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ABSTRACT

This review examines current research on user profiling from tex-
tual data. The adopted methodology encompasses a systematic
literature search, the selection of peer-reviewed studies based on
predefined eligibility criteria, and a quality assessment of their
research design, datasets, and machine learning methods. We con-
ducted the search using multiple querying strategies across ACM
DL, IEEE Xplore, Scopus, Web of Science, ScienceDirect, Springer-
Link, and Google Scholar as a complementary source. The search
retrieved 133 studies using different query formulations. After ap-
plying the predefined evaluation criteria, we selected 37 studies for
detailed analysis, of which 3 are surveys. These studies investigate
three main categories of user profiling dimensions: (1) demographic
and sociodemographic factors, (2) personality and psychographic
traits, and (3) behavioral patterns, preferences, and intent. The se-
lected studies employ a wide range of methods, including classical
machine learning, deep learning, BERT-based models, and large
language models (LLMs). Regarding datasets, Twitter is the most
frequently used platform and supports studies on gender, occupa-
tion, socioeconomic status, personality, and political profiling. Re-
searchers also use data from Reddit, Amazon, and platform-specific
corpora covering Russian, Arabic, Turkish, Persian, Korean, and
Punjabi. However, English remains the predominant language in
the datasets used by most studies. Evaluation practices are highly
heterogeneous, with studies employing metrics such as accuracy,
F1-score, macro-F1, AUC, correlation, error-based measures, and
clustering quality indices. Despite recent advances, several chal-
lenges remain, including limited dataset diversity, demographic
bias, feature sparsity, and computational constraints. In light of
these challenges, and based on the review findings, we emphasize
the importance of adopting multilingual and cross-cultural datasets,
explainable AI frameworks, and standardized evaluation protocols
to improve replicability and support the ethical deployment of user
profiling systems. Overall, this review consolidates the current state
of the art and identifies promising directions for developing more
robust, transparent, and responsible approaches to user profiling
from textual content.
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1 INTRODUCTION

The growing use of digital platforms has led to the continuous
production of large volumes of structured and unstructured data.
Social media platforms, such as Twitter/X, Instagram, Facebook,
and LinkedIn, are especially relevant in this context because they
enable users to share opinions, preferences, activities, and social
interactions through textual and multimedia content [9]. Among
these data sources, textual content has become particularly valuable
for computational approaches to user profiling, since language
can reveal demographic attributes, interests, behavioral patterns,
preferences, and psychological characteristics.

User profiling refers to the process of constructing representa-
tions of users based on their characteristics, behaviors, activities,
and preferences. Traditionally, user profiling relies heavily on ex-
plicit information provided directly by users, such as questionnaires,
registration forms, ratings, or self-declared preferences. This ap-
proach, often referred to as explicit, static, or factual profiling, has
the advantage of relying on information intentionally provided by
the user. However, it also presents important limitations. Users may
be unwilling to disclose personal information due to privacy con-
cerns, may provide incomplete or inaccurate answers, or may avoid
long and repetitive forms. Moreover, static profiles can quickly be-
come outdated as users’ interests, behaviors, and contexts change
over time [41]. These limitations have motivated the development
of automated and dynamic profiling methods capable of inferring
user attributes from behavioral traces and textual data.

Recent advances in Natural Language Processing (NLP), partic-
ularly contextual language models and transformer-based archi-
tectures, have improved the ability to capture semantic, syntactic,
and contextual cues in user-generated content [14]. These advances
have made automated user profiling an increasingly active research
area at the intersection of NLP, machine learning, social media
analysis, and human-centered computing. As social platforms gen-
erate content at scale, these methods support more dynamic and
context-aware user representations by capturing not only explicit
signals, such as stated preferences, but also implicit signals, in-
cluding linguistic style, sentiment, interaction patterns, and topical
interests.

User profiling from textual data is directly relevant to understand-
ing users’ characteristics, preferences, and behaviors, enabling more
personalized and context-aware applications and services, such as
recommender systems, personalized content delivery, targeted com-
munication, and content moderation. Social media posts, comments,
reviews, captions, search queries, forum discussions, and profile
descriptions often contain signals about users’ interests, prefer-
ences, opinions, intentions, and social characteristics. These signals
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provide the basis for such personalized and adaptive Web applica-
tions. However, inferring user attributes from text also introduces
important challenges for Web systems, especially when models rely
on noisy, biased, platform-specific, or sensitive data. Issues such
as privacy, fairness, transparency, reproducibility, and responsible
data use therefore become central to the design and evaluation of
user profiling methods. By systematically reviewing how textual
data has been used for user profiling, this study helps organize cur-
rent evidence and identify directions for more reliable, transparent,
and responsible Web-based applications.

Despite the growing body of research on user profiling from tex-
tual data, the field remains fragmented. Existing studies vary widely
in terms of profiling targets, data sources, languages, platforms,
features, algorithms, and evaluation protocols. Some studies focus
on demographic attributes, such as age, gender, occupation, income,
or ethnicity; others investigate personality traits, interests, inten-
tions, or behavioral patterns. In addition, important methodological
and ethical challenges remain, including dataset bias, limited de-
mographic and cultural diversity, lack of multilingual resources,
privacy risks, explainability, reproducibility, and inconsistent eval-
uation practices.

This study aims to provide a systematic literature review of
research on user profiling from textual data. Specifically, we analyze
how previous studies define user profiling tasks and evaluate them,
which textual data sources and computational methods they employ,
which user attributes they attempt to infer, and what limitations
and open challenges are reported in the literature. By organizing
existing knowledge on this topic, this review seeks to support future
research on more robust, transparent, and responsible approaches
to user profiling from text.

This review builds on previous surveys on user profiling while
addressing a different and broader scope. Wu et al. [50] focus mainly
on user profiling in social networks, whereas Naz et al. [38] concen-
trate on personality trait detection. Eke et al. [16] provide a broad
overview of user profiling methods and processes, but their review
is not specifically centered on textual data as the primary profiling
signal and does not cover recent transformer-based and LLM-based
approaches. In contrast, the present review focuses on user pro-
filing from textual data in Web-based environments and covers a
wider range of profiling targets, including age, gender, occupation,
income, race, ethnicity, personality traits, preferences, behavioral
patterns, and user intent. We also examine recent methodological
developments, including transformer-based models and LLM-based
user profiling, as well as datasets, platforms, languages, evaluation
practices, ethical concerns, and open research gaps. Table 1 summa-
rizes the main differences between this review and previous surveys.
The dataset list, the spreadsheet containing the scoring tables used
in the study selection process, and links to identified source-code
repositories are publicly available in a GitHub repository.

The main contributions of this paper are: (i) a systematic map-
ping of user profiling studies based on textual data, covering demo-
graphic, psychographic, and behavioral profiling; (ii) a comparative
analysis of the textual sources, platforms, languages, datasets, and
data availability addressed in the literature; (iii) a synthesis of the

Ihttps://github.com/felip-peixoto/Textual-User-Profiling-Survey
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computational methods adopted in the field, ranging from tradi-
tional feature-based approaches to transformer-based and large
language model (LLM)-based methods; and (iv) the identification of
methodological and ethical gaps particularly relevant to Web-based
systems, including dataset bias, limited multilingual coverage, weak
reproducibility, inconsistent evaluation protocols, and the insuffi-
cient treatment of sensitive attributes.

The rest of this systematic literature review is organized as fol-
lows. Section 2 presents the background and related work. Section 3
describes the review methodology used in the study. Section 4
presents literature analysis and findings. Section 5 discusses the
synthesis of findings. Finally, Section 6 concludes the paper and
provides final remarks.

2 BACKGROUND

This section provides the background necessary to understand user
profiling from textual data. It introduces the fundamental concepts
of the field, describes the main profiling categories and user at-
tributes, reviews the textual sources and computational approaches
commonly employed in the literature, and highlights the ethical
and methodological challenges associated with the development
and deployment of user profiling systems.

2.1 User Profiling from Textual Data

User profiling refers to the computational process of constructing
representations of users based on their characteristics, preferences,
behaviors, and interactions. In text-based environments, these rep-
resentations are commonly inferred from user-generated content
such as posts, comments, reviews, messages, search queries, profile
descriptions, ratings, and captions. Textual data can reveal both
relatively stable attributes, such as age, gender, occupation, income,
or geographic location, and more dynamic aspects, such as interests,
intentions, opinions, risk perception, and behavioral patterns.

In this review, we focus on studies that infer user attributes
primarily from textual data. This scope includes demographic pro-
filing, personality and psychographic profiling, behavioral profiling,
and preference or interest modeling, as long as textual information
plays a central role in the profiling process.

2.2 User Profiling Categories

Previous studies on user profiling have addressed a wide range of
attributes. Demographic profiling typically focuses on attributes
such as age, gender, location, education, occupation, income, race,
ethnicity, or political affiliation [2, 11, 26, 27, 46, 52]. Personality
and psychographic profiling attempt to infer psychological traits,
preferences, emotional tendencies, values, or decision-making pat-
terns, often using models such as the Big Five or Myers-Briggs
Type Indicator (MBTI) [6, 8, 18, 25, 35]. Behavioral profiling focuses
on users’ actions, habits, interests, intentions, and engagement
patterns.

These categories are not mutually exclusive. For instance, a rec-
ommender system may model user interests and preferences while
also incorporating demographic or behavioral signals [31, 41]. Sim-
ilarly, personality prediction studies may be treated as part of user
profiling when they contribute to a broader representation of the
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Table 1: Comparison between this review and previous surveys on user profiling.

Study Main scope Profiling attributes covered

Data sources and platforms  Main distinction of our work

Wau et al. [50] User profiling in so-

cial networks cial network data

Naz et al. [38] Personality trait de-

tection traits

Eke et al. [16] General user profil-
ing methods and pro-

cesses

category

This review User profiling from
textual data in Web-

based environments erence, and intent attributes

Mainly user attributes inferred from so-

Primarily personality and psychographic

Broad but not specific to any profiling

Demographic, sociodemographic, per-
sonality, psychographic, behavioral, pref-

Primarily social networking
platforms and relational data

Provides a broader view beyond social
networks, including reviews, forums,
search queries, conversational data, and
other textual Web sources.

Mostly textual datasets used
for personality prediction

Extends the scope beyond personality
prediction to demographic, sociodemo-
graphic, behavioral, preference, and in-
tent attributes.

General, not focused on any
particular platform or data

type

Focuses specifically on textual data as the
primary profiling signal and covers re-
cent transformer-based and LLM-based
approaches not addressed by Eke et al.

Social media posts, comments,
reviews, captions, search
queries, forum discussions,
profile descriptions, and other
user-generated textual data

Systematically analyzes profiling targets,
datasets, platforms, languages, compu-
tational methods, evaluation practices,
ethical concerns, and open research gaps,
including recent transformer-based and
LLM-based approaches.

user [24]. Therefore, this review uses these categories as analytical
dimensions rather than rigid boundaries.

The computational formulation of user profiling depends on
the type of attribute being inferred. Consequently, profiling from
textual data may be modeled as a classification task (e.g., gender or
political orientation prediction) [27, 43], a regression task (e.g., age
estimation) [2], a clustering task (e.g., discovering user groups) [31],
a recommendation problem (e.g., personalized content suggestion)
[15], a representation learning task (e.g., learning user embeddings),
or a profile generation task (e.g., automatically constructing textual
user descriptions).

User profiling can also be understood through the distinction
between content-based, collaborative, and hybrid methods. Content-
based approaches infer users’ current or future preferences from
their own past content or behavior. Collaborative methods infer
preferences by comparing users with similar users or items. Hy-
brid methods combine these perspectives to reduce the limitations
of each individual approach [13]. In recommender-oriented pro-
filing, related techniques include neighborhood-based methods,
content-based filtering, collaborative filtering, matrix factorization,
ontology-based profiling, and statistical modeling.

2.3 Textual Sources and Computational
Approaches

User profiling from text has been studied using different data
sources, including social media posts, tweets, Reddit comments,
online reviews, profile descriptions, captions, conversational data,
essays, and web communication corpora [7, 13, 24, 31, 41, 45].
These sources vary in length, formality, language, availability of
labels, and ethical sensitivity. As a result, studies adopt different
preprocessing strategies, feature representations, and modeling
approaches.
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To infer user attributes from textual data, traditional approaches
typically rely on handcrafted features, Bag-of-Words representa-
tions, TF-IDF, psycholinguistic dictionaries, topic models, and word
embeddings to encode textual information [2, 8, 22, 25]. More re-
cent studies employ contextualized language models, transformer-
based architectures, multimodal models, and large language models
(LLMs) to learn richer semantic and contextual representations for
user profiling tasks [7, 14, 30, 41, 43, 45]. While transformer-based
models are commonly used to extract contextual representations
for downstream prediction, recent LLM-based approaches support
more flexible profile construction and interpretation. In particular,
LLMs have been explored for extracting and generating natural-
language profiles, modeling temporal changes in user preferences,
and constructing profiles from conversational histories, reviews,
and social media content. These approaches can provide richer and
more interpretable user representations, but also raise challenges
related to computational cost, model variability, reproducibility,
privacy, and dependence on proprietary models.

Neighborhood-based approaches identify similar users or items
by applying similarity measures, such as cosine similarity or the Jac-
card index, to vectorized representations derived from textual data.
These representations may include TF-IDF vectors, word embed-
dings, or features extracted from user reviews. Recent studies have
employed KNN-based and collaborative recommendation models
to leverage user reviews and item preferences for personalized
recommendations [5, 23]. Ontology-based profiling adds semantic
structure to user representations by mapping textual or behavioral
signals to domain concepts, improving context-awareness and in-
terpretability [10, 18, 51]. Filtering and recommendation-oriented
profiling also include content-based methods for matching users
and items [15], deep learning and self-supervised approaches for
sparsity and cold-start scenarios [32], and hybrid models that com-
bine sentiment classification with user profiling [48]. Statistical
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and matrix-factorization approaches remain relevant for model-
ing user preferences and rating distributions, particularly when
interpretability or data sparsity is a concern [29].

2.4 Ethical and Methodological Challenges

User profiling from textual data raises important methodological
and ethical challenges. Methodologically, studies often face limi-
tations related to dataset bias, class imbalance, small or platform-
specific samples, lack of multilingual and cross-cultural data, in-
consistent evaluation metrics, and limited reproducibility. Ethically,
profiling may involve sensitive attributes such as race, ethnicity,
income, education, political orientation, health-related behavior, or
psychological traits. These attributes require careful consideration
of privacy, consent, fairness, transparency, and potential misuse
[11, 26].

Because of these challenges, this review analyzes not only the
predictive methods and reported performance of user profiling
studies, but also the datasets, evaluation protocols, limitations, and
ethical issues discussed in the literature.

3 REVIEW METHODOLOGY

This section describes the methodology adopted to conduct the
systematic literature review, ensuring a transparent, rigorous, and
reproducible study selection and analysis process. It first presents
the research questions that guided the review, followed by the
search strategy used to identify relevant studies. Next, it describes
the exclusion criteria and the study selection process employed to
determine the final set of publications considered in this survey.
The section then details the quality assessment procedure used to
evaluate the methodological soundness of the selected studies and
concludes by explaining the data extraction and synthesis process
adopted to organize, compare, and analyze the evidence reported
in the literature.

3.1 Research Questions

The following research questions define the scope of this system-
atic literature review and provide the framework for identifying,
analyzing, and synthesizing the selected studies.

e RQ1: Which user attributes have been inferred from textual
data in previous user profiling studies?

e RQ2: Which textual data sources, platforms, and datasets
have been used for user profiling?

e RQ3: Which NLP, machine learning, and deep learning meth-
ods have been applied to user profiling from textual data?

e RQ4: How do existing studies evaluate user profiling models,
and which metrics are commonly reported?

e RQ5: What are the main limitations, challenges, and future
research directions identified in the literature?

3.2

The search strategy was designed to retrieve studies on user profil-
ing, author profiling, user modeling, user representation, and user
attribute inference from textual data. We used the following search

query:

Search Strategy
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("user profiling"” OR "author profiling" OR "user mod-
eling" OR "user representation” OR "demographic pre-
diction" OR "trait inference") AND ("text" OR "textual
data" OR "social media text" OR "user-generated con-
tent” OR "natural language processing" OR "NLP")

Using this query, we searched ACM Digital Library, IEEE Xplore,
Scopus, Web of Science, ScienceDirect, and SpringerLink, with
Google Scholar used as a complementary source to identify addi-
tional relevant studies.

The searches were executed between January 1, 2026, and June 1,
2026. The review considered studies published from 2012 onward,
according to the inclusion criterion defined in Table 2. For each
database, the search was applied to the available metadata fields,
including title, abstract, and keywords; full-text search was used
only when supported by the database interface. The review process
was inspired by the systematic review framework of [4].

3.3 Exclusion Criteria

The review considered peer-reviewed journal, conference, and
workshop papers on user profiling in which textual data played a
central role. The selected articles were evaluated according to their
relevance to user profiling techniques, data sources, methods, and
reported results.

Venue quality indicators, such as impact factor (IF) and CAPES
QUALIS classification in the field of Computer Science?, were con-
sidered in the preliminary quality assessment. Table 2 shows the
study selection process guided by predefined exclusion criteria.

Table 2: Exclusion criteria.

Category Exclusion

Study type Any study not published in journals or confer-
ences/workshops (e.g. theses, preprints, etc...).

Topic Studies with no user attribute inference or non-profiling NLP

tasks.

Data modality ~ Studies relying exclusively on non-textual signals.

Language None; studies in any language were eligible.

Period Published before 2012.

Access Full text inaccessible.

Quality IF < 1 AND QUALIS C or unclassified; QA score < 2.5;

duplicated records.

The Impact Factor (IF) is a bibliometric indicator that reflects the
scientific influence and citation impact of a journal [47]. QUALIS
is a classification system developed by the Brazilian Coordination
for the Improvement of Higher Education Personnel (CAPES) to
support the evaluation of graduate programs. It classifies academic
journals and conference proceedings into tiers as A1-A4, B1-B4,
and C according to their perceived quality and relevance within spe-
cific research areas, providing a reference for assessing the scientific
output of graduate students and faculty members. A1l represents
the highest-quality and most influential journals and conferences,
followed by A2, A3, and A4 as progressively lower but still highly

2For conference/workshop and journals: https://sucupira-legado.capes.gov.br/sucupira.
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regarded tiers; B1-B4 indicate journals and conferences with mod-
erate academic impact and visibility, while C denotes journals that
receive no quality weighting in research evaluation [28].

3.4 Study Selection Process

Under the PRISMA 2020 framework [39], the study-selection flow
diagram is conventionally organized into four main phases: identi-
fication, screening, eligibility, and included. Figure 1 summarizes
the customized process adopted for this review. The quality assess-
ment was performed independently by three authors using the QA
criteria described in Section 3.4.3. Disagreements in scores were
resolved through discussion and consensus before defining the final
set of included studies.

3.4.1 Identification. We conducted an automated search to identify
relevant studies across ACM Digital Library, IEEE Xplore, Scopus,
Web of Science, ScienceDirect, and SpringerLink, while Google
Scholar was used as a complementary source to ensure broader
coverage of the literature. By applying the search query described
in Section 3.2, we retrieved a total of 133 studies published in a
variety of journals, conferences, and other academic venues.

3.4.2  Screening. This phase (2) encompasses four tasks: (2.1) title
and abstract screening, (2.2) duplicate removal, (2.3) study eligibility,
and (2.4) access verification.
Title and abstract screening: After retrieving the search results,
we analyzed the titles and abstracts of the identified studies to
ensure their relevance to the objectives of this review. Based on
this initial screening, 65 studies were excluded because they did not
address the scope of our research, while the remaining 68 studies
were retained for further evaluation in the subsequent stages of the
review process.
Duplicate removal: In this task, we conducted a thorough re-
view to identify and eliminate duplicate articles from the collection.
All references were managed in BibTeX within the Overleaf en-
vironment and formatted according to the WebMedia 2026 SBC
LaTeX template. Two duplicate records were then identified and
removed using a structured spreadsheet, resulting in a set of 66
unique studies.
Preliminary Quality Assessment: In this task, we assessed the
quality of the selected papers based on the IF of their publication
venues and their QUALIS classifications. We retained only studies
published in venues with an IF greater than one or a QUALIS clas-
sification of A1-A4 or B1-B4. Based on these criteria, 20 studies (19
using IF and 1 using QUALIS) were excluded because they did not
satisfy the predefined quality requirements, leaving 46 studies for
the subsequent stages of the review.
Access verification: Then, we verified the accessibility of the re-
maining studies by checking whether their full texts were available
for analysis. This step ensured that only studies with complete
access could be included in the review. Among the 46 remaining
studies, one was excluded because its full text could not be obtained.
After screening, the selected articles were evaluated for method-
ological and scientific quality in the next phase.
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3.4.3  Eligibility. At this phase, we examined the full texts of the
remaining 45 studies to verify whether they contained the informa-
tion required to answer the research questions. The quality assess-
ment considered each paper’s methodology, research design, data
collection procedures, experimental setup, and contribution to user
profiling. Then, after screening, all studies were evaluated using
five quality assessment (QA) questions: QAa) Is the profiling task
clearly defined? QAb) Is the dataset adequately described? QAc) Are
the methods and experimental procedures sufficiently explained?
QAd) Are evaluation metrics and results clearly reported? QAe) Are
limitations or challenges discussed? Each question was scored as 1
(fully satisfied), 0.5 (partially satisfied), or 0 (not satisfied), resulting
in a maximum score of 5 points. Studies scoring 2.5 or higher were
included in the final review to ensure adequate methodological
quality and reporting transparency. The quality assessment of the
45 eligible studies excluded eight that did not provide sufficient
information to address the objectives of this review, resulting in a
set of 37 studies.

3.4.4 Included. In the final phase, we systematically extracted rel-
evant information from each selected study. The final corpus com-
prised 37 studies, including 34 primary studies and 3 survey papers.
The survey papers, summarized in Table 1, were retained to con-
textualize the present review and position its contributions relative
to the existing survey literature. For each of the 34 primary studies,
we extracted information on the study objective, profiling target,
dataset and data source, language, platform, computational methods
and models, experimental design, evaluation metrics, best reported
results, and reported limitations. In addition, we coded whether
each study explicitly discussed ethical issues related to user pro-
filing, including privacy and consent, bias and fairness, sensitive
attributes, and reproducibility. These categories were defined based
on recurring concerns reported in the reviewed literature and were
used to synthesize the ethical gaps presented in Section 5. We also
identified the tools, frameworks, and machine learning algorithms
used in training and evaluating the user profiling models. Table 3
provides a summary of all the data extraction fields we used to
address the research questions.

Table 3: Data extraction fields aligned with the research ques-
tions.

Extraction Field Description Maps
to

Profiling target User attribute(s) inferred RQ1

Dataset & plat- Dataset name and source platform (Twitter, Reddit, RQ2

form Amazon)

Language & size Language(s) of the data and number of RQ2
users/documents

Methods & models  ML/DL models used (TF-IDF + SVM, BERT, GPT- RQ3
40)

Metric & best re- Primary evaluation metric and best reported value ~ RQ4

sult

Limitations Dataset bias, class imbalance, generalizability, ethi- ~RQ5
cal, or reproducibility issues

Ethical issues Privacy and consent, bias and fairness, sensitive =~ RQ5

attributes, and reproducibility concerns
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Figure 1: Flow diagram illustrating our study selection process, adapted from [4] under PRISMA 2020 perspective.

4 LITERATURE ANALYSIS AND FINDINGS

This section presents the analysis and synthesis of the studies
selected through the systematic review process. It begins with
an overview of the final filtered subset. Subsequently, it analyzes
the user attributes inferred from textual data, the textual sources,
platforms and datasets employed, the computational methods and
models adopted for user profiling. The section also examines the
evaluation metrics and reported performance used to assess pro-
filing models and concludes by discussing the current limitations
and challenges identified in the literature. Together, these analy-
ses provide a comprehensive overview of existing research, reveal
prevailing trends and methodological practices, and establish the
foundation for the discussion of research gaps and future directions
presented in the next section.

4.1 Overview of Selected Studies

The final corpus comprises 37 studies, published from 2012 up to
the search cutoff date, June 1, 2026, of which 3 are survey studies
related to user profiling. Most of the work is relatively recent - the
majority of studies appeared after 2018, with a particularly dense
cluster in 2024 and 2025.

Figure 2 presents a grouped bar chart illustrating the distribution
of selected studies across three profiling dimensions or categories
(1) demographic and sociodemographic factors, (2) personality and
psychographic traits, and (3) behavioral patterns, preference, and
intent, organized into three publication periods. Because some
studies address more than one profiling target, the category counts
in Figure 2 are not mutually exclusive.

2013-2018

® Demographic & Sociodemographic

2019-2022

Personality & Psychographic

2023-2026

Behavioral, Preference & Intent

Figure 2: Distribution of Studies across profiling categories
not mutually exclusive and time periods.
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The selected studies cover a diverse set of user profiling tasks,
ranging from demographic and socioeconomic attribute inference
(e.g., age, gender, occupation, income, race, and ethnicity) to per-
sonality profiling, user intent clustering, recommendation-oriented
profiling, and LLM-based profile generation.

The final corpus includes studies using traditional machine learn-
ing, deep learning, word embeddings, graph embeddings, ontology-
based methods, multimodal fusion, and LLM-based methods. The
earlier studies, from 2013 to 2018, tend to rely on traditional ma-
chine learning and early deep learning, and they provide much
of the conceptual and methodological foundation that later work
builds on. In terms of where the studies were published, the corpus
spans journal articles, conference papers (including those published
in workshops of high-quality conferences).

Most studies frame their task as classification or prediction, infer-
ring a specific user attribute from text, though a few take different
approaches, such as clustering, behavioral inference, or LLM-based
profile generation.

Finally, English dominates as the language of the underlying
data, accounting for 20 studies, while the remaining studies focus
on Russian, Arabic, Turkish, Punjabi, Persian, Korean, Spanish,
Indonesian, or multilingual corpora, indicating that non-English
user profiling research is growing but remains scattered rather than
forming a coherent cross-lingual research effort.

The findings are summarized in three tables according to the
user profiling categories identified in this review. Table 4 presents
demographic and sociodemographic profiling, Table 5 summarizes
personality and psychographic profiling, and Table 6 covers behav-
ioral, preference, and intent profiling.

4.2 User Attributes Inferred from Textual Data

RQ1 investigates which user attributes have been inferred from tex-
tual data in previous user profiling studies. The reviewed literature
shows that user profiling from text covers a broad set of attributes,
ranging from relatively stable sociodemographic characteristics
to more dynamic behavioral and preference-related dimensions.
In general, the identified studies can be grouped into three main
categories: demographic and sociodemographic attributes, person-
ality and psychographic attributes, and behavioral, preference, and
intent attributes.

These categories are not mutually exclusive. Some studies focus
on a single attribute, such as gender, age, occupation, or personality,
while others combine multiple signals to construct broader user
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Table 4: Summary of related studies on demographic and sociodemographic profiling

Techniques

Gap

Author Goal Dataset
[2] Word embeddings for user profiling (age, ~Odnoklassniki (868K users):
gender) in social networks text posts, likes, demographics
Russian
[27] Gender identification on Twitter across ~ Seven CLEF-PAN corpora (15K
multiple languages users) English, Spanish, Por-
tuguese, Arabic
[46] Gender identification for authorship 1,944 samples — Punjabi (Twit-
analysis ter)
[26] Author gender identification in Modern 8,000 news articles labeled by
Standard Arabic author gender
[11] Predict author age and gender in  NIKL Korean Dialogue Corpus
resource-constrained digital forensics  (27K)
settings
[3] Predict Twitter users’ occupational class ~ Twitter (5.1K users) English
and income from network and text
[52] Occupation prediction from Twitter data 25K Turkish tweets from 10 oc-
cupations
[40] User-level race and ethnicity prediction — Twitter survey (5.4M tweets)
from Twitter text English
[49] Predict Twitter user demographics using ~ Twitter survey (2.67M users)
noisy self-reports English
[12] Uncover sociodemographic attributes  Reddit (850K users) English
from Reddit participation signals
[19] Relational user attribute inference (age, ~Google+ (846K users) English
gender, location) in social media
[20] Multilingual author profiling (age, gen-  Facebook (7.7K users) Roman
der) on Facebook Urdu and English
[33] Author profiling using distance measures ~ CLEF evaluation campaigns
(age, gender) (English, Spanish, Dutch, Ital-
ian)
[1] Gender Inference from Place Reviews Ap-  Google Places review (33+M
plications to Urban Representativeness ~ reviews) English
[36] Author profiling for abuse detection 16K tweets, English

Word2Vec, clustering, logistic re-
gression

Logistic regression, decision tree,
KNN, SVM, Naive Bayes, neural net-
works, random forest

LightGBM; AGI-P fine-tuned multi-
lingual model

CNN, LSTM, BiLSTM, BERT

LoRA/QLoRA fine-tuning, EEVE,
Bllossom (LLM-based)

Graph embeddings, TF-IDF, logistic
regression; network + language fu-
sion

Logistic regression, Naive Bayes,
Random Forest, SVM, MLP, CNN,
LSTM, BiLSTM, GRU, BERT
Logistic regression with n-gram and
topic features

BERT-based classifiers; noisy self-
reported labels

statistical modeling

Probabilistic graphical models; rela-
tional attribute inference

SVM, Naive Bayes, TF-IDF, n-grams,
stylistic features

Distance-based classifiers; n-gram
and character features

BERT

NLP-based author profiling, ML
classifiers

Limited to a single Russian social network;
low cross-platform generalizability

Binary gender assumption; English-dominant
data; Twitter-specific scope (2014-2019)

Small dataset; narrowly focused on gender;
limited language coverage

Domain-specific (news); limited to Modern
Standard Arabic; does not address dialectal
variation

Only NIKL corpus used; gender classification
signals may introduce bias; single-language
scope

Small dataset; income labels are noisy proxies;
platform-specific to Twitter

Few users per occupation; Turkish-only
scope; limited generalization to other lan-
guages/platforms

Class imbalance; proxy labels; limited cross-
cultural generalizability; ethical risks

Noisy labels; selection bias; Twitter-specific;
underrepresentation of minority groups
Platform-specific; limited to Reddit communi-
ties; potential privacy concerns
Platform-specific (Google+, now defunct); lim-
ited to social graph signals

Small dataset; limited to two languages;
platform-specific

Relies on CLEF benchmarks; stylometric ap-
proach may not generalize to informal text

English only dataset

Domain-specific (abuse); Twitter-only; limited
demographic scope

representations. Moreover, several works complement textual data
with additional sources, such as social network structure, profile
metadata, interaction logs, ratings, or visual content. This indicates
that user profiling is increasingly moving from isolated attribute
prediction toward richer, more contextual user modeling.

4.2.1 Demographic and Sociodemographic Attributes. Demographic
and sociodemographic attributes are among the most frequently
investigated targets in user profiling from textual data. These at-
tributes include age, gender, geographic location, education level,
occupation, income, race, ethnicity, and political or partisan af-
filiation. In many studies, these characteristics are inferred from
linguistic patterns, such as vocabulary choices, writing style, text
complexity, topics of interest, and semantic representations of user-
generated content.

Among the studies summarized in Table 4, age and gender are
the most frequent demographic profiling targets, appearing either
individually or jointly across several works. Other studies address
occupation, income, race, ethnicity, location, and broader sociode-
mographic attributes. In contrast, education and unemployment
do not appear as explicit profiling targets in the final selected cor-
pus, representing a clear gap in the reviewed literature, particularly
given their relevance to socioeconomic user modeling and the grow-
ing availability of platform data that could support such inference.
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These age- and gender-related studies model user attributes us-
ing social media posts, profile descriptions, comments, or other
forms of online communication. Alekseev and Nikolenko [2] used
Word2Vec representations for user profiling in Odnoklassniki, a
Russian social network, while Ikae and Savoy [27], Sarwar et al. [46],
and Himdi and Shaalan [26] investigated gender identification using
stylistic markers, machine learning classifiers, and deep learning
models. Additional resources, such as PANDORA, combine person-
ality and demographic labels in Reddit-based data [24]. Traditional
approaches often rely on stylistic markers, n-grams, Bag-of-Words,
TF-IDF, and supervised machine learning classifiers, whereas more
recent studies employ word embeddings, contextualized language
models, and transformer-based architectures.

Beyond age and gender, some studies address socioeconomic
attributes such as occupation and income. Aletras and Chamberlain
[3] predict Twitter users’ occupational class and income by combin-
ing graph embeddings and textual features. Occupation prediction
has also been studied in Turkish tweets using machine learning,
deep learning, and BERT-based models [52]. These studies suggest
that language and network structure can provide complementary
signals for socioeconomic profiling. However, socioeconomic at-
tributes remain less explored than age and gender and often depend
on smaller or more context-specific datasets.



WebMedia’2026, Lavras, MG, Brazil

Race and ethnicity prediction also appear in the reviewed liter-
ature. Preotiuc-Pietro and Ungar [40] introduce models for user-
level race and ethnicity prediction from Twitter text, while Wood-
Doughty et al. [49] use noisy self-reports to predict Twitter user
demographics. Cinus et al. [12] infer sociodemographic attributes
from Reddit participation signals. Although some works report
promising predictive performance, they also highlight important
limitations, including class imbalance, selection bias, underrepre-
sentation of minority groups, and limited generalizability across
countries, languages, and cultural contexts. Because race and eth-
nicity are sensitive attributes, these studies should be interpreted
not only as technical contributions, but also in relation to fairness,
privacy, consent, and potential misuse.

Overall, demographic and sociodemographic profiling studies
show that textual data can encode signals associated with users’
social characteristics. However, the evidence is uneven across at-
tributes. Age and gender are relatively well represented, while
education, unemployment, income, race, ethnicity, and political af-
filiation are less consistently studied. In addition, many datasets are
platform-specific, language-specific, or geographically restricted,
which limits the generalization of models to broader and more
diverse populations. Table 4 summarizes existing studies on De-
mographic and Sociodemographic Profiling, including their goals,
datasets, techniques, and limitations.

4.2.2  Personality and Psychographic Attributes. Personality is a
stable set of individual characteristics that explains behavioral dif-
ferences between people [21]. Personality and psychographic at-
tributes form a second major group of profiling targets. Associated
studies aim to infer psychological traits, emotional tendencies, val-
ues, interests, beliefs, or decision-making patterns from textual data.
The most common approach is personality prediction, especially
using the Big Five model or MBTL In these cases, user-generated
text is treated as evidence of stable or semi-stable psychological
tendencies.

Several studies use social media posts, tweets, Reddit comments,
essays, or profile texts to predict personality traits. Traditional mod-
els usually transform text into numerical representations using
Bag-of-Words, TF-IDF, n-grams, LIWC features, part-of-speech pat-
terns, or word embeddings. Examples include MBTI prediction from
Reddit [25], MBTI/persona trait identification using myPersonality
and MBTI corpora [8], personality prediction from tweets [6], and
Big Five prediction from tweet content [22]. Other studies apply
deep learning or fusion strategies for personality prediction [17], in-
cluding models focused on specific traits such as Extraversion [37].

The Big Five model is commonly used because it provides a well-
established psychological framework, usually involving Openness,
Conscientiousness, Extraversion, Agreeableness, and Neuroticism.
MBTI-based studies are also frequent in computational personality
prediction, particularly in social media datasets, although MBTI and
Big Five should not be treated as equivalent models. Some studies
focus on all dimensions of personality, while others target specific
traits.

Psychographic profiling also extends beyond personality traits.
Some works infer preferences, values, risk perception, political
orientation, or decision-making tendencies. Kosinski et al. [34]
show that private traits and attributes can be predicted from digital

658

Jilo et al.

behavioral records, while Ferwerda and Tkalcic [21] investigate
personality prediction from Instagram images and captions, show-
ing the potential of multimodal profiling. In recommender systems,
user interests and preferences may be represented through natural-
language profiles or embeddings derived from rating histories and
textual content. Recent LLM-based approaches suggest that natural-
language user profiles can improve interpretability, but they also
raise concerns related to reproducibility, cost, hallucination, privacy,
and dependence on proprietary models.

Overall, personality and psychographic profiling studies demon-
strate that textual data can provide useful signals about how users
express themselves, make decisions, and reveal preferences. Never-
theless, this category presents important limitations. Many studies
rely on small or imbalanced datasets, platform-specific samples, or
self-reported personality labels. In addition, psychological attributes
are sensitive and may be used in persuasive, manipulative, or dis-
criminatory systems if not handled responsibly. Table 5 presents
the summary of related works on personality and psychographic
profiling.

4.2.3 Behavioral, Preference, and Intent Attributes. A third group
of studies focuses on behavioral, preference-related, and intent-
oriented attributes. Unlike demographic attributes, which are often
treated as stable, behavioral attributes are dynamic and context-
dependent. They may include user interests, content preferences,
purchasing intentions, information-seeking behavior, engagement
patterns, verification practices, risk perception, or future actions.
In textual environments, these attributes are usually inferred from
posts, comments, reviews, ratings, queries, or other forms of user-
generated content.

Some studies model behavior directly from text, while others
combine textual information with interaction logs, social network
structure, item ratings, or browsing behavior. Kanwal et al. [31]
clustered users according to online behaviors related to searching,
sharing, and verifying information. The clustering produces User
Intent Classes that characterize distinct behavioral patterns, which
are then generalized into a user-intent template for characterizing
and labeling users. Although the resulting profiles may support
downstream recommendation or personalization, in our taxonomy,
this work is classified as behavioral and intent profiling.

Rahimzadeh et al. [43] used LLM-based extractive and abstractive
methods to generate user profiles from political tweets. Sabouri et al.
[45] explored explainable temporal user profiling with LLMs using
Amazon reviews, and some emerging benchmarks study profile
reconstruction from conversational histories [11].

Preference and interest profiling is particularly relevant for rec-
ommender systems and personalized services. In these studies, tex-
tual data can be used to represent user interests, item descriptions,
review content, or natural-language explanations of user prefer-
ences. Some approaches rely on content-based filtering, collabora-
tive filtering, hybrid recommender models, or matrix factorization,
while more recent work explores embeddings and LLM-generated
user profiles.

However, behavioral and intent profiling present specific chal-
lenges. User behavior changes over time, varies across platforms,
and may depend strongly on context. Therefore, models trained on
static datasets may not capture temporal changes in user interests
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Table 5: Summary of related studies on personality and psychographic profiling.

Techniques

Gap

Author Goal Dataset

[25] Personality prediction (MBTI) from Red- Reddit MBTI dataset (8,600
dit posts rows) English

[8] MBTI personality trait identification myPersonality and MBTI cor-
from social media text pus (Twitter) English

[6] Personality prediction of users based on  myPersonality dataset (260
tweets (Big Five) users, 9,920 tweets) English

[22] Compare ML algorithms for content- Two datasets (8,675 and 8,789
based personality prediction from tweets  users, 50 tweets per user) Eng-

lish

[35] Big Five personality prediction on Twit- 240K tweets (269 users) In-
ter with LSTM donesian

[37] Prediction of Extraversion personality =~ MBTI dataset English
trait (Big Five)

[17] Deep learning fusion strategies for Big ~ Student Essays and myPerson-
Five personality prediction ality English

[24] Personality and demographic profiling PANDORA Reddit dataset (10K
on Reddit users) English

[34] Predict private traits and attributes from  Facebook (58K users) English
digital behavioral records

[44] Impact of emotions on author profiling  Blogs and social media (84K
(age, gender, personality) posts) Spanish

[45] Explainable temporal user profiling with ~ Amazon Movies/TV and Video
LLMs from Amazon reviews Games reviews (18K) English

[43] LLM-based user profiling from political ~6M tweets from 3,000 users

tweets (Persian presidential election)

Persian

Logistic regression, MLP, n-grams,
POS tagging

Naive Bayes, SVM, TF-IDF, LIWC
features

Logistic regression

Supervised ML with BoW, TF-IDF,
GloVe (SVM, Naive Bayes, Random
Forest)

LSTM

Bi-LSTM
ELMo, ULMFiT, BERT fusion

Multiple classifiers; combined Big
Five and demographic labels
Logistic regression, SVM; Like-
based feature vectors

SVM, emotion features, stylometric
features

GPT-40-mini; extractive and ab-
stractive LLM-based profiling

GPT-40

Small dataset; limited to Reddit; self-reported
MBTI labels; potential label noise
Imbalanced and Twitter-only dataset; MBTI
self-report bias

Very small dataset; results may not generalize;
reliance on deprecated myPersonality data
Self-reported MBTI mapped to only four Big
Five traits; Twitter-only dataset

Only 269 users; Indonesian-only; class imbal-
ance (Extraversion label); limited cross-lingual
generalizability

Focused on a single trait (Extraversion); lim-
ited scope for full personality modeling
Performance below state-of-the-art; focus
only on Big Five; dataset size limitations
Self-reported labels; Reddit-specific;

Privacy and consent concerns; Facebook-
specific behavioral signals; ethical implica-
tions of sensitive inference

Spanish-only; emotion features may not trans-
fer across languages; limited reproducibility
Below benchmark performance; English-only;
cost and reproducibility concerns with propri-
etary LLMs

Political-domain focus; high cost; repro-
ducibility concerns; interpretability issue

or intentions. In addition, behavioral traces can reveal sensitive
information about routines, vulnerabilities, beliefs, and personal
circumstances, which makes privacy and responsible data use espe-
cially important. Table 6 summarizes existing studies on Behavioral,
Preference, and Intent Profiling, including their goals, datasets, tech-
niques, and limitations.

4.3 Data Sources, Platforms, and Datasets

The reviewed studies use a wide variety of textual sources and plat-
forms. Twitter/X is one of the most common sources, supporting
studies on socioeconomic attributes [3], gender [27], occupation
[52], personality [6, 22], political profiling [43], and race or ethnic-
ity [40, 49]. Reddit is used for personality and demographic studies
[12, 24, 25]. Other datasets include Odnoklassniki [2], Facebook-like
behavioral records [34], CLEF-PAN web communication corpora
[27], Arabic news articles [26], Persian political tweets [43], Korean
dialogue data [11], Punjabi news data [46], Amazon reviews [45],
and synthetic smart-home conversational sessions [7]. Although
English-language datasets dominate the literature, some studies
have explored user profiling in Arabic, Turkish, Persian, Korean,
and Punjabi contexts [26, 43, 46, 52]. Table 7 presents an overview
of the datasets used in the selected studies, detailing their source
platforms, languages, corpus sizes, and public availability. Table 7
reports only those studies for which the underlying dataset is pub-
licly available.
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4.4 Methods and Models

The reviewed studies include traditional machine learning mod-
els, deep learning architectures, embeddings, graph-based mod-
els, ontology-based methods, recommender-system models, and
LLM-based approaches. Traditional approaches include Logistic
Regression, Decision Trees, KNN, SVM, Naive Bayes, Random
Forests, MLPs, and XGBoost, usually combined with BoW, TF-
IDF, n-grams, POS tags, LIWC features, or stylistic markers [8,
22, 25, 27]. Embedding-based approaches include Word2Vec [2],
GloVe [22], graph embeddings for socioeconomic prediction [3],
and transformer-based models such as BERT and DistilBERT [14,
26, 49, 52].

Deep learning methods include CNN, LSTM, BiLSTM, GRU, and
fusion strategies for personality or author profiling [17, 26, 37].
Ontology-based and semantic user modeling approaches use do-
main knowledge and tagging histories to enrich user profiles [10,
18]. Recommender-oriented studies include content-based filter-
ing, collaborative filtering, hybrid filtering, matrix factorization,
and deep learning models for sparsity and cold-start challenges
[15, 29, 32, 48]. LLM-based studies include GPT-40, GPT-40-mini,
DeepSeek-V3, LoRA/QLoRA fine-tuning, and profile generation
from conversational or review histories [30, 43, 45].

The selected studies reflect a broad methodological range, from
classical techniques to the most recent LLM-based approaches. Four-
teen studies built their profiling models on traditional machine
learning methods such as logistic regression, SVM, Naive Bayes,
and random forests [2, 6, 8, 12, 20, 22, 24, 25, 27, 33, 34, 36, 40, 44].
Four studies applied deep learning models such as CNN, LSTM, and
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Table 6: Summary of related studies on behavioral, preference, and intent profiling.

Author Goal Dataset Techniques Gap

[31] Machine learning approach to user pro-  Online behavioral dataset Eng- K-Means clustering, distortion  Static behavioral snapshots; difficult to cap-
filing for data annotation of online be-  lish score, silhouette score; ML classi-  ture temporal evolution; annotation subjectiv-
havior fiers ity

[7] On-device user profiling from natural ~EdgeWisePersona: synthetic =~ LLM inference Synthetic dataset; limited real-world diversity;
language interactions smart-home conversational on-device constraints restrict model capacity

sessions English

[30] Benchmark LLMs for dynamic user pro-  Multi-domain ~ benchmark  GPT-40, Llama Benchmark scope may not reflect real deploy-
filing and personalized response genera-  (conversational histories) ment; LLM variability; cost
tion English

[5] LLM-based cross-modality retrieval to  Cross-modal recommendation =~ LLM-based retrieval; cross-modal ~ Multimodal complexity; reproducibility de-
improve recommendation performance  benchmarks English feature fusion pends on proprietary LLM access; limited user

behavioral signals

[48] Enhance recommendations through hy-  E-commerce reviews English ~ Hybrid model: sentiment analysis + =~ Sentiment labels may be noisy; domain-
brid sentiment classification and user collaborative filtering + user profil-  specific; limited evaluation across diverse plat-
profiling ing forms

[43] Generate user profiles from political 6M tweets from 3,000 users  GPT-4o; extractive and abstractive = Narrow political domain; Persian-only; high
tweets to capture political intent and (2024 Persian Presidential Elec-  profiling; macro-F1 inference cost; closed-model reproducibility
opinion tion) issues

[45] Explainable temporal user profiling from  Amazon Movies/TV and Video ~ GPT-40-mini; temporal LLM-based  English-only; underperforms baselines; cost
Amazon reviews (preference/interest ~Games (18K reviews) English  profile construction and reproducibility concerns; temporal drift
modeling) not fully addressed

[15] Content-based filtering for moisturizer =~ Moisturizer product dataset Content-based filtering Narrow domain (cosmetics); limited user be-
recommendation based on skin type havioral signals

[18] Learn user profiles from ontology-based =~ Web-based user interaction  Ontology-based user profile learn-  limited to structured domain knowledge; scal-

representations

data

ing

ability concerns

Table 7: Summary of the dataset, platform, languages, size,
and availability (studies with explicitly stated public data
availability).

Author  Platform Language Size  Availability

[3] Twitter English 5.1K  GitHub

[27] Twitter English, Spanish, Por- 15K Zenodo

tuguese, and Arabic

[52] Twitter Turkish 30K GitHub

[6] myPersonality English 99K  Kaggle

[25] Reddit English 9K Kaggle

[24] Reddit English 10K Kaggle

[12] Reddit English 850K  GitHub

[26] News platforms Arabic 8K GitHub

[45] Amazon English 18K GitHub

[22] tweets English 17K Kaggle

[36] tweets English 16K GitHub

[44] Blogs and social ~ Spanish 84K  PAN
media

[46] Twitter Punjabi 19K  GitHub

[11] NIKL Korean 27K KLI

[35] Twitter Indonesian 240K  GitHub

[1] Google Places Re-  English 33+M  cseweb
view

[37] PersonalityCafe English 8.6K  Kaggle
forum

[8] Twitter English 8.6K  Kaggle and

myPerson-
ality

[17] Facebook English 12K myPersonality

[7] Smart-home NLI English 10K huggingface

[30] Multi-domain con-  English 10K GitHub
versational

[5] MovieLens English 100K MovieLens

BiLSTM [17, 26, 35, 37], while four others turned to transformer-
based models, primarily BERT, to capture richer semantic repre-
sentations [1, 46, 49, 52]. At the more recent end of the landscape,
six studies adopted LLM-based approaches [5, 7, 11, 30, 43, 45], and
six combined multiple methods or data sources in hybrid or mul-
timodal designs [3, 10, 15, 18, 19, 31]. For these aggregate counts,
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each study was assigned to its predominant methodological family,
although some studies evaluate methods from multiple families.

4.5 Evaluation Metrics and Reported
Performance

The studies report heterogeneous evaluation metrics, including
accuracy, F1-score, macro-F1, AUC, Pearson correlation, mean ab-
solute error, distortion score, and silhouette score. For example,
gender identification studies report accuracy values around 0.84—
0.92 in specific datasets [26, 27, 46]; personality prediction studies
report accuracy values that vary widely depending on the dataset
and personality framework [6, 8, 22, 25, 37]; socioeconomic predic-
tion uses accuracy for occupational class and correlation or error
metrics for income [3]; and clustering-based behavioral profiling
reports distortion and silhouette scores [31]. LLM-based political
profiling reports macro-F1 [43].

Because tasks, datasets, labels, and class distributions differ sub-
stantially, reported values should not be compared as if they came
from a single benchmark. Results are often affected by class imbal-
ance, dataset size, platform specificity, label quality, and whether
the task is binary, multiclass, regression-based, or clustering-based.

4.6 Limitations and Challenges

The reviewed literature reveals several recurring limitations. First,
many studies rely on narrow, platform-specific datasets from Twit-
ter, Reddit, Facebook, or single-language corpora, which limits gen-
eralizability to multilingual and cross-cultural settings [2, 24, 34].
Second, several models depend on surface-level textual features
such as BoW and TF-IDF [8], while systematic comparisons with
contextualized models and LLMs remain limited. Third, demo-
graphic profiling research focuses heavily on age and gender, while
attributes such as race, ethnicity, occupation, income, education,
unemployment, and partisan affiliation remain less cohesive as a
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research agenda [12, 40, 49, 52]. Fourth, multimodal profiling shows
promise [21], but integration costs and evaluation complexity re-
main barriers. Fifth, class imbalance, data sparsity, and cold-start
scenarios degrade performance, especially for minority groups and
underrepresented personality types [24, 25, 37]. Finally, ethical con-
cerns regarding privacy, informed consent, transparency, and fair-
ness are frequently acknowledged but less often addressed through
concrete technical or procedural mechanisms [16, 34, 41].

5 SYNTHESIS OF FINDINGS

Figure 3 summarizes the field based on the findings of the systematic
review. This section discusses the findings of the review and their
implications for user profiling from textual data. The section first
examines emerging trends in the literature, identifies research gaps
and future directions, and discusses their relevance to Web and
Multimedia Systems. Finally, it outlines potential threats to validity
associated with the review process and its findings.

Main Trends. The reviewed studies suggest a shift from hand-
crafted textual features and classical machine learning toward em-
beddings, transformer-based models, multimodal fusion, and LLM-
based profiling. Word embeddings and graph embeddings have
improved over purely surface-level representations in some tasks
[2, 3], while multimodal work suggests that combining textual and
behavioral data can enrich user representations [21]. More recent
work explores LLMs for user profile extraction, temporal profiling,
and natural-language profile generation [42, 43, 45].

Research Gaps. Several gaps emerge from the selected literature.
There is still a lack of diverse and representative datasets, particu-
larly for multilingual and cross-cultural user profiling. Non-English
studies exist for Arabic, Turkish, Persian, Korean, and Punjabi con-
texts [26, 43, 46, 52], but these efforts remain fragmented. Sensitive
attributes such as race, ethnicity, income, education, and unem-
ployment are less studied than age and gender, and when they are
studied, they often rely on specific populations, noisy labels, or
proxy variables [3, 40, 49]. There is also limited standardization
of metrics and benchmarks, making it difficult to compare results
across studies.

Most of the research gaps identified in this review reflect re-
curring patterns in the literature, including a strong reliance on
English-language datasets, a predominant focus on age, gender, and
personality traits, and the limited attention given to attributes such
as education level and unemployment. Many studies faced recurring
practical limitations, including small, platform-specific, or demo-
graphically skewed datasets, which restrict the generalizability of
their findings.

Implications for Web and Multimedia Systems. For Web and
multimedia systems, user profiling from text can support person-
alization, recommendation, adaptive interfaces, moderation, and
accessibility. However, WebMedia systems increasingly combine
multiple modalities and interaction signals, so future work may
also investigate how textual profiles interact with visual content,
user interactions, temporal dynamics, and social context. This is
especially relevant for social platforms, recommender systems, and
user-centered multimedia applications.

Ethical Considerations. Ethical concerns are central to user profil-
ing because inferred attributes may include sensitive demographic,
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socioeconomic, psychological, political, or behavioral information.
Studies predicting race, ethnicity, income, political affiliation, per-
sonality, or health-related behavior require particular caution. Fu-
ture work should incorporate informed consent, privacy-preserving
methods, fairness evaluation, transparent reporting, and explain-
able Al techniques. The review should avoid presenting sensitive-
attribute prediction as a purely technical task, since such predictions
can reinforce discrimination or enable manipulative personaliza-
tion. However, the majority of the reviewed studies do not address
ethical considerations in their research. This omission may lead to
discriminatory outcomes and facilitate manipulative personaliza-
tion practices. Based on the ethical coding performed during data
extraction, Table 8 summarizes the main ethical issues identified in
the reviewed studies, how they were typically addressed, and the
remaining gaps.

Threats to Validity. Different factors may affect the validity of
this review, including limitations in search coverage, selection bias,
terminology variation, publication bias, and coding subjectivity.
User profiling studies use diverse terminology, including user mod-
eling, author profiling, demographic prediction, trait inference, and
user representation, which may cause relevant studies to be missed.
Although Google Scholar was used only as a complementary source,
its search results and ranking may vary over time, which can affect
reproducibility. To mitigate this limitation, we reported the search
queries, search period, databases consulted, eligibility criteria, and
study selection workflow. In addition, performance values were
extracted from heterogeneous studies with different datasets and
metrics, limiting direct comparability.

The search for relevant studies was conducted between January
and June 2026. The retrieved studies were screened according to
predefined quality assessment criteria, including Impact Factor and
QUALIS classifications. To reduce selection bias, three authors inde-
pendently reviewed the studies and evaluated their relevance to the
objectives of this review. Any disagreements between the review-
ers, regarding study selection or quality assessment, were resolved
through discussion and consensus. Nevertheless, the inclusion and
exclusion criteria involve some degree of subjective judgment, and
relevant studies may have been inadvertently excluded during the
title, abstract, or full-text screening stages.

6 CONCLUSION

This systematic literature review examined research on user pro-
filing from textual data from multiple perspectives, including the
user attributes investigated in the literature, the textual sources and
datasets employed, the computational methods adopted, and the
evaluation strategies used to assess profiling models. The reviewed
studies show that textual data has been used to infer a broad range
of user attributes, including demographic characteristics, person-
ality traits, preferences, behaviors, intentions, and socioeconomic
indicators.

The reviewed studies address three broad profiling targets: de-
mographic attributes, mainly age and gender across 15 studies,
personality traits using Big Five or MBTI frameworks across 12
studies, and behavioral or intent attributes across 9 studies. Be-
cause some studies address more than one profiling target, category
counts are not mutually exclusive. Education and unemployment
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Figure 3: User profiling overview.
Table 8: Ethical issues identified in the reviewed studies.
Ethical issue # Studies Typical treatment Main gap

Privacy and consent 8 studies: [1, 11, 12, 19,

24, 26, 40, 49] processing user-generated content.
Bias and fairness 8 studies: [1, 11, 12,19, Sometimes discussed in relation to class imbalance, de-
24, 26, 40, 49] mographic skew, or platform-specific samples.
Sensitive attributes 7 studies: [1, 12,19, 24,  Often modeled as prediction targets, especially for de-
26, 40, 49] mographic, socioeconomic, political, or psychological

profiling.
Reproducibility 6 studies: [1, 12, 19, 24,

40, 49] studies.

Usually acknowledged as a concern when collecting or

Dataset and code availability vary substantially across

Rarely operationalized through privacy-preserving methods,
consent procedures, or data minimization strategies.

Few studies report fairness metrics, subgroup performance, or
bias mitigation strategies.

Limited discussion of potential harms, misuse, discrimination,
or downstream effects on users.

Weak reporting of preprocessing steps, hyperparameters,
dataset access, and experimental protocols.

appeared in none of them, which is a notable gap. Twitter was the
most common data source, followed by Reddit and Amazon, with
additional corpora in Russian, Arabic, Turkish, Persian, Korean,
Indonesian and Punjabi. Most of the studies used English data, and
non-English efforts remain scattered with no shared benchmarks.

The literature has progressed from traditional feature engineer-
ing and classical machine learning toward embeddings, transformer-
based models, multimodal approaches, and LLM-based user profil-
ing. Methodologically, most of the studies used classical machine
learning, some have applied deep learning and BERT-based models,
while a few have adopted LLMs and hybrid or multimodal designs,
reflecting a clear shift from handcrafted features toward contex-
tualized and generative approaches. The analysis also revealed a
growing interest in explainable AI techniques, reflecting an increas-
ing demand for transparency and interpretability in user profiling
systems. Evaluation metrics varied widely across studies, including
accuracy, F1-score, AUC, and Pearson correlation.

However, important limitations remain, including dataset bias,
class imbalance, lack of multilingual and cross-cultural datasets,
limited reproducibility, inconsistent evaluation protocols, and in-
sufficient treatment of ethical risks. The findings further highlight
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the need for approaches capable of generalizing across domains,
languages, platforms, and user populations.

Overall, this review consolidates the current body of knowl-
edge on user profiling from textual data, identifies key research
gaps, and outlines promising directions for future research toward
more reliable, interpretable, and ethically responsible profiling sys-
tems. Specifically, further work should prioritize multilingual and
cross-cultural datasets, standardized evaluation benchmarks, trans-
parent reporting, privacy-preserving methods, explainable Al, and
careful treatment of sensitive attributes. Integrating textual, visual,
behavioral, and network-based data may provide richer user repre-
sentations, but such integration must be guided by responsible data
practices and clear user protections. Given the increasing relevance
of user profiling for Web and Multimedia Systems, advances in these
areas have the potential to enhance personalization, recommen-
dation, user modeling, content adaptation, and human-computer
interaction.
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