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Abstract
Data minimization, required by recent data privacy regulations,
is crucial for user privacy, but its impact on recommender sys-
tems remains largely unclear. The core problem lies in the fact
that reducing or altering the training data of these systems can
drastically affect their performance. While previous research has
explored how data minimization affects recommendation accuracy,
a critical gap remains: How does data minimization impact con-
sumers’ and providers’ fairness? This study addresses this gap by
systematically examining how data minimization influences multi-
ple objectives in recommender systems, i.e., the trade-offs between
accuracy, user fairness, and provider fairness. Our investigation in-
cludes (i) an analysis of how the data minimization strategies affect
RS performance across these objectives, (ii) an assessment of data
minimization techniques to determine those that can balance better
the trade-off among the considered objectives, and (iii) an evalua-
tion of the robustness of different recommendation models under
diverse minimization strategies to identify those that best main-
tain performance. The findings reveal that data minimization can
sometimes undermine provider fairness, albeit enhancing group-
based consumer fairness to the detriment of accuracy. Additionally,
different strategies can offer diverse trade-offs for the assessed
objectives. The source code supporting this study is available at
https://github.com/salvatore-bufi/DataMinimizationFairness.
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1 Introduction
Recommender Systems (RSs) have become a cornerstone for mod-
ern digital platforms, powering personalized content delivery across
e-commerce, media streaming, and social networks [24, 27, 28, 35].
These systems rely on extensive user data to accurately infer pref-
erences and produce highly tailored recommendations. However,
growing concerns about user privacy, data security, and system
scalability create a significant tension between the need to main-
tain high-quality recommendations and the increasingly important
requirement to minimize data collection [14, 16]. This tension is fur-
ther intensified by rigid regulatory frameworks like the GDPR [3],
CCPA [1], CPRA [2], and PIPL [4], which command principles such
as data minimization. The legal principle of data minimization un-
derscores the need to collect only the strictly necessary data for a
specific purpose. Given these regulations, many works have started
to study the effects and risks of data minimization on machine
learning-driven systems [9, 18, 39, 44]. In the realm of recommen-
dation, Biega et al. [7] performed pioneering work to understand
the performance-based effects of data minimization on system ac-
curacy. Hence, other works have analyzed the influence of data
minimization on privacy [15], algorithmic bias [9], and individual
users’ accuracy [37] performance of recommendations. Nonethe-
less, data minimization reshapes available user-item interactions by
discarding or selectively retaining interactions, potentially altering
the distribution of users and items. These alterations can amplify
existing biases and undermine system fairness from consumer and
producer perspectives. For this reason, it is pertinent to ask: To what
extent does data minimization risk to impact fair exposure of items?
Can data minimization favor privileged user groups with higher-
quality recommendations? For example, a popular item may appear
underrepresented in a minimized dataset if many interactions are
removed, potentially pushing it into the long-tail category and
reducing its visibility. Similarly, specific user groups may receive
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less accurate or less diverse recommendations, further widening
existing disparities. While these risks are evident, a comprehensive
understanding of the broader ramifications of data minimization
on accuracy and fairness remains lacking, highlighting a critical
gap in current research, given the increasing emphasis on fairness
[6, 12, 31, 32, 43] in RSs.

This study bridges the gap by systematically investigating the
interplay between data minimization, accuracy, and fairness in rec-
ommendation. To this end, we investigate how data minimization
singularly impacts the accuracy and fairness of recommendations by
identifying observable trade-offs. Then, we adopt a multi-objective
evaluation approach to audit to what extent different data minimiza-
tion strategies can preserve RS performance onmultiple dimensions.
Finally, we analyze how different recommendation models are ro-
bust to data minimization, maintaining a balance between accuracy
and fairness. In summary, our key contributions are the following:

• We experimentally evaluate the impact of data minimization on
recommendation accuracy, consumer fairness, and provider fair-
ness across various data minimization strategies and real-world
datasets. The evaluation demonstrates that the effectiveness of
data minimization cannot be evaluated by accuracy alone but
must consider how it affects different stakeholders in the system.

• We adopt a multi-objective evaluation approach to study which
data minimization strategies can simultaneously preserve recom-
mendation performance when considering multiple aspects. Our
findings reveal that strategies that can shape better user profiles
are crucial to avoid alterations in recommendation performance.

• We investigate the effects of data reduction on various recom-
mendation algorithms, including neighborhood-based, matrix
factorization, autoencoder-based, and graph-based methods. We
understand how different model architectures react to data mini-
mization when balancing the competing objectives of accuracy
and fairness. We show that graph-based and factorization-based
models can preserve recommendation performance under strong
minimization conditions.

2 Related Work
User privacy [10, 13, 26] and data privacy [22, 45] have become a
critical concern in recommender systems research, driven by reg-
ulations such as the GDPR, CCPA, CPRA, and PIPL. These legal
frameworks mandate that only data necessary for a specific pur-
pose be collected, creating tension between the extensive datasets
typically required by recommender systems and the principle of
data minimization.

Several works have begun to explore how to reconcile the need
for personalized recommendations with the constraints imposed by
these regulations. Biega et al. [7] introduced operational definitions
of data minimization aimed at maintaining system quality while
satisfying legal requirements. However, they also pointed out that
minimization can worsen outcomes for specific user groups if not
carefully managed. A family of works focuses on designing data
minimization techniques to be integrated during model training to
retain acceptable accuracy performance. Shanmugam et al. [36] pro-
posed FIDO, a strategy that adaptively restricts data collection based
on performance scaling rules, illustrating how data minimization
can be integrated directly into trainingworkflows. Sonboli et al. [37]

have explored the trade-off between reducing data and maintaining
accuracy at the user level by using active learning approaches that
select only highly informative user-item interactions. While these
methods can improve efficiency, they can also worsen outcomes for
groups with sparse interaction histories. Other works [38, 42] study
the effects of data reduction on environmental factors, showing
that smaller datasets obtained through data reduction lead to re-
duced energy consumption but may compromise recommendation
accuracy. Regarding the interplay between data minimization and
fairness, Clavell et al. [9] highlight the complexities of simultane-
ously addressing privacy, performance, and fairness, emphasizing
the need for more comprehensive frameworks to evaluate these
trade-offs.

The existing works concentrate on a single objective—such as
privacy, bias, or accuracy—rather than investigating how these fac-
tors interact in a unified manner. Our work extends the current
state-of-the-art by systematically examining how data minimiza-
tion strategies simultaneously affect both accuracy and fairness in
recommender systems.

3 Experimental Setup
This research carries out a comprehensive investigation into the
effects of data minimization on recommender systems, moving
beyond a simple accuracy analysis to consider its broader implica-
tions for both users and item providers. In this section, we detail
the experimental setup employed to address the following research
questions:

RQ1: How does data minimization impact the accuracy, provider
fairness, and consumer fairness of recommendations? What
are the observable trade-offs at the strategy level?

RQ2: Which dataminimization strategies most effectively preserve
recommender system performance compared to training on
the full dataset?

RQ3: How robust are different recommendation models to data
minimization, particularly concerning maintaining a balance
between accuracy and fairness?

3.1 Dataset
Our experiments were conducted using two datasets to ensure a
comprehensive evaluation: MovieLens1M (ML1M) [20] and Am-
bar [19]. Setting a minimum interaction threshold is essential when
studying data minimization since it ensures each user profile is
represented well enough for reliable model training and evalua-
tion [7]. For this reason, we preprocessed both datasets to guarantee
sufficient representation for each user and item, aligning with the
methodology of Biega et al. [7]. In ML1M, we selected users who
have at least 45 ratings in their profile. Furthermore, we subsampled
the dataset to 2500 users, covering 3605 items and totaling 522152
ratings. The resulting dataset has a density of 0.0579, with a median
of 137 interactions per user and an average of 208.86. In Ambar,
we applied an iterative 45-core filtering, ensuring that each user
rated at least 45 items and that at least 45 users rated each item. We
then subsampled the dataset to 2500 users, 4996 items, and 214678
total ratings, resulting in a density of 0.0172. The median number
of interactions per user is 74, with an average of 85.87.
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3.2 Evaluation Protocol
Our experimental evaluation aims to emulate a real-world scenario
in which users can grant permission for their data storage. Hence,
solely data related to users who allowed their data storage explicitly
are included in the analysis, resulting in a reduced dataset called
Minimization Data (𝐷𝑀 ).

To create this scenario, the users of the entire dataset are ran-
domly divided into two groups. The first group, representing 70%
of all users, simulates those who do not consent to data storage and
are excluded from the experiments. The second group consists of
the remaining 30% of users who have consented to their data being
stored. The interaction data related to these users constitute 𝐷𝑀 .
Within 𝐷𝑀 , each user’s ratings are further partitioned into three
sets: a candidate set (70%), a validation set (10%), and a test set (20%).
The candidate set serves as a pool of user data from which different
minimization strategies can select a subset of ratings to train the
system. Data is selected from this candidate set using a specific
data minimization strategy and a minimization parameter 𝑛, which
indicates the number of items to choose for each user. The study
uses the following values for 𝑛 = {1, 3, 7, 15, 100}. This approach
draws inspiration from Biega et al. [7] but adapts it to a practical
scenario, where individual user choices determine the availability
of their data to the system.

3.3 Algorithms and Metrics
To provide a comprehensive view of how data minimization affects
different types of recommender systems, we consider five represen-
tative algorithms spanning different methodological families:

• LightGCN [21] is a graph-based model that simplifies the aggre-
gation process of Graph Convolutional Networks by eliminating
the feature transformation step and non-linear activation func-
tions. It aggregates messages from neighboring nodes linearly,
assigning equal weights to all edges.

• User-kNN [34] is a neighborhood-based model that computes
recommendations by identifying the nearest neighbors of a tar-
get user and aggregating their preferences. Similarity between
users is typically defined based on the overlap of items they
have co-rated, and final predictions are derived from a weighted
combination of neighbor ratings.

• BPRMF [33] is a pairwise learning-to-rank method based on
matrix factorization.

• EASE𝑅 [41] is a linear model conceptually resembling an autoen-
coder by computing a closed-form item-item similarity matrix.

• MultiVAE [25] harnesses a deep variational autoencoder to learn
non-linear latent representations from entire user interactions.

We evaluate the quality of recommendations of the selected al-
gorithms through nDCG [23]. Furthermore, we select two fairness-
related metrics to assess the impact of data minimization on rec-
ommendation performance on consumer and provider fairness:

• Mean Absolute Deviation (MAD) [11]: it measures the dis-
parity in recommendation quality across different user groups.
Formally, let 𝑄𝑢 denote the quality of the recommendation for
the user 𝑢 and let U𝑥 and U𝑦 be two distinct groups of users.
The mean absolute deviation (MAD) between these groups is

defined as:

𝑀𝐴𝐷

(
Q(U𝑥 ) ,Q(U𝑦 )

)
=

�����∑𝑥∈U𝑥
𝑄𝑥

|U𝑥 |
−
∑

𝑦∈U𝑦
𝑄𝑦��U𝑦

��
����� . (1)

When the users are partioned in more than two groups, MAD val-
ues are calculated for all possible pairwise group combinations.
The final metric is derived as the mean of these computed MAD
values. A smaller MAD value implies more equitable treatment
across the groups, whereas a larger MAD reveals greater discrep-
ancies and, thus, a higher degree of group-level unfairness. In our
experiments, we use nDCG as the quality metric. In the ML1M
dataset, users are partitioned by gender, while users are grouped
by continent for the Ambar dataset.

• Ranking-based Statistical Parity (RSP) [46]: it measures how
evenly different item categories are exposed to users in the top-𝑘
positions. Let us denote 𝑐𝑖 as the item categories, and 𝑃

(
𝑅@𝑘 | 𝑐𝑖

)
the probability of a user encountering items in category 𝑐𝑖 among
the top-𝑘 recommendations (𝑅@𝑘). The RSP@𝑘 is defined as:

𝑅𝑆𝑃@𝑘 =

𝑠𝑡𝑑

(
𝑃
(
𝑅@𝑘 | 𝑐1

)
, . . . , 𝑃

(
𝑅@𝑘 | 𝑐𝑛

) )
𝑚𝑒𝑎𝑛

(
𝑃
(
𝑅@𝑘 | 𝑐1

)
, . . . , 𝑃

(
𝑅@𝑘 | 𝑐𝑛

) ) (2)

where 𝑠𝑡𝑑 (·) and 𝑚𝑒𝑎𝑛(·) denote the standard deviation and
mean, respectively. A lower RSP indicates that the ranking prob-
abilities are more evenly distributed, signifying less bias in how
items are exposed to users. For ML1M, we categorize items into
four release-year ranges. In the Ambar dataset, we group items
by their continent of origin.

We also employ the Hypervolume (HV) [17] as a multi-objective
metric to assess the model performance on accuracy, consumer, and
provider fairness simultaneously. We choose the reference point
𝑟 = (1, 1.5, 1) for the three objectives: nDCG, RSP, and MAD.

3.4 Reproducibility Details
We adopt the all-unrated-items protocol [40], where the recom-
mendable items are those not previously interacted with for each
user. In our experiments, the embedding size is fixed at 64, and the
batch size and the maximum number of epochs are 1024 and 300,
respectively. Furthermore, we tune the model’s hyper-parameters
through grid search. For BPRMF and LightGCN, the learning rate
and the regularization term are tuned in {0.01, 0.005, 0.001}. The
number of layers in LightGCN is set to 2. EASE𝑅 is tuned by
varying its regularization factor in {500, 1000, 5000}. Moreover, for
UserKNN, the neighborhood size is searched in {20, 30, 50}, while
we use Cosine and Jaccard as similarity measures. Finally, for Multi-
VAE, the learning rate is tuned in {0.01, 0.001} while the dimension
of both the latent representation and the hidden layer is searched
in {100, 200}. Combining all hyperparameter explorations for every
model and strategy resulted in 2345 total trained models. We select
the best models by adopting nDCG@10 as the validation metric,
employing a patience value of 5 epochs for early stopping. Then,
model performance results are computed on the test set. All the
metrics are measured with a cutoff at 10, i.e., considering the top 10
suggested items to each user. To foster reproducibility, the models
are trained using the reproducibility framework Elliot [5].
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3.5 Data Minimization Strategies
In our study, we evaluate several approaches to minimize user
data. These strategies are designed to select subsets of user-item
interactions that serve as input to the system. In this paper, we
study the data minimization strategies explored by Biega et al. [7],
aiming at broadening their assessment to fairness issues. We briefly
describe such strategies in the following.
Full data.This baseline utilizes the complete set of user interactions
without minimization. This strategy serves as a reference point
against which the effectiveness of all other strategies is measured.
Formally, the system observes all interactions in the user history.
Random selection. This approach randomly selects 𝑛 interactions
from each user’s history. Although randomness may introduce
variability, the average profile characteristics of users are often
preserved due to the sampling process.
Most recent. This strategy selects the 𝑛 most recent user interac-
tions by assuming that recent behaviors are more relevant to the
recommendation task. The effectiveness of this method depends
on the temporal data distribution. Long observation periods may
lead to performance variation when compared to random selection.
We do not apply this strategy to the Ambar dataset due to lack of
timestamp information.
Most and least favorite. These techniques select the 𝑛 items
with the highest or lowest scores for users, respectively. While
the former emphasizes user preferences, the latter explores how
negative interactions influence recommendations.
Most rated. This method selects 𝑛 items rated most frequently in
the dataset for each user. This global popularity measure identifies
items that are statistically significant within the system.
Most characteristic. It selects items based on their proximity to
the average item profile. Each item is represented as a binary vector
indicating which users have interacted with it. The average item
profile is computed by averaging all these binary vectors in the
system. We calculate the Euclidean distance for each item between
its binary representation and this average vector. Items with lower
distances are deemed more representative of the overall trends and
are therefore considered “most characteristic.” For each user, we
select the 𝑛 items they have interacted with closest to the system-
wide profile, ensuring that the retained items best capture standard
user behavior while avoiding niche or rarely rated items.
Highest variance. This strategy prioritizes items with the highest
variability in their ratings across all users. Items with high vari-
ance are considered more informative as they capture diverse or
polarizing opinions. The 𝑛 items with the highest rating variance
are selected for each user.

4 Results and Discussion
This section presents the empirical findings that address our three
research questions.

4.1 Impact of Data Minimization (RQ1)
We answer RQ1 by discussing the impact of data minimization
strategies on the accuracy, provider fairness, and consumer fairness
of recommendation algorithms. Tables 1 and 2 report the model’s

performance measured with nDCG, RSP, MAD, and HV (see Section
3.3) for various minimization strategies and parameter 𝑛 values for
the ML1M and Ambar datasets, respectively. For each metric, we
report the percentage differences in the performance between the
considered strategy and the “full” strategy in parenthesis. Following
Biega et al. [7], we say that minimization has a low impact on
accuracy if the difference in nDCG is statistically insignificant or
minimal. From the fairness perspective, minimization positively
(negatively) impacts fairness if it strongly reduces (increases) the
values of RSP and MAD, for which the lower, the better.
Impact on accuracy. Data minimization seriously alters the ac-
curacy of recommendation algorithms. Reducing the parameter
𝑛 affects recommendation accuracy, measured by nDCG, across
datasets, models, and minimization strategies. This analysis corrob-
orates the insights from Biega et al. [7], revealing that smaller 𝑛
leads to a consistent drop in accuracy. Specifically, extreme mini-
mization (𝑛 = 1) results in accuracy reductions that generally exceed
90% for many configurations, rendering recommendations imprac-
tical, as users cannot receive relevant suggestions. The accuracy
performance loss is smaller but still noteworthy for moderate mini-
mization (𝑛 = 3 and 𝑛 = 7). At 𝑛 = 15, dataset-specific differences
emerge. In ML1M, the drop in accuracy remains pronounced, while
the nDCG values become more acceptable for specific strategies in
Ambar. Interestingly, the “Most Favorite” strategy even improves
accuracy compared to the “full” strategy in some cases. At 𝑛 = 100,
accuracy differences become minimal or statistically insignificant
in Ambar, demonstrating the feasibility of data minimization in this
dataset under moderate conditions. In ML1M, performance differ-
ences remain measurable but less severe than smaller 𝑛 values.
Impact on provider fairness. Data minimization introduces vari-
ability in provider fairness, as measured by RSP. Lower 𝑛 values
lead to inconsistent changes in RSP, with both improvements (neg-
ative changes compared to the “full” strategy) and deteriorations
(positive changes) observed. This variability indicates a loss of con-
trol over provider fairness, particularly at smaller 𝑛, where fairness
outcomes become unpredictable. Regarding the Ambar dataset, the
relationship between accuracy and provider fairness is evident:
strategies achieving higher nDCG often induce worse provider
fairness. For example, the “Most Rated” strategy, which excels in
accuracy, consistently increases RSP compared to the “full” strategy,
indicating fairness degradation. In contrast, the “Most Characteris-
tic” strategy sacrifices accuracy but consistently improves provider
fairness, highlighting a trade-off between these two objectives.
Impact on consumer fairness. Data minimization generally en-
hances consumer fairness, as lower MAD values indicate. This im-
provement mainly stems from a reduction in overall nDCG, which
levels the quality of recommendations across user groups to the
detriment of overall recommendation relevance.
Impact of strategies. The interplay between data minimization
and the objectives of accuracy, provider fairness, and consumer fair-
ness is intricate, with varying impacts on recommendation perfor-
mance. To unravel these complexities, we analyze the minimization
strategies to identify patterns in their performance when 𝑛 ≤ 15.
The “Most Rated” strategy, which emphasizes the presence of pop-
ular items in the training dataset, generally achieves the best or

117



Auditing the Impact of Data Minimization on Fairness and Accuracy Trade-off in RSs UMAP ’25, June 16–19, 2025, New York City, NY, USA

Table 1: Performance results of all models on the ML1M dataset across different minimization strategies and values of 𝑛. The
percentage difference between each value and the corresponding value obtained with the full strategy is indicated below each
result. For each scenario, bold and underline stand for best and second-to-best values, respectively. All results are statistically
significant based on paired t-tests (𝑝 < 0.05), except for the values denoted with †.

Strategy 𝑛 = 1 𝑛 = 3 𝑛 = 7 𝑛 = 15 𝑛 = 100

nDCG↑ RSP↓ MAD↓ HV↑ nDCG↑ RSP↓ MAD↓ HV↑ nDCG↑ RSP↓ MAD↓ HV↑ nDCG↑ RSP↓ MAD↓ HV↑ nDCG↑ RSP↓ MAD↓ HV↑

UserKNN

Random 0.0405
(-87.52)

0.7432
(73.69)

0.0028
(-93.62)

0.7852
(-21.48)

0.0497
(-84.7)

0.2577
(-39.77)

0.009
(-79.76)

1.2922
(29.22)

0.0711
(-78.09)

0.379
(-11.43)

0.0155
(-65.0)

1.182
(18.2)

0.0977
(-69.89)

0.5374
(25.59)

0.0306
(-31.09)

1.0243
(2.43)

0.2351
(-27.55)

0.4241
(-0.88)

0.023
(-48.17)

1.2982
(29.82)

Most Recent 0.027
(-91.68)

0.9834
(129.83)

0.0052
(-88.26)

0.5277
(-47.23)

0.0443
(-86.34)

0.573
(33.91)

0.0061
(-86.32)

0.9622
(-3.78)

0.0736
(-77.3)

0.4608
(7.68)

0.0046
(-89.57)

1.1106
(11.06)

0.1165
(-64.11)

0.4273
(-0.15)

0.0002
(-99.64)

1.1975
(19.75)

0.2556
(-21.21)

0.4617
(7.89)

0.0216
(-51.36)

1.2756
(27.56)

Most Favorite 0.0509
(-84.31)

0.6137
(43.43)

0.0098
(-78.0)

0.9223
(-7.77)

0.0713
(-78.02)

0.4552
(6.38)

0.0105
(-76.33)

1.1075
(10.75)

0.0984
(-69.67)

0.4927
(15.14)

0.0165
(-62.94)

1.0882
(8.82)

0.1395
(-57.01)

0.5473
(27.9)

0.0192
(-56.69)

1.0647
(6.47)

0.2838
(-12.53)

0.4362
(1.93)

0.0508
(14.34)

1.2964
(29.64)

Least Favorite 0.0442
(-86.38)

1.0051
(134.9)

0.0054
(-87.91)

0.514
(-48.6)

0.0336
(-89.65)

0.6857
(60.25)

0.0041
(-90.73)

0.8382
(-16.18)

0.053
(-83.66)

0.3819
(-10.75)

0.0022
(-95.05)

1.1748
(17.48)

0.0782
(-75.9)

0.6994
(63.45)

0.0047
(-89.33)

0.8591
(-14.09)

0.2248
(-30.73)

0.4354
(1.74)

0.0248
(-44.09)

1.2716
(27.16)

Most Rated 0.0921
(-71.61)

1.0067
(135.26)

0.0159
(-64.2)

0.5302
(-46.98)

0.1447
(-55.4)

1.0039
(134.61)

0.0157
(-64.54)

0.559
(-44.1)

0.2069
(-36.23)

0.9652
(125.57)

0.0297
(-33.02)

0.6262
(-37.38)

0.2518
(-22.38)

0.7458
(74.3)

0.0491
(10.58)

0.8978
(-10.22)

0.3105
(-4.31)

0.3669
(-14.25)

0.0403
(-9.15)

1.425
(42.5)

Most Characteristic 0.0025
(-99.22)

0.9607
(124.51)

0.0008
(-98.12)

0.5402
(-45.98)

0.0049
(-98.48)

0.4391
(2.61)

0.0005
(-98.87)

1.0656
(6.56)

0.011
(-96.62)

0.1799
(-57.95)

0.0024
(-94.54)

1.3313
(33.13)

0.033
(-89.82)

0.286
(-33.16)

0.0048
(-89.23)

1.2481
(24.81)

0.2122
(-34.59)

0.3446
(-19.47)

0.0178
(-59.9)

1.3757
(37.57)

Highest Variance 0.0152
(-95.32)

0.8777
(105.12)

0.0004
(-99.03)

0.6315
(-36.85)

0.0381
(-88.27)

0.1019
(-76.19)

0.004
(-90.91)

1.4455
(44.55)

0.0687
(-78.82)

0.3048
(-28.77)

0.0102
(-77.08)

1.2643
(26.43)

0.1198
(-63.07)

0.4355
(1.78)

0.01
(-77.5)

1.1801
(18.01)

0.2756
(-15.06)

0.4153
(-2.94)

0.0251
(-43.52)

1.3489
(34.89)

BPRMF

Random 0.0358
(-88.82)

0.3937
(-30.35)

0.0043
(-82.55)

1.1409
(14.09)

0.0453
(-85.85)

0.4242
(-24.95)

0.009
(-63.94)

1.1144
(11.44)

0.0538
(-83.18)

0.4735
(-16.23)

0.0108
(-56.69)

1.0701
(7.01)

0.0923
(-71.16)

0.6841
(21.02)

0.013
(-47.48)

0.8796
(-12.04)

0.2329
(-27.25)

0.4274
(-24.38)

0.0161
(-35.35)

1.3011
(30.11)

Most Recent 0.0275
(-91.4)

0.456
(-19.32)

0.0003
(-98.72)

1.0723
(7.23)

0.0388
(-87.87)

0.5041
(-10.82)

0.0122
(-50.97)

1.0219
(2.19)

0.0471
(-85.3)

0.448
(-20.75)

0.0071
(-71.31)

1.0937
(9.37)

0.0924
(-71.15)

0.5417
(-4.17)

0.0115
(-53.72)

1.0348
(3.48)

0.2396
(-25.14)

0.4838
(-14.41)

0.0012
(-95.35)

1.2582
(25.82)

Most Favorite 0.0348
(-89.13)

0.2236
(-60.45)

0.0023
(-90.81)

1.3178
(31.78)

0.0588
(-81.63)

0.3714
(-34.29)

0.011
(-55.82)

1.1818
(18.18)

0.0889
(-72.24)

0.5047
(-10.71)

0.0288
(15.71)

1.0526
(5.26)

0.1215
(-62.04)

0.6164
(9.05)

0.0226
(-8.95)

0.9685
(-3.15)

0.2823
(-11.79)

0.4733
(-16.27)

0.0307
(23.54)

1.2762
(27.62)

Least Favorite 0.025
(-92.18)

0.5616
(-0.64)

0.0041
(-83.66)

0.958
(-4.2)

0.021
(-93.43)

0.4908
(-13.18)

0.0004
(-98.19)

1.03
(3.0)

0.0392
(-87.76)

0.7105
(25.7)

0.0047
(-80.91)

0.8165
(-18.35)

0.0587
(-81.66)

0.9444
(67.07)

0.0144
(-42.24)

0.5798
(-42.02)

0.225
(-29.69)

0.6161
(9.0)

0.0053
(-78.6)

1.077
(7.7)

Most Rated 0.116
(-63.76)

0.7281
(28.8)

0.0247
(-0.47)

0.8402
(-15.98)

0.1504
(-53.01)

1.0669
(88.75)

0.0374
(50.58)

0.4796
(-52.04)

0.1923
(-39.92)

1.0935
(93.45)

0.0443
(78.26)

0.4632
(-53.68)

0.2443
(-23.66)

0.865
(53.02)

0.0496
(99.48)

0.751
(-24.9)

0.299
(-6.58)

0.5114
(-9.53)

0.0421
(69.27)

1.2302
(23.02)

Most Characteristic 0.0021
(-99.36)

0.1067
(-81.12)

0.0001
(-99.67)

1.396
(39.6)

0.0033
(-98.98)

0.1248
(-77.93)

0.0001
(-99.54)

1.3796
(37.96)

0.0067
(-97.9)

0.0427
(-92.44)

0.0019
(-92.26)

1.4642
(46.42)

0.0171
(-94.65)

0.0989
(-82.51)

0.0038
(-84.58)

1.4197
(41.97)

0.1957
(-38.84)

0.3798
(-32.81)

0.0001
(-99.53)

1.3393
(33.93)

Highest Variance 0.011
(-96.56)

0.1258
(-77.74)

0.0023
(-90.68)

1.3861
(38.61)

0.025
(-92.19)

0.1452
(-74.31)

0.0037
(-85.28)

1.3835
(38.35)

0.0628
(-80.38)

0.7276
(28.72)

0.0097
(-61.0)

0.8129
(-18.71)

0.1004
(-68.65)

0.6421
(13.59)

0.0165
(-33.52)

0.9284
(-7.16)

0.2648
(-17.27)

0.5155
(-8.8)

0.0066
(-73.51)

1.237
(23.7)

EASE𝑅

Random 0.0377
(-88.79)

0.77
(31.47)

0.0011
(-97.93)

0.7567
(-24.33)

0.0495
(-85.28)

0.2089
(-64.33)

0.01
(-80.69)

1.3415
(34.15)

0.0742
(-77.96)

0.3458
(-40.96)

0.0129
(-75.15)

1.2239
(22.39)

0.115
(-65.83)

0.7393
(26.22)

0.014
(-72.95)

0.8363
(-16.37)

0.2539
(-24.55)

0.5541
(-5.41)

0.0324
(-37.36)

1.1477
(14.77)

Most Recent 0.0268
(-92.03)

1.0037
(71.36)

0.0049
(-90.61)

0.5072
(-49.28)

0.0453
(-86.55)

0.4955
(-15.4)

0.005
(-90.27)

1.0447
(4.47)

0.0718
(-78.67)

0.4212
(-28.09)

0.008
(-84.54)

1.147
(14.7)

0.1246
(-62.98)

0.4998
(-14.67)

0.001
(-98.07)

1.1237
(12.37)

0.2719
(-19.19)

0.5382
(-8.11)

0.0276
(-46.57)

1.1894
(18.94)

Most Favorite 0.0491
(-85.41)

0.6675
(13.96)

0.0091
(-82.37)

0.8654
(-13.46)

0.0676
(-79.91)

0.425
(-27.43)

0.0045
(-91.23)

1.1424
(14.24)

0.115
(-65.82)

0.6754
(15.32)

0.0178
(-65.53)

0.903
(-9.7)

0.1482
(-55.96)

0.7227
(23.39)

0.0303
(-41.51)

0.8655
(-13.45)

0.2969
(-11.75)

0.5889
(0.55)

0.0491
(-5.06)

1.1236
(12.36)

Least Favorite 0.0454
(-86.51)

1.0169
(73.61)

0.0044
(-91.47)

0.5028
(-49.72)

0.034
(-89.88)

0.6346
(8.35)

0.0005
(-99.01)

0.8944
(-10.56)

0.0498
(-85.19)

0.2519
(-57.0)

0.0069
(-86.7)

1.3013
(30.13)

0.0913
(-72.86)

0.7488
(27.84)

0.0093
(-82.06)

0.8122
(-18.78)

0.2418
(-28.13)

0.5392
(-7.94)

0.0244
(-52.87)

1.164
(16.4)

Most Rated 0.0898
(-73.3)

1.0172
(73.67)

0.0162
(-68.76)

0.5177
(-48.23)

0.16
(-52.43)

0.9405
(60.58)

0.0264
(-48.89)

0.6318
(-36.82)

0.209
(-37.88)

1.1198
(91.19)

0.0405
(-21.68)

0.441
(-55.9)

0.257
(-23.62)

0.9422
(60.86)

0.0494
(-4.55)

0.6666
(-33.34)

0.325
(-3.4)

0.6228
(6.33)

0.0654
(26.49)

1.0862
(8.62)

Most Characteristic 0.0026
(-99.22)

1.0692
(82.55)

0.0009
(-98.19)

0.4315
(-56.85)

0.0044
(-98.71)

0.1381
(-76.42)

0.0007
(-98.7)

1.3669
(36.69)

0.0115
(-96.59)

0.2157
(-63.17)

0.0017
(-96.72)

1.2968
(29.68)

0.0315
(-90.65)

0.321
(-45.2)

0.4998
(-96.36)

1.2138
(21.38)

0.2253
(-33.04)

0.3865
(-34.01)

0.0204
(-60.51)

1.3365
(33.65)

Highest Variance 0.0138
(-95.9)

1.0179
(73.79)

0.0003
(-99.45)

0.4886
(-51.14)

0.0414
(-87.7)

0.1476
(-74.8)

0.001
(-98.0)

1.4069
(40.69)

0.0792
(-76.46)

0.5182
(-11.53)

0.0083
(-83.91)

1.0508
(5.08)

0.1174
(-65.11)

0.7187
(22.7)

0.0078
(-85.0)

0.8663
(-13.37)

0.2932
(-12.84)

0.5941
(1.43)

0.0321
(-37.88)

1.1339
(13.39)

MultiVAE

Random 0.0559
(-80.5)

0.4359
(32.32)

0.0183
(-42.06)

1.1029
(10.29)

0.0943
(-67.12)

0.8057
(144.55)

0.02
(-36.94)

0.7446
(-25.54)

0.0987
(-65.57)

0.9279
(181.64)

0.0193
(-38.98)

0.6164
(-38.36)

0.1028
(-64.13)

0.933
(183.18)

0.0093
(-70.48)

0.6195
(-38.05)

0.1513
(-47.24)

1.0855
(229.47)

0.0286
(-9.83)

0.4636
(-53.64)

Most Recent 0.0408
(-85.75)

0.5061
(53.6)

0.01
(-68.54)

1.0242
(2.42)

0.0608
(-78.78)

0.8357
(153.66)

0.0032
(-90.05)

0.7025
(-29.75)

0.0771
(-73.11)

0.9861
(199.32)

0.0023
(-92.69)

0.5522
(-44.78)

0.086
(-70.01)

0.9924
(201.21)

0.0228
(-28.15)

0.5387
(-46.13)

0.207
(-27.82)

0.2829
(-14.14)

0.0015
(-95.14)

1.4667
(46.67)

Most Favorite 0.0797
(-72.19)

0.9686
(193.99)

0.0324
(2.42)

0.5552
(-44.48)

0.0948
(-66.95)

0.8103
(145.94)

0.026
(-17.95)

0.7355
(-26.45)

0.108
(-62.32)

1.0646
(223.14)

0.0336
(5.95)

0.4662
(-53.38)

0.1312
(-54.24)

0.3815
(15.8)

0.0241
(-23.8)

1.2347
(23.47)

0.2225
(-22.4)

0.4687
(42.26)

0.046
(45.27)

1.2027
(20.27)

Least Favorite 0.0366
(-87.24)

1.0074
(205.77)

0.0005
(-98.36)

0.5104
(-48.96)

0.0549
(-80.86)

1.4399
(337.06)

0.0101
(-68.0)

0.0627
(-93.73)

0.0521
(-81.83)

1.0557
(220.43)

0.0093
(-70.56)

0.4631
(-53.69)

0.0809
(-71.77)

1.0609
(222.02)

0.0143
(-54.83)

0.4678
(-53.22)

0.2036
(-28.97)

0.3799
(15.3)

0.0015
(-95.19)

1.3462
(34.62)

Most Rated 0.1211
(-57.76)

0.8012
(143.18)

0.029
(-8.36)

0.7607
(-23.93)

0.152
(-46.99)

1.1149
(238.39)

0.0342
(7.86)

0.4285
(-57.15)

0.1987
(-30.7)

1.1363
(244.91)

0.0496
(56.5)

0.4143
(-58.57)

0.2553
(-10.97)

0.7976
(142.08)

0.0576
(81.89)

0.8309
(-16.91)

0.2021
(-29.5)

1.094
(232.07)

0.0513
(62.13)

0.463
(-53.7)

Most Characteristic 0.0041
(-98.57)

0.0942
(-71.41)

0.0048
(-84.93)

1.4048
(40.48)

0.0026
(-99.1)

0.0305
(-90.75)

0.0005
(-98.52)

1.4726
(47.26)

0.0058
(-97.99)

0.0781
(-76.3)

0.0025
(-92.06)

1.4265
(42.65)

0.0147
(-94.86)

0.1887
(-42.73)

0.0029
(-90.9)

1.3268
(32.68)

0.1884
(-34.3)

0.3015
(-8.49)

0.0002
(-99.38)

1.424
(42.4)

Highest Variance 0.0268
(-90.66)

0.4372
(32.7)

0.0014
(-95.68)

1.0898
(8.98)

0.0462
(-83.87)

0.5804
(76.17)

0.0021
(-93.23)

0.96
(-4.0)

0.0615
(-78.54)

1.0367
(214.67)

0.0039
(-87.73)

0.4899
(-51.01)

0.1054
(-63.25)

0.3263
(-0.95)

0.0141
(-55.36)

1.279
(27.9)

0.2468
(-13.9)

0.3662
(11.14)

0.0127
(-59.85)

1.3957
(39.57)

LightGCN

Random 0.0437
(-87.0)

0.306
(-24.73)

0.0034
(-90.65)

1.242
(24.2)

0.0436
(-87.01)

0.2697
(-33.65)

0.0038
(-89.37)

1.2791
(27.91)

0.0687
(-79.56)

0.4756
(16.98)

0.0127
(-64.51)

1.0809
(8.09)

0.1183
(-64.79)

0.8726
(114.66)

0.0161
(-54.96)

0.6903
(-30.97)

0.2439
(-27.38)

0.3928
(-3.36)

0.0226
(-36.99)

1.3461
(34.61)

Most Recent 0.032
(-90.48)

0.5049
(24.2)

0.0077
(-78.41)

1.019
(1.9)

0.0427
(-87.28)

0.4607
(13.34)

0.0093
(-74.02)

1.0736
(7.36)

0.0641
(-80.93)

0.4211
(3.59)

0.0031
(-91.22)

1.1444
(14.44)

0.1183
(-64.79)

0.4871
(19.83)

0.0035
(-90.37)

1.1288
(12.88)

0.2406
(-28.39)

0.4163
(2.41)

0.0003
(-99.13)

1.344
(34.4)

Most Favorite 0.0536
(-84.05)

0.411
(1.1)

0.009
(-74.95)

1.1371
(13.71)

0.0617
(-81.63)

0.2915
(-28.29)

0.0108
(-69.97)

1.2692
(26.92)

0.112
(-66.67)

0.5898
(45.1)

0.0137
(-61.73)

0.9982
(-0.18)

0.1625
(-51.63)

0.5028
(23.68)

0.0255
(-28.82)

1.1297
(12.97)

0.2905
(-13.53)

0.4596
(13.07)

0.0365
(1.9)

1.2935
(29.35)

Least Favorite 0.0318
(-90.55)

0.6495
(59.78)

0.0015
(-95.76)

0.8762
(-12.38)

0.0292
(-91.31)

0.6542
(60.94)

0.0028
(-92.12)

0.868
(-13.2)

0.0406
(-87.92)

0.6807
(67.45)

0.0033
(-90.81)

0.8498
(-15.02)

0.084
(-75.0)

0.8337
(105.08)

0.0149
(-58.38)

0.7115
(-28.85)

0.2403
(-28.46)

0.4117
(1.29)

0.0071
(-80.06)

1.3402
(34.02)

Most Rated 0.1094
(-67.42)

0.5996
(47.49)

0.0146
(-59.38)

0.9844
(-1.56)

0.1524
(-54.62)

1.0152
(149.73)

0.0296
(-17.56)

0.5422
(-45.78)

0.184
(-45.23)

1.1128
(173.74)

0.0467
(30.21)

0.4371
(-56.29)

0.2627
(-21.79)

0.8014
(97.13)

0.0479
(33.53)

0.84
(-16.0)

0.3179
(-5.36)

0.5199
(27.89)

0.0373
(4.1)

1.2435
(24.35)

Most Characteristic 0.0037
(-98.9)

0.0842
(-79.3)

0.0011
(-96.93)

1.4195
(41.95)

0.0048
(-98.58)

0.0837
(-79.41)

0.0019
(-94.64)

1.4203
(42.03)

0.0115
(-96.57)

0.0927
(-77.2)

0.0018
(-95.11)

1.421
(42.1)

0.0304
(-90.95)

0.1471
(-63.8)

0.002
(-94.29)

1.3911
(39.11)

0.2145
(-36.15)

0.3243
(-20.23)

0.0048
(-86.55)

1.421
(42.1)

Highest Variance 0.0147
(-95.62)

0.1839
(-54.75)

0.0041
(-88.58)

1.33
(33.0)

0.0374
(-88.86)

0.3612
(-11.14)

0.0049
(-86.46)

1.1757
(17.57)

0.0729
(-78.3)

0.3729
(-8.28)

0.0069
(-80.68)

1.2009
(20.09)

0.1185
(-64.73)

0.4996
(22.9)

0.0148
(-58.66)

1.1024
(10.24)

0.2864
(-14.75)

0.4566
(12.33)

0.0003
(-99.09)

1.3417
(34.17)
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Table 2: Performance results of all models on the Ambar dataset across different minimization strategies and values of 𝑛. The
percentage difference between each value and the corresponding value obtained with the full strategy is indicated below each
result. For each scenario, bold and underline stand for best and second-to-best values, respectively. All results are statistically
significant based on paired t-tests (𝑝 < 0.05), except for the values denoted with †.

Strategy 𝑛 = 1 𝑛 = 3 𝑛 = 7 𝑛 = 15 𝑛 = 100

nDCG↑ RSP↓ MAD↓ HV↑ nDCG↑ RSP↓ MAD↓ HV↑ nDCG↑ RSP↓ MAD↓ HV↑ nDCG↑ RSP↓ MAD↓ HV↑ nDCG↑ RSP↓ MAD↓ HV↑

UserKNN

Random 0.0036
(-97.26)

1.4422
(75.43)

0.0049
(-91.79)

0.0577
(-94.23)

0.0243
(-81.53)

0.9005
(9.54)

0.0756
(25.48)

0.5676
(-43.24)

0.0572
(-56.55)

0.7075
(-13.95)

0.0324
(-46.17)

0.8107
(-18.93)

0.1147
(-12.88)

0.8074
(-1.8)

0.0463
(-23.21)

0.7363
(-26.37)

0.1373†
(4.29)

0.8199
(-0.27)

0.062
(2.93)

0.7255
(-27.45)

Most Favorite 0.0101
(-92.35)

1.4621
(77.84)

0.0044
(-92.72)

0.0381
(-96.19)

0.049
(-62.78)

0.8691
(5.71)

0.0241
(-60.03)

0.6459
(-35.41)

0.1092
(-17.03)

0.7307
(-11.12)

0.0361
(-40.13)

0.8225
(-17.75)

0.1498
(13.77)

0.8174
(-0.57)

0.0483
(-19.8)

0.7469
(-25.31)

0.1404†
(6.64)

0.8755
(6.5)

0.06
(-0.42)

0.6694
(-33.06)

Least Favorite 0.0055
(-95.84)

1.4863
(80.79)

0.0354
(-41.26)

0.0133
(-98.67)

0.0115
(-91.3)

0.9036
(9.91)

0.0053
(-91.19)

0.6
(-40.0)

0.0345
(-73.81)

0.5747
(-30.1)

0.0153
(-74.6)

0.9426
(-5.74)

0.0806
(-38.75)

0.9176
(11.61)

0.1341
(122.41)

0.545
(-45.5)

0.1362†
(3.48)

0.8072
(-1.82)

0.0683
(13.31)

0.7335
(-26.65)

Most Rated 0.0164
(-87.55)

1.447
(76.0)

0.0101
(-83.21)

0.0534
(-94.66)

0.0769
(-41.56)

1.1329
(37.8)

0.0644
(6.79)

0.3699
(-63.01)

0.0938
(-28.74)

1.0878
(32.31)

0.0525
(-12.91)

0.4272
(-57.28)

0.1103
(-16.2)

0.9898
(20.39)

0.0524
(-13.05)

0.5369
(-46.31)

0.1311†
(-0.4)

0.8177
(-0.53)

0.0594
(-1.54)

0.7259
(-27.41)

Most Characteristic 0.0016
(-98.75)

1.5222
(85.16)

0.0005
(-99.18)

0.0
(-100.0)

0.01
(-92.44)

1.1757
(43.01)

0.0041
(-93.14)

0.3262
(-67.38)

0.0285
(-78.37)

0.491
(-40.28)

0.0077
(-87.17)

1.0297
(2.97)

0.0407
(-69.12)

0.6132
(-25.41)

0.0504
(-16.35)

0.8763
(-12.37)

0.1437†
(9.13)

0.8548
(3.97)

0.0707
(17.29)

0.6858
(-31.42)

Highest Variance 0.0015
(-98.83)

0.9225
(12.21)

0.0007
(-98.84)

0.578
(-42.2)

0.0237
(-82.02)

0.6099
(-25.81)

0.0121
(-79.92)

0.9001
(-9.99)

0.062
(-52.9)

0.6658
(-19.01)

0.0396
(-34.26)

0.8508
(-14.92)

0.0976
(-25.85)

0.7875
(-4.21)

0.0553
(-8.25)

0.7388
(-26.12)

0.1318†
(0.09)

0.8138
(-1.01)

0.0598
(-0.72)

0.7301
(-26.99)

BPRMF

Random 0.0064
(-94.64)

0.7976
(-1.26)

0.0091
(-78.83)

0.7005
(-29.95)

0.004
(-96.61)

0.6976
(-13.63)

0.0022
(-94.82)

0.8038
(-19.62)

0.0329
(-72.3)

0.7796
(-3.49)

0.0168
(-61.05)

0.7316
(-26.84)

0.0884
(-25.52)

0.7978
(-1.22)

0.0484
(12.26)

0.7272
(-27.28)

0.1169†
(-1.52)

0.8874
(9.87)

0.0476
(10.4)

0.6516
(-34.84)

Most Favorite 0.0089
(-92.53)

0.5577
(-30.96)

0.0099
(-77.09)

0.9413
(-5.87)

0.0324
(-72.69)

0.6987
(-13.49)

0.0179
(-58.62)

0.8125
(-18.75)

0.0798
(-32.8)

0.6438
(-20.29)

0.0266
(-38.33)

0.8999
(-10.01)

0.1227
(3.34)

0.7991
(-1.07)

0.0451
(4.57)

0.7514
(-24.86)

0.1235†
(3.99)

0.9042
(11.94)

0.0442
(2.56)

0.6398
(-36.02)

Least Favorite 0.0062
(-94.78)

0.5746
(-28.86)

0.0034
(-92.04)

0.9279
(-7.21)

0.0098
(-91.73)

0.7216
(-10.66)

0.0041
(-90.49)

0.7828
(-21.72)

0.0157
(-86.74)

0.7214
(-10.69)

0.0051
(-88.22)

0.7869
(-21.31)

0.0657
(-44.66)

0.7916
(-1.99)

0.125
(189.85)

0.6605
(-33.95)

0.118†
(-0.62)

0.8898
(10.17)

0.0485
(12.51)

0.6491
(-35.09)

Most Rated 0.0245
(-79.38)

1.2525
(55.06)

0.01
(-76.84)

0.2511
(-74.89)

0.0744
(-37.33)

1.1952
(47.97)

0.0634
(46.92)

0.3067
(-69.33)

0.0917
(-22.79)

1.1311
(40.04)

0.0459
(6.35)

0.3842
(-61.58)

0.0957
(-19.41)

1.0444
(29.31)

0.0374
(-13.31)

0.4805
(-51.95)

0.1064
(-10.36)

0.8685
(7.53)

0.0398
(-7.73)

0.6709
(-32.91)

Most Characteristic 0.0008
(-99.35)

0.3023
(-62.58)

0.0003
(-99.29)

1.1983
(19.83)

0.0039
(-96.74)

0.5627
(-30.34)

0.0017
(-96.03)

0.9393
(-6.07)

0.0087
(-92.71)

0.413
(-48.87)

0.008
(-81.56)

1.0877
(8.77)

0.034
(-71.34)

0.5905
(-26.9)

0.012
(-72.24)

0.9292
(-7.08)

0.1192
(0.35)

0.8914
(10.37)

0.0439
(1.7)

0.6512
(-34.88)

Highest Variance 0.0025
(-97.89)

0.5701
(-29.42)

0.0012
(-97.13)

0.9311
(-6.89)

0.0046
(-96.11)

0.6246
(-22.67)

0.0017
(-96.09)

0.878
(-12.2)

0.0437
(-63.22)

0.6134
(-24.06)

0.0377
(-12.58)

0.8904
(-10.96)

0.0809
(-31.85)

0.8204
(1.58)

0.0451
(4.44)

0.7015
(-29.85)

0.1177†
(-0.91)

0.8217
(1.73)

0.0441
(2.34)

0.7247
(-27.53)

EASE𝑅

Random 0.0033
(-97.75)

1.4402
(64.81)

0.0049
(-92.29)

0.0597
(-94.03)

0.0255
(-82.42)

0.8246
(-5.63)

0.077
(20.7)

0.6393
(-36.07)

0.0583
(-59.83)

0.7536
(-13.76)

0.0469
(-26.4)

0.7529
(-24.71)

0.1119
(-22.89)

0.8115
(-7.13)

0.0449
(-29.64)

0.7312
(-26.88)

0.149
(2.71)

0.8715
(-0.26)

0.0646
(1.3)

0.6755
(-32.45)

Most Favorite 0.0101
(-93.06)

1.4621
(67.32)

0.0044
(-93.12)

0.0381
(-96.19)

0.0543
(-62.61)

0.8143
(-6.82)

0.0349
(-45.32)

0.6977
(-30.23)

0.1058
(-27.06)

0.7562
(-13.46)

0.0338
(-47.0)

0.7947
(-20.53)

0.1508
(3.95)

0.8305
(-4.96)

0.0477
(-25.27)

0.7338
(-26.62)

0.1507†
(3.85)

0.8769
(0.35)

0.0646
(1.33)

0.6706
(-32.94)

Least Favorite 0.0049
(-96.6)

1.5398
(76.21)

0.0018
(-97.12)

0.0
(-100.0)

0.0128
(-91.17)

0.7903
(-9.56)

0.0426
(-33.24)

0.6882
(-31.18)

0.0363
(-74.95)

0.6153
(-29.59)

0.0787
(23.34)

0.8447
(-15.53)

0.0709
(-51.15)

0.9006
(3.06)

0.1432
(124.6)

0.55
(-45.0)

0.15†
(3.36)

0.8504
(-2.68)

0.0717
(12.37)

0.6935
(-30.65)

Most Rated 0.0164
(-88.7)

1.447
(65.59)

0.0101
(-84.13)

0.0534
(-94.66)

0.0741
(-48.93)

1.1241
(28.64)

0.055
(-13.73)

0.3816
(-61.84)

0.0937
(-35.41)

1.0882
(24.53)

0.0513
(-19.52)

0.4273
(-57.27)

0.1088
(-25.03)

1.0503
(20.2)

0.0561
(-12.05)

0.4706
(-52.94)

0.1436
(-1.06)

0.8698
(-0.47)

0.063
(-1.15)

0.6753
(-32.47)

Most Characteristic 0.0016
(-98.87)

1.5222
(74.2)

0.0005
(-99.22)

0.0
(-100.0)

0.01
(-93.14)

0.6672
(-23.64)

0.004
(-93.71)

0.8377
(-16.23)

0.0265
(-81.77)

0.4624
(-47.08)

0.0072
(-88.75)

1.0574
(5.74)

0.0387
(-73.35)

0.5933
(-32.11)

0.0597
(-6.39)

0.8856
(-11.44)

0.152†
(4.77)

0.8489
(-2.86)

0.0733
(14.93)

0.6952
(-30.48)

Highest Variance 0.0008
(-99.44)

0.9525
(9.01)

0.0005
(-99.22)

0.5476
(-45.24)

0.0226
(-84.45)

0.5795
(-33.69)

0.0111
(-82.56)

0.9309
(-6.91)

0.0602
(-58.52)

0.7098
(-18.77)

0.0386
(-39.5)

0.8054
(-19.46)

0.0989
(-31.81)

0.7882
(-9.8)

0.0567
(-11.05)

0.7378
(-26.22)

0.1445
(-0.38)

0.8624
(-1.31)

0.0633
(-0.76)

0.6836
(-31.64)

MultiVAE

Random 0.0116
(-88.45)

0.8987
(3.88)

0.0094
(-78.09)

0.6026
(-39.74)

0.0192
(-80.87)

0.8336
(-3.64)

0.0079
(-81.63)

0.6739
(-32.61)

0.0284
(-71.79)

0.9992
(15.5)

0.0175
(-59.08)

0.506
(-49.4)

0.0676
(-32.78)

0.8202
(-5.19)

0.0471
(10.01)

0.6915
(-30.85)

0.101†
(0.48)

0.8094
(-6.44)

0.044
(2.88)

0.7269
(-27.31)

Most Favorite 0.0198
(-80.31)

0.8718
(0.77)

0.0262
(-38.81)

0.6239
(-37.61)

0.0419
(-58.31)

0.6107
(-29.41)

0.0192
(-55.24)

0.9088
(-9.12)

0.073
(-27.36)

0.7678
(-11.25)

0.0244
(-43.08)

0.7666
(-23.34)

0.1015
(0.92)

0.7589
(-12.28)

0.032
(-25.2)

0.7902
(-20.98)

0.1056†
(5.07)

0.7931
(-8.32)

0.0455
(6.4)

0.746
(-25.4)

Least Favorite 0.0085
(-91.52)

0.5952
(-31.21)

0.0033
(-92.28)

0.9095
(-9.05)

0.0096
(-90.42)

0.9784
(13.09)

0.0523
(22.25)

0.4991
(-50.09)

0.0167
(-83.43)

0.9492
(9.72)

0.0263
(-38.67)

0.5453
(-45.47)

0.042
(-58.21)

0.8537
(-1.32)

0.0614
(43.4)

0.6321
(-36.79)

0.1031†
(2.54)

0.789
(-8.8)

0.0517
(20.68)

0.7438
(-25.62)

Most Rated 0.0212
(-78.94)

1.2257
(41.68)

0.0158
(-63.14)

0.2757
(-72.43)

0.0723
(-28.09)

1.1437
(32.2)

0.0713
(66.69)

0.3548
(-64.52)

0.087
(-13.43)

1.2147
(40.4)

0.0462
(8.03)

0.2958
(-70.42)

0.1009
(0.38)

0.9789
(13.15)

0.0403
(-5.9)

0.5506
(-44.94)

0.1016†
(1.1)

0.8352
(-3.46)

0.0436
(1.78)

0.7005
(-29.95)

Most Characteristic 0.0018
(-98.24)

0.4404
(-49.1)

0.0006
(-98.54)

1.0608
(6.08)

0.0006
(-99.36)

0.5933
(-31.42)

0.0006
(-98.49)

0.9067
(-9.33)

0.014
(-86.11)

0.389
(-55.03)

0.013
(-69.63)

1.1119
(11.19)

0.0242
(-75.89)

0.5258
(-39.22)

0.0128
(-70.08)

0.9851
(-1.49)

0.1023†
(1.78)

0.813
(-6.03)

0.0331
(-22.59)

0.7323
(-26.77)

Highest Variance 0.0029
(-97.16)

0.5896
(-31.85)

0.0016
(-96.31)

0.9115
(-8.85)

0.0241
(-76.0)

0.6378
(-26.27)

0.0114
(-73.47)

0.873
(-12.7)

0.0492
(-51.02)

0.6604
(-23.67)

0.0271
(-36.64)

0.8571
(-14.29)

0.0787
(-21.69)

0.637
(-26.37)

0.0388
(-9.39)

0.8948
(-10.52)

0.101†
(0.43)

0.7737
(-10.57)

0.0478
(11.57)

0.7614
(-23.86)

LightGCN

Random 0.0083
(-93.95)

0.7742
(-9.77)

0.0302
(-46.03)

0.7097
(-29.03)

0.0233
(-82.92)

0.796
(-7.24)

0.1292
(130.96)

0.6273
(-37.27)

0.053
(-61.18)

0.7235
(-15.69)

0.0525
(-6.11)

0.7747
(-22.53)

0.1171
(-14.27)

0.9015
(5.06)

0.0281
(-49.79)

0.6498
(-35.02)

0.1291
(-5.46)

0.7887
(-8.09)

0.0532
(-4.85)

0.7604
(-23.96)

Most Favorite 0.0108
(-92.1)

0.5157
(-39.9)

0.0058
(-89.55)

0.9891
(-1.09)

0.0497
(-63.59)

0.7441
(-13.28)

0.0266
(-52.5)

0.7724
(-22.76)

0.1078
(-21.1)

0.6993
(-18.5)

0.0231
(-58.74)

0.8665
(-13.35)

0.1488
(8.97)

0.8195
(-4.5)

0.0443
(-20.8)

0.7471
(-25.29)

0.1287
(-5.73)

0.8545
(-0.42)

0.0496
(-11.31)

0.6924
(-30.76)

Least Favorite 0.008
(-94.13)

0.6632
(-22.72)

0.0132
(-76.33)

0.8324
(-16.76)

0.0133
(-90.28)

0.671
(-21.8)

0.0779
(39.24)

0.7746
(-22.54)

0.0353
(-74.15)

0.6342
(-26.1)

0.1252
(123.74)

0.7842
(-21.58)

0.08
(-41.44)

0.8752
(2.0)

0.1024
(83.11)

0.6056
(-39.44)

0.134
(-1.9)

0.8338
(-2.84)

0.062
(10.85)

0.7086
(-29.14)

Most Rated 0.0233
(-82.98)

1.1165
(30.11)

0.0082
(-85.38)

0.3892
(-61.08)

0.0786
(-42.46)

1.1528
(34.34)

0.0712
(27.2)

0.3478
(-65.22)

0.0853
(-37.51)

1.1706
(36.42)

0.044
(-21.29)

0.3417
(-65.83)

0.1039
(-23.91)

1.022
(19.1)

0.0389
(-30.46)

0.5071
(-49.29)

0.1278†
(-6.46)

0.8384
(-2.3)

0.0545
(-2.66)

0.7055
(-29.45)

Most Characteristic 0.001
(-99.26)

0.3557
(-58.55)

0.0004
(-99.31)

1.145
(14.5)

0.009
(-93.39)

0.3682
(-57.09)

0.0042
(-92.41)

1.1372
(13.72)

0.0256
(-81.23)

0.4283
(-50.09)

0.028
(-50.0)

1.0684
(6.84)

0.0442
(-67.66)

0.5738
(-33.13)

0.029
(-48.23)

0.9391
(-6.09)

0.1302
(-4.66)

0.8584
(0.04)

0.0584
(4.33)

0.6828
(-31.72)

Highest Variance 0.0047
(-96.59)

0.5715
(-33.4)

0.0026
(-95.35)

0.9304
(-6.96)

0.0272
(-80.12)

0.5781
(-32.63)

0.0128
(-77.15)

0.9348
(-6.52)

0.0587
(-57.02)

0.6896
(-19.64)

0.0317
(-43.4)

0.8308
(-16.92)

0.0902
(-33.96)

0.8125
(-5.32)

0.051
(-8.82)

0.7113
(-28.87)

0.1244
(-8.88)

0.8497
(-0.98)

0.0544
(-2.84)

0.6915
(-30.85)
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Figure 1: Comparison of the Euclidean distance (𝛿) between the point representing themodel performance under aminimization
strategy with value 𝑛 and the point representing the model performance under the “full” data strategy. The colored lines
represent the different minimization strategy. Smaller 𝛿 values indicate better preservation of the model’s overall performance.

second-best nDCG values. However, this focus on popularity comes
at a cost: provider fairness, as measured by RSP, deteriorates signifi-
cantly, especially at smaller 𝑛. As 𝑛 increases, the items are exposed
more fairly due to the inclusion of a broader range of items in the
training set. Nevertheless, the low values of HV indicate that this
strategy predominantly optimizes for accuracy, with limited align-
ment to beyond-accuracy objectives. The “Most Favorite” strategy
prioritizes the items most liked by individual users, resulting in
competitive nDCG values (often the second-best) while mitigating
the fairness degradation seen in “Most Rated.” This strategy strikes
a better balance between accuracy and fairness since the items most
liked by users are not necessarily the most popular. Indeed, the
acceptable HV values suggest a more harmonious fulfillment of
accuracy and fairness objectives. In contrast, the “Most Characteris-
tic” strategy consistently achieves the worst performance in terms
of accuracy but demonstrates improvements in provider fairness.
This strategy favors the representation of items most interacted
with by the most active users, effectively tailoring user profiles for
this subgroup. However, on most platforms, most users are less
active, resulting in a decline in overall recommendation quality
when adopting this strategy. The best HV values associated with
this strategy indicate that it excels in achieving beyond-accuracy
objectives, albeit with poor accuracy performance. The remaining

strategies introduce higher variability in user profiles and tend
to achieve a better balance between accuracy and fairness. This
balance is reflected in their HV values, which suggest moderate
fulfillment of all objectives.

To answer RQ1, we conclude that data minimization can lead to
a decrease in the accuracy performance of recommendation models.
While this outcome directly offers fairer recommendations across
different user groups, data minimization can be responsible for unfair
exposure of items. Hence, these objectives potentially show a critical
trade-off, underscoring the need for nuanced strategies to balance
these competing objectives in recommendation systems.

4.2 Data Minimization Strategies Performance
(RQ2)

To answer RQ2, we evaluate how effectively data minimization
strategies preserve the performance of recommender systems com-
pared to the “full” strategy. We adopt a multi-objective evaluation
approach [29, 30] that simultaneously considers multiple dimen-
sions of analysis. Fixing a value of 𝑛 and a recommendation model,
we measure the model’s performance regarding nDCG, RSP, and
MAD for each minimization strategy applied. These metrics define
a three-dimensional objective function space, where each model
trained under a specific minimization strategy is represented as
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Table 3: Mean (𝜇) and standard deviation (𝜎) of the distances among the points represented by each model performance under
different strategies and the point corresponding to the model performance under the “full” data strategy, across different 𝑛. For
each scenario, bold and underline stand for best and second-to-best values, respectively.

Model 𝑛 = 1 𝑛 = 3 𝑛 = 7 𝑛 = 15 𝑛 = 100 Global

𝜇 ↓ 𝜎 ↓ 𝜇 ↓ 𝜎 ↓ 𝜇 ↓ 𝜎 ↓ 𝜇 ↓ 𝜎 ↓ 𝜇 ↓ 𝜎 ↓ 𝜇 ↓ 𝜎 ↓
Movielens1M

UserKNN 0.547 0.1216 0.379 0.1146 0.3241 0.1134 0.2736 0.0656 0.0821 0.0339 0.3212 0.1777
BPRMF 0.3921 0.1211 0.4027 0.1188 0.3705 0.1443 0.3217 0.1346 0.1216 0.056 0.3217 0.1537
EASER 0.4758 0.1058 0.4141 0.1082 0.3814 0.1169 0.2957 0.0666 0.0918 0.0667 0.3317 0.1622
MultiVAE 0.4435 0.1916 0.6115 0.2701 0.6814 0.1461 0.4583 0.2455 0.2935 0.3259 0.4977 0.2676
LightGCN 0.3515 0.0657 0.3887 0.1253 0.384 0.1662 0.3551 0.1309 0.1014 0.0261 0.3161 0.1538

Ambar

UserKNN 0.5821 0.2017 0.2212 0.1098 0.2163 0.0956 0.1043 0.085 0.0212 0.02 0.229 0.2236
BPRMF 0.3166 0.1467 0.2223 0.0969 0.2245 0.1203 0.109 0.1031 0.0698 0.0294 0.1884 0.1339
EASER 0.5516 0.1884 0.2063 0.0847 0.2328 0.1116 0.135 0.0926 0.0133 0.0105 0.2278 0.21
MultiVAE 0.2625 0.1433 0.2196 0.0809 0.2372 0.1506 0.1529 0.1145 0.0632 0.0216 0.1871 0.1275
LightGCN 0.3151 0.1254 0.2722 0.1351 0.2546 0.1113 0.1177 0.1 0.0249 0.0231 0.1969 0.1483

a point identified by the corresponding metric values. The model
trained using the “full” strategy serves as a reference point in this
space. To quantify the similarity of performance between the “full”
strategy and each minimization strategy, we compute the Euclidean
distance 𝛿 of every point (i.e., the model trained under a mini-
mization strategy) from the reference point. A smaller Euclidean
distance indicates that the minimization strategy better preserves
the model’s overall performance compared to the “full” strategy.
Figure 1 presents the Euclidean distance results for each model and
dataset as 𝑛 varies.

Consistent with the trends observed in Tables 1 and 2, setting
𝑛 = 100 enables most strategies to effectively preserve model per-
formance, as evidenced by the lowest 𝛿 values. No single strategy
emerges as a definitive winner at this level, reflecting similar perfor-
mance across strategies. Conversely, as 𝑛 decreases, a more evident
hierarchy among the strategies emerges.

The “Most Rated” and “Most Characteristic” strategies generally
exhibit higher𝛿 values, indicating poorer performance preservation—
except for MultiVAE trained on ML1M (Figure 1d). This behav-
ior aligns with the observations in Section 4.1: the “Most Rated”
strategy degrades model performance primarily regarding fairness,
while the “Most Characteristic” strategy compromises accuracy.

In contrast, the “Most Favorite” strategy consistently preserves
model performance, frequently achieving the lowest distance val-
ues. As discussed in Section 4.1, this strategy effectively delineates
user profiles without adversely affecting fairness. Similar perfor-
mance trends can be observed for the “Random,” “Most Recent,” and
“Highest Variance” strategies. These strategies introduce variabil-
ity into user profiles, yet this variability enables the retention of
average user profile characteristics. Consequently, these strategies
maintain acceptable accuracy levels while avoiding a disproportion-
ate emphasis on specific items in the training dataset. The resulting
datasets closely resemble those generated by the “full” strategy,
which explains their superior performance compared to the “Most

Rated” and “Most Characteristic” strategies. Among these, the “Ran-
dom” strategy is the most effective. As noted in Section 3.5, it best
maintains the average profile of each user. Finally, the “Least Fa-
vorite” strategy generally underperforms compared to the “Random”
strategy. This behavior is likely because models find learning effec-
tively from negative feedback more challenging, resulting in more
significant performance degradation.

To answer RQ2, we say that data minimization strategies that can
shape better user profiles and introduce variability strike a better
balance among the considered objectives, being able to retain the
model’s performance compared to the “full” strategy.

4.3 Robustness of Recommenders to Data
Minimization (RQ3)

To address RQ3, we evaluate the robustness of recommendation
models under data minimization while considering both accuracy
and fairness. Here, robustness is defined as a model’s ability to
preserve its performance under data minimization compared to the
full-data setting. We adopt the multi-objective approach outlined in
Section 4.2 to quantify this. We compute the performance achieved
under each data minimization strategy for each model in the three-
dimensional objective function space—defined by the nDCG, RSP,
and MAD metrics. Given a model and fixed 𝑛, we measure the Eu-
clidean distances of these performance points from the reference
point, i.e., the model’s performance under the “full” strategy. The
mean 𝜇 and standard deviation 𝜎 of these distances capture the
model’s robustness: a lower 𝜇 indicates better overall robustness,
while a lower 𝜎 suggests more consistent performance across strate-
gies. Table 3 reports 𝜇 and 𝜎 for each model across different values
of 𝑛 and their global averages across all settings (i.e., without fixing
𝑛).

In Ambar and ML1M, UserKNN demonstrates strong robustness
for 𝑛 ≥ 3, consistently achieving the lowest (or second-lowest) val-
ues of 𝜇 and 𝜎 . This finding aligns with previous works [7, 8], which
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showed that neighborhood-basedmodels canmaintain performance
even after removing random interactions. Similarly, EASE𝑅 is ro-
bust only when data minimization is moderate. Its reliance on item
co-occurrence statistics makes it highly sensitive to severe spar-
sity. If the goal is to ensure robustness even with minimal data
(𝑛 = 1), LightGCN emerges as the most reliable model across both
datasets. This finding aligns with its graph-based structure, which
propagates information from neighboring users and items, miti-
gating the impact of data sparsity. Moreover, LightGCN maintains
low 𝜇 and 𝜎 across all scenarios, making it the most robust model
overall. BPRMF follows closely behind LightGCN, demonstrating
strong generalization under data minimization. Its factorization-
based approach enables it to retain performance even with limited
interactions, though it lacks the graph-based smoothing effect of
LightGCN, leading to slightly higher variability. Finally, MultiVAE
exhibits the most dataset-dependent behavior, showing weaker ro-
bustness in ML1M but achieving the best performance in Ambar at
the global level. This observation suggests that its variational latent
space representations are highly sensitive to dataset characteristics,
which may impact its stability under data minimization.

To answer RQ3, we conclude that graph-based modeling is cru-
cial for robustness under extreme data sparsity when considering
accuracy and fairness objectives, enhancing the classic factorization-
based representation of users and items. Additionally, traditional
neighborhood-based and non-linear methods show limitations in such
scenarios, suffering from high data reduction.

5 Conclusion and Future Work
In this study, we systematically investigated the impact of data min-
imization on recommender systems, with particular attention to the
trade-offs among accuracy, consumer fairness, and provider fair-
ness. Our contributions extend the current understanding of data
minimization in three key ways. First, we empirically evaluate how
different data minimization strategies across real-world datasets
impact the accuracy, provider, and consumer fairness of recom-
mendations. Second, we employ a multi-objective evaluation to
investigate which data minimization strategies can simultaneously
preserve recommendation performance across multiple objectives.
Third, we explore how different model classes respond to vary-
ing degrees of data reduction, shedding light on the relationship
between architectural design and data scarcity.

Our findings show that although data minimization can dimin-
ish accuracy performance, it levels the recommendation quality of
different user groups, enhancing consumer fairness. However, re-
ducing data can inadvertently lead to the unfair exposure of specific
items, highlighting a critical trade-off between data minimization,
accuracy, and fairness. Further analysis highlights specific behav-
iors of data minimization strategies. Particularly, approaches that
introduce variability when shaping the user profiles can strike a
better balance among data minimization, accuracy, and fairness of
recommendations. Finally, our insights indicate that graph-based
recommender systems remain more resilient under extreme data
minimization when fairness and accuracy are jointly considered,
in contrast to traditional methods that exhibit lower robustness.

Future works may seek to devise more refined data minimization
strategies that promote equitable recommendations while minimiz-
ing adverse effects on accuracy performance. In addition, our insight
can guide the development of recommender systems specifically
devised to be robust under severe data minimization conditions
while accomplishing fairness objectives.
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