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Abstract

Natural Language Processing (NLP) is integral
to social media analytics but often processes
content containing Personally Identifiable In-
formation (PII), behavioral cues, and metadata
raising privacy risks such as surveillance, profil-
ing, and targeted advertising. To systematically
assess these risks, we review 203 peer-reviewed
papers and propose the NLP Privacy Risk Iden-
tification in Social Media (NLP-PRISM) frame-
work, which evaluates vulnerabilities across
six dimensions: data collection, preprocessing,
visibility, fairness, computational risk, and reg-
ulatory compliance. Our analysis shows that
transformer models achieve F1-scores ranging
from 0.58-0.84, but incur a 1% — 23% drop
under privacy-preserving fine-tuning. Using
NLP-PRISM, we examine privacy coverage in
six NLP tasks: sentiment analysis (16), emo-
tion detection (14), offensive language identifi-
cation (19), code-mixed processing (39), native
language identification (29), and dialect detec-
tion (24) revealing substantial gaps in privacy
research. We further found a (] 2% — 9%)
trade-off in model utility, MIA AUC (mem-
bership inference attacks) 0.81, AIA accuracy
0.75 (attribute inference attacks). Finally, we
advocate for stronger anonymization, privacy-
aware learning, and fairness-driven training to
enable ethical NLP in social media contexts.

1 Introduction

Social media platforms such as X (formerly Twit-
ter), Facebook, and Reddit generate vast volumes
of user-generated content (Luca, 2015; Naveen Ku-
mar et al., 2026; Gupta et al., 2024; Noman et al.,
2019; Das et al., 2021, 2020), providing valuable re-
sources for natural language processing (NLP) (Ad-
hikari et al., 2023, 2025b, 2022). However, this
content’s informal, multilingual, and noisy nature
characterized by slang, emojis, abbreviations, and
code-mixing poses challenges for model robustness
and generalization (Gharehchopogh and Khalifelu,

2011; Singh and Manoj, 2017; Bioglio and Pensa,
2022; Cho et al., 2020). Core NLP tasks commonly
applied to social media include sentiment analy-
sis (Muhammad et al., 2023; Barnes et al., 2022;
Patwa et al., 2020; Yue et al., 2019; Xu et al., 2025),
emotion detection (Giorgi et al., 2024; Moham-
mad and Bravo-Marquez, 2017; Andalibi and Buss,
2020; Ortiz-Clavijo et al., 2023), offensive lan-
guage identification (Zampieri et al., 2019b, 2020;
Ataei et al., 2022), code-mixed processing (Aguilar
et al., 2018; Sravani et al., 2021; Yong et al.,
2023; Das and Gambéck, 2013; Roy and Kumar,
2025), native language identification (Tetreault
etal.,2013; Malmasi et al., 2017), and dialect detec-
tion (Malmasi et al., 2016a; Zampieri et al., 2019c;
Gaman et al., 2020; Chifu et al., 2024).

These tasks enable applications such as opin-
ion mining (Sharma and Jain, 2020), emotion in-
ference (Canales and Martinez-Barco, 2014; Gill
et al., 2008), hate speech moderation (Davidson
et al., 2017; Hounsel et al., 2018; He et al., 2024;
Vishwamitra et al., 2024; Xu, 2024), multilingual
communication (Dogrudz et al., 2021), second lan-
guage acquisition (Malmasi et al., 2016b; Stokes
et al., 2023; Reitmaier et al., 2022; Buschek et al.,
2021; Strengers et al., 2020), and sociolinguistic
analysis (Faisal et al., 2024; Eleta, 2012). While
large language models have advanced these tasks,
they also raise concerns about interpretability and
user privacy (Meier, 2024; Silva et al., 2022; Ad-
hikari et al., 2025a).

Privacy risks in social media NLP arise from
adversaries such as platform operators, scrapers,
or state actors capable of accessing raw data or
models to perform profiling, de-anonymization, or
inference attacks (Beigi and Liu, 2020; Zhang et al.,
2018). Given the prevalence of personally identi-
fiable information (PII), geolocation, and behav-
ioral cues in social media text (Lucas and Borisov,
2008), such data is highly vulnerable to surveil-
lance. Moreover, large models have been shown
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to memorize sensitive information during train-
ing (Das et al., 2024; Pan et al., 2020), prompt-
ing privacy-preserving efforts such as differential
privacy (DP), federated learning (FL), and data
anonymization (Bonneau et al., 2009; Adu-Oppong
et al., 2008; Mondal et al., 2014; Moore et al.,
2024). DP injects training noise to protect user
identity (Wang and Sinnott, 2017), while FL de-
centralizes learning to reduce data leakage (Mistry
et al., 2024; Khalil et al., 2024; Li et al., 2020).
However, these techniques remain sparsely adopted
in real-world NLP systems. Although prior works
(e.g., (Mahendran et al., 2021)) discuss general pri-
vacy in NLP, task-specific analyses for social media
contexts are limited.

To address this gap, we introduce NLP Pri-
vacy Risk Identification in Social Media (NLP-
PRISM), a framework for systematically character-
izing privacy risks and mitigation strategies across
social media NLP tasks. Using NLP-PRISM, we
conducted a systematic review of 3,982 papers and
selected 203 peer-reviewed works from major NLP,
privacy, and HCI venues, guided by research ques-
tion: What specific privacy risks emerge when
key NLP tasks such as sentiment analysis, emo-
tion detection, offensive language identification,
code-mixed text processing, native language identi-
fication, and dialect detection are applied to social
media data, where models may inadvertently reveal
or infer sensitive personal attributes, user identi-
ties, or demographic information?

Key Contributions:

(1) We present the first comprehensive system-
atization of privacy vulnerabilities in social me-
dia NLP, analyzing 203 peer-reviewed studies
across six core tasks. Our analysis identifies
previously underexplored threats, including la-
tent user re-identification, attribute inference, and
representation-level demographic leakage.

(2) We propose NLP-PRISM, a six-dimensional
framework that captures privacy risks across
data collection and usage, preprocessing and
anonymization, visibility and profiling, computa-
tional vulnerabilities, bias, fairness and discrimina-
tion, and regulatory and ethical Al considerations.
(3) We conduct a quantitative assessment of the
privacy utility trade-off using transformers (XLM-
R, GPT-2, and FLAN-T5) combined with privacy-
preserving interventions such as named-entity
masking, text perturbation, and noise addition. Ad-
versarial evaluations using membership inference
(MIA) and attribute inference (AIA) attacks demon-

strate significant information leakage (MIA AUC
up to 0.81 and AIA accuracy up to 0.75) and
measurable performance degradation (F1 score de-
creases ranging from 1% to 23%), with identity-
centric tasks showing the highest vulnerability.

2 NLP-PRISM: Privacy Risk Framework

The NLP Privacy Risk Identification in Social Me-
dia (NLP-PRISM) framework offers a comprehen-
sive, multi-dimensional view of privacy-aware NLP
by analyzing vulnerabilities, computational risks,
and mitigation strategies across the NLP lifecycle.
Built upon six interrelated dimensions, it adapts
and extends the Cross-Cultural Privacy Frame-
work (Ur and Wang, 2013), OVERRIDE (Ragha-
van et al., 2012), and the Privacy Risk Assessment
Framework (PRAF) (Saka and Das, 2024). The
Cross-Cultural Privacy Framework introduces key
factors such as cultural norms, user expectations,
and legal contexts shaping privacy behaviors like
pseudonymity and disclosure. The OVERRIDE
model adds context-aware controls adjusting pri-
vacy preferences dynamically, a concept vital for
social media environments. Finally, PRAF pro-
vides a foundation for assessing compliance, us-
ability, and third-party data sharing. Figure 1 sum-
marizes the NLP-PRISM architecture.

2.1 Data Collection and Usage

This initial step identifies how privacy risks vary
across NLP tasks that depend on user-generated
content, often collected without explicit consent.
Such data can expose identities, behavioral traits, or
demographics (Mondal et al., 2014). For instance,
sentiment and emotion analysis infer users’ moods
and mental states, while offensive language iden-
tification misclassifies minority speech as toxic,
reinforcing social biases. Code-mixed data reveal
bilingual or cultural traits, and native language or
dialect identification can expose ethnicity or re-
gional origin (Acharya et al., 2025). Thus, NLP-
PRISM underscores that collection processes are
inherently tied to identity leakage, emphasizing the
need for privacy-aware sourcing practices.

2.2 Data Preprocessing and Anonymization

Traditional anonymization through entity masking
or token replacement often fails to protect against
linguistic leakage. Subtle cues like stylistic mark-
ers, slang, or phonetic spellings persist, enabling
re-identification, particularly in emotion detection
and toxicity tasks (Danescu-Niculescu-Mizil et al.,
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Figure 1: NLP-PRISM Framework Highlighting Privacy Risks in NLP-based Social Media Applications

2011). Dialect and native language models re-
tain accent and syntax traces, while code-mixed
data preserve transliteration artifacts and language
switches. These residual signals can be exploited
by deep learning models for inference attacks (Mei
et al., 2017). NLP-PRISM thus maps these limita-
tions across tasks, showing how linguistic artifacts
remain potent carriers of implicit identity cues.

2.3 Data Visibility and User Profiling Risks

As preprocessed data enter models, visibility and
profiling risks intensify (Yanushkevich et al., 2018).
Sentiment and emotion models may infer psycho-
logical or political attributes; offensive language
models can marginalize minority dialects by label-
ing them as toxic. Code-mixed data expose bilin-
gual behavior, and dialect identification reveals de-
mographic traits. When these linguistic features
are cross-linked with external datasets, they enable
user clustering, behavioral profiling, and discrim-
ination (Zafarani and Liu, 2013). NLP-PRISM
highlights this transition as a pivotal point where
model visibility amplifies privacy exposure.

2.4 Bias, Fairness, and Discrimination Risks

Bias-driven inequities compound privacy harms by
reinforcing marginalization (Mai, 2016). Offensive

language models often flag dialectal or culturally
marked expressions as toxic, while sentiment and
emotion models misinterpret cultural affect (Liu,
2023). Underrepresented code-mixed data face
monolingual bias and label noise, marginalizing
minority voices (Raza Ur Rehman et al., 2025).
Native language and dialect identification can mis-
cluster speakers by ethnic or regional traits. In
NLP-PRISM, these discriminatory tendencies are
viewed as privacy violations and expose users’ so-
cial or cultural affiliations without consent and ex-
acerbating reputational risks.

2.5 Computational Privacy Risks in NLP

Beyond task-specific issues, NLP architectures face
systemic vulnerabilities. Large models fine-tuned
on social media text are susceptible to membership
inference (Shokri et al., 2017) and model inver-
sion (Fredrikson et al., 2015) attacks that recon-
struct sensitive samples. Features like lossy tok-
enization, embedding leakage, and gradient tracing
may expose training data even in federated setups.
Moreover, hallucinations in generative models can
reproduce verbatim text, heightening risk. Hence,
NLP-PRISM classifies computational risks as per-
sistent threats requiring privacy-preserving training
and inference controls.
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2.6 Regulatory Compliance and Ethics

This dimension examines how legal and ethical
standards constrain NLP use. Systems must com-
ply with GDPR (Voigt and Von dem Bussche,
2017), CCPA (Goldman, 2020), and HIPAA, yet
enforcement is hindered by opaque data reuse and
the inference of unregulated attributes. Sentiment
and language identification models may reveal psy-
chological or demographic traits beyond current
protections. Ethical lapses arise when model out-
puts misclassify or stigmatize users, especially in
culturally sensitive contexts. Without transparent,
opt-in frameworks, NLP deployments risk violat-
ing both legal and moral boundaries.

3 Privacy Risk with Large Language
Models (LLMs)

While the NLP-PRISM framework characterizes
privacy risks across core NLP tasks, the adoption
of LLMs introduces additional model-centric pri-
vacy threats that cut across the six tasks. Unlike
task-specific models, LLMs operate as general-
purpose systems trained on massive, heterogeneous
corpora (Goswami et al., 2025), often collected
with limited transparency or control. Due to their
scale, contextual learning, and training dynam-
ics, LLMs are vulnerable to risks such as training
data extraction, attribute inference, activation inver-
sion, prompt-based leakage, and user-level infer-
ence (Das et al., 2025), which align with and also
extend the dimensions captured by NLP-PRISM.
In LLM-based sentiment analysis, privacy risks
extend beyond output-level predictions to the ex-
posure of sensitive training content and subjec-
tive user expressions. Since models often process
highly personal opinions related to health, politics,
or lived experiences, leakage at the model level
can directly compromise individual privacy. Dai
et al. (2025) show that adversaries can recover
parts of training data through activation inversion
attacks, revealing sentiment-bearing personal text
even when raw data is not accessible. In addi-
tion, privacy auditing studies by Meng et al. (2025)
demonstrate that LLMs may reproduce sentiment-
specific expressions from training data under tar-
geted prompting, raising concerns about inadver-
tent disclosure of sensitive opinions or experiences.
Emotion detection by LLMs is particularly vul-
nerable to attribute inference attacks, where sensi-
tive emotional or psychological attributes can be in-
ferred from model outputs or latent representations.

Because emotional states are closely tied to men-
tal health and personal well-being, even indirect
inference poses significant privacy harm. Research
on recollection and ranking behavior in LLMs by
Meng et al. (2025) shows that emotionally salient
content is more likely to be memorized and resur-
faced during inference, increasing exposure risks
under probing prompts. Furthermore, studies on
named-entity and attribute inference by Sutton et al.
(2025) demonstrate that even anonymized emo-
tional text can leak private information when pro-
cessed by LLMs during training or output genera-
tion.

For offensive language identification, LLMs am-
plify privacy risks through their ability to memorize
and regenerate toxic, abusive, or sensitive examples
encountered during training. Such data often origi-
nates from real user interactions and may contain
identifiable information or contextual cues. Privacy
evaluations of LLMs by (Ye and Luo, 2025) reveal
that memorized offensive content indicates a risk
of unintended reproduction of harmful or identi-
fying text during downstream use. Additionally,
inference-based attacks show that adversaries may
deduce whether specific offensive instances or user-
generated content were used during training, pos-
ing privacy concerns for moderation systems and
content reporting pipelines (Mattern et al., 2023).

LLMs trained on multilingual and code-mixed
data introduce unique privacy risks due to cross-
lingual representation leakage. Code-mixed con-
tent often reflects individual identity, community
membership, or migration history, making leakage
particularly sensitive. Activation inversion attacks
demonstrate that sensitive mixed-language training
samples can be reconstructed from intermediate
representations in large models, even in decentral-
ized or collaborative training settings (Song et al.,
2025). Moreover, privacy auditing work indicates
that multilingual LLMs may inadvertently encode
user-specific language-mixing patterns, increasing
the risk of re-identification or demographic infer-
ence (Kim et al., 2024).

Native language identification using LLM em-
beddings raises concerns related to user-level in-
ference, where an attacker can infer whether a par-
ticular user, or data from that user, contributed to
model training. Since native language often corre-
lates with nationality, ethnicity, or migration status,
such inference can have broader societal implica-
tions. Recent studies by (Choi et al., 2025) show
that LLMs encode subtle linguistic signals that per-
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sist even after mitigation attempts, enabling adver-
saries to infer sensitive language-related attributes
beyond the intended task.

Dialect identification tasks further compound pri-
vacy risks, as dialectal features often correlate with
regional, cultural, or socio-demographic attributes
at both individual and community levels. When di-
alect detection is embedded within LLM pipelines,
latent representations may capture fine-grained lin-
guistic markers that users did not explicitly consent
to share. Research on LLM privacy leakage by
(Ye and Luo, 2025) shows that latent representa-
tions can expose such linguistic patterns, enabling
attribute inference or reconstruction attacks even
when outputs appear benign.

4 Methodology

For this survey, we followed the Preferred Re-
porting Items for Systematic Reviews and Meta-
Analyses (PRISMA) guidelines (Mclnnes et al.,
2018; Moher et al., 2010) to ensure a transpar-
ent, systematic, and evidence-based process for
identifying, screening, and selecting relevant stud-
ies. We also adopted the methodological design
established in prior works by the last author of this
paper (Huang et al., 2025; Shrestha et al., 2022;
Diizgiin et al., 2022; Tazi et al., 2022; Das et al.,
2022; Zezulak et al., 2023; Tazi et al., 2023, 2022;
Grover and Das, 2025; Tazi et al., 2024; Saka and
Das, 2025; Podapati et al., 2025; Majumdar and
Das, 2021; Agarwal et al., 2025; Kishnani et al.,
2023; Jones et al., 2021; Noah and Das, 2021; Das
et al., 2019; Shrestha and Das, 2022). In addition,
our analysis was guided by the NLP-PRISM frame-
work (detailed in Section 2). Figure 2 provides
an overview of the PRISMA-based methodology
employed in this study.

4.1 Paper Identification

We queried major academic sources that publish
high-impact work on NLP, privacy & security, and
HCI, namely DBLP, ACM Digital Library, IEEE
Xplore, Springer, and Elsevier. In addition, we in-
cluded top-ranked conferences and journals (A*/A
venues per CORE ranking') and used Google
Scholar to capture influential papers not indexed in
those databases. The distribution of retrieved items
by venue is shown in Appendix Table 5.

"https://portal.core.edu.au/conf-ranks/
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(3854 )
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Figure 2: Overview of Data Collection : PRISMA.

4.2 Paper Screening

We constructed structured search queries combin-
ing general privacy phrases (e.g., social media pri-
vacy, privacy concerns in social media, social me-
dia privacy risk) with task-specific terms (e.g., pri-
vacy risks in sentiment analysis, emotion detection,
offensive language identification, code-mixed text
processing, native language identification, dialect
identification). Consequently, our search targeted
six core NLP tasks that are especially sensitive in
social media contexts: sentiment analysis, emotion
detection, offensive language identification, code-
mixing, native language identification, and dialect
identification. Briefly, these tasks can enable large-
scale emotional profiling, deeper mood inferences
(including mental-health signals), surveillance or
biased moderation, cross-lingual identity leakage,
geolocation or demographic inference, and socioe-
conomic or cultural profiling respectively.

We also included privacy-centric keywords such
as privacy-aware NLP, differential privacy in NLP,
federated learning for NLP, and anonymization
in text processing. To remain current, the search
covered publications up to December 2024. Ap-
pendix Table 6 reports the task-wise paper counts,
including privacy-related studies.

4.3 Paper Exclusion and Final Selection

Our initial retrieval returned 3,982 records. We ap-
plied a multi-stage filtering pipeline: title/metadata
screening to remove duplicates and clearly irrele-
vant items, abstract-level screening to assess top-
ical relevance to NLP and privacy, and a full-text
eligibility review to judge methodological rigor
and contributions to privacy-enhancing techniques
(e.g., DP, FL, anonymization, adversarial robust-
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ness). Two researchers independently conducted
the title/abstract and full-text screenings; disagree-
ments were escalated to a third researcher when
necessary. After abstract screening, 3,606 papers
were excluded, leaving 376 for full-text review; a
further 173 were removed on full-text inspection,
producing a final set of 203 studies.

Using the NLP-PRISM framework, we coded
each paper across six predefined dimensions: Data
Collection and Usage, Data Preprocessing and
Anonymization, Data Visibility and User Profiling
Risks, Computational Privacy Risks in NLP, Bias,
Fairness, and Discrimination Risks, and Regula-
tory Compliance and Ethics. Two annotators inde-
pendently labeled a random 25% subset to assess
reliability, yielding an inter-annotator agreement
of 87.8% and Cohen’s Kappa of 0.756, which indi-
cates strong reliability as per McHugh (2012).

Finally, to complement our qualitative synthesis,
we ran empirical evaluations that quantify privacy
leakage under adversarial settings aligned with
NLP-PRISM. Specifically, we measured member-
ship inference and attribute inference attacks on
fine-tuned transformer models across the six tasks,
and we tested privacy interventions such as named-
entity masking and noise addition. The task-wise
effects on model utility and attack success are sum-
marized in Table 2.

5 Results

Here we provide an overview of the datasets, bench-
mark competitions, and computational methodolo-
gies. Key trends across these components are sum-
marized in Appendix Table 7, with emphasis on
their relevance to privacy challenges.

5.1 Privacy Risks (NLP-PRISM Analysis)

Table 1 summarizes the analyzed papers and the
identified privacy risks. A detailed analysis of these
risks is provided in Appendix 10.

Data Collection and Usage: Privacy compli-
ance in data collection and usage remains a critical
challenge, yet 19 of the 203 papers in our study
highlight this. For instance, Xiao et al. (2018)
and Sharma and Jain (2020) could improve trans-
parency by clarifying data collection practices in
sentiment analysis. Lohar et al. (2021) note privacy
issues in public health applications. Likewise, Rai-
han et al. (2024) and Teodorescu et al. (2023) could
strengthen data policies to prevent inadvertent dis-
closures. Efforts in offensive language identifica-

tion, such as Zampieri et al. (2024) and Arango
et al. (2024), would benefit from stronger con-
trol in dataset collection. Similarly, Sigurbergsson
and Derczynski (2020), Rosenthal et al. (2021),
and Deng et al. (2022) could reinforce privacy
protections in large-scale curation. Furthermore,
while Hidayatullah et al. (2022) and Bierner (2001)
contribute valuable code-mixed resources, clearer
data usage measures would improve ethical stan-
dards. In NLI, Goldin et al. (2018) and Huang
(2015) could refine metadata handling to protect
user identities. Finally, Fleisig et al. (2024) em-
phasize compliance when using proprietary mod-
els for dialect analysis. Collectively, these studies
underline the necessity of robust frameworks for
privacy-conscious data collection and usage.

Data Preprocessing and Anonymization: Ef-
fective anonymization is vital for privacy pro-
tection, yet only 12 papers offer explicit meth-
ods with room for improvement. For exam-
ple, Lohar et al. (2021) and Xiao et al. (2018)
could strengthen anonymization by detailing
specific steps, while Teodorescu et al. (2023)
and Leonardelli et al. (2021) could integrate clearer
anonymization protocols. Research on offensive
language, such as Jeong et al. (2022) and Sig-
urbergsson and Derczynski (2020), would bene-
fit from improved anonymization during annota-
tion. Similarly, Hidayatullah et al. (2022) and Mal-
masi et al. (2015) could enhance documenta-
tion of anonymization practices, ensuring compli-
ance. Moreover, Ferragne and Pellegrino (2007)
and Mahmud et al. (2023) provide insights into
dialect and offensive language detection, where
integrating anonymization would further enhance
privacy. Overall, these works highlight the growing
awareness of user data protection and the need for
transparent anonymization standards.

Data Visibility and User Profiling Risks: Man-
aging data visibility and minimizing profiling risks
are crucial for privacy, yet only 4% of the reviewed
papers address these issues. For instance, Sharma
and Jain (2020) raise concerns about Al-driven
sentiment monitoring, underscoring the need for
informed consent. Similarly, Lohar et al. (2021)
and Leonardelli et al. (2021) discuss risks in senti-
ment tracking and offensive language classification,
calling for clearer data protection mechanisms. In
addition, Lukas et al. (2023) highlight data leak-
age risks in large-scale models, which demand
stricter access control. Hidayatullah et al. (2022)
and Goldin et al. (2018) illustrate how dataset ex-
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Tasks Privacy Risk

Sentiment Analysis

Data Collection and Usage (Xiao et al., 2018; Sharma and Jain, 2020; Lohar et al., 2021),

Data Preprocessing and Anonymization (Lohar et al., 2021; Xiao et al., 2018),

Data Visibility and User Profiling Risks (Lohar et al., 2021; Sharma and Jain, 2020),
Bias, Fairness, and Discrimination Risks (Konate and Du, 2018; Barbieri et al., 2016),
Regulatory Compliance and Ethics (Xiao et al., 2018; Raihan et al., 2023a)

Emotion Detection

Data Collection and Usage (Raihan et al., 2024; Teodorescu et al., 2023; Arango et al., 2024; Zampieri et al., 2024),

Data Preprocessing and Anonymization (Teodorescu et al., 2023),
Computational Privacy Risks in NLP (Arango et al., 2024),
Regulatory Compliance and Ethics (Mohamed et al., 2022; Raihan et al., 2024; Teodorescu et al., 2023)

Offensive Language

Identification Arango et al., 2024; Deng et al., 2022),

Data Collection and Usage (Zampieri et al., 2024; Sigurbergsson and Derczynski, 2020; Rosenthal et al., 2021;

Data Preprocessing and Anonymization (Leonardelli et al., 2021; Jeong et al., 2022; Sigurbergsson and Derczynski,

2020; Rosenthal et al., 2021),

Data Visibility and User Profiling Risks (Leonardelli et al., 2021; Rosenthal et al., 2021),
Computational Privacy Risks in NLP (Arango et al., 2024; Xiao et al., 2024; Morabito et al., 2024),
Regulatory Compliance and Ethics (Zampieri et al., 2024; Jeong et al., 2022)

Code-Mixing

Data Collection and Usage (Hidayatullah et al., 2022),

Data Preprocessing and Anonymization (Hidayatullah et al., 2022),
Data Visibility and User Profiling Risks (Hidayatullah et al., 2022; Zhang et al., 2023),
Regulatory Compliance and Ethics (Hidayatullah et al., 2022; Garg et al., 2018)

Native  Language
Identification

Data Collection and Usage (Staicu et al., 2023; Bierner, 2001; Goldin et al., 2018; Jauhiainen et al., 2019),
Data Preprocessing and Anonymization (Berzak et al., 2017),

Data Visibility and User Profiling Risks (Jauhiainen et al., 2019; Goldin et al., 2018; Aoyama and Schneider, 2024),
Regulatory Compliance and Ethics (Jauhiainen et al., 2019; Nguyen et al., 2021)

Dialect Identification

Data Collection and Usage (Jgrgensen et al., 2015; Huang, 2015; Fleisig et al., 2024; Barot et al., 2024),

Data Preprocessing and Anonymization (Malmasi et al., 2015; Ferragne and Pellegrino, 2007; Mahmud et al., 2023),
Computational Privacy Risks in NLP (Mahmud et al., 2023),

Bias, Fairness, and Discrimination Risks (Fleisig et al., 2024),

Regulatory Compliance and Ethics (Huang, 2015; Fleisig et al., 2024; Faisal et al., 2024; Barot et al., 2024)

Table 1: Survey of Privacy Risks in Social Media NLP Tasks

posure can lead to unintended profiling, advocating
privacy-aware dataset structuring. Finally, Zhang
et al. (2023), Jauhiainen et al. (2019), and Aoyama
and Schneider (2024) emphasize privacy concerns
in code-mixed processing and NLI, stressing the
need for stronger institutional privacy policies.

Computational Privacy Risks in NLP: Compu-
tational privacy concerns arise when data handling,
model architectures, or annotation procedures do
not fully align with privacy regulations. We have
found this aspect to be addressed in only about
2% papers of our study. Arango et al. (2024) em-
phasize the importance of ensuring privacy compli-
ance in cross-domain adaptation. Similarly, Xiao
et al. (2024) and Morabito et al. (2024) explore
the detection of offensive language in large mod-
els, and further evaluation of computational pri-
vacy risks could refine their approaches. Mahmud
et al. (2023) and Rizwan et al. (2020) contribute
to low-resource language datasets, where clearer
annotation and masking strategies would mitigate
privacy concerns.

Bias, Fairness, and Discrimination Risks:
Ensuring fairness in NLP remains challenging,
as large language models (LLMs) inherit biases
from training data, resulting in unequal outcomes

across gender, race, dialect, and region. For in-
stance, Fleisig et al. (2024) highlight dialect iden-
tification challenges, showing how opaque propri-
etary model training can lead to performance in-
equities across linguistic groups. Similarly, Tang
et al. (2024) expose gender disparities in language
model outputs, illustrating systemic biases from im-
balanced datasets. In parallel, Beytia et al. (2022)
reveal how gender biases embedded in large-scale
resources like Wikipedia propagate into NLP sys-
tems, influencing their behavior in consequential
ways. These three studies collectively underscore
the urgent need for fairness-aware training and crit-
ical evaluation of model outputs.

Regulatory Compliance and Ethics: Regula-
tory Compliance and Ethics are essential for re-
sponsible NLP research, yet only 8% of the re-
viewed papers effectively address these issues. For
instance, Xiao et al. (2018) and Teodorescu et al.
(2023) could enhance compliance through clearer
anonymization, while Raihan et al. (2023a, 2024)
stress standardized procedures for code-mixing
data collection. Likewise, Huang (2015) emphasize
documentation in dialect processing, and Fleisig
et al. (2024) with Hidayatullah et al. (2022) high-
light ethical risks in language discrimination and
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XLM-R GPT-2 FLAN-T5
Tasks F1 F1(P) MIA AUC AIA Acc. F1(P) MIA AUC AIJA Acc. | F1 F1(P) MIA AUC AIA Acc.
Sentiment Analysis 0.84 0.84 0.62 0.57 0.86 0.85 0.66 0.61 033  0.33 0.55 0.50
Emotion Detection 0.62 0.58 0.70 0.63 0.59 0.56 0.68 0.60 052 031 0.72 0.65
Offensive Language Identification | 0.84  0.82 0.74 0.69 0.86 0.83 0.76 0.72 0.79 0.72 0.71 0.65
Code-Mixing 0.63  0.57 0.69 0.66 059 0.54 0.68 0.64 0.63  0.60 0.67 0.61
Native Language Identification 0.58 035 0.81 0.75 049 0.27 0.79 0.73 0.19 0.12 0.76 0.70
Dialect Identification 0.64  0.60 0.73 0.68 0.55 042 0.77 0.72 041 033 0.75 0.70

Table 2: Finetuning (FT) Results. F1: F1 score of direct finetuning; F1(P): F1 score of privacy-preserved finetuning.

code-mixing. Furthermore, Jeong et al. (2022)
and Zampieri et al. (2024) call for transparency
in offensive language identification, while Jauhi-
ainen et al. (2019) and Mohamed et al. (2022) advo-
cate ethical representation in multilingual datasets.
Studies on code-switching, such as Garg et al.
(2018) and Nguyen et al. (2021), expose annotation
and profiling risks, and Faisal et al. (2024) present
a large-scale dataset requiring regulatory scrutiny.

5.2 Experimental Results

Task XLM-R GPT-2  FLAN-T5
Sentiment Analysis Minor Minor Minor
Emotion Detection Moderate ~ Moderate High
Offensive Language Identification Minor Minor Moderate
Code-Mixing Moderate  Moderate Minor
Native Language Identification High High High
Dialect Identification Moderate High High

Table 3: Performance Trade-off with Transformer Models
Across NLP Tasks. Minor = < 5% Moderate = 5% < F1
< 10% * High > 10%

In line with the privacy evaluation outlined
in NLP-PRISM, we conducted experiments to
assess the impact of privacy-aware methodolo-
gies across six NLP tasks (Table 2). We used
the binary-labeled dataset Sentiment140 for Sen-
timent Analysis (Go et al., 2009), MELD (Poria
et al., 2019) with seven emotion classes for Emo-
tion detection, and OLID (Zampieri et al., 2019a)
for Offensive Language Identification. Code-
Mixing experiments employed the Malayalam-
English dataset from Dravidian CodeMix at
FIRE 2020 (Chakravarthi et al., 2020a), while
TOEFL11 (Blanchard, 2013) with eleven L1s was
used for Native Language Identification. Dialect
Identification experiment combined English and
Spanish dialect corpora from the VarDial 2024
shared task (Chifu et al., 2024), yielding nine di-
alect labels. Additional experimental results are
summarized in Appendix Table 8.

We fine-tuned XLM-R (encoder), GPT-2 (de-
coder), and FLAN-TS5 (encoder—decoder) on task-
specific datasets, integrating anonymization and
noise addition. Following NER (Sharma et al.,

2022), entities such as Person (PER), Organization
(ORG), Location (LOC), and Geo-Political Enti-
ties (GPE) were masked to reduce re-identification
risks. Noise was introduced through 5% text per-
turbations (character swaps, insertions, deletions,
vowel-to-random-consonant substitutions) to mit-
igate inference attacks. These methods reduced
data visibility and profiling risks: PII masking lim-
ited exposure, while noise reduced re-identification
from model weights, addressing computational pri-
vacy. The anonymized, noise-resilient data further
supported fairness and ethical AI compliance. Op-
timal hyperparameters were: batch size 8, learning
rate le-5, epochs 3, and noise 0.05, with experi-
ments run on a 40 GB institutional GPU cluster.
The privacy-utility trade-off varied across tasks
and architectures (Table 3). Sentiment Analysis
remained stable with minor degradation in GPT-
2, while Emotion Detection showed greater drops,
especially for FLAN-TS. Offensive Language Iden-
tification was least affected due to strong lexical
cues. Code-Mixing tasks showed small declines,
with FLAN-TS displaying higher resilience. Na-
tive Language Identification suffered the greatest
loss, particularly in GPT-2 and FLAN-TS, whereas
XLM-R’s multilingual pretraining ensured robust-
ness; it also performed best in Dialect Identification.
Overall, encoder-only models like XILM-R demon-
strated superior stability under privacy constraints.
Finally, membership inference attacks (MIA) (Ta-
ble 2) were performed using shadow models to test
adversarial distinguishability, while attribute infer-
ence attacks (AIA) (Table 2) were evaluated via
probing classifiers predicting protected attributes
(e.g., dialect, gender) from model representations.

6 Discussion

Social media NLP presents multifaceted risks aris-
ing from the intersection of language, identity, and
algorithmic inference. Our survey addresses the
core research question by identifying privacy vul-
nerabilities across six NLP tasks. However, we
found that only 2%—9% of the papers across differ-
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Data Visibility & Bijas & Computational Compliance &
NLP Task Collection Anonymization Profiling  Fairness Privacy Ethics
Sentiment Analysis v X X
Emotion Detection v 4 X X
Offensive Language v v 4 X X
Code-Mixed Processing v 4 X X
Native Language Identification v v X
Dialect Identification v v v 4 X

v'= Well-covered in literature,

= Partially addressed, X= Largely missing.

Table 4: Literature Gaps Across NLP Tasks Based on NLP-PRISM Dimensions

ent tasks explicitly discuss privacy preservation in
our comprehensive analysis conducted within the
NLP-PRISM framework (Table 4).

Sentiment analysis and emotion detection use be-
havioral data that infer personal attributes like men-
tal health or political stance. These risks heighten
in sentiment (Yelp, Sentiment140, SentMix-3L)
and emotion datasets (MELD, EmoMix-3L). About
63% of sentiment analysis and 62% of emotion
detection papers haven’t addressed privacy issues
such as data collection, anonymization, or profiling.
Offensive language identification faces fairness and
privacy risks. Datasets like OLID and SOLID yield
high-performing models but embed biases harming
minority dialects. Transformers frequently mis-
classify dialect-rich text, showing representative-
ness gaps; 73% of studies exhibited such issues
leading to user profiling and computational pri-
vacy risks. Code-mixed text processing introduces
distinct privacy threats due to multilingual blend-
ing and transliteration, which can expose identity
across languages. Datasets such as Hinglish, Tam-
lish, and Tenglish lack standardized anonymization,
causing inconsistent protection.

We identified data anonymization, visibility, and
compliance risks in 80% of code-mixed studies.
Native language and dialect identification tasks ex-
hibited a high re-identification potential through
linguistic fingerprinting. In 55% of cases, even
anonymized text was traceable via stylistic and
syntactic cues, with datasets such as Reddit-L.2,
AfriDial, and TwitterAAE found to be particu-
larly vulnerable. Dialect datasets further posed
geo-linguistic profiling risks, potentially revealing
users’ locations or social status; such issues were
observed in 69% of dialect identification papers.
Moreover, 40% of the analyzed papers cautioned
that unanonymized competition datasets and LLMs
increase the likelihood of identity disclosure.

While analyzing privacy risks, we also exam-
ined mitigation strategies (Appendix Table 15) and

found only 19 papers addressing them. Key ap-
proaches include identity protection (e.g., named-
entity masking, topic filtering) (Teodorescu et al.,
2023; Leonardelli et al., 2021; Hidayatullah et al.,
2022), model explainability tools (xAl, SHAP,
LIME) (Xiao et al., 2018; Mohamed et al., 2022),
and secured computation (SMPC, HE) (Arango
et al., 2024; Mehta and Passi, 2022). Data re-
finement methods such as phonetic normalization
and aggregation (Jeong et al., 2022; Sigurbergs-
son and Derczynski, 2020; Berzak et al., 2017,
Ferragne and Pellegrino, 2007) further reduce re-
identification risks. Beyond the six NLP tasks,
NLP-PRISM can also extend to other social and
domain-specific applications with privacy risks, en-
abling systematic analysis of vulnerabilities in ar-
eas like misinformation detection, stance classifi-
cation, user profiling, and privacy-sensitive fields
such as healthcare, education, and finance.

7 Conclusion

We conducted a comprehensive analysis of privacy
risks in social media NLP, synthesizing evidence
from 203 studies across six core tasks. Using the
NLP-PRISM framework, we identified systemic
vulnerabilities across data handling, feature expo-
sure, computational processes, fairness, and regu-
latory compliance. The findings show that fewer
than 10% of studies address privacy in deployment
contexts, and only a small subset incorporate for-
mal threat modeling. Empirical evaluations with
XLM-R, GPT-2, and FLAN-T5 indicate substan-
tial information leakage (MIA AUC up to 0.81,
AIA accuracy up to 0.75) and significant perfor-
mance degradation (F1 reductions of up to 23%)
under privacy-preserving fine-tuning. These results
underscore the need for standardized privacy eval-
uation protocols, reproducible benchmarking, and
regulation-aligned auditing to foster secure, fair,
and socially responsible NLP systems.
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Limitations

In this work, we analyze peer-reviewed research
on privacy risks in social media NLP. While peer-
reviewed studies provide a reliable foundation for
systematic analysis, we acknowledge that impor-
tant research often appears on pre-print platforms
and may not be covered within the scope of this
work. Moreover, empirical validation in real-world
applications and integration across NLP models re-
main ongoing challenges. Additionally, emerging
generative Al models introduce new risks, includ-
ing adversarial attacks and memorization vulnera-
bilities, which require further exploration. More-
over, it is found that, while applying privacy pre-
serving techniques, native language and dialect
identifications are the most susceptible in terms
of performance due to the compromise of linguis-
tic cues and it is difficult to balance this trade-off.
Moving forward, we will refine privacy-aware tech-
niques by analyzing on multiple datasets on down-
stream NLP tasks, improve fairness-aware learning,
and develop adaptive methods that balance privacy
with model utility. We will also implement explain-
able privacy indicators and real-time user controls
to enhance transparency and user trust, ensuring
more robust and privacy-aware NLP solutions.
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8 Venue and Task-wise Paper Selection
Details

Venue Initial Count Final Count
NDSS 16 1
CCS 68 2
USENIX 689 3
S&P 19 3
SOUPS 19 4
CSCW 43 5
ICWSM 71 7
CHI 165 8
EMNLP 1513 36
ACL 1272 41
Other Journals and Conferences 107 93
Total 3982 203

Table 5: Venue-wise # of the Publications Collected

Task Paper Count
Sentiment Analysis 16
Emotion Detection 14
Offensive Language Identification 19
Code-Mixing 39
Native Language Identification 29
Dialect Identification 24
Privacy 62
Total 203

Table 6: Task-wise # of the Peer-reviewed Publications

9 Additional Survey Findings and
Experimental Results

Table 7 shows the survey results of Datasets,
Benchamark Competitions, and Computational
Methodology in Social Media NLP Tasks.

Table 8 shows Accuracy, Precision and Recall
across all the models.

10 Social Media Privacy Risk Analysis

Tables 9, 10, 11, 12, 13, and 14 show the detailed
Analysis of Social Media Privacy Risks across dif-
ferent tasks.

11 Social Media Privacy Risk Mitigation
Analysis

Table 15 shows the detailed analysis of mitigation
strategies of privacy concerns in social media.
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Tasks Datasets Competitions Ci i Y

Sentiment Analysis SentMix-3L (Raihan et al., 2023a), SemEval (Muhammad et al., 2023; Barnes et al., Feature Engineering, Deep Learning, Word2Vec (Barbieri et al., 2016),
Bambara-French (Konate and Du, 2018), 2022; Patwa et al., 2020), Dependency Graph (Muhammad et al., 2023),
Yelp (Zhang et al., 2015), EvallTA (Barbieri et al., 2016), Transformer (Lee et al., 2024; Muhammad et al., 2023; Barnes et al., 2022;
Sentiment140 (Go et al., 2009) SIGHAN (Lee et al., 2024) Patwa et al., 2020; Raihan et al., 2023a),

LLM Prompting (Lee et al., 2024; Raihan et al., 2023a),

LSTM (Konate and Du, 2018),

CNN, SVM, Naive Bayes (Barbieri et al., 2016; Konate and Du, 2018),
LAPT, TAPT, Ensembles, Sentence Transformer (Barnes et al., 2022)

Emotion Detection EmoMix-3L (Raihan et al., 2024), SemEval (Wang et al., 2024; Kumar et al., 2024), SVM, LSTM (Wang et al., 2024; Mohammad and Bravo-Marquez, 2017),
MELD (Poria et al., 2019), ‘WASSA (Giorgi et al., 2024; Mohammad and LLM Fine-tuning (Kumar et al., 2024),
ArtELingo (Mohamed et al., 2022), Bravo-Marquez, 2017), Transformer (Kumar et al., 2024; Giorgi et al., 2024; Pan et al., 2024; Raihan
EmoReact (Nojavanasghari et al., 2016) IberLEF (Pan et al., 2024) etal., 2024),

LLM Prompting (Wang et al., 2024; Giorgi et al., 2024; Raihan et al., 2024),
CNN, Word2Vec (Mohammad and Bravo-Marquez, 2017),
LoRA (Pan et al., 2024)

Offensive Language OffMix-3L (Goswami et al., 2023), SemEval (Zampieri et al., 2019b, 2020), Bi-LSTM (Zampieri et al., 2019b; Ghosh et al., 2023; B et al., 2024),
Identification COLD (Deng et al., 2022), HASOC (Ghosh et al., 2023; Ranasinghe et al., Transformer (Goswami et al., 2023; B et al., 2024; Zampieri et al., 2019b, 2020;
RUHSOLD (Dewani et al., 2023), 2022; Mandl et al., 2019, 2020), Mandl et al., 2019; Ranasinghe et al., 2022; Kumar et al., 2020; Ravikiran et al.,
KOLD (Jeong et al., 2022), TRAC (Kumar et al., 2018, 2020), 2022a; Chakravarthi et al., 2021),
DKy are (Sigurbergsson and Derczynski, 2020), GermEval (Risch et al., 2021), LLM Prompting (Goswami et al., 2023),
OGTD (Pitenis et al., 2020), DravidianLangTech (Ravikiran et al., 2022a; LR (Ghosh et al., 2023; B et al., 2024; Chakravarthi et al., 2021),
OLID (Zampieri et al., 2019a), Chakravarthi et al., 2021; Ravikiran et al., 2022b; Naive Bayes (Ghosh et al., 2023),
SOLID (Rosenthal et al., 2021), Betal., 2024) SVM (Zampieri et al., 2019b; Ghosh et al., 2023; Mandl et al., 2020; Kumar
OLID-BR (Trajano et al., 2024), etal., 2018, 2020; B et al., 2024),
TB-OLID (Raihan et al., 2023b) n-gram (Mandl et al., 2020),

KNN, Deep Learning (Ranasinghe et al., 2022),
CNN (Kumar et al., 2018, 2020; Zampieri et al., 2019b; Ghosh et al., 2023; B

etal., 2024),
LSTM, TE-IDF (Chakravarthi et al., 2021; Kumar et al., 2018, 2020; Mandl
et al., 2020),
RNN (B et al., 2024)
Code-Mixing English-Manipuri (Lamabam and Chakma, 2016), ICON (Balouchzahi et al., 2022), Transformer (Balouchzahi et al., 2022; Chakravarthi et al., 2020b, 2023; Modha
Indonesian-English (Nabila and Idayani, 2022), FIRE (Chakravarthi et al., 2020b, 2023), et al., 2022; Satapara et al., 2021),
English-Kannada (Lakshmi and Shambhavi, 2017), CALCS (Aguilar et al., 2018; Sravani et al., 2021; TF-IDF (Balouchzahi et al., 2022; Satapara et al., 2021; Lakshmi and Shamb-
English-Cameroon-French (Tabe, 2023), Yong et al., 2023), havi, 2017),
Sinhala-English (St 1i and Sumath- HASOC (Modha et al., 2022; Satapara et al., CNN (Chakravarthi et al., 2020b; Satapara et al., 2021),
ipala, 2019), 2021) SVM (Chakravarthi et al., 2023; Aguilar et al., 2018; Shanmugalingam and
AR-EN CS LID Corpus (Sabty et al., 2021), Sumathipala, 2019),
Hinglish, Tenglish, Tamlish (Chandu et al., 2018) KNN, Bi-LSTM (Chakravarthi et al., 2023),

LSTM (Aguilar et al., 2018; Balouchzahi et al., 2022),

LLM Prompting (Yong et al., 2023),

n-gram (Lamabam and Chakma, 2016; Lakshmi and Shambhavi, 2017),
BoW (Lakshmi and Shambhavi, 2017),

LR, Decision Tree, Naive Bayes (Sh li and Sumathipala, 2019)
Native Language Reddit-L2 (Rabinovich et al., 2018), NLI (Tetreault et al., 2013; Malmasi et al., 2017), n-gram (Koppel et al., 2005),
Identification INLI 2013 (Anand Kumar et al., 2017), INLI (Anand Kumar et al., 2017; Soman, 2018)  TF-IDF (Wong and Dras, 2009),
INLI 2017 (Soman, 2018) Lexical and Syntactic Feature (Mechti et al., 2016; Gebre et al., 2013),

SVM (Jarvis et al., 2013),

LR (Di Nuovo et al., 2020),

Ensemble and Meta Classifier (Zampieri et al., 2017),
Transformer (Steinbakken and Gambick, 2020),
LLM (Zhang and Salle, 2023)

Dialect Identification  AfriDial (Sassi et al., 2024), VarDial (Malmasi et al., 2016a; Zampieri et al., n-gram, TF-IDF (Abdul Mageed et al., 2023, 2020; Abdul-Mageed et al., 2021;
MPCA (Malmasi et al., 2015), 2019c; Gaman et al., 2020; Chifu et al., 2024), Abdul Mageed et al., 2022; Gaman et al., 2020),
North African Dialect (Berrimi et al., 2020), NADI (Abdul Mageed et al., 2024, 2023, 2022; Ensemble (Abdul Mageed et al., 2023, 2020; Abdul-Mageed et al., 2021;
TIMIT (Zissman et al., 1996), Abdul-Mageed et al., 2021; Abdul Mageed et al., Abdul Mageed et al., 2022; Malmasi et al., 2016a),
TwitterAAE (Blodgett et al., 2016), 2020) LLM Prompting (Abdul Mageed et al., 2023, 2022; Chifu et al., 2024),
DIALECTBENCH (Faisal et al., 2024), Transformer (Abdul Mageed et al., 2024; Gaman et al., 2020; Chifu et al., 2024;
ArchiMob (Samardzic et al., 2016), Zampieri et al., 2019¢),
ITDI-FDI (Aepli et al., 2022) CNN, SVM (Gaman et al., 2020; Zampieri et al., 2019¢; Malmasi et al., 2016a),

LoRA (Chifu et al., 2024),
Naive Bayes (Malmasi et al., 2016a; Zampieri et al., 2019¢c),
LSTM, Meta Classifier, Bi-LSTM (Zampieri et al., 2019¢)

Table 7: Survey Result of Datasets, Benchamark Competitions, and Computational Methodology in Social Media
NLP Tasks

Finetuning Privacy-Preserving Finetuning

Tasks XLM-R GPT-2 FLAN-T5 XLM-R GPT-2 FLAN-T5

Acc Prec Rec | Acc Prec Rec | Acc Prec Rec | Acc Prec Rec | Acc Prec Rec | Acc Prec Rec
Sentiment Analysis 084 0.84 0.84 |08 086 0.86|050 025 050|084 084 0.84]085 085 0.85]050 025 0.50
Emotion Detection 0.64 0.60 0.64 | 063 058 0.63]059 058 059|061 057 061|060 056 060|048 023 048
Offensive Language Identification | 0.84 0.84 0.84 | 0.86 0.86 0.86 | 0.79 0.79 0.79 | 0.82 0.82 0.82 | 0.84 084 084|072 072 072
Code-Mixing 0.65 0.62 0.65]062 058 062|064 067 064|061 057 061|058 054 058|063 065 0.63
Native Language Identification 0.58 0.58 0.58 | 050 0.55 050|020 041 020|038 044 038|032 040 032017 013 0.17
Dialect Identification 0.67 0.62 0.67 | 060 056 0.60| 050 036 0.50]|064 060 064|050 049 050|047 031 047

Table 8: Experimental Results for Privacy-Preserving NLP (Accuracy, Precision, Recall)
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Data Collection and Usage
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F F ST ITFFTESLTT S LS
Reference N Q & X & & s S F O & L&
Xiao et al. (2018) . ° ° . . . . . ° ° ° °

Sharma and Jain (2020)

Lohar et al. (2021)

Raihan et al. (2024) . ° ° ° ° ° ° . ° ° ° ° ° °
Teodorescu et al. (2023)

Arango et al. (2024)

Zampieri et al. (2024)

Sigurbergsson and Derczynski (2020) e . . . . . . . . . ° ° °
Rosenthal et al. (2021)

Deng et al. (2022)

Hidayatullah et al. (2022) . . . . ° ° °
Staicu et al. (2023) . ° . . ° ° ° ° °
Bierner (2001)

Goldin et al. (2018)

Jauhiainen et al. (2019)

Jgrgensen et al. (2015) . B . . ° . B . . ° ° °
Huang (2015)

Fleisig et al. (2024)

Barot et al. (2024)

Table 9: Analysis of Social Media Privacy Concerns (Data Collection and Usage). Each row of reference is
associated to this concern of the corresponding tasks mentioned in Table 1.

Data Preprocessing and Anonymization
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Lohar et al. (2021) . . . . . . . . ° ° ° ° °

Xiao et al. (2018)
Teodorescu et al. (2023) . . ° °
Leonardelli et al. (2021) . . ° . . . . ° ° ° °
Jeong et al. (2022)

Sigurbergsson and Derczynski (2020)

Rosenthal et al. (2021)

Hidayatullah et al. (2022) . ° . ° . ° ° ° °
Berzak et al. (2017) ° . ° ° ° ° °
Malmasi et al. (2015) . . . . . . . . . ° ° ° ° ° °

Ferragne and Pellegrino (2007)
Mahmud et al. (2023)

Table 10: Analysis of Social Media Privacy Concerns (Data Preprocessing and Anonymization). Each row of
reference is associated to this concern of the corresponding tasks mentioned in Table 1.

Data Visibility and User Profiling Risks
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Lohar et al. (2021) . B . . B . . . . . °
Sharma and Jain (2020)
Leonardelli et al. (2021) B . . . . . B B . . . . °
Rosenthal et al. (2021)
Hidayatullah et al. (2022) B B . °
Zhang et al. (2023)
Jauhiainen et al. (2019) . . ° ° . ° ° °

Goldin et al. (2018)
Aoyama and Schneider (2024)

Table 11: Analysis of Social Media Privacy Concerns (Data Preprocessing and Anonymization). Each row of
reference is associated to this concern of the corresponding tasks mentioned in Table 1.
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Computational Risks in NLP
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Reference G N o x > 3 v 9 <~ ~ Q
Arango et al. (2024) . . . . . ° ° °
Xiao et al. (2024)
Morabito et al. (2024)
Mahmud et al. (2023) ° ° ° ° .

Table 12: Analysis of Social Media Privacy Concerns (Computational Risks in NLP). Each row of reference is
associated to this concern of the corresponding tasks mentioned in Table 1.

Bias, Fairness, and Discrimination Risks
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Konate and Du (2018) . 0 0 . . . . . ° ° ° °
Barbieri et al. (2016)
Fleisig et al. (2024) . . . . . . . . ° ° ° ° °

Table 13: Analysis of Social Media Privacy Concerns (Bias, Fairness, and Discrimination Risks). Each row of
reference is associated to this concern of the corresponding tasks mentioned in Table 1.

Regulatory Compliance and Ethics
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Reference QR Yy QYR K& Y O € O
Xiao et al. (2018) ° ° . ° ° °
Raihan et al. (2023a)
Mohamed et al. (2022) . . . . . . ° ° ° ° ° °
Raihan et al. (2024)
Teodorescu et al. (2023)
Zampieri et al. (2024) . . . . . ° ° ° ° °
Jeong et al. (2022)
Hidayatullah et al. (2022) e ° . °
Garg et al. (2018)
Jauhiainen et al. (2019) . . ° ° °
Nguyen et al. (2021)
Huang (2015) . . . ° ° ° ° ° °

Fleisig et al. (2024)
Faisal et al. (2024)
Barot et al. (2024)

Table 14: Analysis of Social Media Privacy Concerns (Regulatory Compliance and Ethics). Each row of reference
is associated to this concern of the corresponding tasks mentioned in Table 1.
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Mitigation Strategy

Reference

Identity Protection (Lohar et al., 2021;
Teodorescu et al., 2023; Leonardelli et al.,
2021; Hidayatullah et al., 2022; Berzak et al.,
2017; Malmasi et al., 2015)

Model Explainability (Xiao et al., 2018;
Mohamed et al., 2022; Zampieri et al., 2024;
Hidayatullah et al., 2022; Jauhiainen et al.,
2019; Huang, 2015)

Secured Computation (Arango et al., 2024;
Xiao et al., 2024; Mahmud et al., 2023;
Mehta and Passi, 2022; Gangarde et al.,
2021; Alloghani et al., 2019)

Data Refinement (Jeong et al., 2022; Sig-
urbergsson and Derczynski, 2020; Berzak
et al., 2017; Ferragne and Pellegrino, 2007)
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Table 15: Mitigation Strategies of Social Media Privacy Concerns
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