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Abstract. Recommender Systems are a cornerstone of digital interac-
tion, particularly on platforms such as social media, where personalised
content is pivotal to user engagement. One of the main challenges re-
lated to such Systems is exposure bias: since users are unconsciously
subject to what the System shows them, they engage with a biased sam-
ple of items. This proposal introduces the concept of compound exposure
bias — i.e., the progressive accumulation and intensification of exposure
bias over time, due to Recommender models continuously adapting upon
the outcomes of their previous recommendations. Such a recursive cycle
may lead to skewed content exposure, thus hindering diverse informa-
tion access. Additionally, compound bias might contribute to problematic
user behaviours, including addiction, since the reliance of many Recom-
menders on implicit feedback signals inherently equates the time spent
on a platform with the degree of user satisfaction with it.

We propose to study the dynamics of compound exposure bias through
a multi-phase approach, exploring its real-world impact on recommenda-
tion accuracy and beyond. Firstly, we will establish formal methodologies
to detect and quantify compound bias within the context of recommen-
dation. This involves both theoretical modelling and empirical, longitu-
dinal evaluation. Secondly, we will propose novel strategies to mitigate
compound bias while retaining recommendation effectiveness as much
as possible, leveraging techniques such as bandits, agentic models, re-
ranking, and fairness-constrained learning.

This research seeks to enhance the long-term fairness, robustness, and
user-centricity of Recommender Systems. Our goal is to offer insights for
improving user experience and reducing detrimental effects associated
with personalised content consumption.

Keywords: Agentic models - Bandits - Exposure bias - Implicit feedback
- Longitudinal analysis - Multi-objective optimisation - Recommender
systems - Re-ranking.

1 Introduction and Related Works

Recommender Systems (RS) are an integral part of modern digital ecosystems:
they extract personalized shortlists starting from vaste online catalogues, in or-
der to ease user experience and improve the quality of user interactions. In social
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media feeds, for example, they serve as key drivers of engagement. However, cur-
rent RS are affected by several types of bias, which hinder their effective utility
[3]. Chen et al. [5] identify three sources of bias within the life cycle of RS,
namely data bias, inductive bias and recommendation bias. Data bias is created
by users while interacting with the items they are shown. Examples of data bias
include the tendency of users to interact only with the topmost items within
a ranked list (position bias), and the incorrect assumption that all unobserved
interactions are negative, while, in reality, users are much more likely to interact
just with a small portion of what is recommended to them. Overlooking unob-
served interactions takes the name of exposure bias when considering items that
have not been recommended, and, conversely, the name of selection bias when
considering recommended items that the users choose to ignore. Inductive bias
represents the assumptions a Machine Learning-based RS takes in order to learn
a generalised model of user behaviour, while recommendation bias describes the
possible disproportions in the recommendations a RS provides, such as the no-
torious popularity bias. Numerous works [13,12,10,11] have shown that such
biases significantly decrease the effectiveness of many RS. Moreover, real-world
RS are periodically re-trained, thus cycling back and forth from the collection of
biased data to the production of biased recommendations, in a self-reinforcing
loop which increases the impact of biases over time. However, making a longitu-
dinal study to assess such impact requires long-term access to large user bases, in
order to track the progressive evolution of their interactions, which is not a realis-
tic prospect for the majority of researchers. Consequently, some studies resorted
to simulation techniques to approximate a longitudinal analysis. For instance,
Jannach et al. [9] report an extensive heuristic-based simulation investigating
popularity bias reinforcement; Ferraro et al. [6] use the same methodology to
study longitudinal effects on session-based RS; Adomavicius et al. and Zhou et
al. [1,19] both employ agent-based modelling and simulation [4] to investigate
the impact of various types of bias on user preferences. All the aforementioned
works find confirmations of progressive bias reinforcement over time. Adding to
the significance of this problem is the fact that many online platforms adopt im-
plicit user feedback as the main driver to train their RS, inherently correlating
the time users spend on their platform to their degree of satisfaction with it, an
assumption that can be interpreted as induction bias. In contexts such as social
media, where exposure bias is predominant, as a sizeable portion of the inter-
actions is influenced by RS, the combination and progressive reinforcement of
exposure and inductive bias leads to less and less diverse recommendations that
are also selected to maximise the time users spend on the platform, exposing
them to the risk of developing harmful behaviours such as addiction [17, 14].

We propose to structure a two-phase investigation on the longitudinal impact
of bias in social media RS. In Section 2, we provide a formulation of compound
bias, i.e., the self-reinforcement of bias over time. In Section 3 and 4, we outline
the main research questions which will drive our investigation; finally, we draw
several conclusive statements in Section 5.
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2 Problem Formulation

As described in Chen et al. [5], the task of effective recommendation can be
summarised as the minimisation of a true risk function, i.e., the expected er-
ror between the modelled and true ratings, averaged over all users and items
within the considered platform. As the ideal probability distribution of ratings
is not known a priori, the task translates, in practice, to the minimisation of an
empirical Tisk function, i.e., the average error between the modelled and true
ratings over all the observed ratings within the dataset. Such translation can
be considered an unbiased estimation assuming that the train and test set data
are independent and identically distributed (i.i.d), and that the dataset is suf-
ficiently large, following PAC learning theory [8]. In real-world scenarios, the
i.i.d assumption falls: the empirical risk estimation is biased. Moreover, from the
moment in which a (biased) RS is employed, newly generated interaction data
(those deriving from the user "trusting" the recommendations) will reflect such
bias: thus, the interaction distribution observed in training will further deviate
from the ideal distribution. Upon re-training, the estimator’s bias is bound to
grow.

We define as compound bias at n the bias value relative to a RS which
has been re-trained n times. Since the true risk is not observable, its exact
value cannot be quantified. Nevertheless, the compound rate can be estimated
by measuring the decay in recommendation effectiveness (considering accuracy,
beyond accuracy or both) at each re-training, i.e., by means of a longitudinal
analysis. As mentioned in Section 1, due to lack of continuous access to industrial
grade platforms, most researchers resort to simulating such analysis.

3 Detection of Compound Bias and Impact Assessment

To the best of our knowledge, the existing simulation frameworks [18,19] use
simple algorithms and broad assumptions to model user behaviour. In the first
phase of our investigation, we propose to structure a simulation using Large Lan-
guage Model (LLM) agents, aligned on ground-truth user interactions, as recent
literature has shown their accuracy in numerous fields |7, 2]. We will specifically
focus on the effects of exposure bias on social media interactions, studying both
the rate of decay in accuracy and beyond accuracy metrics and the effects on
user consumption in terms of time spent on the platform, estimated by the to-
tal amount of posts viewed per each time-frame in between RS re-training steps.
We will analyse the long-term behaviour of a number of recommendation models
that have already been described in literature, from the classical content-based
and collaborative filtering approaches to matrix factorisation to neural network-
based RS. Our goal will be to answer the following research questions:

RQ1. To what extent does compound exposure bias negatively affect the long-
term accuracy of existing RS?

RQ2. To what extent does compound exposure bias negatively affect the long-
term diversity, novelty and serendipity of the recommendations provided by
existing RS?



4 A. Pisani

RQ3. Does compound exposure bias lead to an increase in the time users spend
on social media?

4 Compound Bias Mitigation

After an initial analysis of the effects of compound exposure bias over existing RS
in the context of social media, we propose to evaluate with the same simulation
framework the effectiveness of several mitigation methods, including debiasing
techniques applied at re-training time (e.g., propensity-based debiasing [16]),
re-ranking techniques at inference time [6], and fairness-constrained learning
techniques [15] to be applied at each re-training step. Our goal will be to find one
or more viable strategies to successfully reduce the impact of compound exposure
bias, to improve recommendation quality and user well-being and satisfaction.
The following research questions will be targeted:

RQ4. Which bias mitigation technique is most effective, in terms of robustness
to compound exposure bias and recommendation effectiveness retention?
RQ5. Is combining multiple bias mitigation techniques beneficial to RS robust-

ness to compound exposure bias?
RQ6. What is the effect of compound exposure bias mitigation on the time
users spend on social media?

5 Conclusions

In conclusion, this proposal seeks to address the critical and pervasive issue
of compound exposure bias within RS, particularly as it affects social media
platforms. By introducing and rigorously studying the self-reinforcing nature of
exposure bias, we aim to quantify its long-term impact on recommendation ac-
curacy, diversity, and user engagement. Our proposed two-phase approach will
first assess the impact of compound exposure bias on existing RS models, by
means of a simulation framework based on LLM agents, and then evaluate possi-
ble mitigation strategies, such as debiasing, re-ranking, and fairness-constrained
learning. The ultimate goal is to improve the robustness and fairness of RS, while
mitigating harmful outcomes such as reduced content diversity and problematic
user behaviours. By offering a deeper understanding and practical solutions to
compound exposure bias, this research is expected to provide a meaningful con-
tribution to the development of ethically sound, sustainable recommendation
practices in social media platforms. The proposal’s scientific soundness, compre-
hensiveness and feasibility are to be discussed during the Doctoral Consortium,
together with potential additional user studies to better assess the impact of
compound exposure bias on consumption habits.
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