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Abstract

The evaluation of recommendation models in the academic literature mostly adopts a myopic perspective, where
both recommendation accuracy and other desirable quality factors, such as fairness or broad catalog coverage,
are solely assessed at isolated points in time. In reality, however, the use of recommender systems may lead to
undesired, self-reinforcing longitudinal effects, for example, in terms of increased popularity bias or decreased
diversity. Such effects can stem from feedback loops that emerge when deploying recommender systems in
practice. In this work, we analyze such longitudinal effects, leveraging user modeling, through a simulation-based
approach. The main focus of our simulation lies on quality factors of potential societal impact, such as fairness and
popularity bias, and we in particular aim to study if existing fairness-enhancing and bias-mitigating intervention
strategies have a lasting positive effect. Our longitudinal analyses across various algorithms and datasets reveal
that such strategies, when configured appropriately, can indeed be effective in a sustainable manner. Furthermore,
our investigations show that more complex models are often not better than simpler approaches in terms of
accuracy but can exhibit sustained favorable properties with respect to factors beyond accuracy. Overall, our
findings may offer practical insights for selecting recommender models to achieve sustainable success in terms of
such societally relevant quality factors.
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1. Introduction

Recommender systems have become a ubiquitous part of today’s online user experience, serving as
information filters and search aids in an often overwhelming digital world [1]. Early models were
mainly optimized for accuracy [2]. However, it soon became clear that “accuracy is not enough” [3], and
researchers have begun exploring aspects beyond accuracy, including diversity or coverage [4]. More
recently, research has focused on undesired effects of recommender systems that may entail negative
societal impacts, such as biases and limited fairness [5]. Accordingly, various technical approaches
were proposed to enhance algorithmic fairness and mitigate biases, see [6, 7, 8, 9, 10] for related survey
works.

However, “beyond-accuracy” approaches that try to counteract biases [11, 12, 13, 14] and ensure
fairness [15, 16] are usually assessed in myopic offline evaluation setups. These setups use random
or temporal data splits and involve different computational metrics to gauge the accuracy, diversity,
popularity or fairness of the generated recommendations at a single point in time. In real-world settings,
however, the data that is used by recommender systems evolves over time. Importantly, deploying
recommender systems in practice can create self-reinforcing feedback loops where the observed user
interactions are at least partially influenced by what the system recommends [17, 18]. With our work,
we continue the line of research investigating the topic of beyond-accuracy considerations and go
beyond common myopic evaluation perspectives.

Studying such longitudinal effects requires alternative evaluation approaches. Simulation-based
techniques have emerged as a promising direction. Based on assumptions about how recommendations
influence user behavior and how the observed user behavior in turn impacts the system in a feedback
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loop, such techniques allow us to study various longitudinal phenomena of recommender systems [19,
20, 21, 22]. However, existing research on longitudinal effects rarely addresses biases and fairness to a
large extent, and does also not study to what extent algorithmic interventions have a lasting effect.

Thus, the need to study popularity bias and fairness (‘4Good’) [23] aspects over time is evident, since
potential reinforcement effects could make these unfair conditions even stronger, and niche content can
vanish without an initial opportunity [24, 25, 26]. For example, movies [27] or songs by newcomers [28]
may receive less visibility than more popular ones in the initial state, possibly perpetuating inequalities
in the long run. A goal actively requested by artists in the music industry [29] is to improve visibility
for niche items to overcome such social unfairness. Research into effective intervention strategies for
achieving this goal in the long term however remains limited.

With this present work, we aim to narrow this research gap. Specifically, our work aims to pro-
vide important insights into the potential harm or undesirable long-term effects of recommendation
algorithms before they are deployed in practical settings. In particular, we address the following two
research questions:

RQ1: What are the longitudinal effects of continuous user feedback on recommender algorithms’
accuracy, beyond-accuracy, and 4Good metrics across datasets and domains?

RQ2: To what extent do intervention strategies improve 4Good aspects over time, and are these benefits
lasting?

Specifically, building on [20], we conducted comprehensive simulations, involving multiple algorithms
and datasets, which allowed us to perform a multi-dimensional analysis of algorithmic effects over
time. Unlike earlier works, we include recent 4Good metrics (RQ1). In addition, going beyond previous
simulation-based approaches, we consider two established intervention strategies to mitigate biases
and ensure fairness in our simulations (RQ2).

Indeed, a main finding of our work is that the intervention strategies from the literature, when
configured appropriately, can have a lasting effect. Modern neural models can sometimes underperform
in accuracy compared to earlier techniques, but they perform well in catalog coverage, popularity
bias, and fairness. On a more general level, we confirm previous findings that some recommendation
techniques can actually lead to an undesired decrease in diversity and an increase in popularity bias over
time. Overall, our findings offer guidance for selecting and configuring recommendation algorithms in
practice.

The paper is structured as follows. In Section 2, we review prior works on long-term simulation
approaches. Section 3 presents our simulation approach and experimental setup, including the applied
algorithms, datasets, and metrics. In Section 4, we present and discuss the results and key insights from
the simulation. Finally, Section 5 discusses the relevance of the results as well as their limitations, and
provides directions for future work.

2. Related Work

While studies on recommender systems that rely on purely computational experiments dominate in the
literature, works on their longitudinal effects are sparse. Below, we review selected studies that are
most relevant to our work.

Jannach et al. [20] present one of the earliest works in this area that employ simulation-based
approaches. The authors studied popularity bias and concentration effects arising from feedback loops
of recommender systems by comparing 12 algorithms on movie and music datasets. A key insight of
their work is that different recommender algorithms with quite similar accuracy can lead to largely
diverging bias patterns. Our present study builds on the simulation methodology established in this
work!. Building on [20], we extend this line of research by (a) involving more recent recommendation

!Similar simulation setups were later used, e.g., in [30] or [19], yet none of these studies considers fairness metrics as a target
variable of the simulation.



techniques, including neural models, and (b) placing a particular emphasis on fairness aspects, which
have not been addressed extensively in previous simulation-based approaches.

Zhang et al. [19] use a related simulation approach with a different focus. They employ agent-based
modeling (ABM) [31] to capture user-level dynamics. Specifically, they study longitudinal effects
of collaborative filtering under varying levels of user reliance on individual recommendations, and
evaluate accuracy, diversity, and relevance. They find that greater reliance on recommendations
decreases consumption diversity, i.e., the Gini Index increases. They also observed what they call
a “performance paradox”: while stronger reliance on recommendations improves the relevance of
consumed items over time, it also decreases consumption diversity and leads to diminishing accuracy
improvements. While both the work in [19] and our study employ simulation-based approaches, we
focus on a system-level analysis and [19] study individual user-level dynamics.

Ghanem et al. [21] applied a related ABM approach to study recommender systems from an eco-
nomic perspective. They analyzed the longitudinal effects of different strategies that providers of a
recommendation service may adopt. Specifically, the strategies varied in how consumer and provider
values are balanced. The main outcome variables were the development of consumer trust in the
recommendation system over time and the cumulative profit for the providers. Hybrid strategies that
focus on consumer value but still account for profitability lead to the most favorable long-term outcomes.
While methodologically related, their focus was economic sustainability, whereas we consider aspects
of potential societal relevance more directly.

Similarly to [21], Buhayh et al. [32] consider a multi-stakeholder perspective (consumer, provider, and
system) and simulate the effects of users’ ability to switch between recommender algorithms to select
the recommender which works best for them. Consumers can choose between a “generic” content-based
recommender and a niche content-based recommender [33], which focuses on a single niche genre. The
authors modeled users’ selection based on the perceived utility of the recommendations via two different
decision models. Niche-item consumers and their providers benefit from this non-monolithic setting.
While their work simulates the complexity of multi-stakeholder interactions, our study focuses on
consumers and examines intervention methods applied to the algorithms rather than active algorithm
selection by users.

Hazrati and Ricci [34, 35] shift focus to consumers and analyze how recommendations affect their
choices. In their simulation framework in [34], each user is characterized by a choice model that is the
basis for repeated item selections. The recommender system adapts its subsequent recommendations
to these choices, thereby creating a dynamic feedback loop. They focus mainly on choice diversity
and item relevance, and how personalization affects them. In a subsequent work [35], the authors
explore three alternative choice strategies, in which users tend to primarily select popular, recent, or
highly-rated items. Beyond this, Ungruh et al. [36] go a step further and examine user choice models,
uniquely for each user, to reflect realistic and diverse consumption patterns. Differently from their
focus on the user-level, we aim to assess the properties of the system’s aggregate recommendations
over time.

While many simulation studies address e-commerce or media streaming, there are also works that
study longitudinal effects of recommendations in other areas. Akpinar et al. [37], for example, study
fairness dynamics via simulations and focus on (user-to-user) connection recommendations that are
common on platforms like LinkedIn. They find a rich-get-richer effect that favors the majority (male) user
group. Although fairness interventions improve overall fairness, minority groups remain disadvantaged
in the long run. Their focus on fairness aligns with ours. We extend this line of research by a multi-
metric analysis that also considers further indicators, including prediction accuracy, popularity bias,
and coverage.

Vandeputte et al. [38] focus on longitudinal effects of nutrition recommender systems, where the
system acts as a coach designed to support healthier food choices; whenever a user makes a food choice,
the recommender system suggests an appropriate modification of the selection. After each interaction,
users can adapt their preferences, and the coaching system can adapt the strategy. The simulation
models the interaction as iterated two-player game. The results suggest that non-myopic strategies are
more effective in stimulating behavioral changes. Our work is related to [38] in its focus on societal



value (fairness vs. healthier eating habits). Unlike their work, we employ simulation to understand
emerging system behavior rather than user preference change.

Finally, other simulation forms include reinforcement learning frameworks (“gyms”) [39, 40, 41] and,
recent Generative Al-based user simulations, e.g., [42, 43, 44]. The relation of these studies to our work
is however limited.

3. Methodology

In this section we describe our methodological approach, which is based both on the reviewed literature
and on further theoretical considerations.

Simulation Model. Our general research approach relies on simulation principles, inspired by [20, 21,
35]. The main idea is to repeatedly learn, recommend, and add new interactions from recommendations.
The core of the simulation lies in how we model the behavior of the users, when they are provided with
recommendations by the system. Specifically, the user’s choice model is constructed as follows. The
selection of recommended items is modeled via a uniform distribution, meaning that every presented
item has the same probability of being chosen by a user, i.e., we do not assume any specific presentation-
dependent positional bias®. Once users select items, they are assumed to provide ratings, which are fed
into the underlying rating database. The rating values for the chosen items are drawn from a normal
distribution with ©+ = 4 and ¢ = 0.3. We set these parameters to model a tendency to give feedback
rather to items the user liked, which reflects a specific case of selection bias [8]. For each user and
iteration, a list of top-30 recommendations is generated and evaluated, where in every iteration, users
pick and rate exactly one item from their personalized list. We chose a number of 30 recommended
items per user to reflect real-world dynamics, where users do not necessarily restrict their choices to
the top-10 list, but explore the space of alternatives in slightly more depth [45, 46].

Recommendation and Intervention Methods. To answer our two RQs, we look at eight algorithms
from different families, and we consider two widely-used intervention strategies to ensure fairness and
mitigate popularity bias.

In terms of algorithm selection, we adopt the experimental design from [47, 48], considering two
algorithms from each of the following families. As neighborhood-based and simple graph-based models,
we consider UserKNN [49] and RP33 [50]. EASER [51] and SLIM [52] represent the category of linear
models. To cover matrix factorization models, we choose BPRMF [53] and iALS [54]. As neural models,
NeuMF [55] and Mult-VAE [56] are selected. As a non-personalized baseline we use MostPop.® Optimal
hyperparameter settings were determined for each algorithm and dataset at the beginning of the
simulation based on the procedure from [47].

As intervention methods, we consider xQuAD [11] and Calibration [15]. xQuAD [11] is a method that
re-ranks a given accuracy-optimized recommendation list under additional consideration of popularity
bias. For the re-ranking process, the available items are divided into short head and long tail items. As
in [11], the short head is defined as the smallest set of the most popular items that together account for
80 % of all transactions. The remaining items form the long tail.

As a second re-ranking strategy, we use Calibration [15]. We note that the term calibration is
frequently applied in the context of algorithmic fairness [57, 15], which fits with one of our main goals
of understanding fairness effects from a longitudinal perspective. Specifically, in the implemented
calibration approach, the popularity distributions of users’ historical interactions and recommendations
are compared via the Kullback-Leibler (KL) divergence (the lower the more similar the distributions,

*In real-world applications (such as YouTube), the order of recommendations is commonly shuffled slightly to avoid the
impression of monotone recommendations.

*Additional information and descriptions of the algorithms and datasets are provided in the online material at https://github.
com/MarleneHlr/Longitudinal Simulation.git.
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which is desired). In the original Calibration approach, genre distributions are taken into account, while
in our experimental setup, we categorize the items into popularity bins.

In each of the two intervention methods, a weight parameter w that is set between 0 and 1 controls
the strength of the re-ranking, i.e., the trade-off between accurate and diverse (xQuAD) or popularity-
calibrated (Calibration) recommendations. In our experiments, we explore different weight parameters
w = [0.2,0.4,0.6,0.8] for exploration. A higher value of w corresponds to a greater intervention
influence.

Main Simulation Loop. Algorithm 1 shows the core simulation procedure, implemented in Python
using the Elliot framework [58]. We share all our code and data online. Further simulation parameters,
the optimal hyperparameters for each algorithm and datasets, and our complete set of simulation results
are provided in the online material as well.

Algorithm 1 Longitudinal Simulation (one repetition)

1: procedure SIMULATION(input: dataset, algorithms, number of iterations, distribution parameters
for new ratings, intervention strategies with weights w)

2 for number of iterations do

3 Retrain algorithms and create recommendation lists

4 for all users

5: if intervention strategies # () then

6 for all strategy € intervention strategies do

7 Rerank recommendation lists using strategy

8 with weight w

9

: end for
10: end if
11 for all user € users do
12: Select and rate recommended item according to
13: distribution parameters
14: Update dataset with new rating
15: end for
16: end for

17: end procedure

Datasets and Prefiltering. We consider four publicly available datasets from the music, movie, and
e-commerce domains to study a broader set of use cases in which personalization can have a societally
relevant impact on user behavior. Three datasets are chosen based on [47]: MovieLens-1M*, with over
1,000,000 ratings from 6,040 users on 3,706 movies, Amazon Music?, with 1,584,082 ratings from 840,372
users on 456,992 songs and Epinionsé, with 300,548 ratings from 8,514 users on 8,510 items using only
the ratings from “trustworthy” consumers. We include the smaller MovieLens-100k’ dataset in addition,
as this dataset is frequently used for evaluating computationally complex models in the literature. It
comprises 100,000 ratings from 943 users on 1,682 movies.

As usually done in the related body of literature, we applied a preprocessing step in which we
considered ratings > 4 as positive implicit signals and removed all ratings below that global threshold.
This procedure was applied to MovieLens-100K, MovieLens-1M, and Amazon Digital Music, as they
comprise ratings on a 1-5 scale. For Epinions, a binary dataset, we simply retained the positive
interactions. In a second pre-filtering step, users and items with less than 10 interactions were removed

*https://grouplens.org/datasets/movielens/1m/
*https://cseweb.ucsd.edu/~jmcauley/datasets/amazon_v2/
Shttp://www.trustlet.org/downloaded_epinions.html
"https://grouplens.org/datasets/movielens/100k/


https://grouplens.org/datasets/movielens/1m/
https://cseweb.ucsd.edu/~jmcauley/datasets/amazon_v2/
http://www.trustlet.org/downloaded_epinions.html
https://grouplens.org/datasets/movielens/100k/

from MovieLens-100K and MovieLens-1M. In Amazon Digital Music, users with at least 5 interactions
and items with at least 5 interactions were kept. In Epinions, the minimum number of interactions
regarding users and items was 2. The minimum number of interactions chosen varied due to the
density and size of the datasets. A lower number was used for sparser datasets. We then followed
the commonly used strategy on rating datasets and binarized the three not yet binary ones. We also
removed possible duplicates in all four datasets [47]. Table 1 summarizes the characteristics of the
datasets after pre-processing and filtering as we used them at the beginning of the simulation.

Data Splitting Our simulation process involves repeated model training and evaluation after the
new ratings of the previous step were added, see Algorithm 1. For this process, we apply a common
random train-test split ratio of 80/20.%

Table 1

Dataset characteristics at the beginning of the simulation (i.e., after preprocessing).
Dataset #Users #ltems Ratings Ratings/User Sparsity
Moviel ens-100k 887 822 52,764 59.49 0.927
Movielens-1M 5,949 2,810 571,531 96.07 0.965
Amazon Music 10,631 8,594 104,546 9.83 0.998
Epinions 8,485 8,462 300,017 35.36 0.995

Metrics. We use accuracy, beyond-accuracy, and 4Good metrics to assess algorithm performance at
every timestep, resulting in a multi-metric evaluation over time; Table 2 provides an overview of the
used metrics. Generally, we repeated the simulations 5 times, and we report average results in Section 4.

Table 2
Overview of metrics used in the experiments.
Accuracy
NDCG Normalized Discounted Cumulative Gain [47], a commonly used accuracy
metric.
Beyond Accuracy
Coverage Coverage reflects the total number of unique recommended items across all
users, see [20].
Diversity Gini Index: Quantifies the distribution inequality in the dataset. Lower values
indicate lower inequality and are desirable [59].
4Good
Popularity Bias ARP (Average Recommendation Popularity): Measures the popularity bias

of the recommendations based on the general popularity of each item in the
dataset [60]. Lower values are considered better.
ACLT (Average Coverage of Long-tail Items): Quantifies the fraction of non-
popular items the recommender algorithm has covered. We recall that we
rely on the definition from [11] to distinguish long-tail from short-head items.
Higher values are desirable.

Fairness PopREO (Popularity-based Ranking-based Equal Opportunity): Assesses
whether algorithm performance (measured via Recall)) is equal across groups
of popular and non-popular items [24]. Lower values indicate higher fairness.

*We note that this procedure intentionally does not reflect temporal consumption developments. Instead, the random splitting
procedure allows us to preserve the overall user and item distribution during the simulation and leads to a consistent
evaluation approach as the dataset grows.
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Figure 2: Coverage over time for MovieLens-1M (left) and Epinions (right).

4. Evaluation & Discussion

In this section, we report results for one dense dataset (MovieLens-1M) and one sparse dataset, (Epinions),
while only highlighting similar or different trends in Amazon Digital Music and MovieLens-100k. As our
experiments use dynamically evolving datasets based on simulated feedback loops, traditional statistical
tests for comparisons between recommender algorithms cannot be applied. We therefore focus on
identifying longitudinal trends. This evaluation approach is consistent with previous simulations in the
literature [21, 20, 19].

Accuracy. In line with previous studies [61, 62, 51], we find that simple models, and in particular
linear models, perform surprisingly well in accuracy on both datasets. This observation is stable over
time, see Figure 1. In the long run, iALS achieves the highest accuracy, as model confidence grows
with user-item interactions [54]. Notably, the more recent NeuMF approach does not reach similar
performance levels and also does not profit from the growing dataset. Similar trends regarding accuracy
can be observed for the MovieLens-100k and Amazon Digital Music datasets. We note that we expect
generally increasing NDCG values across models due to a growing number of interactions, both per
user and overall.

Beyond Accuracy. Figure 2 shows the Coverage results. The neural models (NeuMF and Mult-VAE)
and UserKNN achieve the highest coverage on both datasets. At the same time, as indicated above,
NeuMF’s accuracy is only medium at best, while UserKNN and Mult-VAE lead to medium to high
accuracy. In contrast, the models that were best in accuracy (iALS and EASER) are at the lower end of
coverage, indicating a trade-off between coverage and accuracy.
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Figure 3: Gini Index over time for MovieLens-1M (left) and Epinions (right).

Furthermore, the performance in terms of coverage may depend on dataset characteristics. The RP33
method, for example, is among the top performers on the sparse Epinions dataset, but its coverage is
mediocre and degrades fast on the dense MovieLens-1M dataset. Similarly, the coverage of BPRMF is
relatively low for the sparse dataset. Generally, we find that several algorithms, including the highly-
accurate linear models EASER and SLIM can lead to a decreased coverage over time. This indicates that
these models learn to focus on a smaller set of items over time, leading to the potentially undesired
effect that some items of the catalog are not recommended to anyone at all. Considering broader social
implications, we note that there are various domains where it is important that all items in the catalog
receive a certain level of exposure through recommendations, e.g., on job platforms [63]. Similar trends
regarding coverage can be observed for the MovieLens-100k and Amazon Digital Music datasets, again
with stronger coverage degradations for the sparse Amazon dataset.

Our Diversity results in terms of the Gini Index are shown in Figure 3. The findings align well with
those for coverage in that the neural models exhibit a favorable behavior. On both datasets, their Gini
Index values are on the lower end, indicating limited concentration effects and good diversity. Likewise,
the linear models tend to lead to a stronger concentration effect over time, which may also be seen
as a reduced level of personalization [20]. Again, dataset characteristics seem to play a role. On the
sparse Epinions dataset, BPRMF exhibits a quite strong concentration tendency, whereas RP33 initially
even leads to an increase in diversity and only a slow decrease afterwards. Overall, however, we find
that all algorithms, somewhat paradoxically, induce a decrease of aggregate diversity, despite being
designed to cater for individual preferences. This finding confirms earlier observations from [64]. An
exception is NeuMF on the small MovieLens-100k dataset, where we observed that NeuMF is actually
able to consistently increase diversity. Furthermore, for the Amazon Music Dataset, we found that RP33
initially exhibited a similar pattern as on Epinions, but diversity decreased significantly over time.

4Good Metrics. We start our discussion of 4Good metrics with an analysis of potential popularity
bias in the algorithms, including the two intervention strategies. Figure 4 shows the outcomes for the
ARP metric. Generally, we expect all ARP values to grow over time, given that new ratings are added to
the data in each simulation step. The observed increase in popularity is however over-proportional.
For a random recommender system, where each item has a uniform chance to be recommended, the
popularity of each item should increase in each round by one (Epinions) or two (MovieLens-1M) items
per simulation step. For Epinions, for example, we have 8,485 users and 8,462 items. Adding one new
rating per user and simulation round means 8,485 new ratings would lead to an average increase in
ARP per item of about 1 (Sﬁgg ~ 1). Looking at the results in Figure 4, we however see that the ARP of
the recommended items increases markedly stronger, indicating an increasing popularity bias.
Generally, the differences between algorithms in terms of popularity bias can be substantial, and
sometimes dependent on the dataset characteristics. iALS generally exhibits low bias on both datasets
in Figure 4, whereas BPRMF, as observed also in [20], commonly has a strong tendency to recommend
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Figure 4: ARP over time for MovieLens-1M (left) and Epinions (right): Plain algorithm results shown in top row,
results after interventions in bottom row.

popular items. The performance of other methods like SLIM is varying across the datasets. On the
sparse Epinions dataset, the popularity reinforcement of BPRMF is particularly striking. We found
similar popularity bias results for the MovieLens-100k and Amazon Music datasets. In particular, SLIM
shows a high popularity bias for the former dataset and a relatively low bias for the latter dataset.

The effectiveness of bias mitigation can best be seen for the MovieLens-1M dataset. Focusing on
the BPRMF and the EASER methods as baselines, we see that the effects are lasting over time, i.e.,
the methods effectively reduce the bias throughout the simulation horizon. We however observe
that relatively high influence weights (0.6, 0.8) have to be used to achieve a notable effect. On the
sparse Epinions dataset, the effectiveness of the intervention strategies can be quite limited, calling
for alternative intervention strategies for sparse datasets. The intervention strategies lead very similar
results for MovieLens-100k and Amazon Music, respectively.

Regarding the ACLT metric, see Figure 5, we observe that the neural models are most effective in
recommending items from the long tail for both datasets. The models with highest accuracy values, e.g.,
iALS, SLIM and EASE®, on the other hand, almost never recommend items with very low popularity.
An interesting observation is that iALS is very good at identifying and recommending items that
are not ‘blockbusters’ (low ARP), but at the same time is effective in avoiding items that may be
too niche (low ACLT). The general patterns are similar for both datasets.” For the MovieLens-100k
and Amazon Digital Music datasets, we found that iALS ultimately leads to ACLT results that are
competitive with those of the neural models, a phenomenon we did not observe for the other datasets.
Considering the intervention strategies, we again see that the interventions have a sustained effect,
with the xQuAD method often being more effective than Calibration. Depending on the algorithm and
dataset characteristics, the effects can however be modest, even when comparably high weight values

?Only RP38 stands out for the sparse Epinions dataset, which starts with a strong coverage of long-tail items, but after a few
simulation steps increasingly moves to recommending more popular items.
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Figure 5: ACLT over time for MovieLens-1M (left) and Epinions (right): Plain algorithm results shown in top
row, results after interventions in bottom row.

are chosen. For better readability, we show the effects of the interventions separately in the lower
row of Figure 5. For the MovieLens-100k and Amazon Digital Music datasets, xQuAD consistently
outperforms Calibration over time.

The Fairness results in terms of the PopREO metric are finally shown in Figure 6. Again, looking
at the MovieLens-1M dataset, we can observe that high accuracy, as achieved for example by iALS or
EASE®, can stand in contrast with fairness properties of a model. Neural models like Multi-VAE can be
favorable from a fairness perspective, and their level of fairness can be further increased through an
appropriate fairness-enhancing intervention. In fact, combining Mult-VAE with the xQuAD strategy
leads to the best fairness effects on both datasets. However, the fairness results are less consistent for
the very sparse Epinions dataset. In some cases, e.g., for BPRMF, a method with high popularity bias,
the fairness of the recommendations can even decrease over time, and the fairness intervention can
have limited effects even when relatively high weights are chosen. Similar fairness results are also
observed in Amazon Digital Music, where a combination of Mult-VAE and xQuad performs best. For
MovieLens-100k, in contrast, EASE’? with xQuAD actually leads to the best fairness result. Interestingly,
on this small dataset, iALS is able to balance the accuracy-fairness trade-off very well over time.

5. Implications, Limitations and Outlook

The literature shows that one can easily overlook important undesirable effects of algorithm recom-
mendations, e.g., strong biases and low fairness, when focusing exclusively on accuracy metrics. In
this work, we analyzed such effects from a longitudinal perspective. Our analyses revealed strong
differences across algorithms when applying a multi-metric analysis. A main result of our simulations is
that existing intervention methods like xQuAD or Calibration, when configured appropriately, can have
a sustained effect. A societal implication of this finding thus is that properly configured interventions
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Figure 6: PopREO over time for MovieLens-1M (left) and Epinions (right): Plain algorithm results shown in top
row, results after interventions in bottom row.

can lead to improved exposure opportunities for underrepresented items in the long term. In the music
domain, for example, songs from emerging artists or from less popular genres, can gain and maintain
greater visibility through these interventions over time.

From a practical perspective, it is generally important to understand the relative importance of
different recommendation qualities in a given use case (e.g., accuracy vs. fairness). Our analysis
however, also showed that the characteristics of the dataset can largely impact both the effectiveness of
the models and the intervention strategies. Thus, careful analyses are required before deploying models
in practice, and the work presented in our paper aims to provide practical guidance in such situations.

Our present work does not come without limitations. Generally, like previous works, our simulation
approach is based on certain assumptions regarding item consumption, including simplifications of
modeling user choices, i.e., we neither consider individual user behavior patterns nor different user
selection and rating propensity, which may not fully capture real-world dynamics [36]. Additionally,
users in our simulation cannot switch between recommender algorithms based on the utility of the
recommendations they receive [32]. Besides, the observed reinforcement patterns may have a different
strength in practice.

Furthermore, we are aware that fairness is a complex and multi-faceted construct, which cannot be
easily captured through computational metrics alone [7, 65, 66]. Thus, our research shares limitations of
other works that rely on computational metrics, which only serve as a rough proxy for fairness aspects
in reality. Moreover, the widely used metrics we report are similar and likely correlated. Nonetheless,
despite these limitations, we are confident that our work represents an important step towards a better
understanding of longitudinal effects of recommender systems. Furthermore, our simulation-based
approach to modeling user behavior provides a contribution to ongoing research on social unfairness,
without facing potential ethical issues of experiments with real users.

In terms of future work, we, for example, plan to consider a dynamic catalog of users and items, and



we will consider demographic information like (e.g., age, gender) [67] to enable subgroup and more
detailed individual fairness analyses.
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