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Abstract
With the proliferation of big data and advanced analytics, there are growing concerns
Keywords: about privacy, transparency, and ethics. Data minimization has emerged as an
e  Transparency important principle to address these issues by collecting, processing, and storing only
e  Data collection essential data. However, practical implementations of data minimization pose
e Privacy policies significant technical and ethical challenges. This paper provides a comprehensive
e  Consent notices review of the theoretical foundations and state-of-the-art techniques for robust and
e  Data minimization ethical data minimization. We survey diverse methods from statistics, machine

learning, security, and privacy that enable minimizing data while preserving utility. We
highlight emerging directions such as federated learning and differential privacy that
limit data exposure. For real-world deployments, we discuss trust, transparency, and
accountability requirements. Our analysis outlines important open problems in

Excellence in Peer-Reviewed rectifying tensions between innovation and ethics. We also propose a unifying

Publishing: framework to advance research on aligning the dual goals of minimizing data and

QuestSquare maximizing benefits. Through technical and ethical perspectives, our work serves as a
roadmap for developing principled data minimization techniques with rigorous privacy
and utility guarantees.
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Introduction

The digital revolution has ushered in an era where data has become the lifeblood of
numerous sectors, including science, government, and industry. With the proliferation
of online services and internet-connected devices, vast troves of personal and sensitive
data are continuously amassed and scrutinized to fuel the functionalities of modern
applications. Nevertheless, amidst this data abundance, concerns regarding privacy
infringement, lack of transparency, potential discrimination, and manipulative
practices have surged, underscoring the critical imperative to curtail data collection
and utilization to only what is indispensable and morally sound. Hence, the concept
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of data minimization has emerged as a fundamental design principle, aiming to
streamline the acquisition, processing, and retention of data to the bare essentials
necessary for the task at hand [1]. Effectively implemented, data minimization yields
manifold advantages, including heightened privacy protection by mitigating the
exposure of personal information, enhanced transparency concerning data utilization,
diminished security vulnerabilities stemming from data breaches, reduced operational
costs associated with data storage and processing, and the cultivation of public trust
through adherence to ethical data practices [2].

Despite the burgeoning acknowledgment of its significance, the practical application
of data minimization continues to pose formidable challenges. Organizations grapple
with striking the delicate balance between maximizing utility derived from data and
minimizing the associated risks and ethical concerns [3]. The ambiguous delineation
of what constitutes necessity and ethicality further compounds the complexities
surrounding data minimization endeavors [4]. Moreover, there exists a palpable
disjunction between the lofty aspirations articulated in policies advocating for
stringent data minimization and the technological mechanisms requisite for
effectively enforcing such policies. Consequently, bridging these chasms necessitates
concerted efforts to refine existing frameworks, develop robust technological
solutions, and foster a culture of conscientious data stewardship within organizations

[5].

While the importance of data minimization is widely acknowledged and its benefits
are undeniable, its effective implementation demands a multifaceted approach
encompassing not only technological innovations but also meticulous policy
formulation, ethical considerations, and organizational commitment. By surmounting
the myriad challenges associated with data minimization, stakeholders can pave the
way towards a more responsible, transparent, and sustainable data ecosystem that
upholds privacy rights, fosters public trust, and fosters innovation.
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Figure 1 Data flow of the process used for data collection, analysis, and reporting in our study [6]
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This paper provides a comprehensive overview of the theoretical foundations and
practical techniques for robust and ethical data minimization. We survey the extensive
literature across statistics, machine learning, security, and privacy that enables
minimizing data exposure while preserving utility [S]. We also critically examine
emerging directions like federated learning that limit data collection from users. For
real-world deployments, we discuss important considerations around transparency,
accountability, and public oversight. Our contributions are three-fold:

1. We present the first integrated review of data minimization, highlighting
connections between areas like privacy, security, and ethics.

2. We identify critical open research problems in rectifying tensions between
innovation and ethics.

3. We propose a unifying technical framework to advance principled data
minimization with rigorous utility and privacy guarantees.

The remainder of this paper is organized as follows. Section 2 surveys statistical and
algorithmic foundations that enable extracting maximal information from minimal
data. Section 3 reviews privacy definitions and mechanisms like differential privacy
that can formally limit data exposure. Section 4 examines security techniques like
encryption that restrict unauthorized access. Section 5 discusses federated learning as
a paradigm to keep data localized. Section 6 highlights considerations around
transparency and accountability. Section 7 outlines our proposed unifying framework
and directions for future work. Section 8 concludes with final remarks.

Statistical and Algorithmic Foundations

Statistics and machine learning provide crucial techniques to distill key information
from datasets. By removing noise and redundancy, predictive models can be built
using orders of magnitude less data than original volumes. We survey three main
approaches: data condensing, sparsity inducing regularization, and active learning [7].

Data Condensing

Data condensing refers to techniques that compress the input data into a smaller
representation containing only the most informative features. Linear methods like
principal component analysis (PCA) and singular value decomposition (SVD) are
commonly used for dimensionality reduction. Non-linear techniques like
autoencoders can also learn compact latent representations. Mathematically, data
condensing can be posed as an optimization problem that minimizes reconstruction
error after compression [8]. The reduced representation improves storage efficiency
while retaining predictive performance. However, condensing alone does not prevent
exposure of sensitive raw features. Private variants exist but incur large utility costs.
Overall, data condensing provides a first step towards data minimization [9].

Sparsity Inducing Regularization
Regularization is a general machine learning technique to prevent overfitting by
penalizing model complexity. Sparsity inducing norms like L1 regularization bias
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models towards using fewer input features. By effectively selecting predictive subsets
of data, sparse models require less data for training. Sparsity also enhances
interpretability by identifying salient features. However, the Irrepresentable Condition
requires strong assumptions around collinearity for feature selection consistency.
There are also computational challenges in optimizing nonsmooth objectives [10].
Improvements using non-convex regularization and structural priors are active areas
of investigation. In sum, sparsity inducing regularization is a valuable data
minimization tool but requires further innovation to extend guarantees.

Active Learning

Active learning minimizes data needs by intelligently selecting influential training
examples. Instead of passively receiving random samples, active learners query points
likely to most improve the model. This approach is well-motivated by the power law
distribution underlying many datasets - a few examples contain most of the
information. By targeting influential points, predictive performance can be achieved
with orders of magnitude less labeled data [11]. However, designing effective query
strategies and robustly handling noisy responses remain open challenges. There is also
risk of ignoring underrepresented populations. Recent work has focused on balancing
information gain with fair representation. Altogether, active learning is a promising
direction that requires care in practical deployments.

Privacy Definitions and Mechanisms

Privacy is a major driver towards data minimization. Restricting access to sensitive
attributes inherently reduces exposure. Beyond access control, techniques like
differential privacy provide robust privacy guarantees by minimizing leaked
information.

Differential Privacy

Differential privacy is a rigorous framework that formalizes the risk of inferring
presence of individual records from statistical outputs. It works by injecting carefully
calibrated noise to limit distinguishing between neighboring databases. Two
parameters control the privacy-utility tradeoff:

- ¢ bounds the maximal privacy loss. Lower values provide stronger privacy.
- 6 bounds the probability of extremes. It relaxes pure e-differential privacy.

Satistying differential privacy implies strong protections against common attacks like
reconstructing inputs from models. Composition theorems also allow extending
guarantees across multiple computations. However, the magnitude of noise required
often severely degrades utility. Recent work has focused on improving tightness of
relaxations and developing more practical implementations. Overall, differential
privacy enables formally minimizing leaked information but remains challenging for
complex analytics.
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Federated Learning

Federated learning is a distributed computation paradigm that trains models without
direct data access. Instead of collecting raw data, models are trained locally on user
devices and only ephemeral updates are transmitted. This approach minimizes central
data storage and exposure. However, the decentralized setting also introduces new
challenges in handling statistical heterogeneity, unreliable devices, and adversarial
attacks. Maintaining privacy and fairness guarantees similarly requires care. Secure
aggregation protocols are an active area of research. Altogether, federated learning
represents a conceptual shift towards minimal data collection but still needs
refinement for robustness [12].

Security Measures

Data minimization through access control and encryption restricts exposure from
unauthorized use. Security techniques like anonymization and trusted hardware also
limit collection.

Anonymization

Anonymization, a crucial technique in data privacy, involves severing the direct link
between records and individual identities. Basic methods such as pseudonymization,
achieved through techniques like hashing, aim to maintain data utility while providing
a level of anonymity. However, these approaches are susceptible to re-identification
attacks, especially when combined with background knowledge [13]. To address this,
more robust statistical concepts like k-anonymity and 1-diversity have been developed.
These notions enhance protection by ensuring that each record in a dataset is
indistinguishable from at least k-1 others (k-anonymity) and by promoting diversity
among the sensitive attributes (I-diversity). Despite these advancements, achieving
optimal anonymization is NP-hard and may result in significant data distortion.
Additionally, the effectiveness of anonymization techniques is highly context-
dependent, as the same dataset may reveal varying levels of sensitive information
depending on the environment in which it is analyzed. Thus, while anonymization
offers promising avenues for protecting privacy, it remains a challenging task in
practice, requiring careful consideration of both technical and contextual factors.

Moreover, the landscape of data privacy continues to evolve, presenting new
challenges and considerations for anonymization practices. Emerging technologies
such as machine learning and big data analytics introduce novel risks to privacy, as
they can often infer sensitive information from seemingly innocuous data points.
Furthermore, the proliferation of interconnected systems and data sharing agreements
across organizations complicate the anonymization process, as data may be subject to
various legal and regulatory frameworks with differing requirements [14]. As a result,
achieving effective anonymization necessitates a multidisciplinary approach that
integrates technical expertise with legal and ethical considerations. Moreover,
ongoing research and development are essential to adapt anonymization techniques to
evolving threats and privacy standards. In this dynamic landscape, organizations must
continually evaluate and update their anonymization strategies to mitigate privacy
risks effectively while maximizing data utility for legitimate purposes.
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Trusted Hardware

Trusted execution environments (TEEs), such as Intel SGX, offer robust hardware-
level security by creating isolated environments known as encrypted enclaves. These
enclaves ensure that computations can be performed securely on sensitive data,
effectively minimizing unauthorized access. Despite the inherent security benefits,
practical implementations of TEEs are susceptible to side-channel attacks and
challenges related to attestability, which can compromise the confidentiality of the
enclave [15]. While fully homomorphic encryption presents a potential solution by
enabling computations on encrypted data without decryption, its current
computational overhead renders it impractical for many real-world applications [16].
Therefore, there is a continued need for balanced cryptographic approaches that
address security concerns while maintaining efficiency. Emerging initiatives in
confidential computing show promise by leveraging techniques such as secure multi-
party computation and zero-knowledge proofs to enable secure data processing while
minimizing exposure to potential threats. These advancements contribute to the
ongoing evolution of secure computing paradigms, aiming to establish a more robust
and trustworthy foundation for sensitive data handling in various domains [17].

Considerations for Real-World Deployments

Beyond technical solutions, implementing ethical data minimization requires holistic
considerations around transparency, accountability, and oversight. We highlight key
requirements and social challenges.

Transparency

Transparency regarding data collection and its subsequent use is paramount in
assessing its appropriateness and proportionality within ethical boundaries. Presently,
mechanisms such as consent notices and privacy policies, while intended to provide
clarity, often place excessive responsibility on individuals to decipher intricate details.
Achieving effective transparency mandates proactive dissemination of easily
understandable information, transcending the confines of mere legalistic disclosures
[18]. Innovations like data fact sheets, which succinctly outline critical attributes, offer
promise in enhancing comprehension among stakeholders. Additionally, independent
audits and risk assessments play pivotal roles in ensuring adequate oversight [19].
Despite these advancements, it's evident that fostering transparency remains a
multifaceted, human-centered challenge integral to the ethical practice of data
minimization.

Table 1: Example table summarizing key data minimization techniques
Technique Description Utility | Privacy
Data condensing | Compress data into lower dimension | Medium | Low
via matrix factorization.

Sparse Penalize model complexity to select | Medium | Medium

regularization few features.

Active learning Selectively sample useful data High Medium
points.
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Differential Inject noise for formal privacy Low High

privacy guarantees.

Federated Keep data localized and share model | Medium | High

learning updates.

Anonymization Remove identifying information Low Medium
from data.

Secure hardware | Use cryptography and trusted High High
execution environments.

Accountability

Organizations are increasingly recognizing the imperative to adhere to responsible
data usage boundaries, thereby necessitating robust mechanisms for accountability.
Despite this recognition, the retrospective auditing of data practices poses
considerable challenges in practical implementation. While technical interventions
such as incorporating metadata at various stages of the data lifecycle offer potential
solutions by enabling the embedding of audit trails, the realization of reliable
automatic monitoring mechanisms remains elusive, particularly in contexts involving
third-party data sharing [20]. Moreover, the enforcement of legal and ethical standards
demands significant reinforcement. Advocates contend that companies should
designate chief data ethics officers to consolidate accountability within organizational
structures. Nevertheless, achieving genuine accountability hinges not only on the
appointment of designated officers but also on broader transformations in corporate
values and the formulation of supportive public policies.

To establish and maintain accountability in data management, organizations must
navigate various complexities and uncertainties. The imperative to comply with
responsible data limits necessitates effective mechanisms for oversight and
evaluation. However, retrospective audits of data practices present formidable
challenges in implementation. While technical solutions like the integration of
metadata throughout the data lifecycle hold promise by facilitating the creation of
audit trails, the development of reliable automatic monitoring systems remains a
daunting task, particularly in the context of sharing data with third parties [21].
Furthermore, the enforcement of legal and ethical standards demands significant
reinforcement. Many argue for the establishment of chief data ethics officers within
companies to centralize accountability efforts. However, achieving genuine
accountability requires not only structural changes within organizations but also
broader shifts in corporate cultures and the development of supportive public policies
that prioritize data responsibility and ethical conduct.

Public Oversight

Public oversight plays a crucial role in validating the appropriateness of data practices
within organizations and industries. Through mechanisms such as regulatory
frameworks and independent audits, oversight bodies ensure that data handling
complies with ethical standards and legal requirements. Moreover, impact
assessments serve as a preemptive measure, enabling amulti-stakeholder review
before the launch of new products or services. This inclusive approach facilitates early
identification and mitigation of potential risks or harm, fostering transparency and
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accountability in technological advancements. Additionally, expanding participation
in standards bodies fosters a diverse range of perspectives, enriching the development
of new proposals and ensuring they reflect the needs and values of various
stakeholders. However, the effectiveness of oversight processes hinges on meaningful
public representation [22]. Without genuine engagement from those most impacted by
technology, oversight runs the risk of devolving into mere rubber stamping, failing to
address systemic issues or safeguard the rights of individuals [23]. Therefore, it is
imperative that marginalized communities, along with experts and advocates, actively
participate in shaping the trajectory of technological innovation. Achieving inclusive
oversight at scale presents considerable challenges, including overcoming barriers to
access, addressing power imbalances, and navigating complex regulatory landscapes.
Yet, despite these obstacles, it is essential for the establishment of just governance in
the digital age. The path forward demands patience, perseverance, and a collective
commitment to fostering transparency, equity, and accountability in technological
governance. Only through shared struggle can we realize the full potential of
technology as a force for positive social change.

Table 2: Example table outlining key transparency requirements

Requirement Description

Notice Inform individuals about collection and use.
Choice Provide opt-out and consent options.

Access Allow individuals to review stored data.

Security Implement safeguards against unauthorized access.
Oversight Support external audits of practices.

Unifying Framework and Future Directions

Synthesizing various perspectives on data minimization, we propose a comprehensive
framework aimed at advancing principled practices while balancing the dual
objectives of maximizing utility and minimizing exposure (see Figure 1). From a
utility standpoint, the emphasis lies on extracting the utmost information from data
employing techniques such as compression, regularization, active learning, and other
algorithmic approaches. Conversely, on the privacy front, the focus is on curtailing
data exposure through strategies like access control, secure computation,
anonymization, and legal oversight. Striking the right equilibrium entails navigating
complex technical tradeoffs and ethical dilemmas. Moving forward, there are several
promising avenues for further exploration:

One potential direction involves the development of predictive benchmarks to
systematically assess the tradeoffs between utility and privacy across various data
minimization techniques. Such benchmarks would necessitate robust metrics that
extend beyond theoretical assurances. Additionally, there is a need to investigate the
dynamics of data minimization throughout the entire data lifecycle, recognizing that
requirements evolve from data collection to long-term archival. Adopting a
continuous risk management perspective is imperative in this regard. Moreover,
efforts should be directed towards designing user-friendly transparency tools that
effectively communicate data practices and empower individuals to make informed
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decisions about their data. Enhancing usability is paramount for the success of such
tools [24].

Furthermore, there is a critical need to explore incentives for both organizations and
individuals to voluntarily engage in data minimization practices beyond mere
regulatory compliance. Market forces can significantly influence behavior in this
domain. In parallel, developing tools to facilitate privacy hygiene and mitigate
incidental data exposure is essential. Implementing defaults and nudges that
encourage data minimization can significantly enhance privacy protection. Lastly,
there is a call for fostering participatory processes for assessing the ethical tradeoffs
associated with data utilization. Ensuring diverse representation is crucial for fostering
fair and just governance in this arena. Advancing these areas through proactive
technical innovation and social engagement holds the key to establishing a robust and
ethically grounded framework for data minimization that prioritizes human well-being
above all else.

Table 3: Example table highlighting future opportunities for data minimization
research

Direction Research Opportunities

Benchmarks Develop metrics to evaluate utility-privacy tradeoffs.

Data lifecycle Study minimization across collection, storage, processing.

Transparency Design human-centered data communication tools.

Incentives Understand individual and corporate motivations.

Privacy hygiene | Build nudges and defaults that cue minimization.

Ethics Facilitate participatory assessment of tradeoffs.
Conclusion

Data minimization stands as a pivotal design principle amid escalating concerns
surrounding privacy, transparency, and ethical considerations in the contemporary
digital landscape. Nonetheless, achieving the delicate balance between minimizing
data exposure and preserving utility entails navigating intricate technical and ethical
dilemmas. In this comprehensive endeavor, we have furnished an integrated overview
of cutting-edge foundations and methodologies spanning statistics, machine learning,
security, and privacy, all aimed at facilitating responsible data minimization [25]. Our
discourse has underscored the significance of emerging approaches such as federated
learning and differential privacy, which inherently curtail data utilization. Moreover,
we have delved into the practical aspects surrounding transparency, accountability,
and the imperative role of public oversight indispensable for ethical implementations.
The framework we have proposed, coupled with identified future prospects, delineates
crucial pathways toward the development of robust data minimization strategies
anchored in human values. Evidently, sustained advancement mandates the
amalgamation of technical insights drawn from diverse disciplines with inclusive
deliberations on equitable governance structures. Despite persistent challenges, data
minimization epitomizes a critical paradigm for constructing technologies that
empower rather than exploit individuals. The overarching objective of maximizing
benefit while minimizing harm underscores the ongoing necessity for concerted
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efforts. Though arduous, this endeavor remains quintessential to the advancement of
ethical data practices and the realization of a more equitable digital society [26].

Efforts toward responsible data minimization necessitate a nuanced understanding of
the intricate interplay between technical advancements and ethical imperatives. As we
navigate this terrain, it becomes apparent that achieving the delicate balance between
data utility and privacy preservation requires a multifaceted approach. Through our
exploration, we have shed light on the diverse array of methodologies and frameworks
that underpin contemporary data minimization endeavors. Notably, the emergence of
federated learning and differential privacy represents significant milestones in the
quest for inherently privacy-preserving data practices. Furthermore, we have
elucidated the practical considerations surrounding the ethical implementation of data
minimization strategies, emphasizing the paramount importance of transparency,
accountability, and inclusive governance mechanisms. By delineating a coherent
framework and identifying avenues for future exploration, we aim to catalyze the
development of robust and ethically sound data minimization practices that prioritize
the interests and rights of individuals. In doing so, we acknowledge the ongoing
challenges inherent in this endeavor, yet remain steadfast in our commitment to
advancing responsible data practices that uphold fundamental human values and rights
[27].

The quest for responsible data minimization represents a multifaceted endeavor that
requires a holistic understanding of both technical intricacies and ethical
considerations. Throughout our exploration, we have elucidated the foundational
principles and methodologies that underpin contemporary approaches to data
minimization, emphasizing the importance of striking a balance between data utility
and privacy preservation [28]. By delving into emerging techniques such as federated
learning and differential privacy, we have showcased the potential for innovation in
the realm of privacy-preserving data practices. Additionally, our discussion has
underscored the significance of practical considerations such as transparency,
accountability, and governance frameworks in ensuring the ethical implementation of
data minimization strategies [29]. Through the development of a comprehensive
framework and identification of future opportunities, we aim to propel the discourse
on responsible data practices forward, fostering a culture of ethical data stewardship
that prioritizes individual rights and societal well-being. While challenges persist on
this journey, our unwavering commitment to advancing responsible data practices
remains steadfast, as we strive towards a future where data-driven technologies serve
to empower rather than exploit individuals and communities [30].

The pursuit of responsible data minimization represents a critical imperative in an
increasingly data-centric world. As we confront the challenges posed by ubiquitous
data collection and processing, it becomes imperative to prioritize the protection of
individual privacy and rights [31]. Through our comprehensive examination of the
technical foundations and ethical considerations surrounding data minimization, we
have outlined a pathway towards the development of robust and ethically sound
practices. By embracing emerging techniques and fostering transparency and
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accountability, we can forge a future where data-driven innovations are synonymous
with empowerment rather than exploitation. While the road ahead may be fraught with
challenges, our commitment to advancing responsible data practices remains
unwavering. In doing so, we uphold the principles of fairness, transparency, and
human dignity, ensuring that data remains a force for good in society [32].
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