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Article Information ABSTRACT

Facebook's rebranding to Meta represents a strategic transition from a dominant social-
Received: June 09, 2026 media platform toward an integrated, immersive ecosystem built around virtual reality (VR),

augmented reality (AR), and interconnected digital spaces. This shift substantially widens the
Accepted: August 24, 2026 scope, type, and complexity of user-generated data, extending it beyond clicks and text into
Published: September 24, 2026 spatial movement, gesture-based input, device telemetry, and cross-platform behavioural
signals. This paper examines which data-mining (DM) techniques are best suited to
interpreting this new multi-modal data environment, focusing on clustering and association-
rule mining (ARM), and the challenges that accompany their application. Drawing on a
structured review of academic and industry literature, the paper discusses how clustering
enables behavioural segmentation of VR/AR users while ARM uncovers cross-platform
usage patterns that support retention, cross-selling, and seamless user-journey design. The
review also identifies four recurring challenges in Meta's data-mining pipeline: privacy and
regulatory exposure, data quality and heterogeneity, real-time processing demands, and
model interpretability/algorithmic bias. The paper concludes that clustering and ARM offer
complementary analytical foundations for Meta but require reinforcement through privacy-
preserving data mining (PPDM), anonymization, secure multiparty computation (SMC),
incremental and streaming algorithms, and transparent, bias-audited model governance if
Meta is to responsibly realise its metaverse ambitions.
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INTRODUCTION

Data mining (DM) refers to the process of studying large
datasets using statistical analysis and machine-learning
(ML) algorithms to discover data structures, patterns,
and meaningful insights (Han, Kamber and Pei, 2012).
Facebook has heavily invested in DM to analyze users'
clicks, location stamps, tag-tracking logs, screen-time
records, and textual interactions. As the firm is being
rebranded to Meta (Reuters, 2021), it is shifting from a
dominant social-media platform toward an integrated
ecosystem mounted around VR, AR, and immersive
digital spaces. Such a transition significantly expands
the scope, type, and complexity of user-generated data
to include spatial movements, gesture-based inputs,
device telemetry, and cross-platform signals. Against
this transformation, re-modelling current Facebook DM
techniques becomes essential to making sense of multi-
modal data, optimizing user experience, and enabling
Meta to build the envisioned "metaverse". Two data-
mining techniques particularly relevant to this shift are
clustering and association-rule mining (ARM), and their
application is inseparable from the wider evolution of
big-data analytics and the governance challenges that
accompany it.

This paper therefore situates Facebook's transition to
Meta within the broader landscape of contemporary
data-mining practice: it reviews how clustering and ARM
function, traces the evolution of big-data analytics that
underpins them, identifies the principal challenges Meta

faces in re-engineering its data pipeline, and discusses
what these findings imply for the company's analytical
and governance strategy.

Research Question

This paper is guided by the following research question:
Which data-mining techniques are most relevant to
Facebook's transition into Meta's metaverse ecosystem,
and what challenges and mitigation strategies emerge from
applying these techniques to a multi-modal, sensor-driven
data environment? Two supporting questions follow from
this: (a) how do clustering and association-rule mining
each contribute to interpreting VR/AR-generated user
data; and (b) what data-governance measures atre required
to manage the privacy, quality, real-time processing, and
interpretability challenges that accompany this transition?

LITERATURE REVIEW

Evolution of Data Analytics and Big Data

Data analytics has many definitions, most of which refer
to the systematic examination of raw data, structured or
unstructured, to identify patterns, capture insights, study
trends, and visualize them in a way that supports informed
decision-making, The practice goes back a hundred
years; however, its evolution has accelerated during the
Fourth Industrial Revolution (IE4) due to advances in
communication, computing power, and cloud storage,
leading to increasing demand for Big-Data application in
contemporary business analytics (Abuqabita, Al-Omoush
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and Alwidian, 2019).

Alongside Big-Data, there is a growing integration of
Al and ML into automated analytical tasks including
segmentation, forecasting, and anomaly detection, which
enables firms to progress from descriptive reporting
toward diagnostic, predictive, and prescriptive analytics
(Shahnawaz and Kumar, 2025). This integration has

Change to industry’s core business practices brought about by data and analytics,
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Figure 1: Areas of Data Analytics Application
Source: McKinsey & Company (2018)

Batch computing offers advanced analysis of pre-stored
blocks of Big-Data (Tudoran, Nicolae and Brasche,
2017); firms such as Carrefour and Walmart run batch
analytics on global sales data to identify demand patterns,
inventory turnover rates, and product affinities. Stream
analytics enables processing of data blocks sequentially
generated at high rates in real time (Zhu, Tang and Li,
2019); Netflix, YouTube, and financial-fraud-detection
systems used by banks or payment-gateway providers
(e.g., Visa, Mastercard) employ this framework to monitor
thousands of transactions occurring every second.
Interactive analytics provides the capability to query and

produced trends such as batch computing, stream
analytics, and interactive analytics across many business
domains, with sales and marketing, R&D, and supply
chain remaining the dominant areas in a market size
expected to exceed USD 100 billion by 2028 (Shahnawaz
and Kumar, 2025), illustrated in Figure 1 below.

visualize Big-Data streams within a very short response
time (Garg and Sharma, 2014); firms such as Facebook,
LinkedIn, and Google employ this framework to offer
instant query processing of user interactions, searches,
clicks, and application usage within seconds.

Closely related to this is the emergence of graph
analytics, a method designed to analyze relationships and
connections among data nodes. This trend is growing in
domains where understanding networks and reasoning
is crucial, such as cybersecurity, social networking, and
e-marketing (Grzegorz et al., 2010; Ren ez al., 2014).
These emerging trends are already delivering measurable

Table 1: Big-Data Characteristics and Associated Data-Mining Challenges

Big Data Challenge Impact Primary Data-Mining
V-Characteristic Stage(s) Impacted
Veracity Data Quality (noise, missing | Low accuracy, missing entries, or | Data Collection,
data, inconsistent formats) | corrupted values Preprocessing
Privacy, Security & Ethical Sensitive data exposure, Bias, Data Collection,
Issues Regulatory non-compliance Evaluation, Deployment
Volume Scalability / Volume / Large datasets exceed storage Data Collection, Data
Storage Bottleneck and processing capacity Mining
Computational Complexity | Algorithms require heavy Data Mining, Evaluation,
and Performance processing and long run-time Deployment
Velocity Velocity / Real-Time High-speed data streams Data Collection, Data
Processing requiring instant analysis Mining, Deployment
Variety Data Heterogeneity Different data formats (text, Preprocessing, Integration,
(Structured / unstructured) | images, sensor logs, etc.) Transformation
Integration & Data spread across systems with | Data Integration,
Interoperability inconsistent governance Transformation,
Deployment

Source: Author Findingsw
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impact across multiple industries but still carry many
challenges (K.U and David, 2014) associated with Big-
Data characteristics across the different stages of DM
(Shahnawaz and Kumar, 2025), summarised in Table 1
below.

In summary, the latest developments in data analytics,
driven by AI and ML and enabled by real-time collection
and processing of Big-Data, are reshaping contemporary
industries. These innovations support faster decision-
making, deeper insight generation, and improved
operational resilience, reinforcing the strategic value of
data science in addressing real-world business challenges.
However, these advantages also introduce difficulties
that stretch beyond current technology capabilities,
particularly for a company undertaking the scale of
transformation that Meta is pursuing,

Clustering as an Unsupervised Technique

Clustering is used to group data points based on the
similarity of core characteristics. It allows the discovery
of natural structures within large datasets (Singh and
Singh, 2024). For Meta, this provides a strategic capability
to understand behavioural diversity among VR/AR
users, a data scope far bigger than traditional Facebook
interactions. The metaverse records include headset-
usage patterns, session duration, motion trajectories,
avatar interactions, and device-switching logs. Applying
clustering to this Big-Data enables grouping users into
more meaningful categories such as "social immersion
users", "VR gamers", "AR productivity adopters", or
"hybrid multi-device explorers". These segments support
user-specific UX as well as personalized marketing,
targeted
advertising, Clustering, as an unsupervised ML technique,

including content recommendations and
is also suitable because it does not require labelled data
(Asghari, 2026); this is ideal where social-data-point
categories are still emerging, as is the case with the Meta

metaverse (Moujahid and Dornaika, 2025).

Association-Rule Mining (ARM)
ARM focuses on patterns,
dependencies, and co-occurrence relationships within

identifying  frequent

Table 2: Data Mining Challenges

datasets (Pinheiro, Guerreiro and Mamede, 2024). In
Meta's context, ARM can uncover how users navigate
across the company's integrated platforms. For example,
it can identify whether certain activities in "Horizon"
correlate with increased Instagram engagement, or
whether specific VR actions precede purchasing an
Oculus device. This type of pattern discovery provides
actionable insights for retention strategies, cross-selling,
and the design of seamless user journeys across Facebook,
WhatsApp, Instagram, and Horizon environments. In
addition, ARM can detect behavioural combinations
inside VR spaces, such as users who frequently join
community events while simultaneously engaging through
Messenger invites. These insights are essential to refine
social-presence features, community algorithms, and UX
recommendations.

Meta's
dependent data environment in which clustering and

transformation creates a complex, sensof-
ARM offer strong, complementary analytical foundations
for interpreting immersive patterns and optimizing UX.
However, the two techniques carry different strengths and
limitations. Clustering supports exploratory analysis in
multi-dimensional environments but may struggle as the
monitored characteristics become highly heterogeneous
in large-scale datasets. ARM excels at identifying co-
occurring patterns but requires careful thresholding
to avoid bias, excessive correlation, or irrelevant rules,
especially in fast-moving VR platforms. Real-time
clustering may require incremental algorithms, while
ARM may need streaming-based extensions to handle
continuous user activity in such spaces. Accordingly, both
techniques require substantial computing power and
sustained, long-term ML investment.

Challenges of Data Mining in Meta's Transition
Although DM offers significant competitive advantages
to firms investing in Knowledge Discovery in Databases
(KDD), it introduces complex challenges across its
processes: data collection, preparation, mining, and
interpretation (Baig ez al., 2023). Table 2 below summarises
its frequent challenges.

Obstacles in the Data Mining Industry

Security and Social Challenges

Noisy and Incomplete Data

Distributed Data

Complex Data

Performance

Scalability and Efficiency of the Algorithms

Improvement of Mining Algorithms

Incorporation of Background Knowledge

Data Visualization

Mining Dependent on Level of Abstraction

Source: (Baig et al., 2023)
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Meta's transition involves dealing with the above-
mentioned challenges at different levels of the DM
pipeline. Reuters (2021) highlights that Meta is already
under substantial scrutiny for its data practices, while the
introduction of VR/AR devices incteases ptivacy risks
concerning location tracking, movement trajectories,
room-mapping, biometrics, and social-presence signals.
Questions are raised about consent, intrusive tracking,
and algorithmic misuse, especially given the low level
of privacy awareness globally (see Figure 1 below).
Data-regulatory frameworks — including the European

Individisals wheo resd privacy policy statements belors providing personal data, 2023

General Data Protection Regulation, the California
Consumer Privacy Act (CCPA), the Turkish Personal
Data Protection Law (KVKK), and the Saudi Personal
Data Protection Law (PDPL) — impose strict constraints
on what can be collected and how it is processed. To
mitigate these challenges, Meta must adopt measures such
as Privacy-Preserving Data Mining (PPDM) (Hewage,
Sinha and Naeem, 2023), anonymization (Sweeney, 2002),
and Secure Multiparty Computation (SMC) (Tran and
Hu, 2019).
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Figure 2: Levels of Privacy Awareness (2023)
Source: OECD

A second major challenge is data quality. Meta's new
ecosystem integrates data from many different sources
whose types differ in format, structure, frequency, and
noise levels. For example, VR telemetry may contain
missing values when sensors disconnect, and motion
data may require sophisticated filtering. Combining this
with Facebook, Instagram, and WhatsApp logs creates a
highly fragmented landscape that necessitates correction
algorithms to avoid misleading insights. To address
this challenge, Koukaras and Tjortjis (2025) suggest a
framework for pre-processing and feature engineering;

A third challenge stems from real-time processing of Big-
Data, whose volume, velocity, and variety characteristics
cause not only data deluge but also affect infrastructure
performance when accommodating a growing volume
of user interactions (Shahnawaz and Kumar, 2025). As
Reuters (2021) notes, Facebook already serves 2.9 billion
monthly users, and the new metaverse will address a
considerable portion of this number, multiplied by
many variables reading live data streams. Traditional
batch processing may be insufficient; Meta must rely
on distributed computing frameworks run over live
stream-processing engines, incremental ML algorithms,
and optimized cloud infrastructure to manage this scale
(Lalaoui, El Haji and Kounaidi, 2025).

A fourth challenge relates to model interpretability and
algorithmic bias. VR/AR data, rich in behavioural and

biometric signals, can lead to "black box" models that
are difficult to explain, justify, or reconcile with user
trust (Atzmueller e/ a/, 2024). In addition, segmentation
techniques such as
if not

clustering may reinforce social
stereotypes carefully monitored, potentially

producing negative user experiences from overly

intrusive algorithms within immersive environments.
To address these risks, Meta must incorporate assurance
techniques that explain results and audit bias, including
human-in-the-loop validation, fairness-ML regulation,
and transparent model reporting (Rabonato and Berton,
2025).

In summary, Meta's challenges require not only advanced
technical solutions but also strong data governance,
regulatory alignment, and ethical oversight. By integrating
these measures into its DM processes, Meta can pursue an
immersive and responsible data-mining strategy and build
greater trust as it shifts from a social-media company into
a metaverse-driven ecosystem.

MATERIALS AND METHODS

This paper adopts a qualitative, desk-based literature-
review methodology rather than primary data collection,
given that its purpose is conceptual: to evaluate which
data-mining techniques and challenges are most
relevant to Facebook's transition into Meta. Secondary

sources were drawn from peer-reviewed journal articles,
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conference proceedings, and industry reports published
mainly between 2019 and 2026, supplemented by
authoritative industry commentary (Reuters, McKinsey &
Company, OECD, IBM) to ground the analysis in Meta's
real-world transition.

Sources were located through academic databases
and search engines (e.g., Scopus-indexed journals and
Google Scholar) using keyword combinations such as
"data mining", "clustering", "association-rule mining",
"Big Data challenges", "metaverse data", and "ptivacy-
preserving data mining". Selection critetia prioritised
recency, relevance to social-media or immersive-
technology contexts, and methodological credibility (peer
review or recognised industry authorship). Sources that
did not directly inform the papet's two cote techniques
(clustering and ARM) or its four identified challenge
categoties (ptivacy/regulation, data quality, real-time
processing, interpretability/bias) wete excluded from
detailed discussion, though many remain listed in the
reference list as background reading.

The analytic approach applied to the selected literature
was thematic synthesis: findings were grouped first
by data-mining technique (clustering, ARM) and then
by challenge category, allowing the two strands to be
brought together in the Results and Discussion section
to answer the research question. As with any literature-
based methodology, the approach is limited by its reliance
on secondary sources and publicly available industry
commentary rather than primary access to Meta's internal
data infrastructure; conclusions about Meta specifically
should therefore be read as informed inference rather
than empirically verified findings.

RESULTS AND DISCUSSION

The literature reviewed indicates that clustering and
ARM are each suited to different, complementary aspects
of Meta's data-mining needs. Clustering's strength
lies in exploratory, unsupervised segmentation of
heterogeneous behavioural data — precisely the kind of
headset-usage, motion-trajectory, and device-switching
data that VR/AR platforms generate — allowing Meta
to build user personas without needing pre-labelled
categories (Asghari, 2026; Moujahid and Dornaika,
2025). ARM, by contrast, is better suited to uncovering
cross-platform dependencies (for example, links between
Horizon activity and Instagram engagement), which
supports retention and cross-selling strategies that
clustering alone cannot reveal (Pinheiro, Guerreiro and
Mamede, 2024). Taken together, the two techniques
answer the first supporting research question: clustering
"who" the user is behaviourally, while ARM
interprets "what sequences" of behaviour matter across

interprets

Meta's integrated platforms.

The four challenge categories identified in the review
— privacy and regulatory exposure, data quality, real-
time processing, and interpretability/bias — are not
independent of the choice of technique; rather, they
compound it. Clustering large, heterogeneous, biometric-

tich VR/AR datasets increases both the ptivacy tisk
discussed by Reuters (2021) and the interpretability
risk discussed by Atzmueller e al (2024), since richer
feature sets make both re-identification and "black-box"
outcomes more likely. ARM's dependence on frequent-
pattern thresholds, meanwhile, is most exposed to
the data-quality and real-time-processing challenges:
fragmented, noisy, or delayed data from Meta's several
platforms can generate spurious or missed association
rules unless pre-processing (Koukaras and Tjortjis, 2025)
and streaming-based extensions (Lalaoui, El Haji and
Kounaidi, 2025) are in place.

This interaction between technique and challenge answers
the second supporting research question. Governance
measures cannot be treated as an add-on to the analytics;
they need to be embedded technique-by-technique. For
clustering, this means combining segmentation with
anonymization (Sweeney, 2002) and PPDM (Hewage,
Sinha and Naeem, 2023) before behavioural personas
are used in marketing or UX decisions. For ARM, this
means applying SMC (Tran and Hu, 2019) where rules
are derived across platforms owned by the same company
but drawing on data from users who may not expect
cross-platform correlation, alongside fairness auditing
and human-in-the-loop review to prevent stereotype-
reinforcing rules (Rabonato and Berton, 2025).

Overall, the discussion suggests that Meta's transition
is best served not by choosing between clustering and
ARM but by deploying them in tandem, wrapped in a
governance layer proportionate to the four identified
challenges. This reading is consistent with the broader
analytics literature, which shows firms progressing from
descriptive to predictive and prescriptive analytics only
once data-quality and governance foundations are in
place (Shahnawaz and Kumar, 2025); Meta's metaverse
ambitions make that sequencing more, not less, important.

CONCLUSION
Meta's
organization has created a complex, sensor-dependent

transformation into a  metaverse-driven
data environment in which clustering and Association
Rule Mining (ARM) provide robust analytical foundations
for interpreting immersive user behaviour and optimizing
user experience (UX). Clustering facilitates exploratory
analysis within high-dimensional virtual environments
by identifying hidden behavioural segments, although its
effectiveness may decline as monitored characteristics
become increasingly heterogeneous and large-scale
datasets grow more complex. Similarly, ARM is effective
patterns

and relationships among user activities; however, its

in uncovering co-occurring  behavioural
performance depends heavily on appropriate threshold
selection to avoid generating excessive, biased, orirrelevant
association rules, particularly within dynamic virtual reality
(VR) ecosystems. Both techniques demand substantial
computational resources, continuous machine learning
investment, and comprehensive governance mechanisms
to ensure reliable and responsible deployment. Based on
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the literature reviewed, several strategic recommendations
emerge for Meta's data-mining approach during its
metaverse transition. Privacy-Preserving Data Mining
(PPDM), data anonymization techniques, and Secure
Multiparty Computation (SMC) should be integrated

as default
or association rules are incorporated into product

safeguards before behavioural clusters
development or marketing decisions. Furthermore, Meta
should invest in incremental clustering algorithms and
streaming-based ARM models capable of processing
continuous, real-time VR and augmented reality (AR) user
interactions instead of relying exclusively on conventional
batch-processing methods. Establishing a comprehensive
data pre-processing and feature-engineering pipeline is
also essential to address missing, noisy, or inconsistent
data resulting from sensor failures and the integration of
heterogeneous platforms such as Facebook, Instagram,
WhatsApp, and Horizon. In addition, institutionalizing
human-in-the-loop validation, fairness-oriented machine
learning audits, and transparent model reporting can
improve interpretability while reducing the risk of
algorithmic bias and stereotype reinforcement associated
with clustering outcomes. Finally, Meta should proactively
align its data collection, storage, and processing practices
with major international data protection regulations,
including the General Data Protection Regulation
(GDPR), the California Consumer Privacy Act (CCPA),
Turkey's Personal Data Protection Law (KVKK), and
the Personal Data Protection Law (PDPL), to address
increasing regulatory scrutiny surrounding its data
practices. these
support the development of an immersive, responsible,

governance Collectively, measures
and trustworthy analytics strategy. They also answer the
research question posed at the outset by demonstrating
that clustering and Association Rule Mining are the
most suitable techniques for analysing Meta's multi-
modal metaverse data; however, their effectiveness can
only be fully realised when complemented by robust
privacy protection, high data quality, real-time processing
capabilities, and transparent, interpretable governance
frameworks. Achieving this balance provides Meta with
the strongest foundation for building user trust as it
evolves from a traditional social media platform into a
comprehensive metaverse ecosystem.
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Appendix

Appendix A: Glossary of Abbreviations

VR: Virtual Reality.

AR: Augmented Reality.

UX: User Experience.

KDD: Knowledge Discovery in Databases.

Data globally  recognised
examples include the European General Data Protection
Regulation (GDPR), the California Consumer Privacy

Regulatory Frameworks:

Act (CCPA), the Turkish Personal Data Protection Law
(KVKK), and the Saudi Personal Data Protection Law
(PDPL).

PPDM: Privacy-Preserving Data Mining,

SMC: Secure Multiparty Computation — a technique
that allows different parties to jointly compute a certain
functionality without revealing personal data.

OECD: The Organisation for Economic Co-operation
and Development.




