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ABSTRACT
Recommender systems have become essential tools for addressing
information overload in the digital age. However, the collection and
usage of user data for personalized recommendations raise signifi-
cant privacy concerns. This research focuses on enhancing privacy
in recommender systems through the application of differential pri-
vacy techniques, particularly in the domain of privacy-preserving
data publishing.

Our study aims to address three key research questions: (1) devel-
oping standardized metrics to characterize and compare recommen-
dation datasets in the context of privacy-preserving data publishing,
(2) designing differential privacy algorithms for private data pub-
lishing that preserve recommendation quality, and (3) examining
the impact of differential privacy on beyond-accuracy objectives in
recommender systems.

We propose to develop domain-specificmetrics for evaluating the
similarity between recommendation datasets, analogous to those
used in other domains such as trajectory data publication. Addition-
ally, we will investigate methods to balance the trade-off between
privacy guarantees and recommendation accuracy, considering the
potential disparate impacts on different user subgroups. Finally, we
aim to assess the broader implications of implementing differential
privacy on beyond-accuracy objectives such as diversity, popularity
bias, and fairness.

By addressing these challenges, our research seeks to contribute
to the advancement of privacy-preserving techniques in recom-
mender systems, facilitating the responsible and secure use of rec-
ommendation data while maintaining the utility of personalized
suggestions. The outcomes of this study have the potential to signif-
icantly benefit the field by enabling the reuse of existing algorithms
with minimal adjustments while ensuring robust privacy guaran-
tees.

CCS CONCEPTS
• Information systems → Recommender systems; • Security
and privacy→ Privacy protections.
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1 INTRODUCTION
The exponential growth of data on the Internet presents a signifi-
cant challenge in modern society. Projections indicate that global
data generation, capture, replication, and consumption will reach
approximately 180 zettabytes by 2025 [18]. This unprecedented vol-
ume of digital information exacerbates the phenomenon known as
information overload [35], complicating decision-making processes
and potentially compromising the quality of user choices.

Recommender systems have emerged as effective tools to address
this issue [30]. These systems assist users in navigating complex
decision landscapes by leveraging their preferences, such as pur-
chase history and previously liked items, to provide personalized
suggestions. The efficacy of these recommendations is significantly
influenced by the quantity and quality of available user data. How-
ever, the collection and utilization of such sensitive information
raise critical privacy concerns.

A study by Narayanan and Shmatikov [32] demonstrated the
vulnerability of recommendation data to de-anonymization attacks.
Their work on the Netflix Prize dataset highlighted that even with
imperfect background knowledge, individual users’ records could
be re-identified, underscoring the broader challenges of privacy
protection in recommender systems.

In response to these concerns, regulations such as the General
Data Protection Regulation (GDPR) [7] have been implemented,
mandating explicit user consent for data handling and granting
users the right to revoke this consent. Consequently, many orga-
nizations have become increasingly reluctant to share collected
information, impeding the development and evaluation of recom-
mendation algorithms in offline settings.

Differential privacy (DP) [11] has emerged as a state-of-the-art
privacy definition, offering robustness against adversaries with
uncontrolled background information. While DP is primarily ap-
plied in the training phase of recommender systems, its potential
in the domain of recommendation data publishing remains largely
unexplored.

This research aims to address the need for privacy-preserving
data publishing in recommender systems. By enabling private data
sharing, we can facilitate the reuse of existing algorithms with
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minimal adjustments while ensuring strong privacy guarantees
for users, potentially advancing the field of recommender systems
research.

2 BACKGROUND
2.1 Differential Privacy
As privacy concerns in data-driven systems continue to grow, differ-
ential privacy (DP) has emerged as a powerful framework for pro-
tecting individual privacy while allowing meaningful data analysis.
Introduced by Dwork and Roth [11], DP provides a mathematically
rigorous approach to privacy preservation, offering robust protec-
tion against adversaries with unrestricted background knowledge.

The fundamental principle of differential privacy is to ensure
that the presence or absence of any individual’s data in a dataset
does not significantly affect the outcome of analyses performed on
that dataset. This is achieved by introducing carefully calibrated
randomness into the data processing mechanism.

To formally define differential privacy, we first need to establish
some preliminary concepts. Let z be a dataset from the data universe
D.

Definition 2.1 (Adjacency). Two datasets z, z′ ∈ D are considered
adjacent if:

| |z − z′ | |1 =
|D |∑︁
𝑖=1

|z𝑖 − z′𝑖 | = 1. (1)

Here, z𝑖 and z′
𝑖
represent the presence of the 𝑖-th record in z and

z′ respectively, and | |.| |1 denotes the ℓ1-norm. In other words, the
datasets differ by exactly one record.

With this concept of adjacency, we can now provide a formal
definition of differential privacy:

Definition 2.2 ((𝜖, 𝛿)-differential privacy). Given two adjacent
datasets z, z′ ∈ D, a mechanism M : D → R is said to be (𝜖, 𝛿)-
differentially private if for all S ⊆ R:

P[M(z) ∈ S] ≤ 𝑒𝜖 P[M(z′) ∈ S] + 𝛿. (2)

Here, 𝜖 ∈ R+ and 𝛿 ∈ [0, 1]. The parameter 𝜖 , known as the
privacy budget, controls the strength of the privacy guarantee. A
smaller 𝜖 indicates stronger privacy, while a larger 𝜖 represents
weaker privacy. When 𝛿 = 0, the mechanism is 𝜖-differentially
private (pure DP), whereas 𝛿 > 0 denotes approximate DP, allowing
a small probability of privacy violation.

Differential privacy is typically implemented by adding noise to
a function based on its sensitivity.

Definition 2.3 (Sensitivity). The sensitivity of a function 𝑓 : 𝑋 →
R is defined as:

Δ𝑓 = max
z,z′ ∈D

||z−z′ | |=1

| |𝑓 (z) − 𝑓 (z′) | |. (3)

Where | |.| | is the norm of the vector. The sensitivity captures
the maximum change in the output of 𝑓 when changing one record
in the dataset, and is independent of the actual dataset [10].

The exponential mechanism [28] is a key technique in differential
privacy, designed to select the "best" element with respect to a utility
or score function 𝑢.

Definition 2.4 (Exponential mechanism [11]). Given a scoring
function 𝑢 : D × 𝑅 → R, the exponential mechanism selects and
outputs an element 𝑟 ∈ 𝑅 with probability proportional to:

exp
(𝜖𝑢 (z, 𝑟 )

2Δ𝑢
)
. (4)

where Δ𝑢 is the sensitivity of the score function 𝑢.

This mechanism provides a framework for making privacy-
preserving selections based on data-dependent criteria, balancing
utility and privacy in a principled manner.

3 RELATEDWORK
3.1 Privacy-Preserving Data Publishing for

Recommendation Systems
The field of privacy-preserving data publishing for recommendation
systems has seen various approaches to address privacy concerns.
Slokom et al. [38] proposed Shuffle-NNN, a data masking technique
that shuffles non-critical items in the user-item matrix, preserving
algorithm performance rankings. Synthetic data generation has also
been explored as a privacy-preserving strategy. Slokom [37] de-
veloped a method for generating evaluation data that strategically
removes information to protect user privacy while maintaining
utility. Liu et al. [24] introduced UPC-SDG, focusing on synthetic
data generation with modules to select less influential items and
generate synthetic items that closely resemble real user behavior.
Some researchers, such as Chen and Huang [6], have applied classi-
cal privacy models like 𝑘-anonymity to transform recommendation
datasets, allowing for personalized privacy levels for users.

3.2 Differential Privacy for Privacy-Preserving
Data Publishing

While various privacy definitions for data release have been pro-
posed in the literature, including 𝑘-anonymity [36, 39], ℓ-diversity
[25], 𝑡-closeness [22, 23], and 𝛿-presence [33], early findings by
Sweeney [39] revealed that merely removing identifiers is insuf-
ficient to guarantee privacy. Linking attacks can re-identify indi-
viduals by combining anonymized datasets with publicly available
data. Consequently, differential privacy-based techniques [10] have
gained momentum due to their robustness against attackers with
unbounded knowledge.

Differential privacy has been successfully employed in trajectory
data publishing with models such as DPT [5], AdaTrace [16], and
PrivTrace [42]. DPT utilizes a Markov chain approach with spatial
discretization, AdaTrace employs a first-order Markov chain model,
and PrivTrace combines first and second-order models dynamically.
While these models address privacy challenges in sparse data, their
accuracy varies.

3.3 Differential Privacy in Recommender
Systems

The application of differential privacy in recommender systems be-
gan with early approaches such as injecting noise into collaborative
filtering [13, 19]. Subsequent methods introduced Laplacian noise
and objective-perturbation techniques [45], with an emphasis on
decentralized solutions.
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Despite these advancements, differential privacy-based tech-
niques for recommender systems remain relatively uncommon in
data release scenarios, primarily focusing on safeguarding user pri-
vacy during the training phase. The potential of differential privacy
in recommendation systems lies in its ability to protect against
knowledgeable adversaries and enable comprehensive privacy-
preserving designs beyond the training phase.

While there is limited literature on differential privacy for data
release in recommender systems [29, 46], it has been widely em-
ployed in data collection across various applications. These include
gathering user location data [1, 4], crowd-sourcing [40], and han-
dling more complex data forms [43].

Recent research has predominantly focused on local differential
privacy (LDP), where individual users locally introduce perturba-
tions to their data before transmitting it to the data collector for
subsequent analysis. The incorporation of randomized response
mechanisms within this context has demonstrated considerable
efficacy in perturbing binary data, as evidenced by prior studies
[12, 44]. This approach has found application in various contexts,
particularly within the realm of recommendation data, as exempli-
fied by the works of Gao et al. [15] and Du et al. [8].

Despite these advancements, there remains a significant gap in
the exploration of differentially private methodologies for releas-
ing recommendation data, particularly those that provide robust
privacy guarantees. This reveals a notable dearth of comprehen-
sive investigations into such approaches, highlighting the need for
further research and development in this domain.

4 RESEARCH QUESTIONS
The exploration of private data publication for recommendation
systems holds significant potential. The outcomes of this research
could substantially benefit recommender systems, as private data
sharing would enable the reuse of existing algorithms with minimal
adjustments while ensuring the guarantees of differential privacy.
Considering the current challenges and unresolved issues in this
field, this research proposal aims to address the following research
questions:

RQ1: How can we develop standardized metrics to charac-
terize and compare recommendation datasets in the context
of privacy-preserving data publishing?

In the domain of recommender systems, the application of dif-
ferential privacy-based approaches for data publishing is relatively
uncommon. Existing methods primarily focus on safeguarding
user privacy during the training phase of a recommender system
[13, 21, 27, 34].

In contrast, the application of differential privacy to data pub-
lishing is more prevalent in other domains, such as trajectory data
publication. Numerous studies have been conducted on publishing
trajectory data with differential privacy [16, 17, 41], resulting in
well-established literature and the definition of statistical metrics
[16] for measuring similarity between trajectory datasets. These
metrics serve as standardized measures for evaluating and compar-
ing various state-of-the-art solutions in the field.

While some existing solutions for publishing private data for
recommendation datasets have been proposed, as discussed in Sec-
tion 3.1 of the related work, we currently lack a robust and con-
solidated literature regarding the publication of private datasets
for recommendation. More importantly, we do not have analogous
standardized metrics to evaluate the quality and similarity between
recommendation datasets. It would be beneficial to develop uni-
fied metrics for assessing the similarity between recommendation
datasets, metrics that are specific to this domain and capable of
fully characterizing them.

This research question aims to identify and analyze the distinc-
tive features of recommendation datasets, with the goal of establish-
ing domain-specific metrics that can comprehensively characterize
these datasets and facilitate meaningful comparisons in the context
of privacy-preserving data publishing for recommender systems.

RQ2: Is it possible to design a differential privacy algo-
rithm for private data publishing in recommender systems
that preserves the quality of recommendations?

The application of differential privacy in recommendation sys-
tems typically results in a decrease in recommendation accuracy
due to the addition of noise to the rating data [3, 47]. It would be
valuable to develop a solution that attempts to balance the trade-off
between privacy and accuracy.

In our preliminary work, we explored the use of the exponential
mechanism for this purpose, as it inherently involves selecting an
outcome based on its score function, a function designed ad hoc
for a specific task that evaluates the utility of the outcome relative
to the input. This approach presented two critical challenges: the
selection of an appropriate score function and the construction of
the outcome space for the exponential mechanism to choose from.

To address these challenges, it is crucial to consider the charac-
teristics of the recommendation dataset, as discussed in RQ1, to
develop a score function that reflects these characteristics and, ide-
ally, allows for adequate recommendation performance. From the
perspective of the outcome space, recommendation datasets present
a unique challenge due to their inherent sparsity and large dimen-
sions. It is therefore necessary to consider strategies for exploring
the dataset space that are guided in some manner, for example,
through heuristics or search strategies, as the random exploration
of this space proposed by Lantz et al. [20] is not feasible for these
types of problems.

Furthermore, it would be interesting to evaluate how this trade-
off between accuracy and privacy is reflected across different users
with varying characteristics, as this trade-off may not be uniform
for all users. Intuitively, one might expect that the addition of noise
to the interactions of users with few ratings would have a more
significant impact compared to users with many ratings.

For instance, Bagdasaryan et al. [2] analyze the impact of Dif-
ferentially Private Stochastic Gradient Descent (DP-SGD) on the
accuracy of neural network training. They found that the accuracy
of a model trained using DP-SGD tends to decrease more substan-
tially for underrepresented classes and subgroups compared to the
original, non-private model. While this study focuses on neural
networks in general, it raises an important question: could a sim-
ilar behavior be observed in recommendation systems? It would
be valuable to investigate whether the application of differential
privacy techniques in recommender systems disproportionately
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affects the accuracy of recommendations for certain user groups or
item categories.

RQ3: How does the adoption of differential privacy in
recommendation systems affect beyond-accuracy objectives?

While the impact of differential privacy on recommendation
accuracy is a primary concern, it is equally important to investigate
its effects on beyond-accuracy objectives, such as popularity bias,
diversity, and fairness.

A first study by Müllner et al. [31] examines the issue of differ-
ential privacy’s impact on popularity bias in the context of implicit
feedback datasets. Their findings indicate an exacerbation of popu-
larity bias when differential privacy is applied.

Furthermore, Ganev et al. [14] specifically investigates the influ-
ence of differential privacy on subgroup fairness in classification
tasks using synthetic data. Given the increasing focus on fairness
in recommender systems and the numerous unresolved questions
in this domain, it is crucial to consider how the generation of dif-
ferentially private data might affect fairness in the context of rec-
ommender systems.

It is also important to consider that the use of differential privacy
might have implications for the robustness of recommendation
systems [26]. This concept was first observed by Dwork and Lei
[9], who noted that private algorithms satisfy robustness. It would
be interesting to understand if differential privacy and robustness
have a synergistic and complementary effect on recommendation
systems.

This research question aims to comprehensively assess the broader
implications of implementing differential privacy in recommenda-
tion systems, extending beyond traditional accuracy metrics to
encompass these critical beyond-accuracy objectives.

5 CONCLUSION
This research proposal addresses critical challenges in enhancing
privacy for recommender systems through the application of dif-
ferential privacy techniques, with a focus on privacy-preserving
data publishing.

Firstly, we expect to gain a comprehensive understanding of
the distinct characteristics of recommendation datasets and how
they influence privacy-preserving techniques. This knowledge will
inform the development of novel differentially private algorithms
specifically tailored for publishing recommendation data while
preserving utility.

A key contribution will be the establishment of standardized met-
rics for evaluating the similarity between original and synthetically
generated recommendation datasets. These domain-specific metrics
will fill a crucial gap in the current literature, facilitating meaningful
comparisons and evaluations in the context of privacy-preserving
data publishing for recommender systems.

Furthermore, our research will provide valuable insights into
the effects of differential privacy on beyond-accuracy objectives
such as diversity, fairness, and robustness in recommender systems.
We aim to develop strategies for mitigating potential disparate im-
pacts of privacy-preserving techniques on different user subgroups,
ensuring that privacy enhancements benefit all users equitably.

By addressing these challenges, our work has the potential to
significantly benefit the field of recommender systems, enabling

researchers and practitioners to work with privacy-preserved rec-
ommendation data while maintaining the effectiveness of personal-
ized suggestions. Our contributions will foster the responsible and
ethical use of user data in recommendation contexts, aligning with
increasing privacy regulations and user expectations.
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