforms to
underrepresent minority artists, genres, and gender groups [16].

As previously discussed, one of the most common biases in recommender Systems is popularity bias.
Examining the rating-item distribution reveals that we can view popularity bias as a type of selection bias,
in which a skewed item probability distribution influences selection. In this case, popularity bias occurs
when the likelihood of ratings depends solely on the item to which they correspond. This formulation
enables us to identify positivity bias, in which the probability of a rating depends solely on its value, with
higher ratings corresponding to higher propensities. Where popularity bias exaggerates the popularity
of items out of proportion [21], positivity bias reinforces the dominance of popular items [26]. However,
these are not the only types of bias. Research such as Chen et al. [7] further identifies four more types
of bias. Specifically, they identify Exposure bias, Conformity bias, Position bias, and Inductive bias.
Exposure bias occurs when unobserved interactions are treated as negative, even though a user might
simply not have been exposed to the item due to the pipeline’s existing biases. Conformity is largely
driven by user behavior, as users align with existing opinions about an item’s popularity. For example,
some users might watch a movie on a streaming platform simply because others have seen it, rather
than because they find it compelling or interesting. Position bias is caused by users’ tendency to prefer
the first few items, and Inductive bias, as identified by the authors, is explicitly introduced by researchers
or engineers to improve recommendations by generalizing better or reducing recommendation time.
Finally, the authors identify unfairness as an explicit form of bias and correctly point to a connection
between popularity bias and fairness.

Huang et al. [14] also introduce a multifactorial framework for estimating selection bias, making a com-
pelling case for the multifactorial nature of bias in recommender systems and effectively motivating their
solution. However, the authors observed that their multifactorial solution can struggle to learn correctly,
necessitating more complex optimization strategies. Notions of bias can be embedded directly into
metrics by exploiting item popularity information, such as the number of occurrences of a given item in
the training data, allowing us to easily integrate estimates of a pipeline’s performance with respect to a
specific bias.

2.1.2. Fairness
Fairness has been a topic of interest to people since Ancient Greece [2]. In recent history, modern
democracies have embedded notions of fairness into their legal and governmental systems to ensure
equitable treatment and representation. While we do see fairness applied in scientific fields to ensure
higher-quality data and more generalizable studies, there are still numerous ethical issues in modern
research. Biases in experiments limit the extent to which results generalize, making it harder for re-
searchers to draw proper conclusions and hurting the overall value of the work.

For example, studies have shown that Psychology research draws largely on samples from industri-
alized, wealthy Western nations [11]. However, while research tends to assume that these samples
generalize across the whole human population, analysis has shown that the behavior of people from
such nations is not truly representative of the global population [3]. We see a similar situation in medical
research, where the majority of participants in clinical trials and other studies are male [42]. Meaning
that, research tends to misrepresent women. While at first thought, this might not be a problem, and
medical research tends to treat men and women similarly, research has shown that women can have
different reactions to drugs and treatments [20]. The lack of fair representation ultimately creates an en-
vironment in which treatments may be applied blindly, without a full understanding of their potential side
effects. A striking example of this is that, reportedly, women are 50 to 75% more likely to experience
adverse drug reactions [27].

We can use modern technology to alleviate some of these issues. Our world is ever more connected,
allowing us to collect samples from various parts of the world, providing a more diverse and fair rep-
resentation of the population for studies. At the same time, researchers can use algorithmic tools to
understand better how drugs behave before trials even begin, allowing them to determine the types
of participants needed for their studies. However, the adoption of modern technology has not been
without its own ethical issues. For example, several governments restrict the kinds of information their
citizens can consume, instead presenting an approved view of the world. Novel surveillance technol-
ogy and Machine Learning techniques have made comprehensive data protection laws a necessity.
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Research has already identified various forms of unfairness [32] in ML. However, most works focus
on improving accuracy and presenting novel solutions rather than addressing issues with existing sys-
tems. Often, systems are released without prior consideration of potential ethical violations, leading to
negative experiences for users [17, 9, 32].

As one of the fields that has seen wide adoption in recent history, Recommender Systems can be at the
center of some of these ethical concerns. For example, research has shown that job recommendation
platforms are biased against female candidates by preferring male candidates [17]. Similarly, modern
streaming platforms use recommenders to sift through the massive libraries of content they own and
only expose relevant items to users. However, these recommendations can suffer from popularity bias
[40], where the system recommends items to users based on popularity rather than relevance. Rec-
ommenders can also make it more difficult for smaller-scale sellers to compete on online marketplaces
by prioritizing products from well-known, established sellers [35]. While some of this behavior is not
surprising, as we would expect many users to conform to popular interest and to prefer established
vendors to novel ones, recommenders have the unique ability to reinforce this behavior by exposing
biases in their data, which primarily consists of past interactions. Simply put, if the recommender’s past
recommendations were unfair to begin with, the interactions we record will not be fair either.

Fairness is harder to detect because designers often introduce fairness objectives to account for ethical
or external considerations. Simply put, it is difficult to formulate a metric that accounts for all kinds of
fairness. For example, a hiring candidate recommendation platform should present each candidate
fairly based on their abilities rather than on factors such as gender. At the same time, an online shopping
platform would benefit from equalizing exposure for all users, as this guarantees greater exposure for
item providers and higher satisfaction.

As a result, unfairness detection algorithms typically adopt a specific definition of fairness or bias and
build an algorithm around it. For example, Biega, Gummadi, and Weikum [4] introduced amortized
fairness based on position bias. Position bias disproportionately harms low-ranked items, as users
tend to interact more with the top items in a list. The authors estimate the attention a series of items
receives and attempt to make it proportional to the accumulated relevance. Similarly, Zhu et al. [55]
introduces fairness objectives centered on popularity-opportunity bias and presents distinct metrics
for item and user popularity-opportunity bias, alongside two approaches to correcting the bias. The
authors define popularity-opportunity bias as the phenomenon in which, given two relevant items, the
more popular item is ranked higher in the recommendation list than the less popular one. Given this
definition, the authors formulated two metrics, PRU and PRI, based on Spearman’s rank correlation.
PRUmeasures what the authors describe as uPO bias, which concerns whether rankings are correlated
with popularity, a phenomenon quite similar to position bias. PRI, which aims to measure iPO (item
popularity-opportunity) bias, assesses whether an item’s recommendation position is correlated with
its popularity. We show the equations for these metrics below:

PRU = − 1

N

∑
u∈U

SRC(pop(Ō+
u ), ranku(Ō

+
u )) (2.1)

PRI = −SRC (pop(I), avg_rank(I)) (2.2)

There have also been studies aimed at understanding the different definitions of fairness discussed
in recommender systems research. Specifically, Wang et al. [43] establishes a detailed taxonomy of
fairness definitions. First, they identify two broad groups based on the recommendation process and the
outcome. Specifically, Process fairness aims to ensure a fair recommendation process, while Outcome
fairness concerns the fairness of the recommendation scores. Because the majority of recommender
systems research on this topic focuses on the fairness of the pipeline’s results, the authors then divide
Outcome fairness into six distinct groups. First, they identify notions of fairness that focus on ensuring
equitable outcomes across a specific group: Individual fairness, where we expect similar individuals to
be treated similarly, and Group fairness, where we expect the same treatment across a specific fairness-
aware attribute, such as gender, age, or race. The authors then identify a second group centered on
unique concepts of fairness. For example, this includes Calibrated fairness, which encompasses a
wide range of fairness interventions, including the previously mentioned approaches introduced by
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Biega, Gummadi, and Weikum [4] and Zhu et al. [55]. Calibrated fairness requires that the measured
value of recommendations be proportional to their merit. Finally, the authors define some less common
notions of fairness. This includes Counterfactual fairness, which means that if an individual’s group or
outside quality changed, the outcome will not change, and Maximin-shared Fairness, which requires all
groups or individuals to receive better outcomes than their maximum share. The authors also identify
Consistent Fairness as a unique form within the Concept Fairness group, but from their explanations
and justifications, it appears to be quite close to Individual Fairness in both function and definition.

We can also approximate fairness outcome using traditional statistical notions of fairness. For exam-
ple, the Gini Index, which is already widely used as a fairness metric for evaluating income or wealth
inequality, can also estimate recommendation unfairness by indicating how similar the distribution of
recommended items is to the distribution in the training data. Another example is Item Coverage, which
directly indicates how much of the item catalog we expose users to. While not originally designed for
recommendation, such metrics serve as valuable proxies that can help us understand a pipeline’s be-
havior. Furthermore, because they do not embed a pre-existing notion of fairness into their definition,
they serve as more neutral estimators than purpose-built metrics.

2.2. Mitigation approaches
In this subsection, we discuss approaches to mitigate undefined behavior in the Recommender Sys-
tems pipeline.

2.2.1. Pre-processing
We can separate dataset-level mitigation approaches into two broad categories: debiased datasets and
intervened datasets. Debiased datasets are created to provide unbiased data by randomly exposing
users to items rather than relying on a recommender to drive feedback, whereas intervened datasets
attempt to correct for bias when forming batches.

Missing interactions are often missing-not-at-random (MNAR), introducing many of the biases we later
have to correct, because they are missing due to a systematic issue, such as the collection process,
failures in a pre-existing recommender, or a quirk of the system. In contrast, debiased datasets prompt
users with random items, thereby building a dense collection of interaction data where values are
missing at random (MAR). MAR data is more conducive to machine learning thanMNAR data, as it does
not require accounting for external factors involved in data collection. Popular examples of debiased
datasets include Yahoo R3 [19], and Coat [33]. Unfortunately, debiased datasets are rare due to the
time and financial commitment necessary to create them. As a result, research also examines sampling
approaches that aim to mitigate bias in existing data.

Sampling approaches use statistical tools and analysis to construct representative samples from biased
data. One such approach is SKEW [47], which samples user-item interactions in inverse proportion to
item popularity, directly reducing popularity bias. However, the authors do not directly test the empir-
ical value of their work. Carraro and Bridge [6] introduces WTD, an intervention strategy that utilizes
weights to make the intervened dataset resemble MAR data in terms of user-item posterior probabili-
ties. The authors note that WTD requires MAR data to accurately calculate the weights and introduce
an alternative formulation, WTD_H, that assumes the posterior probability distribution for MAR data
is uniform and uses this assumption to calculate the weights. The authors provide empirical evidence
that intervened datasets can be used for debiasing, demonstrating that SKEW,WTD, andWTD_H yield
results similar to those from purely MAR data. We should note that WTD and WTD_H were devised
as tools for debiasing test sets rather than training sets. However, the authors argue that their solu-
tion is suitable for generating both training and testing data by relying on the hypothesized posterior
probability distribution.

The above-discussed solutions focus primarily on statistical bias. However, we can also identify prepro-
cessing interventions to address fairness issues in research. For example, Ekstrand et al. [8] conducted
a study on the effectiveness of recommendations across different user demographic groups. The au-
thors identify a clear imbalance in the gender distribution across both datasets they consider and, to
correct it, randomly resample the datasets so that each gender has an equal number of samples. The
authors note that, overall, random resampling improved the pipeline’s outcome across groups only
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marginally, while also reducing accuracy. Inspired by data-poisoning attacks Rastegarpanah, Gum-
madi, and Crovella [28] introduced a preprocessing unfairness intervention approach that generates
”antidote” data based on a socially-aware objective function. In this context, ”antidote” data is data
that affects the predicted rating matrix, thereby modifying the fairness outcome of the recommenda-
tions. This approach, while showing good results, requires training to optimize the antidote data using
gradient descent, making it very time-consuming.

2.2.2. In-processing
Fairness and bias-aware algorithm design has already made its way to the RS field. We often use
Multi-Objective Optimization (MOO) approaches, which enable models to achieve high accuracy while
meeting specific bias and fairness constraints. Paparella et al. [22] presents a summary of the state-of-
the-art MOOs approaches for Recommendation Systems, alongside information about the reproducibil-
ity of the covered works. In particular, the authors focus on Stamenkovic et al. [36], which introduced
SMORL, a Scalarized Multi-Objective Reinforcement Learning framework aiming to satisfy accuracy,
diversity, and novelty in session-based recommenders. Although SMORL delivers in terms of accu-
racy, diversity, and novelty, Paparella et al. [22] note that SMORL might have unintended effects on
downstream bias, possibly worsening performance in categories not covered by the task.

We can also find justification for treating recommendation as a combination of multiple tasks in the
formulation of existing, popular recommenders. For example, Hsieh et al. [13] recast collaborative
filtering as a metric learning objective, integrating a metric learning task alongside the existing recom-
mendation task. While the authors do not directly identify this as an MOO solution, they employ a
standard metric learning loss combined with rank-aware weighting, effectively introducing two tasks
into the model’s objective and opening the door for an MOO approach. This paper is a good example
of how the overreliance on accuracy in new pipeline formulations can be problematic. The authors only
report Recall@50 and Recall@10 to justify their design, failing to recognize how popularity bias can
influence their outputs through their assumptions. For example, the researchers argue that the triangle
inequality benefits recommendation as: 1) it clusters users who co-like the same item together, and 2)
the items co-liked by the same users are clustered together. However, this can also cause popularity
bias by boosting popular items, which are often liked by multiple users, even further.

Another common approach is to leverage causal techniques to achieve fairness and bias constraints
[50, 54, 44]. Specifically, causal approaches use structural causal models and do-calculus to identify
the true causal impact of recommending an item. Such approaches typically focus on constructing
causal embeddings that aim to remove popularity bias, providing a recommender with cleaner, simpler
embeddings to use during recommendation. For example, Zhang et al. [50] establishes a causal link
between popularity and recommendation using do-calculus. They argue that popularity affects an item’s
exposure as recommenders show inherent bias towards popular items. At the same time, the authors
argue that we cannot fully remove popularity bias due to herd mentality, meaning that we will hurt
the recommender’s performance if we debias too far, as users exhibit conformity that leads them to
follow the majority in consuming popular items. Based on these observations, the authors introduce
Popularity Deconfounding and Adjustment (PDA), which attempts to remove bias from the training task
by optimizing the widely used Bayesian Personalized Ranking (BPR) loss, then reintroduces bias during
evaluation by scaling the model’s scores by an item’s popularity.

There appears to be multiple angles through which we can apply causal inference in recommender
systems. For example, Wei et al. [44] also use causal inference to derive a debiased framework, but
arrive at a different formulation. Specifically, they introduce independent item and user modules that
aim to ”soak up” bias, which can then be removed during inference. Simply put, the modules are trained
to estimate popularity bias within their respective groupings (user vs. item), providing an estimate of the
expected bias. The proposed Model-Agnostic Counterfactual Reasoning (MACR) model then removes
the estimated bias from the scores during inference, which the authors support through a do-calculus
derivation.

A common, and nearly ubiquitous, way to correct bias is through regularization. Inverse Propensity
Scoring (IPS) [33] is possibly the most common of these approaches. IPS weights each item’s score
inversely to its propensity. The propensity score is the probability of observing a given item-user pair
[15], so item-user pairs with a high likelihood are less common. In contrast, those with a low probabil-
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ity become more common. Although IPS has shown great success in accounting for popularity bias,
among other biases too [14], the method of estimating propensities remains a bottleneck, as we require
high-quality data to build a realistic propensity distribution. The broader idea of using the inverse prob-
ability of a rating has also spread, as seen in Xu et al. [47] and Carraro and Bridge [6]. Propensities
make up the backbone of many in-processing interventions, including Zhang et al. [50]. However, they
are not the only way to regularize a pipeline’s recommendations. Zhu et al. [55] introduces an alterna-
tive approach centering around Pearson’s Correlation Coefficient. Essentially, the authors regularize
the scores based on the correlation coefficient between the predicted scores for user-item pairs and
the corresponding item popularity.

2.2.3. Post-processing
Another common approach is to directly modify a pipeline’s recommendations after scoring [48, 5, 55].
For example, Zehlike et al. [48] presents a job-hiring example, focusing on the desperate outcomes
users might experience due to an imbalanced gender distribution. The authors’ solution, FA*IR, explic-
itly includes protected items in the recommendation list based on aminimum ratio and a significance test.
In particular, the algorithm creates a list of protected and non-protected items from a set of recommen-
dations, with classification based on item quality (e.g., gender, ethnic background, product category,
etc.). The algorithm then reconstructs the recommendation list, while ensuring that a specific number
of protected items are available at each rank.

We can improve the outcome of recommendations without establishing a protected list, too. For ex-
ample, Biega, Gummadi, and Weikum [5] introduces an approach in which we calculate an objective
measure of the engagement an item or user receives and adjust the recommendation scores to equal-
ize it. Zhu et al. [55] builds on this idea further by applying it to popularity-opportunity bias. Specifically,
the authors present a solution that calculates the required compensation for each item using three
guidelines. The guidelines aim to promote low-popularity items while also maintaining user prefer-
ences and ensuring we do not blindly apply compensation to all low-popularity items. Finally, the third
guideline aims to provide equal intervention for all users by compensating users with large value scales
accordingly.

Interestingly, most post-processing solutions focus on fairness and social bias. As such, Wang et al.
[43] split reranking solutions into three categories based on the kind of reranking they do. Slot-wise
reranking selects items for the final recommendation list, one at a time. Serbos et al. [34] and Zehlike
et al. [48] are both slot-wise algorithms that use a greedy approach to reconstruct a fair recommenda-
tion list for users. User-wise reranking aims to find the best ranking list for a user based on an objective.
Unlike slot-wise rerankers, which tend to use greedy algorithms, many user-wise solutions use integer
programming [45, 5] to abstract the decisions the rerankers make and to impose constraints on the
reranking problem that align with the design goals. In contrast, globally-wise reranking aims to rerank
across multiple users and recommendation lists simultaneously. While some global-wise reranking
solutions also use mathematical programming concepts [39], there is a considerable amount of inter-
vention formulations that involve more complex, two-step processes [23] or distribute items based on
a calculated utility/effort/compensation/etc [55].



3
Methodology

This chapter outlines our problem statement and experimental design. First, we discuss the Problem
statement to establish the problems we are concerned with and how we plan to explore them. Then,
we introduce our Datasets in section 3.2, followed by the intervention algorithms split based on the type
of intervention in section 3.3 before finally delving into our evaluation metrics in section 3.4, final details
about the implementation in section 3.5, and details about our generative AI usage in section 3.6.

3.1. Problem statement
Based on our background research detailed in chapter 2, we found that many studies fail to adequately
address the bias and fairness considerations of proposed solutions. Typically, work focuses on max-
imizing accuracy on biased datasets such as MovieLens-1M, but this does not accurately reflect a
model’s performance, as research has shown that evaluating on MNAR datasets is unreliable due to
the inherent bias in the dataset-creation process [33, 6]. To address this, some papers train novel
solutions on MNAR data and evaluate them on MAR sets, providing a better sense of the model’s true
performance. However, this is predominantly done for debiasing solutions, as there is a distinction
between debiasing tools and fairness-aware algorithms in the RecSys world. Research shows bias as
built into the pipeline and an accuracy penalty, and fairness as mostly an external consideration, so
the separation is understandable. However, there is considerable overlap between the two, with many
fairness solutions, such as Zhu et al. [55], being based on notions of bias with an additional layer of
equity or equality being applied based on a specific measurement of the recommendations.

The majority of the data we see published on new solutions, whether fairness or debiasing, is largely
about their accuracy, with many papers either using custom bias/fairness metrics to estimate perfor-
mance or flat-out omitting them, for example Wei et al. [44] and Zhang et al. [50]. The lack of such
information makes it difficult for system designers to make an informed decision about which interven-
tions suit them best, and it requires downstream researchers to manually estimate the bias and fairness
outcomes of new solutions. Another aspect that RS research rarely considers is the impact interven-
tions have on users. While we can find user-based studies in papers, they often focus on the entire user
population, which muddies the results because interventions can affect users differently depending on
how many popular items they interact with. For example, a user who primarily interacts with popular
items might receive fewer relevant, i.e., unpopular, items due to an intervention algorithm that directly
reduces the number of popular items in the final recommendation list, thereby hurting their satisfaction
with the overall system.

Because of this, we are curious to see whether evaluating fairness-aware algorithms on MAR data
will increase accuracy, as debiased algorithms do on debiased data. Additionally, we would like to
investigate the fairness-outcome of debiasing solutions to learn to what degree they can correct un-
fair recommendations. Finally, while we can often find population-wide statistics on a recommender’s
performance (i.e., how the model performs across the entire test/validation set of items), we rarely see
performance breakdowns by the solutions’ impact on users. As such, we are curious to learn the impact
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on different user groups, split by the ratio of popular items they interact with.

3.2. Datasets
Table 3.1: Dataset information

Dataset Interactions Users Items Head items Tail items Sparsity
MovieLens-1m 1,000,209 6041 3707 154 2699 95.53%
Amazon Software 1,276,840 146,397 17,592 90 15,745 99.950%
Yahoo 365,704 15,401 1001 32 569 97.62%
Coat 11,600 291 301 44 108 86.76%

In literature, we observe that approaches for correcting unfairness, such as FA*IR, exhibit lower ac-
curacy. Intuitively, this makes sense, as fairness is a non-algorithmic decision made by the system
designers. Often, fairness-aware pipelines aim to boost less-privileged items to achieve a more equi-
table distribution of options, but this may conflict with the user’s preferences. At the same time, we
observe the same phenomenon when testing debiasing tools on biased data, but not when testing
against debiased data.
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Figure 3.1: Normalized item popularity distribution

As such, we used both MNAR and MAR datasets in our experiments to observe whether the fairness-
aware algorithms exhibit decreased performance on debiased data. Specifically, we considerMovieLens-
1m [10], YahooR3 [19], CoatShopping [33], and Amazon-Software [12]. MovieLens-1m (ML-1m) is a
widely used dataset in the Recommender Systems field due to its ease of availability and high quality,
often serving as a benchmark. This dataset makes it easier to compare our work with other papers.
However, ML-1m is an MNAR dataset and has been shown to have biases in previous work [33, 6].
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On the other hand, YahooR3 and CoatShopping consist of both user-selected and randomly selected
items, providing an MAR data split for experimentation. Specifically, in our case, we use the RecBole
formulation of YahooR3 [53], which includes 25% of the MAR ratings in the training set, splitting the
remaining 75% between the validation set (25%) and the testing set (50%). While our pipelines will be
trained on MNAR data, the presence of MAR validation and test data allows us to get a realistic view
of the model’s performance. We could not find an existing RecBole version of CoatShopping, as such
we processed the dataset into the required format. To aid the robustness of our experiments and make
our conclusions better, we also include Amazon-Software, which is also MNAR. While we were able
to find a RecBole formulation for Amazon-Software, we ultimately chose to use the publicly available
pre-split dataset and process each split individually, as we did for CoatShopping. We did this because
the RecBole version does not use the existing splits, making comparison to papers that use the original
version harder.

3.3. Algorithms
For our models, we use two Collaborative Filtering formulations, Matrix Factorization and BPR. Matrix
Factorization is a classic Collaborative Filtering model. In our case, we use Mean Squared Error (MSE)
to train the model, which measures the average squared difference between the predicted ratings and
the observed ratings in the dataset.

We also use the BPR [29] model, which uses the Bayesian Personalized Ranking loss:

LBPR = −
∑

(u,i,j)∈Ds

lnσ(x̂ui − x̂uj) (3.1)

Unlike MF, which is a pointwise model, BPR is a pairwise model. The authors of [29] identified that
prior methods trained on pointwise scores treat unobserved items as negative, which does not work
for implicit feedback. This observation, along with others, allowed them to formulate a pairwise model
with a custom loss function better suited to implicit feedback.

We choose to focus on Inverse Propensity Scoring (IPS), Model-agnostic Counterfactual Reasoning
(MACR), Popularity Deconfounding and Adjustment (PDA), Popularity Compensation (PC), Pearson’s cor-
relation coefficient regularization (PCC), and FA*IR as our interventions. IPS and FA*IR have seen wide
use in research due to their ease of use and the publicly available code for FA*IR. MACR, PDA, PC, and PCC
are newer, state-of-the-art algorithms that will hopefully give us a better understanding of the current
landscape. Furthermore, we found RecBole implementations for IPS, MACR, and PDA. We took those
implementations and abstracted them to work for both of our models.

3.3.1. Debiasing
IPS
Inverse Propensity Scoring [33], also sometimes known as Inverse PropensityWeighting, is a debiasing
intervention approach that utilizes propensities, defined as the conditional probability of assignment
to a particular interaction given a vector of observed covariates [30], to adjust recommender scores.
Specifically, under IPS, we multiply the pipeline’s loss by the inverse of the propensities as follows:

L′ =
1

P
∗ L (3.2)

Where L is the original loss, P are the propensities, and L’ is the adjusted loss. By scaling the loss by
the inverse of the propensities, we ensure that more attention is paid to unpopular items that tend to
have low propensity values.

Unfortunately, due to the nature of Recommender data, IPS can be difficult to apply. IPS-based so-
lutions rely heavily on the propensities provided during training and inference. At the same time, it is
difficult to estimate propensities from recommender data because recommender datasets are inherently
dirty (MNAR) [33, 49, 31]. In particular, because some ratings are missing due to user preferences,
it becomes incredibly difficult to calculate item propensities, as the data is inherently flawed and pro-
vides a biased view of item popularity. As such, we typically have to estimate the propensities, making
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IPS highly sensitive to the estimation approach. Additionally, different estimation approaches exploit
different biases, making the selection process more difficult, as designers need to first understand the
biases the dataset and model might exhibit before settling on a pipeline. Furthermore, research has
shown that propensity estimation approaches work best on MAR data [49, 31].

MACR
Model-agnostic counterfactual reasoning (MACR) [44] is one of many new approaches that leverage
causal inference for debiasing. Specifically, the authors of MACR derived a causal inference equation
that enabled them to formulate a model that absorbs bias via additional item and user modules. In
particular, the item module estimates the influence of item popularity on a given item, while the user-
item module predicts how likely a user is to interact with items. The authors then formulate this into a
custom scoring equation:

ŷui = ŷk ∗ σ(ŷi) ∗ σ(ŷu) (3.3)

Where ŷi and ŷu are the outputs of the item and user modules, respectively. The authors then use
individual loss functions for the additional modules alongside the main recommender’s loss, and com-
bine them using independent scaling factors for the item and user module losses. Finally, based on
their causal derivation, the authors calculate the final ranking scores based on the following inference
equation:

ŷui = ŷk ∗ σ(ŷi) ∗ σ(ŷu)− c ∗ σ(ŷi) ∗ σ(ŷu) (3.4)

Where c is a hyperparameter that directly controls the degree to which scores are adjusted. c scales
the [0 . . . 1] values outputted by the sigmoid, increasing the strength of the intervention at higher values.
The authors show that increasing c provides a consistent benefit up to a point, after which performance
degrades.

PDA
PDA [50] is another causal intervention approach that aims to leverage popularity bias to improve rec-
ommendation accuracy while mitigating its negative impact. Specifically, the authors introduce two
models, PD and PDA. PD disentangles popularity bias from recommendations by applying a custom
ELU function to the model’s outputs, ensuring monotonicity. While PDA additionally adjusts the scores
by scaling them with estimated popularity values as follows:

PDAui = ELU ′(fθ(u, i))× (m̃i)
γ̃ (3.5)

Where m̃i is the estimated popularity value and γ̃ is a smoothing factor. In the original paper, the authors
do not spend much time on the popularity-estimation approach; instead, they use a simple time-series
forecasting method to estimate the value. While not necessarily a problem, as we have seen from IPS,
a popularity and propensity-based approach can be sensitive to the estimation approach used. As a
result, the paper omits valuable information about PDA’s behavior across different estimation techniques.

3.3.2. Fairness
FA*IR
FA*IR [48] is a popular post-processing reranking approach that has seen wide adoption due to its
simplicity and ease of use, as the authors publicly host several versions of the algorithm on their GitHub.
At its core, FA*IR greedily produces a fair ranking based on the hyperparameters it is provided. Notably,
FA*IR uses an adjusted significance level to determine theminimum number of protected items required
at each position, thereby allowing the authors to meet their group fairness condition, which states that
the proportion of protected candidates must remain at or above the minimum p. This condition helps
FA*IR better match user behavior, as users rarely scan the entire recommendation list; instead, they
look only at the first few items.
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FA*IR requires a protected class to determine which items to boost in the recommendation list. The
authors originally defined this around the gender attribute of a particular dataset. However, since our
intention is to review FA*IR’s behavior across different datasets, we cannot select a specific user feature,
as not all datasets may provide it. To this end, we define our protected set based on item popularity.
Specifically, we treat the tail set as the protected set, providing an easy way to segregate items into
protected and unprotected sets across all datasets.

PC
Popularity Compensation (PC) is a popularity-opportunity-based intervention that compensates Recom-
mender scores for popularity-opportunity bias after recommendations. In particular, the authors set
guidelines about how the compensation should behave. Specifically, compensation should align with
item popularity and user preferences, while also being mindful of each user’s value scale. To this effect,
the authors first calculate the norm of the predicted scores:

nu =

∣∣∣∣∣
∣∣∣∣∣ (R̂u,: ⊙ (1− Ru,:))

(M − |O+
u |

∣∣∣∣∣
∣∣∣∣∣
F

(3.6)

They then calculate the popularity compensation score such that they meet their guidelines.

cu,i =
1

pop(i)
· (R̂u,i · β + 1− β) (3.7)

Here 1
pop(i) ensures the compensation follows item popularity, as pop(i) returns the popularity of a given

item, while (R̂u,i ·β+1−β) follows user preferences by treating the predicted score as an indicator for
user preference and β is a trade-off weight to control the strength of the predicted scores in the final
compensation.

R̂
∗
u,i = R̂u,i + α · Cu,i ·

nu

mu
(3.8)

Finally, to maintain each user’s value scale, the authors additionally normalize the scores using the
norm of the compensation scores for items not in the training set.

PCC
Similar to PC, PCC is also a popularity-opportunity-based intervention. However, unlike PC, PCC is an
in-processing regularization approach. Unlike its post-processing counterpart, PCC uses the Pearson
correlation coefficient between the predicted scores for positive user-item pairs and the item popularity.
PCC, like other regularization approaches, is sensitive to the regularization weight. Furthermore, the
authors note that this regularization approach might negatively affect recommendation utility by com-
plicating the model’s task, as item popularity is continuous and unevenly distributed, making it difficult
to minimize correlations.

3.4. Evaluation
To conduct our analysis, we first selected metrics to evaluate the accuracy, fairness, and bias of each
pipeline. In this section, we discuss each metric we collect, including variations specific to this work,
the justification for our choice of each metric, and the corresponding mathematical formulations.

3.4.1. Accuracy
To measure the impact of each intervention on accuracy, we chose nDCG and Recall, as both metrics
have been widely adopted in the research literature, enabling us to more easily compare our results
with other work. In particular, nDCG is a normalized variant of DCG that measures the effectiveness of
recommendation results using a graded relevance scale. We can calculate nDCG using the following:

nDCGp =
DCGp

IDCGp
(3.9)
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Where DCGp and IDCGp are defined as follows:

DCGp =

p∑
i=1

reli
log2(i+ 1)

= rel1 +

p∑
i=2

reli
log2(i+ 1)

(3.10)

IDCGp =

|RELp|∑
i=1

2reli − 1

log2(i+ 1)
(3.11)

And RELp is the list of relevant documents. Unlike traditional DCG, nDCG is normalized to 0-1, making it
easier to compare performance across runs.

Recall, on the other hand, is one of the simplest ML metrics. Based on relevance, Recall measures
how often relevant items are retrieved by counting True Positives and False Negatives. Or in simpler
terms:

Recall =
TP

TP + FN
(3.12)

Where TP is the number of True Positives (i.e., relevant retrieved items), and FN is the number of
relevant items not in the recommendation list. Both of these metrics give us valuable insight into the
pipeline’s accuracy. nDCG reports accuracy from a perspective that is better informed about user be-
havior, while Recall indicates how many relevant items are actually being recommended to users.

3.4.2. Bias
We reviewed several metrics that aim to quantify bias in Recommender systems, as discussed in chap-
ter 2. Ultimately, we chose to use head-nDCG (h-nDCG) and tail-nDCG (t-nDCG), which allow us to see
the nDCG for the most popular and least popular items, respectively. To elaborate, we constructed head
and tail sets that each represent the top and bottom 25% of item popularity. We did this by first cal-
culating each item’s share of popularity by dividing each item’s occurrences in the dataset by the total
number of interactions. Then, starting from the most popular item for the headset and the least popular
item for the tail set, we added items until each set’s total share of popularity was about 25%. Unlike
other approaches that sort by popularity and then directly take 25% of the total items, our approach
ensures that our sets make up 25% of the total popularity, giving us a better sense of the accuracy of
these items. Finally, we use these sets to filter out items before calculating nDCG as usual.

3.4.3. Fairness
For fairness, we settled on the Gini Index and Item Coverage. Item Coverage shows us the pro-
portion of items included in the recommendation, allowing us to see how much of the catalog is being
exposed to users. The Gini Index measures the inequality of a distribution. It is traditionally used
as a measure of income inequality. However, research has shown [38] that the Gini Index can also
serve as a useful recommendation metric. Essentially, the Gini Index measures the degree of vari-
ation in users’ recommendation lists. The closer the Gini index is to 0, the more equally items are
recommended across users. We specifically use the Gini Index definition described by RecBole:

GiniIndex@K =

∑|I|
i=1(2i− |I| − 1)P (i)

|I|
∑|I|

i=1 P (i)
(3.13)

Where P (i) is the number of times all items appear in the recommendation list.

3.5. Implementation details
We use the publicly available RecBole framework [46, 51, 52] alongside separate implementations for
solutions not already in RecBole, as well as modifications to the framework. Our modifications and
additional implementations are described in [25], and our experiment code is available at [24]. Specifi-
cally, we implemented PDA, MACR, IPS, PC, and PCC. PDA, MACR, and IPS have RecBole implementations
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as defined in [53], but these implementations focus on a specific model backend, which does not fit
our use case. Instead, we implemented extendable versions of each algorithm for the two models we
use, BPR and MF. Additionally, we use the publicly available implementation for FA*IR. All of our exper-
iments were run on DelftBlue [1]. We chose RecBole for its extensive support for various models and
datasets, ease of use, and to ensure the reproducibility of our experiments. Furthermore, by extending
the RecBole framework, we hope to enable work on the interaction between pipelines and bias- and
fairness-intervention.

We tuned hyperparameters for all intervention approaches and models. Our results consist largely
of data points from tuned algorithms. In some cases, specifically where intervention performance is
directly controlled by a hyperparameter, we include data points for different tuning configurations so we
can get a better idea of the algorithm’s behavior.

3.6. Generative AI usage
We used Grammarly for writing assistance, primarily to fix spelling mistakes, punctuation errors, and
poor phrasing. We wrote chapters inside Grammarly’s online platform first and iteratively edited them
using the provided suggestions. Upon completion, we moved each chapter into LaTeX and formatted
the text together. We took full advantage of Grammarly’s features thanks to the EDU license provided
by TU Delft. We found the documentation provided by RecBole to be lacking in some cases, specif-
ically regarding compatibility issues and internal functionality required to implement the intervention
approaches. As such, we used generative AI tools to understand how RecBole works. Finally, we
used generative AI to debug PyTorch implementation issues. In particular, we used generative AI to
understand PyTorch error messages and CUDA compatibility issues on DelftBlue and local machines.



4
Results

In this chapter, we present the empirical results of our study. In section 4.1, we cover the first research
question by comparing the performance of fairness-aware algorithms across two datasets. Then, in
section 4.2, we compare the fairness outcomes of debiasing solutions, and, finally, in subsection 4.3.1,
we discuss the user-group breakdown for each intervention to better understand which users are most
affected.

As we discussed in section 3.5, all of our experiments were implemented inside and trained using
RecBole. Before starting, we would like to address the large discrepancy between the results for ML-
1m and YahooR3. In particular, results for YahooR3 are significantly lower than those for ML-1m, we
expect this due to the sparsity of the YahooR3 dataset as discussed in section 3.2

4.1. Intervention impact on accuracy
The first question asks, ”What trends in accuracy can we observe when applying fairness-aware solu-
tions on MAR data?”. To answer this question, we first compare the performance of the unintervened
baselines on YahooR3 with that of the fairness-aware configurations. Specifically, we investigate the
accuracy using nDCG and the debiasing accuracy using t-nDCG. We then repeat the comparison for
CoatShopping, ML-1m, and Amazon-Software before comparing performance across datasets to iden-
tify clear trends. We also considered results comparing Recall to nDCG@20 but chose not to report
them, as we found that, in general, Recall follows nDCG.
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Figure 4.1: nDCG@20 vs t-nDCG@20 performance for YahooR3
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As we can see in Figure 4.1, we see that PC, FA*IR, PCC, and MACR increase t-nDCG over the base-
line, with FA*IR and PC showing the largest improvements. We should note that in cases where the
hyperparameters directly control the intervention capacity (i.e., the ratio of protected items included in
the final list, intervention scaling coefficients, etc.), such as FA*IR, PC, and MACR, we include data
points for the best- and worst-performing configurations. As such, while both FA*IR configurations
perform well, only the best-performing PC configuration beats the baseline. Overall, all interventions,
except the worst-performing PC configuration, increase t-nDCG by at least a small amount for BPR.
For MF, we see that more solutions reduce t-nDCG, with PC, IPS, and one MACR configuration all
reducing t-nDCG. We see that some solutions that reduce t-nDCG also increase overall nDCG, as ex-
pected. t-nDCGmeasures the accuracy on the tail set of items, meaning that if we increase the amount
of tail items in the recommendation list, t-nDCG should go up. If we reduce the number of tail items, we
expect t-nDCG to decrease while nDCG increases. Interestingly, we observe contrasting results from
IPS, possibly due to a mismatch in propensity. During experimentation, we tested different propensity
estimation methods and found that BPR performs better with methods specifically designed for pop-
ularity bias, while MF performs better with rating-based methods. The poor result we are observing
could be due to YahooR3 not having a strong rating bias, which limits the utility of IPS.
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Figure 4.2: nDCG@20 vs t-nDCG@20 performance for CoatShopping

For CoatShopping, seen in Figure 4.1, we see much better results. Specifically, we see that only PDA
reduces t-nDCG under BPR, and no intervention reduces it for MF. In contrast to YahooR3, we observe
that PCC and IPS increase both the tail and overall nDCG for both models, supporting our choice of
propensities for IPS. The reduction in t-nDCG observed for PDA under BPR could be due to its reliance
on item popularity. PDA first aims to remove the effect of popularity bias, then reintroduces it into the
ratings to help items that are popular due to their references. However, this also risks reintroducing a
degree of popularity bias into the recommendation list, as we do not know where an item’s popularity
comes from. Simply put, an item can be popular because it is relevant, but it can also be popular
because of exposure or selection bias, making the reintroduction of item popularity into the calculation
dangerous.

In Figure 4.3, we see that PDA, FA*IR, and PCC are the only algorithms that consistently improve t-
nDCG across models, with PC consistently underperforming regardless of model or configuration. At
the same time, MACR shows improvement in the best configuration. PC uses item popularity in its
calculations to adjust scores, while ML-1m is an MNAR dataset with dirty data. The poor performance
we are witnessing may be due to the dirty test set used to calculate our metrics. In essence, the test
set expects recommendations with a certain level of bias, which PC does not provide. The inherent
bias in the testing set, combined with PDA’s popularity-based adjustments, could also explain why this
is the first dataset under which PDA performs better than the baseline for BPR.

Figure 4.4 showcases the results for Amazon-Software. We can see that PC performs much worse
than in other datasets, even failing to improve t-nDCG over the baseline for BPR. The rest of the re-
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Figure 4.3: nDCG@20 vs t-nDCG@20 performance for ML-1m
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Figure 4.4: nDCG@20 vs t-nDCG@20 performance for Amazon-Software

sults are somewhat expected. Outside of ML-1m, PDA consistently underperforms on BPR, indicating
a mismatch between PDA’s intervention and BPR’s loss function. We can expect PC and MACR con-
figurations to perform worse as we include both the best- and worst-performing configurations. The
tainted test set can easily explain the poor performance observed for PC, as we saw that PC performs
well when tested against MAR test data.

With these results, we can clearly see that fairness-aware algorithms also benefit from MAR data, as
several solutions struggle to perform well against MNAR data but show promising results against MAR
test sets. While we do see some poor showings for interventions even under MAR data, in those cases,
we can determine the issue is a mismatch between the intervention solution and the task at hand; for
MNAR data, making this conclusion is much harder. Furthermore, evaluating on MNAR data would
severely misrepresent algorithms such as PC, which performs better against MNAR data. However,
we can also see that not all algorithms benefit from MNAR data, as both FA*IR and PCC consistently
show improvements, though minor in some cases. Finally, we note the similar results seen between
FA* IR configurations. Initially, we had believed YahooR3’s results were so similar because of the
dataset’s sparsity, but Amazon-Software shows a much bigger difference and has a higher sparsity.
Since the main difference between the configurations is the number of protected items in the final
recommendation list, the contrast we observe may be due to a lack of niche items in the test data.
FA*IR will always select protected items based on relevance, so after a certain number of protected
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items, the only options left might have little to no interactions recorded in the test set.

4.2. Intervention impact on fairness
We conduct a similar analysis to section 4.1 for our second research question, ”What trends can we
observe in the effects of debiasing RS optimizations on bias and fairness?”, which aims to evaluate the
performance of debiasing interventions on bias and fairness. We first compare the performance of each
debiasing intervention across models, then conduct a broader per-dataset comparison, starting with the
MAR datasets. Furthermore, we should note that when selecting the best- and worst-performing results,
we first filter all data points based on the best-performing metric that fits the given question: t-nDCG
and nDCG for the first research question, and Gini Index and Item coverage for the second one. As a
result, there might be differences in the results, since we might end up selecting different tuning targets.
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Figure 4.5: nDCG@20 vs Gini performance for YahooR3

In Figure 4.5, we see that almost all intervention solutions except PC and MACR (in their worst con-
figurations) decrease the overall Gini index. Interestingly, we see that IPS shows similar performance
to the baseline for MF, consistent with the results we discussed in ??. We can see that the debiasing
solutions provide some fairness benefits: IPS under BPR shows very strong results, and PDA does the
same for MF, while MACR shows only minor improvements for both models.
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Figure 4.6: nDCG@20 vs Gini performance for CoatShopping

We can see more MAR results in Figure 4.6, where many solutions struggle to improve the Gini Index
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relative to the baseline. Specifically, we see that FA*IR increases the Gini Index for both models. While
this is unintuitive, this result is not that surprising given how we define our protected class. We define
the protected class used by FA*IR as the 25% least popular items in the dataset; as such, FA*IR may be
boosting a handful of niche items to all users, which would actually make recommendation lists more
similar and could increase the Gini Index. The large difference we see in the MACR configurations
can be explained by its hyperparameter c, which controls how much the original scores contribute to
the final result, meaning that an incredibly high value might completely remove the model’s scores and
provide seemingly random recommendations to users, which would explain the low Gini Index. We
also observe that PDA struggles to improve the Gini Index under BPR, possibly because it relies on
item popularity.
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Figure 4.7: nDCG@20 vs Gini performance for ML-1m
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Figure 4.8: nDCG@20 vs Gini performance for Amazon-Software

For ML-1m, shown in Figure 4.7, we see that only the worst-performing PC and MACR configurations
struggle to improve the Gini index for BPR, while PC fails outright for MF. Curiously, the benefit observed
across all fairness solutions is rather limited, with many of them close to the baseline. In Figure 4.8,
which shows the fairness results for Amazon-Software, we see improvements from IPS andMACR, and
an increase in the Gini Index for PDA under BPR, whereas for MF, PDA, and IPS, both fail to improve
on the baseline.

Broadly, we see that debiasing solutions improve fairness outcomes. However, the degree to which
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they do that can be rather limited and likely depends on the dataset andmodel at hand. For example, we
saw that PDA struggles to perform well on Amazon-Software, while it performs well on other datasets,
but not on all models. We can observe this behavior in our results for the first research question as
well. As a result, the benefit of these interventions depends on other parts of the pipeline.

4.3. Impact on user groups
4.3.1. User groups
In this section, we analyze user group results to answer our third research question: ”What is the
impact of bias and fairness intervention on user groups?” Specifically, first, we discuss how we evaluate
impact across user groups, alongside our embedding space exploration analysis, and then we examine
performance across five user groups. We segment the users based on the share of popular items in
their interactions. For more details, please refer to subsection 4.3.1.

To aid our study on the impact of interventions across different user groups, we formulate grouped
modifications to the previously discussed metrics. To be precise, we evenly divided the user set into
predetermined groups based on the number of popular items they interact with. First, we used the
h-nDCG headset to calculate the ratio of popular items each user interacts with. We then sorted the
users and, similarly to the head and tail sets, evenly divided the items into five groups based on how
many popular items each user interacted with. A concrete breakdown of the user groups is available
in Table 4.1.

Dataset High Medium Low

ML-1m 2579 1891 1572
Amazon-Software 25,115 35,289 85,994
Yahoo 4085 4504 6813
Coat 65 85 142

Table 4.1: User group counts by dataset

4.3.2. Embedding space exploration
To further understand the behavior of each intervention, we elect to construct embedding space plots
for algorithms that directly modify the model’s weights. This includes IPS, MACR, PDA, and PCC.
Unfortunately, due to the embedding size, it is not possible to plot the embeddings directly. As such, we
use Principal Component Analysis to reduce the embeddings’ dimensionality to 3 and 2. We specifically
collect plots in both 3D and 2D, but only report the 2D graphs. Additionally, we plot a user in the
embedding space alongside 20 recommendations, with specific markings indicating whether each item
appears in the user’s interactions in the training and testing sets. Finally, we color-code all items by
popularity to see how recommendations change as we apply interventions.
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Figure 4.9: Yahoo user-group comparison results.

We can see more clearly that interventions impact different models differently in Figure 4.9. Specifically,
in Figure 4.9a, we see that only FA*IR and IPS exhibit a different user-group impact distribution from the
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others. Specifically, while most interventions show higher t-nDCG for the high and low groups, FA*IR
shows the highest t-nDCG for the lowest group, followed by the middle group. In contrast, IPS shows
the highest t-nDCG for the medium group, with the highest group close by. The result is interesting
because we can see that while some solutions follow the baseline in their impact on a model, there is
merit in investigating user-group performance directly.

Since t-nDCG measures accuracy on tail items, the higher performance for low-popularity users is due
to the increased number of tail items in the final recommendation list. Interestingly, IPS, which should
also increase the number of tail items, affects the middle group the most, suggesting that it better
extracts user interests and includes relevant niche items in the final recommendations. For MF, as
shown in Figure 4.9b, MACR and PC affect groups differently. To note, similarly to the previous two
research questions, we have multiple data points for FA*IR, MACR, PC, and PDA. However, we chose
to omit the lowest result in this section so we can compare solutions on a more even playing field and
understand how interventions impact groups in a ”desirable” configuration. PC aims to reduce bias
while also maintaining user interests. As such, PC may be promoting relevant tail items to all users,
boosting t-nDCG across the board.
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Figure 4.10: CoatShopping user-group comparison results

For CoatShopping, shown in Figure 4.10, we can again see that most configurations impact groups
similarly, with FA*IR and MACR showing different distributions for BPR (Figure 4.10a). Specifically,
FA*IR impacts the highest and lowest groups nearly equally, while MACR does the same for themedium
and low groups. We do see cases where the distribution is uneven, i.e., one or more groups are affected
less than the rest. However, generally, this still appears to follow the baseline distribution. When it
comes to the MF results, seen in Figure 4.10b, we see more groups break away from the baseline in
IPS, MACR, and PCC, all in different ways. IPS seems to, similarly to the BPR YahooR3 performance,
primarily impact the middle group, with the lowest being a close second. Again, we believe these
points demonstrate IPS’s ability to support users’ interest in niche items based on their propensities.
We also see a similar pattern in PCC, with the medium and lowest groups showing the highest values,
which supports the author’s original observation that Pearson’s correlation coefficient is related to item
popularity. Specifically, a good showing in the middle group tells us that users with more varied opinions
(both popular and unpopular item interests) are receiving better recommendations. Essentially, these
users likely contain more niche items in their past interactions, and as such, increasing the number of
unpopular items in recommendation lists would also increase this group’s accuracy.

We show embedding plots of PCC onMF for the highest- andmiddle-popularity groups in CoatShopping
to better understand this phenomenon. In Figure 4.11, which shows the baseline and PCC embedding
plots for a randomly selected user from the middle group, we can actually see that the difference in
performance is likely due to overfitting caused by PCC’s regularization, causing the model to regurgi-
tate the user’s past interactions instead of exposing them to novel items. This observation means that,
while at first glance PCC appears to show promising performance, in reality, it is simply learning from
the user’s past interactions, and any benefit we observe is due only to the user’s original item interac-
tion distribution. We believe that this supports our decision to use embedding plots in the user-group
analysis, as it exposes the true cause of PCC’s performance. Meaning that, had we reported only di-
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(a) Embedding space plot for the baseline.
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(b) Embedding space plot for a the PCC.

Figure 4.11: Embedding space plots for Matrix Factorization on CoatShopping. The user was selected randomly from the
middle group.

rect performance comparisons between configurations, we would have misrepresented PCC’s actual
performance. We could have confused future readers and system designers about the algorithm’s
benefits.
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Figure 4.12: MovieLens-1m user-group comparison results

Turning to the MNAR data, we see much greater consistency across user groups in MovieLens-1m,
as shown in ??, even across models. Specifically, we can see that for BPR, almost all configurations
primarily impact the middle group, with MACR being the only exception, showing similar performance
for the middle and lowest-popularity groups. We continue to see this trend in MF, except for MACR,
which affects the highest and lowest groups most, and PDA, which affects the lowest andmiddle groups.
While this result initially shows that interventions are more consistent for ML-1m, we must remember
that we calculated these results against an MNAR test set. Hence, they are not truly representative of
the model’s performance. Again, we can expect the middle group to see larger benefits than the other
groups, as they are likely to have more varied interests to exploit. However, the possibility that biases
taint these interests casts doubt on the universality of these interventions.

Unlike the ML-1m results, we actually see greater diversity in the distribution of impact across user
groups in the Amazon-Software results, as shown in Figure 4.13. Specifically, we observe differing per-
formance between FA*IR and PDA for BPR, with PDA performing significantly worse than the baseline.
For MF, we see that the baseline and FA*IR show a similar trend, while IPS, PCC, and PDA are more
similar to each other, and MACR is similar to PC. This observation means that our previous conclusion
that MNAR data might yield more consistent results is incorrect. However, this does not diminish the
fact that MNAR data remains tainted, and the performance we are witnessing is not realistic. It simply
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Figure 4.13: Amazon-Software user-group comparison results

shows that there is a certain quality about ML-1m that makes interventions more consistent, possibly
meaning that future work should consider other baselines for performance, as newer datasets, such
as Amazon-Software, might provide more information about the behavior of individual interventions.
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(a) Embedding space plot for the baseline.
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(b) Embedding space plot for a the PCC.

Figure 4.14: Embedding space plots for Matrix Factorization on CoatShopping. The user was selected randomly from the
middle group.

Delving deeper into the embedding plots for MF on Amazon-Software in Figure 4.14, we can also see
where the large gains in Gini Index discussed in section 4.2 come from. Specifically, looking at the
baseline in Figure 4.14a, we can see a handful of repeated training items, while for the best-performing
MACR configuration shown in Figure 4.14, we can see that the recommendations are almost exclusively
novel to the user, with only one past interaction. Furthermore, we see a mix of niche and popular items.
We should note, however, that this specific MACR configuration used a c value of 50, which goes past
the [0, 29] range discussed in the paper. In MACR, the c hyperparameter is subtracted directly from the
model backbone scores and then scaled by the user and item modules, meaning it directly controls the
degree to which we consider the original scores. Such a high value, coupled with promising results,
might suggest that more complex model formulations that do not rely heavily on collaborative filtering
scores might perform better than traditional models. During experimentation, we found that increasing
the c value past the recommended range, while decreasing accuracy, can provide considerable benefits
for debiasing and diversification. However, it appears that this benefit largely depends on the dataset,
as not all datasets were as responsive to a higher c value.

There appears to be a significant benefit in conducting more fine-grained user-group-based studies and
deeper analyses of the actual recommendation lists, either through embedding plots or other analytical
approaches. We were able to more easily explain some of the performance we observed across our
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results and to expose overfitting in one of the configurations. Overall, we learned that, while a solution
might appear promising, we should be mindful of the driving force behind the improvement we observe.
Furthermore, in some cases, the hyperparameter ranges reported in papers may not be sufficiently
wide due to the complexity of recommender data. Simply put, a range that works well for one dataset
may not adequately work for another.



5
Discussion

In this thesis, we investigate the performance of various intervention algorithms for bias and fairness
acrossmultiple benchmarks to determinewhether there are consistent patterns in their behavior. Specif-
ically, we experiment with BPR and MF trained on MovieLens-1M, YahooR3, CoatShopping, and
Amazon-Software, and we evaluate 6 total interventions. Our research questions address the accuracy
of fairness-aware algorithms on MAR data, the fairness-intervention capacity of debiasing algorithms
across benchmarks, and their impact on different user groups. Our results, described in chapter 4,
show a rather inconsistent picture. We do observe that some fairness interventions benefit from MAR
data, although this effect is not consistent.

Furthermore, debiasing solutions can, in some cases, improve diversification outcomes, though this
appears highly dependent on external factors such as the dataset, model, and hyperparameter config-
uration. Finally, we investigated the user group performance breakdown for each of our datasets, which
allowed us to better understand that not all interventions impact users equally; further embedding-space
analysis exposed glaring issues in at least one intervention approach.

5.1. Findings
Overall, our results paint an incomplete picture. While some algorithms appear to benefit from MNAR
data, the benefit is not consistent across algorithms. We should also note that PCC was originally a
debiasing solution. Still, we treat it as a fairness-aware algorithm because it applies the opportunity view
to popularity bias. This decision casts some doubt on our results, as one can argue that the benefit
we observe is due to PCC being a debiasing tool. However, PC, as described in the same paper,
shows a different result. Meaning that, while some algorithms might not necessarily require MAR data
to show good results, it is important to include such results to present a more informed picture of the
performance of the proposed algorithm. We also observed a noticeable benefit to fairness outcomes
from some debiasing solutions, reinforcing the connection between statistical bias and ethical bias.
Finally, through our user group analysis, we identified possible issues with some of the interventions
we discussed and clarified the cause of some results.

Furthermore, we observe that debiasing algorithms such as IPS, which we know benefit MAR data ac-
cording to previous research, can still fail to exploit it fully. Designers need to be more careful about the
specific conditions under which they apply algorithms. In particular, conducting exploratory studies to
learn about specific qualities of the dataset, such as sparsity, which biases are prevalent, and how user
groups interact with items, might be beneficial for system designers, as it would give them better clarity
on which algorithms to use. Furthermore, we observe that some algorithms perform better for some
models, even when the only difference is the loss function; this suggests that the interaction between
a recommendation pipeline and intervention approaches is highly sensitive and warrants further study.
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5.2. Limitations
One of, if not the biggest, limitation in our work is the scope. Specifically, we test only two models
from the same family that differ only in their loss functions. Such a limited scope makes it very difficult
to draw meaningful conclusions from our research questions. For all we know, we might observe
better performance with a different model family, as they may be better suited to the interventions we
discuss. Additionally, the intervention approaches we use are limited, as we predominantly employ in-
processing and post-processing solutions, with no pre-processing algorithms. Furthermore, collecting
more samples from both MAR and MNAR data could strengthen our results. However, this would be
difficult due to the rarity of MAR data.

Furthermore, to apply every algorithm to all datasets, we had to assume certain formulations. Specifi-
cally, in the case of FA*IR, we define the protected class based on item popularity, which might nega-
tively impact the algorithm’s performance and explain why results are so close together. In its original
formulation, FA*IR uses a protected class defined around an external user factor that is not related to
relevance. However, in our case, as we have already discussed, item popularity is directly linked to the
relevance learned by most recommendation models, meaning that we are essentially asking FA*IR to
boost items that are inherently irrelevant to the model.

We experienced some difficulty implementing certain interventions in a reusable manner, as some of
them were explicitly formulated around a specific kind of loss. For example, in the original paper, MACR
is defined around BCE loss, which makes sense as the user and item modules each aim to estimate a
probability distribution. However, this made it difficult to determine how to combine it with BPR properly.
Initially, we applied BPR loss to all modules, but this formulation learned poorly and achieved very poor
performance across the board. As such, we currently apply BPR loss only to the actual recommendation
scores, with the item and user modules using BCE loss. We experienced additional complications due
to the framework we chose to implement our algorithms within. While we recommend RecBole due to
its ease of use and tools to support the research process, such as guarantees of reproducibility, we
found the documentation somewhat lacking, making it much more difficult to figure out exactly where
everything goes. We hope that the modifications we have made to the RecBole framework will make it
much easier for researchers to carry out similar studies.

5.3. Future Work
Regarding future work, we recommend expanding the scope by including additional datasets and
models, so researchers can investigate whether the patterns we observe are consistent across MAR
datasets and across recommendation model types. Furthermore, we observe that the propensity es-
timation approach plays a large role in how well an intervention performs. As such, future work could
directly explore the impact of various propensity estimations across a series of datasets and algorithms
similar to what we have done here. Such a study provides valuable information on which propensities
work best for which datasets and models, while uncovering hidden connections between the dataset/-
model’s underlying structure and the impact of the propensities. We already know that some models
are more susceptible to certain biases, for example, BPR explicitly learns to rank positive (observed)
items above negative (unobserved) ones. This behavior means that popular items, which are more
likely to appear in user interactions, would inherently be ranked higher. Simply put, a popular item
might appear as positive thousands of times, pushing its score higher and higher, while a tail item
could only appear in a handful of examples.



6
Conclusion

Overall, it is difficult to draw a clear conclusion from our work. While we observe that some interven-
tions benefit from MAR data, this is not consistent and may depend on the specific model. We observe
improved diversification performance from debiasing solutions, although it may be limited. Regarding
user groups, poor algorithmic intervention might lead to disparate impact across them. Intuitively, this
makes sense, as certain users might be more inclined to interact with unpopular or diverse items be-
cause of the number of popular items they’ve historically interacted with. We hope that our contributions,
in the form of our study and subsequent results, along with contributions to the RecBole framework,
will foster further research on the behavior of intervention algorithms in RS.

Additionally, we hope that, through this work, we show the value of results from debiasing and fairness
algorithms that use agnostic metrics, i.e., metrics that do not rely on a hyper-specific definition of bias or
fairness. Such metrics allow us to better compare algorithms across papers and help system designers
better understand the impact of the interventions they are considering. Finally, we hope that through
our user group and embedding space analysis, we were able to show the merit of non-traditional (i.e.,
recommendation list metric) evaluation of recommender systems, as it allows us to understand bet-
ter how modifications to the recommendation pipeline impact users, and allowed us to expose clear
overfitting in one of our intervention approaches.
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