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Summary

Social anxiety disorder (SAD) is a common mental health condition associated with substantial
impairments in functioning, yet it often goes undetected in practice. Its identification has traditionally
relied on clinical interviews and self-report measures, which are time-consuming and subject to
limitations such as recall bias, limited insight and social desirability. Against this background, this
master’s thesis examines the role that artificial intelligence (Al) may play in identifying individuals with

SAD or clinically relevant symptoms of social anxiety.

This master’s thesis takes the form of a scoping review and maps the peer-reviewed empirical
literature on the use of Al approaches to identify social anxiety. The central questions are which types of
Al are used to detect or classify social anxiety on the basis of psychological and behavioral data, which
data types are used as input for these models and how well these Al models perform. In addition, the
review examines how these studies were designed, in which populations and contexts these approaches
were investigated, and which ethical and practical considerations emerge from the literature. The review
follows Joanna Briggs Institute guidelines and was reported in accordance with PRISMA-ScR. The
following databases were searched: APA PsycINFO, Embase, Scopus, PubMed/MEDLINE, Web of Science
and Google Scholar. Study selection was conducted in Rayyan. After deduplication, 203 studies
underwent title and abstract screening, of which 46 proceeded to full-text screening. In total, 17 studies
were included. Data were collected using a standardized extraction form and subsequently summarized

in tables and narrative syntheses.

This review shows that Al has potential as a supportive tool for identifying social anxiety, but
that the current evidence base remains early-stage and heterogeneous. The included studies used both
classical machine learning methods and deep learning methods. Questionnaire data were the most
commonly used input for the models, although some models also relied on more complex data input
such as digital traces, interview language and eye-tracking data, thereby enabling them to capture
behavioral and linguistic patterns that are less directly visible in traditional questionnaires or interviews.
At the same time, many studies were still proof-of-concept in nature, used varying definitions of SAD and
relied primarily on internal validation. Further progress requires external validation, more transparent
reporting, more diverse datasets, careful attention to privacy, bias and margins of error, as well as

sufficient Al literacy among clinicians to interpret and use Al output responsibly.
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Abstract

Background: Social anxiety disorder (SAD) is often under-recognized despite its substantial impact on a
person’s functioning. As traditional identification relies mainly on interviews and self-report
questionnaires, artificial intelligence (Al) may offer added value by detecting patterns in diverse data
sources that could support earlier identification and help target limited clinical resources more

effectively.

Objective: The objective of this scoping review is to map and synthesize literature on Al approaches used

to identify SAD or clinically significant social anxiety symptoms using binary screening outcomes.

Methods: This scoping review was preregistered on the Open Science Framework (OSF) and conducted
following Joanna Briggs Institute guidance, with reporting aligned to PRISMA-ScR. On 23 September
2025, searches were run in APA PsycINFO (EBSCO), Embase, Scopus, PubMed/MEDLINE, Web of Science
Core Collection, and Google Scholar. Records were screened in Rayyan. Data were charted using a

piloted extraction form and summarized with tables and narrative synthesis.

Results: Seventeen studies were included. Overall, Al approaches showed promising but still preliminary
performance for identifying SAD, with best-reported performance of the Al model in correctly identifying
SAD ranging from modest results in small eye-tracking datasets to high internal metrics in some
guestionnaire-based and language-based approaches. Questionnaire-derived data were the most
common input modality, although studies also used scenario-elicited self-report ratings based on
simulated social situations, digital traces, interview language, eye-tracking scan paths, virtual-reality
anxiety trajectories, and multimodal microblogs. Many studies were proof-of-concept, sample sizes
varied widely, SAD was operationalized in different ways, and validation was predominantly internal,
usually through hold-out splits or k-fold cross-validation. Reported ethical and practical concerns
included privacy, bias, classification errors, and limited attention to how Al models could be

implemented in practice.

Conclusions: Al-based approaches showed clear potential for identifying SAD, but the evidence base
remains early-stage and too heterogeneous to support strong conclusions about reliability or added

value over existing approaches.

Keywords: Social Anxiety; Artificial Intelligence; Machine Learning; Detection; Screening



Introduction

Social anxiety disorder (SAD), also referred to as social phobia, involves fear of scrutiny by other
people, leading to avoidance of social interactions or situations where a person could be observed or
evaluated by others (e.g., meeting new people, eating or drinking in public, or performing in front of
others) (American Psychiatric Association, 2013). The main concern for people with SAD is being judged
negatively, such as being embarrassed, feeling rejected, or offending others (American Psychiatric

Association, 2013).

SAD is a common condition worldwide and typically begins early in life. Data from the World
Mental Health Survey Initiative (28 countries; 142,405 respondents) shows a SAD prevalence of 1.3%
over 30 days, 2.4% over 12 months, and a 4.0% lifetime prevalence (Stein et al., 2017). For comparison,
United States diagnostic interview data, summarized by the National Institute of Mental Health, report a
7.1% past-year prevalence and a 12.1% lifetime prevalence among adults. SAD is the most common
anxiety disorder and tends to emerge early in life: by age 11, about 50% of affected individuals have
developed the disorder, and by age 20, this rises to about 80% (Stein & Stein, 2008). This early age of
onset underscores the importance of timely identification and intervention. Consistent with this, a meta-
analysis estimated global prevalences at 4.7% in children, 8.3% in adolescents, and 17% in youth (Salari

et al., 2024).

The disorder is associated with clinically meaningful impairment, including role impairment and
adverse effects on education, work functioning, and relationships (Stein et al., 2017). It is also frequently
comorbid with other mental health disorders (e.g., depression), which can amplify the overall burden
(Stein et al., 2017). Despite its impact, SAD is often under-recognized and undertreated, with substantial
delays between disorder onset and the first treatment contact (Wang et al., 2005). In a clinical sample of
patients with generalized SAD, the mean time from onset to first treatment contact was 15 years, and
the median time was 14 years (Ertekin et al., 2015). One important factor in this treatment delay is that
SAD is frequently missed in routine care. In a large primary-care cohort of adults meeting DSM-IV criteria
(Diagnostic and Statistical Manual of Mental Disorders) for SAD (n=289), only 23.6% reported that a
healthcare professional had found out and informed them about their SAD (Chapdelaine et al., 2018).
More broadly, a meta-analysis of 24 studies found that general practitioners’ sensitivity for identifying
anxiety disorders was 44.5% overall and only 30.5% when diagnoses were unassisted by diagnostic
instruments (Olariu et al., 2015). This highlights the under-detection of SAD in primary care settings,

where most patients first seek help.
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Traditional assessment of SAD is typically based on a clinical interview conducted by a trained

clinician to determine whether a person meets the diagnostic criteria. The clinician evaluates core
features such as fear, avoidance, distress, and functional impairment (American Psychiatric Association,
2013). To ensure standardized diagnostic decision-making, the Structured Clinical Interview for DSM-5
(SCID; Osério et al., 2019) and the Anxiety Disorders Interview Schedule (ADIS) (Brown et al., 2001) are
often used to establish SAD diagnoses and assess comorbidity. Besides interviews, clinicians and
researchers use self-report or clinician-rated questionnaires to quantify symptom severity and monitor
change over time, including the Liebowitz Social Anxiety Scale (LSAS; Heimberg et al., 1999), the Social
Interaction Anxiety Scale (SIAS; Mattick & Clarke, 1998), and the Social Phobia Inventory (SPIN; Connor et
al., 2000).

Although clinical interviews and questionnaires remain foundational to assessment, they are associated
with important practical and methodological limitations, such as access to trained clinicians and the time
demands of administering and interpreting assessments (World Health Organization, 2025). This may
constrain their scalability in routine care settings. In addition, both interviews and questionnaires are
limited by measurement challenges associated with retrospective self-report, including recall bias and

social desirability (Van den Bergh & Walentynowicz, 2016; Tourangeau & Yan, 2007).

Artificial Intelligence (Al) may offer a complementary approach to the limitations of interviews
and questionnaires. Al refers to machine-based systems that learn from inputs they receive on how to
generate output such as predictions, recommendations, content, or decisions that can influence physical
or virtual environments (Organisation for Economic Co-Operation and Development, 2024). Al is the
umbrella term for systems that perform tasks that normally require human intelligence, and machine
learning is a subset of Al systems that specifically learn patterns from data and subsequently make
accurate inferences about new data (Sarker, 2021). In mental health and specifically for SAD, Al has the
potential to support earlier identification by detecting patterns in heterogeneous data such as
questionnaires, speech or text, and behavioral digital traces such as smartphone interaction patterns,
messaging metadata, or social-media activity. Unlike traditional assessment, which often relies primarily
on clinician-administered interviews and retrospective symptom reports, Al approaches can additionally
draw on repeated or passively collected data collected outside the clinic, such as smartphone interaction
patterns, messaging data or social media activity. Al approaches may therefore complement traditional
assessment by flagging individuals who warrant clinical follow-up. If properly validated, Al tools may
improve the reach and timeliness of interventions in settings strained by limited specialist capacity.

However, they should be treated as decision support rather than a replacement for diagnosis and should
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be governed carefully to manage risks such as privacy harms, bias, and lack of reliability in real-world

deployment (National Institute of Standards and Technology, 2023).

Al terminology and its complexity may be difficult to navigate for psychologists and other
readers without a technical Al background. Therefore, Table 1 (at the end of this paragraph) provides a
simplified and structured overview of Al concepts and approaches relevant to this review. Rather than
offering a fully exhaustive technical classification, the table is intended as a general orientation tool to
facilitate understanding of approaches discussed in the following sections and to support interpretation
of the results.

Al methods relevant to this review can be clustered in two broad categories: classical machine-learning
methods and deep-learning methods. Classical machine-learning methods typically learn from
predefined or engineered features, rather than learning complex internal representations directly from
raw input (Faouzi & Colliot, 2023). Within this broad family, linear models learn weighted relationships
between input variables and the outcome, nearest-neighbor methods classify based on similarity to
nearby cases, support vector machines aim to separate groups by finding the boundary that best
distinguishes cases from non-cases, tree-based methods classify cases by splitting the data using if-then
decision rules, and probabilistic methods estimate the likelihood that a case belongs to a particular class
(Faouzi & Colliot, 2023; Khan et al., 2024; Mahajan et al., 2024). Hybrid neuro-fuzzy methods combine
neural-network learning from data with fuzzy if-then rules, allowing the model to learn from examples
while handling categories more gradually than hard cutoff-based approaches (Babuska & Verbruggen,
2003; Shihabudheen & Pillai, 2018).

Deep learning is a subset of machine learning based on neural networks with multiple processing layers
that can learn more complex patterns directly from data (LeCun et al., 2015). Neural network learning, in
plain language, means that the model looks at examples, makes a guess, compares the guess to the
correct answer, and adjusts itself using backpropagation (LeCun et al., 2015). Backpropagation is the
procedure by which the model works backward through the network to calculate how its weights should
be changed in order to reduce prediction error (LeCun et al., 2015). Different deep-learning methods are
suited to different input types: convolutional neural networks are used for image-like data and time-
series signals, transformer-based models are widely used for text and language tasks, and graph neural
networks are designed for graph-structured data in which relationships between connected nodes are
central (LeCun et al., 2015; Raffel et al., 2020; Zhou et al., 2020). Bayesian neural networks additionally
estimate predictive uncertainty rather than producing only a single point prediction (Goan & Fookes,

2020). This dichotomy between classical machine learning and deep learning represents only one of
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several possible ways to categorize Al methods. In general, classical machine learning approaches are

often well suited for structured datasets with relatively limited feature spaces, whereas deep learning

methods tend to excel in analysing larger, more complex, and unstructured data sources, albeit often

with increased computational demands and reduced transparency (Rajkomar et al., 2019). A further

consideration is that the distinction does not exhaust the ways Al models can be organized. Ensemble

methods can for example combine multiple models which can rely on classical machine learning as well

as deep learning to improve predictive performance beyond what any single model achieves alone.

Irrespective of which models are being used, interpretability remains a significant challenge. This has led

to growing interest in explainable artificial intelligence (XAl), which encompasses methods designed to

make model behaviour and outputs more understandable to human users, thereby enhancing

comprehension, transparency, and trust (Ali et al., 2023).

Table 1

Overview of Key Al Terms Used in This Review

Artificial

machine-based systems that learn from inputs they receive on how to generate outputs such as

Intelligence (Al)

Classical machine
learning

Nearest neighbor
methods

Linear model

Support vector
machines

Probabilistic/
distribution-based
methods

predictions, recommendations, content, or decisions

refers to traditional machine-learning methods that typically learn from predefined or engineered
features, often in structured data, rather than learning multilayer representations through deep
neural networks

This model classifies a new data point by looking at the most similar data points in the dataset (its
‘neighbor’) and copying their label.

Example: if a new participant’s symptom profile looks most similar to earlier participants with SAD,
the model predicts SAD.

This model learns how much each input variable matters and combines them into a straight-line
(linear) relationship to make predictions.

Example: fear of embarrassment might receive a strong positive weight, while another variable
receives a smaller weight, and together they determine the predicted risk of SAD.

This model uses input features to establish a decision boundary that best distinguishes between
groups by maximizing the margin between them.

Example: if questionnaire responses show that people with SAD usually score higher on fear and
avoidance, the model can use these features to establish a decision boundary that helps discriminate
between individuals with and without SAD.

This model calculates the probability that a data point belongs to each class, based on assumptions
about how data is distributed.



Tree-based
methods

Hybrid neuro-fuzzy
methods

Deep learning

Graph neural
networks model

Convolutional
Neural Networks
model

Bayesian Neural
Networks model

Transformer-based
models
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Example: instead of only saying “SAD” or “no SAD,” the model may estimate that a participant has,
for example, a 75% probability of belonging to the SAD group.

This model splits the data into branches using if-then rules
Example: if avoidance is high, go left; if fear of embarrassment is also high, go left again; then predict
SAD.

This model combines neural-network learning with fuzzy inference / rule-based reasoning to model
complex nonlinear relationships.

Example: Suppose a person reports very high fear of embarrassment, moderate avoidance, and some
physical anxiety symptoms. Instead of relying only on a hard cutoff, the model treats these as gradual
categories, such as “high fear” and “moderate avoidance,” applies fuzzy if-then rules to combine
them, and learns from data how strongly that overall pattern predicts SAD.

a type of machine learning that is especially useful for complex data such as images, text, audio, or
time-series data, because it learns patterns in multiple layers, from simpler to more complex.

This model learns from relationships between connected nodes in graph-structured data.

Example: in a social network, each person is represented as a node, and the model can use not only
that person’s own behavior, but also the behavior of connected nodes and the pattern of connections
between nodes in the network.

This model learns local patterns from image-like structured data, such as edges, shapes, or signal
features.

Example: a CNN could learn patterns from eye-tracking scanpath images or from a time-series signal
recorded during a VR task.

This model learns patterns from data while also estimating how uncertain it is about its predictions.
Example: instead of only predicting “SAD,” the model may indicate that the prediction is uncertain
because of limited relevant data or excessive noise in the data.

This model learns patterns by analyzing relationships between all elements in the data and capturing
overall context, often used for natural language processing tasks.

Example: a transformer can analyze an interview transcript and detect language patterns associated
with social anxiety.

Because Al performance depends strongly on how models are evaluated, a brief clarification of

common validation and performance terms is useful. Given that many studies in this review work with

relatively small or heterogeneous datasets, these approaches appear frequently in the results section

and are therefore worth defining here. Cross-validation is an internal resampling approach in which

model performance is estimated by repeatedly training and testing the model across different subsets of

the same dataset (James et al., 2021). By contrast, a hold-out split, in other words a single train-test split,

evaluates model performance after one division of the data into training and test sets, making the

estimate more dependent on that particular split (James et al., 2021). In k-fold cross-validation, the data

are divided into k roughly equal parts (‘folds’) and the model is trained on k-1 folds and tested on the
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remaining fold, and this process is repeated until each fold has served as the test fold once, after which

performance is typically averaged across runs (James et al., 2021). Leave-one-out cross-validation
(LOOCV) is a special case of k-fold cross-validation in which each fold contains only one observation
(James et al., 2021). Related subject-wise variants, such as leave-one-subject-out evaluation, instead
hold out all data from one participant at a time (Koul et al., 2018). In some studies, cross-validation is
further stratified so that folds retain approximately the same class proportions as the full dataset, and
repeated so that the procedure is run multiple times with different random splits, yielding a more stable
internal estimate of performance (Tholke et al., 2023). Different metrics report different aspects of
performance. Accuracy reflects the overall proportion of correct predictions, whereas sensitivity and
specificity indicate the proportion of respectively actual cases and actual non-cases that are correctly
identified, typically reported either as values between 0 and 1 or as percentages (Hicks et al., 2022).
Precision reflects how many predicted positive cases are truly positive, whereas recall reflects the
proportion of actual positive cases that are correctly identified. F1-score combines precision and recall
into a single score via their harmonic mean, a form of averaging that is more sensitive to large
differences between the two values, whereas area under the curve (AUC) indicates how well a model
distinguishes between cases and non-cases across all possible decision thresholds (Hicks et al., 2022;

Tholke et al., 2023; Corbacioglu & Aksel, 2023).

To understand the potential of Al for identifying SAD, it is necessary to examine which types of
input data and Al approaches are being used, how accurately and reliably Al models can identify SAD,
and in which populations and contexts these approaches have been studied. Therefore, this scoping
review aimed to systematically map and synthesize the peer-reviewed empirical literature on Al
approaches used to identify SAD or clinically significant social anxiety symptoms, operationalized
through binary diagnostic or screening outcomes (SAD vs no SAD or for subclinical social-anxiety
symptoms: screen-positive vs screen-negative based on validated cut-offs). Specifically, the review asked
which types of Al are used to detect or classify social anxiety on the basis of psychological and behavioral
data, which data types are used as input for these models and how well these Al models perform. In
addition, the review examines how these studies were designed, in which populations and contexts
these approaches were investigated, and which ethical and practical considerations emerge from the

literature, and which gaps remain for future research.



Methods

This scoping review was preregistered on the Open Science Framework (OSF) using the

Generalized Systematic Review Registration Form (https://osf.io/by95s/overview). The OSF registration

was updated on 15 December 2025 to refine two eligibility criteria. Both criteria were implemented at
the full-text screening stage, which was conducted independently by two reviewers. The review follows
Joanna Briggs Institute methodology for scoping reviews and is reported in accordance with PRISMA-ScR

(Hadie, 2024; Tricco et al., 2018).

Review questions and eligibility criteria were defined using the Population-Concept-Context
framework recommended for scoping reviews (Hadie, 2024). The population was individuals of all ages,
including participants with and without SAD or subclinical social-anxiety symptoms. The concept was Al-
based detection or classification using binary diagnostic or screening outcomes. The context was any
setting (e.g., clinical, community, laboratory, online) in any country. The primary review questions are:
‘Which types of Al based on psychological and behavioral data are used to detect or classify social
anxiety?’ ‘Which data and psychological/behavioral indicators are used to identify social anxiety?’ and
‘How well do the models perform (e.g., accuracy, sensitivity)?’ The secondary questions are: ‘How are
studies designed, who are the participants, and what data sources are used?’ ‘What ethical risks and
real-world constraints are reported, and how are they handled?’ and ‘What gaps remain in the existing

literature, and what areas should future research address?’

A structured search was conducted on 23 September 2025, across APA PsycINFO (EBSCO),
Embase, Scopus, PubMed/MEDLINE, and Web of Science Core Collection. Google Scholar was used for
supplementary searching, but no grey literature was included.

The master Boolean strategy combined three concept blocks: (1) social anxiety disorder terms, (2)
artificial intelligence terms, and (3) assessment/detection/classification terms. A generic master Boolean
string was: (“social anxiety disorder” OR “social phob*” OR “social anx*” OR “social fear”) AND (“artificial
intelligence” OR “machine learning” OR “deep learning” OR “natural language processing” OR “speech
analysis” OR “computer vision”) AND (assess* OR detect* OR diagnos* OR predict* OR identif* OR
classif*). The string was translated for each database to match its syntax. Full search strings for each

source are provided in Appendix A.

All records identified through the database searches were exported from the databases and

imported into Rayyan for deduplication and screening (Ouzzani et al., 2016). Screening was conducted in
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two stages: title and abstract screening, followed by full-text screening. In each stage, articles were

screened independently by two researchers using Rayyan with decision blinding. Bibliographic fields
were not hidden. Disagreements were resolved through discussion, and if consensus could not be
reached, a third reviewer adjudicated. Reasons for full-text exclusions are reported in the PRISMA flow

diagram (Figure 1).

Included studies were peer-reviewed, published in English, and applied Al methods to detect or
classify social anxiety. Following the OSF protocol update (15 December 2025), the outcome criterion
was refined to require binary diagnostic or screening outcomes (e.g., SAD vs no SAD, or for subclinical
social anxiety symptoms: screen-positive vs screen-negative based on validated cut-offs), ensuring that
all included studies address the same core detection/classification task. Multi-class studies were included
only when results for the social anxiety class were reported separately. Studies were excluded if they (1)
did not include an Al component, (2) focused on general anxiety or other disorders without reporting
separate results for social anxiety, (3) used neuroimaging/brain-scan data (e.g., fMRI, EEG) as model
input or (4) were non-empirical publications (review, opinion articles, editorials or case reports without
original empirical data). Following the OSF protocol update (15 December 2025), one exclusion criterion
was expanded to also exclude studies using only physiological/biomedical measures or only socio-
demographic/socio-economic variables as model inputs, consistent with the focus of this review on

psychological and behavioral Al approaches.

Data were charted using a standardized extraction form, based on JBI guidelines. The charting
form was piloted on five studies and refined. Extracted items include: authors, year of publication,
country of dataset, study characteristics, sample characteristics, SAD definition/measure, data
source/modality, funding, Al approach, validation, and ethical/real-world considerations. Data extraction
was performed by the first author, followed by a brief verification check by a second reviewer to ensure

completeness and accuracy. Findings were summarized using descriptive tables and narrative synthesis.

Results
Search Results

In total, 385 records were imported in Rayyan. Of the 385 records, 182 (47%) were removed as
duplicates, leaving 203 unique records for screening. Two reviewers independently screened the 203

titles and abstracts. Of the 203 titles and abstracts, there was agreement on 171 records (84%) and there
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were 32 conflicts (16%) resolved through assessment by a third reviewer and discussion. A consensus
was reached on all records and 46 records were included. The 46 included records (23% of screened
records) underwent full-text screening, conducted by two reviewers, to determine final eligibility.
Conflicts were again resolved through assessment by a third reviewer and discussion. 17 articles were
included (37% of full texts screened), and 29 articles (63% of full texts screened) were excluded. Figure 1
presents the PRISMA 2020 flow diagram, summarizing the study selection process and reporting the

reasons for exclusion at the full-text screening stage (Page et al., 2021; Haddaway et al., 2022).

Figure 1
PRISMA Flow Diagram of the Study Selection Process

Identification of new studies via databases and registers

Records identified from:
Databases (n = 6):
5 Web of Science (n = 134)
® PubMed (n = 81) Records removed before screening:
o .
= Embase (n = 54) Duplicate records (n = 182)
5 Google Scholar (n = 47)
= Scopus (n = 35)
Psychinfo (n = 34)
Records screened Records excluded
(n = 203) (n =157)
Reports sought for retrieval
(n=486)
2
=
8
g Reports excluded:
Severity-only outcome (n = 10)
No Al-based assessment of SA (n = 8)
Reports assessed for eligibility State anxiety only (n = 6)
(n=486) Not peer-reviewed (n = 2)
Non-empirical study (n = 1)
Vignette study (n = 1)
Only socio-economic model input (n = 1)
= New studies included in review
2 (n=17)
=

Note. Generated using the PRISMA Shiny app (Haddaway et al., 2022)
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Study Characteristics

All retrieved studies were published between 2020 and 2025, despite no restrictions on the
timeframe of the search, with most appearing in 2024 (n = 6/17, 35%) and 2025 (n = 4/17, 24%).

Datasets originated from multiple regions (Table 2).

Sample sizes varied widely. The smallest datasets were from experimental and lab-based studies
(48 < N £63; Chlasta et al., 2024; Tlachac & Ogden, 2024; Ohse et al., 2024; Pardini et al., 2025).
Medium-sized studies included those relying on the aforementioned questionnaire dataset (N =214; N =
151 after cleaning; Fathi et al., 2020; Cesa et al., 2022; Bathula et al., 2024; Chadaga et al., 2024). Other
medium-sized samples relied on clinical or community-based datasets (104 < N < 236; Ahmadi Majd et
al., 2025; Xiong et al., 2021; Demetriou et al., 2020), while Chang and Tseng (2020) reported a Facebook-
based sample of >200 users. Larger datasets included a Massive Multiplayer Online Game (MMOG) user
sample (N = 819; Yokotani et al., 2025) and a multimodal dataset of 1000 microblog posts from a social
media platform (Fan et al., 2025). The largest evidence base came from a large-scale epidemiological
cohort using survey-based baseline risk factors, including sociodemographic, prior mental and physical
health, personality traits, stressful life events, childhood adversity/trauma and family history (N = 32902;

Rosellini et al., 2020). One study did not report its participant sample size (Mezzi et al., 2022).

Studies recruited participants from different populations, including web-recruited self-report
guestionnaire datasets (and secondary analyses of the same dataset) (Fathi et al., 2020; Cesa et al.,
2022; Bathula et al., 2024; Chadaga et al., 2024), university and young adult samples (Li et al., 2024;
Tlachac & Ogden, 2024; Chlasta et al., 2024), and community volunteers recruited outside clinical
services (e.g., via online ads with scale-based pre-screening) (Pardini et al., 2025). Other studies drew on
children and adolescents assessed via parent-report with a clinician-interview reference standard (Xiong
et al., 2021), clinic-based or clinic-referred samples (Demetriou et al., 2020; Mezzi et al., 2022),
interview/transcript-based adult research samples (Ohse et al., 2024), and population-based survey
cohort data (Rosellini et al., 2020). Several studies (n = 4/17, 24%) also sampled from a digital context,
including a web-application user sample (Ahmadi Majd et al., 2025) and digital-platform users such as
social network users (Chang & Tseng, 2020), microblog users (Fan et al., 2025), and multiplayer online
game players (Yokotani et al., 2025). A notable pattern is the repeated use of a questionnaire dataset
originally reported by Fathi and Ahmadi (2020) across four included studies (n = 4/17, 24%) (Fathi et al.,
2020; Bathula et al., 2024; Chadaga et al., 2024; Cesa et al., 2022). The reuse was not confined to a single

author team, although Bathula et al. (2024) and Chadaga et al. (2024) showed partial overlap in



11
authorship. As a result, a substantial part of the current evidence base is concentrated around one single

data source, increasing the risk of overestimating generalizability, and means that several ‘independent’
model results are not independent in terms of underlying participants or data input. This dataset (Fathi &
Ahmadi, 2020) also does not explicitly report the participants’ country of recruitment. The corresponding
author was contacted for clarification, but no response was received. The same uncertainty about the
country of the dataset applied to Chang and Tseng (2020), who collected data via the Facebook
Application Programming Interfaces (APIs). The corresponding author was contacted to verify the

recruitment country, but no response was received.

Social Anxiety Definition and Measurement

Most studies (n = 9/17, 53%) operationalized SAD as screen-positive vs screen-negative using
self-report scales with thresholds, so model performance primarily reflects agreement with an
instrument cut-off rather than an independently established diagnosis (Chlasta et al., 2024; Ohse et al.,
2024; Pardini et al., 2025; Tlachac & Ogden, 2024; Yokotani et al., 2025; Fathi et al., 2020; Bathula et al.,
2024; Cesa et al., 2022; Chadaga et al., 2024). One study (n = 1/17, 6%) used questionnaires to inform
clinician labeling, but did not report instrument names or cut-offs (Chang & Tseng, 2020). A smaller
subset (n = 4/17, 24%) relied on diagnostic interviews, where the outcome most closely reflected
diagnostic status, including the Anxiety Disorders Interview Schedule for DSM-IV, the Alcohol Use
Disorder and Associated Disabilities Interview Schedule-IV, the Mini International Neuropsychiatric
Interview and a clinician interview with the exact instrument not clearly reported (Demetriou et al.,
2020; Rosellini et al., 2020; Xiong et al., 2021; Mezzi et al., 2022). One study (n = 1/17, 6%) used
microblog posts labeled against DSM-5 criteria (Fan et al., 2025). Another study (n = 1/17, 6%) used a
single self-rated social anxiety item scored from 0 (“not having it”) to 3 (“definitely having it”), which was
subsequently dichotomized into non-case (0-1) versus social anxiety (2-3) (Li et al., 2024). Finally, one
study (n = 1/17, 6%) used an extreme-groups definition in which participants were classified as SAD only
if they self-reported a prior clinician diagnosis and endorsed high or very high anxiety, and classified as
controls if they reported no diagnosis and endorsed low or very low anxiety, with moderate levels
excluded and SPIN scores used for post hoc validation (Ahmadi Majd et al., 2025). Overall, this
heterogeneity limits the direct comparability of reported model performance across papers because

algorithms are learning different label constructions and reference standards (Table 2).
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Table 2

General Characteristics of the Included Studies (n = 17).

Study Country Sample (N) SAD definition / measure
of
dataset
Ahmadi Majd et Iran 104 self-reported clinician diagnosis + SPIN for validation
al. (2025)
Bathula et al. Iran* 214 Fathi dataset label; original classification based on SPIN
(2024) 221, with optional LSAS >35 for validation
Cesa et al. (2022) Iran* 214 Fathi dataset label; original classification based on SPIN
221, with optional LSAS 235 for validation
Chadaga et al. Iran* 214 Fathi dataset label; original classification based on SPIN
(2024) >21, with optional LSAS >35 for validation
Chang & Tseng Taiwan* | >200 Clinician labeling after questionnaire (questionnaire name
(2020) + cut-off not reported)
Chlasta et al. Poland 48 LSAS cut-offs (exact cut-off not stated)
(2024)
Demetriou et al. Australia | 236 ADIS/SCID
(2020)
Fan et al. (2025) China 1000 posts DSM-5—aligned researcher labels
Fathi et al. (2020) | Iran* 151 SPIN >21; optional LSAS >35 for validation/triangulation
Li et al. (2024) China 2134 Self-rated social anxiety with binary threshold
Mezzi et al. Tunisia NR MINI module / clinical diagnosis
(2022)
Ohse et al. (2024) | Germany | 51 SPIN cut-off (>25)
Pardini et al. Italy 63 LSAS cut-off (255)
(2025)
Rosellini et al. USA 32,902t AUDADIS-IV (DSM-IV) incident onset
(2020)
Tlachac & Ogden USA 50% Cut-off SIAS (= 36) + DASS-D cutoff (> 5)
(2024)
Xiong et al. (2021) | Australia | 132 Clinician interview (not further specified)
Yokotani et al. Japan 819 users: 144,147 LSAS-J cut-off (>60)
(2025) communication logs and
613,618 social edges

Note. ADIS = Anxiety Disorders Interview Schedule; AUDADIS-IV = Alcohol Use Disorder and Associated Disabilities
Interview Schedule-1V; DASS-D = Depression Anxiety Stress Scales—Depression subscale; LSAS = Liebowitz Social
Anxiety Scale; LSAS-J = Japanese version of the Liebowitz Social Anxiety Scale; MINI = Mini International
Neuropsychiatric Interview; SAD = social anxiety disorder; SCID = Structured Clinical Interview for DSM Disorders.
* Country not explicitly reported; listed as most plausible based on affiliation/platform context.

T Eligible sample for incident-onset analysis.

¥ Participants with complete SIAS/DASS-D were used in the final analysis.
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Input Data Modalities

Input data modalities are clustered into six broad types (Table 3). First, questionnaire-derived
features were the most common modality (n = 7/17, 41%), including repeated secondary analyses of the
same Fathi dataset (Bathula et al., 2024; Cesa et al., 2022; Chadaga et al., 2024; Fathi et al., 2020), other
self-report item batteries (Li et al., 2024), parent-completed diagnostic questionnaires (Xiong et al.,
2021) and large-scale epidemiological survey predictors used for longitudinal risk modeling, including
sociodemographic characteristics, personality traits, pre-existing mental disorders/symptoms, physical
health problems, stressful life events, childhood adversity/trauma and family history (Rosellini et al.,
2020). Second, two studies (n = 2/17, 12%) used scenario-elicited self-report inputs. Ahmadi Majd et al.
(2025) used a web app with 10 multimedia social scenarios, after which participants rated the extent to
which suppression, avoidance and reappraisal matched their likely response on a Likert scale. Pardini et
al. (2025) used continuous anxiety ratings recorded in real time with a joystick during a virtual reality
waiting-room scenario that started empty and progressively filled with virtual avatars. Third, one study
(n=1/17, 6%) used a mixed clinical assessment battery combining objective neuropsychological/social-
cognition task performance with self-report scales (Demetriou et al., 2020). Fourth, a smaller subset
relied on behavioral and digital trace data (n = 4/17, 24%), including Facebook-derived indicators such as
profile characteristics, self-disclosure behaviors (e.g., describing a person’s feelings), language use (i.e.,
features extracted from written post content) and temporal activity patterns (e.g., log-in/log-out timing
and bursts of activity) (Chang & Tseng, 2020), microblog posts containing both written text and
accompanying images (Fan et al., 2025), SMS metadata logs (timestamps and hashed sender/recipient
identifiers) (Tlachac & Ogden, 2024) and online game communication logs plus social-network structure
(Yokotani et al., 2025). Fifth, one study (n = 1/17, 6%) used eye-tracking scanpaths, recorded while
participants viewed slides with emotional facial expressions, as input (Chlasta et al., 2024). Finally, two
studies (n = 2/17, 12%) used clinical language modalities, deriving inputs from interview speech or
transcripts (Mezzi et al., 2022; Ohse et al., 2024). Overall, self-report-based inputs broadly defined,
including questionnaire-based and scenario-elicited self-report data, accounted for the largest share of
studies, while passive digital traces, a mixed clinical assessment battery, eye-tracking data and clinical

language data remain less common.
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Al Methods

Consistent with the simplified overview of Al method families presented in the Introduction
(Table 1), the included studies can be grouped into classical machine learning and deep learning. Most
studies (n = 10/17, 59%) used classical machine learning approaches, typically applied to structured input
features such as questionnaire data or other self-report data (Fathi et al., 2020; Cesa et al., 2022; Bathula
et al., 2024; Chadaga et al., 2024; Li et al., 2024; Ahmadi Majd et al., 2025; Tlachac & Ogden, 2024;
Rosellini et al., 2020; Demetriou et al., 2020; Chang & Tseng, 2020). These studies usually compared
several standard classifiers, such as logistic regression, support vector machines, k-nearest neighbors,
random forests or ensemble approaches and then reported the best-performing model under internal
validation. Within this group, two studies (n = 2/17, 12%) additionally applied explainability methods,
such as SHAP (Shapley additive explanations) and LIME (local interpretable model-agnostic explanations),

to make model outputs easier to interpret (Bathula et al., 2024; Chadaga et al., 2024).

The remaining studies (n = 7/17; 41%) used deep learning approaches, mainly in settings
involving more complex data types. These included convolutional neural networks for eye-tracking scan
paths images and virtual-reality anxiety trajectories (Chlasta et al., 2024; Pardini et al., 2025),
transformer-based models and large language model approaches for interview text or transcripts (Mezzi
et al., 2022; Ohse et al., 2024), multimodal models combining text and images from microblogs (Fan et
al., 2025), a graph neural network for social-network structure derived from game communication data
(Yokotani et al., 2025) and a Bayesian neural network applied to questionnaire-based screening data
(Xiong et al., 2021). A more detailed overview of the individual models used in each study is provided in

Appendix C.

Validation and Performance Reporting

As shown in Table 3 and using the terms introduced in the Introduction, reported model
evaluation approaches were heterogeneous and mostly relied on internal validation. For studies that
trained predictive models, four main validation strategies could be distinguished: single hold-out splits,
k-fold cross-validation, combined hold-out and repeated stratified cross-validation, and leave-one-out
style evaluations. Single hold-out splits were used in six studies (n = 6/17, 35%) (Bathula et al., 2024;
Chadaga et al., 2024; Chlasta et al., 2024; Fan et al., 2025; Mezzi et al., 2022; Yokotani et al., 2025). K-

fold cross-validation was used in seven studies (n = 7/17, 41%) (Cesa et al., 2022; Chang & Tseng, 2020;
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Demetriou et al., 2020; Fathi et al., 2020; Li et al., 2024; Rosellini et al., 2020; Xiong et al., 2021). Notably,

Rosellini et al. (2020) uniquely adopted a prospective cohort prediction framing, using Wave-1 predictors
to predict incident (new-onset) social phobia by Wave 2. However, because model performance was still
estimated via internal validation within the same cohort, it is grouped under k-fold cross-validation,
rather than treated as a separate validation strategy. One study (n = 1/17, 6%) combined a hold-out split
with repeated stratified cross-validation (Ahmadi Majd et al., 2025). Two studies (n = 2/17, 12%) used
leave-one-out style evaluations: Pardini et al. (2025) applied leave-one-subject-out cross-validation to
participant-level VR time-series data, whereas Tlachac and Ogden (2024) used leave-one-out-cross-
validation on participant-level feature vectors derived from text-message metadata. One study (n=1/17,
6%) differed from the other studies because it evaluated a pre-existing language-model scoring
approach, rather than training and validating a study-specific predictive model. In this study, GPT-4, a
Generative Pre-trained Transformer language model was prompted to infer SPIN scores directly from
interviews without fine-tuning, and the outputs were compared with self-reported SPIN scores (Ohse et
al., 2024). This approach is therefore better understood as a direct evaluation of a pre-existing model’s
scoring ability, rather than as a conventional validation strategy based on training and testing a newly

developed model.

Performance reporting used a heterogeneous set of metrics, most commonly accuracy,
sensitivity, specificity, F1-score, and area under the curve (AUC), sometimes alongside a confusion matrix
(Table 3). As outlined in the introduction, these metrics capture different aspects of performance and
should not be interpreted as interchangeable (Hicks et al., 2022). Importantly, ‘model performance’ in
this context primarily reflects how well an algorithm reproduces the study’s chosen outcome definition
(e.g., a questionnaire cut-off or a clinician interview label) under the given validation design. Across the
studies, best-reported performances span a wide range, from modest multi-class accuracies in small
exploratory perceptual datasets (e.g., ~.64 accuracy for 3-class classification including an anxiety class in
eye tracking) (Chlasta et al., 2024) to some studies using structured questionnaire-based data or
language-based scoring approaches reporting accuracies and AUC values in the mid-.80s to upper .90s
(e.g., Bathula et al., 2024; Cesa et al., 2022; Chadaga et al., 2024; Fathi et al., 2020; Xiong et al., 2021).
However, these best-reported metrics are not directly comparable across studies and should be treated
primarily as evidence of feasibility, rather than as a reliable ranking of methods (Tables 2-3). This is
because studies differed in how social anxiety was defined, which input modalities were used, and how
performance was validated and reported. Therefore, it is not possible to directly compare the models or

input modalities across the included studies, nor determine which approach is the most suitable for
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detecting SAD based on the current evidence. The subgroup of studies based on the Fathi and Ahmadi

dataset (2020) may seem to provide a more related basis for comparison. However, the studies differed
in feature selection, treatment of SPIN/LSAS variables, anomaly or outlier handling, validation
procedures and reporting detail, meaning that differences in performance cannot be attributed to Al

models alone (Fathi et al., 2020; Cesa et al., 2022; Bathula et al., 2024; Chadaga et al., 2024).

Ethical and Practical Considerations

Ethical as well as practical considerations were reported in most studies (n = 15/17, 88%), but
the level of detail and specificity varied substantially (Table 3). Several articles explicitly framed Al as a
screening or decision-support aid intended to support earlier identification, rather than as a substitute
for clinical diagnosis (Cesa et al., 2022; Xiong et al., 2021; Rosellini et al., 2020; Tlachac & Ogden, 2024).
One highlighted ethical concern is the consequence of classification errors (Cesa et al., 2022). False
positives may trigger unnecessary follow-up and anxiety, whereas false negatives risk missed detection
and delayed care, implying that threshold choice and error trade-offs matter for real-world deployment.
Another concern is the need for privacy-preserving data handling in continuous monitoring contexts,
because passive screening may involve repeated or ongoing collection of potentially sensitive behavioral
data (Tlachac & Ogden, 2024). The authors therefore emphasize approaches that avoid message content
and instead rely on log metadata, noting that mobile devices prevent log collection without explicit user
permission (Tlachac & Ogden, 2024). Broader translational limitations were also raised, including the
need for external validation on independent samples before deployment (Cesa et al., 2022; Demetriou et
al., 2020). External validation would involve testing a model on an independent dataset from new
participants or settings, rather than only evaluating it within the dataset used to develop the model.
Concerns about generalizability were also raised in relation to homogeneous samples, cultural
differences, and platform-specific data sources (Fan et al., 2025; Ohse et al., 2024). In this context,
cultural or platform-specific bias refers to the possibility that patterns learned from one cultural,
linguistic or online-platform context may not transfer equally well to other populations or digital
environments. Multiple studies proposed plausible deployment settings (e.g., schools, workplaces,
hospitals, organizational monitoring, or college-orientation prevention), but these were often
aspirational and not matched with detailed implementation plans or governance safeguards (Chadaga et

al., 2024; Chlasta et al., 2024; Li et al., 2024; Pardini et al., 2025; Rosellini et al., 2020).
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Key Findings and Methodological Characteristics of the Included Studies (n=17).
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Authors Data source / modality Al/ML approach Performance (best reported model) Ethical/real-world considerations
(Year)
Ahmadi Scenario-elicited self-report Classical ML (linear, tree- K-Nearest Neighbors: Acc .84; Prec Notes online self-report verification
Majd etal. | ratings across multimedia social | based, nearest-neighbor, .80; Rec .81; F1.79; AUC .88. limits because of extreme groups design;
(2025) scenarios and support vector discusses future richer behavioral cues
methods) Validation: 80/20 train-test split; (e.g., robots; gaze/posture/prosody).
repeated 5-fold stratified cross-
validation.

Bathulaet | Questionnaire (data originally Classical ML (tree-based, Random Forest: Acc .84; Prec .86; ML can assist in better diagnosis and
al. (2024) reported by Fathi and Ahmadi linear, nearest-neighbor Rec .86; F1 .86; AUC .95. treatment.

(2020)): demographic, and ensemble methods

emotional, physical symptom combining the former Validation: Internal hold-out 80/20.

variables (LSAS-score included three method types)

as a variable; SPIN-score

excluded as a feature) Attention for XAl
Cesaetal. Questionnaire (data originally Classical ML (tree-based, Support vector machine: Acc .96; Supports (not replaces) diagnosis;
(2022) reported by Fathi and Ahmadi linear, support vector,and | Prec.97; Rec.95; F1.96; AUC .97. stresses harms of false positives and

(2020)): demographic, nearest-neighbor method false negatives; small validation with 5

emotional, physical symptom types) Validation: K-fold cross-validation. psychologists; recommends external

variables (LSAS-score and SPIN- validation and more datasets.

score included as variables)
Chadagaet | Questionnaire (data originally Classical ML (tree-based, Logistic Regression: Acc .88; Prec .89; | Suggests deploymentin schools,
al. (2024) reported by Fathi and Ahmadi linear, and nearest- Rec .89; F1.88; AUC .94. Adaptive workplaces and hospitals.

(2020)): demographic, neighbor and ensemble Boosting: Acc .88; Prec .88; Rec .88;

emotional, physical symptom combining the former F1.88; AUC .92.

variables (LSAS-score included three method types)

as a variable and SPIN-score Validation: 80/20 train-test split.

excluded as a feature) Attention for XAl
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Authors Data source / modality Al/ML approach Performance (best reported model) Ethical/real-world considerations
(Year)
Chang & Social network profile and Classical ML (support One-class Support Vector Machine: Frames online social network data as a
Tseng activity traces such as number vector methods and Acc NR; Prec .66; Rec 1.00; F1 .79; complementary alternative to the
(2020) of interests and emoticon use, ensemble methods AUC NR. conventional approaches in psychology
word-use patterns, signs of combining one-class
one-sided online relationships support vector methods) Validation: 5-fold cross-validation
and bursts of online activity
Chlasta et Eye-tracking scanpath images Deep learning Best 3-class classification model Envisions affordable eye-trackers in VR
al. (2024) derived from gaze recordings (convolutional neural (anxious/control/depressive): Acc for proactive monitoring/support in
during the viewing of slides networks) .64; Prec NR; F1 NR; AUC NR. organizations
with emotional facial
expressions Validation: 80/20 train-test split.
Demetriou | Neuropsychological (objective) Classical ML (tree-based Bayesian Additive Regression Trees Explicitly calls for external validation
etal. and self-report (subjective) and linear methods) (for the SAD vs neurodevelopmental | with an independent large test set of
(2020) measures of social cognition, condition comparison, best reported | completely unseen data to assess the
cognitive and executive model performance): Acc .71; Prec generalizability.
function, as well as self-report .79; Rec .68; F1 NR; AUC .78.
measures of affective states
(depression, anxiety, and Validation: repeated 10-fold cross-
stress) validation.
Fanetal. Microblog combining written Deep learning Weighted fusion model: Acc .83; Prec | Flags cultural bias, ethical issues, and
(2025) text and images (convolutional neural NR; Rec NR; F1.82; AUC .89. cross-platform generalizability as key for
networks and responsible deployment; the
transformer-based Validation: 70/15/15 framework’s resilience to noisy and
models) train/validation/test split. incomplete data makes it suitable for
real-world applications.
Fathietal. | Questionnaire (data originally Classical ML (hybrid Adaptive Neuro-Fuzzy Inference Notes that social class and education
(2020) reported by Fathi and Ahmadi neuro-fuzzy methods) System, cleaned dataset: Acc .99; may affect how attributes are

(2020): 11 attributes used:
DSM-5/I1CD-10 symptom items
and demographics (gender,
family history of anxiety or
depressive disorder)

Prec NR; Rec.97; Spec 1.00; F1 NR;
AUC NR.

Validation: 5-fold cross-validation.

interpreted, potentially producing
anomalous responses; recommends
future decision-support use for severity
assessment.
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Authors Data source / modality Al/ML approach Performance (best reported model) Ethical/real-world considerations
(Year)
Lietal. Questionnaire: Classical ML (linear, Ensemble model: Acc NR; Prec NR; Suggests possible school applicability
(2024) 7 Likert-type items (0-3; e.g., nearest-neighbor, Rec NR; F1 .83; AUC .85. due to low data needs; acknowledges
fear of probabilistic, tree-based, data/sample limitations and missing
embarrassment/negative support vector and Validation: 10-fold cross-validation multidimensional factors.
evaluation, social media— ensemble methods (10 runs).
related anxiety, internet combining the former
addiction, parenting/childhood | three method types)
experience) and 1 binary item
(only-child status, 0/1).
Mezzietal. | Speech-to-text responses from | Deep learning Bidirectional Encoder NR
(2022) a Mini International (transformer-based Representations from Transformers:
Neuropsychiatric Interview models) Acc .94; Prec .95; Rec .99; F1 .97;
(MINI) questions delivered by a AUC .86.
3D avatar, including the social
phobia module Validation: 80/10/10
train/validation/test split.
Ohseetal. | Speech-to-text transcripts from | Deep learning Zero-shot evaluation against self- Calls for validation against expert-rated
(2024) LSAS-based semi-structured (transformer-based reported SPIN cut-off (>25). GPT-4: ground truth; notes homogeneous
interviews on behavior, models) Acc NR; Prec .84; Rec .84; F1 .84; sample and recruitment limits
thoughts, emotions, fear, and AUC .93. generalizability.
avoidance
Pardini et Scenario-elicited continuous Deep learning 1D Convolutional Neural Network, Next step: embed model in VR for real-
al. (2025) joystick-rated anxiety during a (convolutional neural anxious class: Acc .78; Prec .77; Rec time adaptation and personalized

virtual reality waiting-room
scenario that gradually filled
with virtual avatars

networks)

.89; F1.82; AUCNR.

Validation: Leave-one-subject-out
cross-validation (LOSO) across n =63,
with repeated stratified 80/20
train/validation splits within each
LOSO iteration for tuning.

intervention (dynamic stimulus
modulation).
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Authors Data source / modality Al/ML approach Performance (best reported model) Ethical/real-world considerations
(Year)
Roselliniet | Survey predictors, including Classical ML (ensemble Super learner ensemble: Acc NR; Suggests online risk calculators and use
al. (2020) sociodemographic, prior mental | methods combininglinear, | Prec NR; Rec NR; F1 NR; AUC .80. in settings like college orientation for
and physical health, personality | probabilistic, nearest- prevention and referral.
traits, stressful life events, neighbor, support-vector Validation: 10-fold cross-validation
childhood adversity/trauma and tree-based method
and family history types)
Tlachac & SMS metadata such as when Classical ML (probabilistic, | Random forest: Acc NR; Prec NR; Rec | Ethical issues: continuous data
Ogden messages were sent, reply support vector methods .69; Spec .86; F1 NR; AUC NR. collection; recommend privacy
(2024) delays and number of and tree-based ensemble) protections (no content; hashed
sent/received messages, Validation: Leave-one-out cross- numbers); optional use; avoid diagnostic
without message content validation. use; could be deployed pre-appointment
or in patient portals.
Xiongetal. | Questionnaire (Youth Online Deep learning (Bayesian Feature-Ensemble Bayesian Neural Positions model as a screening and
(2021) Diagnostic Assessment neural networks) Network: Acc NR; Prec NR; Rec .76; triage tool; not a standalone diagnostic
completed by parents): 28 Spec .85; F1 NR; AUC .91. replacement.
questions; binary yes/no and
severity/frequency-scale Validation: Internal 5-fold cross-
answers. validation
Yokotaniet | Online game communication Deep learning (graph GraphSAGE graph neural network: F1 | NR
al. (2025) logs and social-network neural networks) .72. Derived from Figure 4B: Acc .63;
features, such as virtual house Prec .66; Rec .79. AUC NR.
visits, friend connections,
avatar profile data and timing Validation: Internal hold-out
patterns of virtual house visits validation (80/10/10
train/validation/test split).

Note. Abbreviations: Acc = accuracy; Prec = precision; Rec = recall; Spec = specificity; F1 = F1-score; AUC = area under the curve; ML = machine learning; XAl =

explainable artificial intelligence; NR = not reported; SPIN = Social Phobia Inventory; LSAS = Liebowitz Social Anxiety Scale; ANFIS = Adaptive Neuro-Fuzzy

Inference System; GPT = Generative Pre-trained Transformer; LOSO = leave-one-subject-out; GraphSAGE = Graph Sample and Aggregate. Performance metrics

are reported as proportions and rounded to two decimal places where applicable. In Bathula et al. (2024), Random Forest performance metrics were reported

inconsistently across the abstract, Table I, and the results text. The values extracted here were taken from the results text and should therefore be interpreted

with caution.
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Discussion
Main Findings

Traditional assessment of social anxiety disorder (SAD) relies heavily on clinician-
administered interviews and retrospective self-report, which is time-intensive, vulnerable to recall
and social-desirability biases, and can contribute to under-detection and long delays before
treatment contact, especially in settings with limited specialist capacity (American Psychiatric
Association, 2013; Tourangeau & Yan, 2007; Van den Bergh & Walentynowicz, 2016; Wang et al.,
2005; Ertekin et al., 2015; World Health Organization, 2025; Chapdelaine et al., 2018; Olariu et al.,
2015). This scoping review mapped empirical Al approaches used to identify SAD or subclinical social
anxiety symptoms across heterogeneous populations, case definitions, input modalities, and
validation strategies. Following a structured search and two-stage screening, 17 peer-reviewed
empirical studies published between 2020 and 2025 were included in this scoping review. Overall,
the evidence base suggests feasibility because all approaches can, to some degree, discriminate
between ‘screen-positive’ and ‘screen-negative’ groups under study-specific conditions. However,
the literature remains early-stage in terms of generalizability, comparability across studies, and

readiness for responsible deployment in real screening or decision-support contexts.

Primary Research Questions: Results and Interpretation
RQ1. Which types of Al based on psychological and behavioral data are used to detect or
classify social anxiety?

Across included studies, two broad types of Al approaches were used. Most papers applied
traditional supervised machine learning to structured or engineered features, typically comparing
several standard classifiers and selecting the best-performing model under internal validation (Fathi
et al., 2020; Cesa et al., 2022; Bathula et al., 2024; Chadaga et al., 2024; Li et al., 2024; Ahmadi Majd
et al., 2025; Rosellini et al., 2020; Tlachac & Ogden, 2024; Demetriou et al., 2020; Chang & Tseng,
2020). A smaller subset used deep learning methods often tailored to more complex inputs such as
eye tracking scan paths, time-series trajectories in virtual reality, interview language, multimodal
social media content (Chlasta et al., 2024; Pardini et al., 2025; Mezzi et al., 2022; Ohse et al., 2024;
Fan et al., 2025; Yokotani et al., 2025) but sometimes also used for questionnaire-based screening
data (Xiong et al., 2021). The predominance of approaches that operate on structured data suggests
that the literature remains largely feasibility-driven: these approaches are common because they are

practical on small datasets and straightforward to benchmark. The added value of Al methods should
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be interpreted cautiously when both inputs and the social anxiety label are questionnaire-based.
However, deep learning approaches are more plausibly value-adding because inputs are less directly

scorable with simple rules.

RQ2. Which data and psychological/behavioral indicators are used to identify social anxiety?

Overall, self-report based inputs broadly defined, including questionnaire-based and scenario
elicited self-report data, accounted for the largest share of studies, with many studies effectively
learning a predictive mapping from symptom profiles (and related correlates) to a binary label
defined by a questionnaire threshold or closely related criteria (Fathi et al., 2020; Cesa et al., 2022;
Bathula et al., 2024; Chadaga et al., 2024; Li et al., 2024; Ahmadi Majd et al., 2025). A notable pattern
was the reuse of a single small questionnaire dataset, originally reported by Fathi and Ahmadi (2020),
across multiple later papers (Fathi et al., 2020; Bathula et al., 2024; Chadaga et al., 2024; Cesa et al.,
2022), which concentrates evidence around one data source and limits generalizability. More
modality-rich approaches, including digital traces, language (interview/transcripts), experimental and
perceptual signals, and VR time-series, appear less frequently but represent the clearest departure
from conventional screening, because they operate on inputs that are difficult to score transparently
using traditional rule-based methods (Chang & Tseng, 2020; Mezzi et al., 2022; Yokotani et al., 2025;
Fan et al., 2025). For that reason, these approaches are arguably the most promising for an added
value of Al approaches alongside traditional assessment, because they can leverage behavioral or

communicative signals that standard interviews and questionnaires do not capture directly.

Taken together, the predominance of questionnaire-based inputs and the more limited use
of richer behavioral, language-based, and digital data modalities suggest that the added value of Al
depends on the modality and clinical purpose. In several studies, SAD identification is framed as
supervised prediction from structured, questionnaire-derived/tabular self-report features with
outcomes defined via scale cut-offs or closely related rules. In these designs, ‘Al’ often functions as
an alternative scoring layer over conventional screening inputs and may have limited incremental
benefit. In other words, when the inputs are already symptom ratings and the ground truth is a
guestionnaire-defined label, high performance may reflect optimized reproduction of that
guestionnaire’s decision boundary rather than improved identification of clinically meaningful SAD in
real practice. This is important because conventional SAD assessment often relies heavily on
retrospective self-report, which can be shaped by recall, limited ecological validity, and the fact that
it captures symptoms only at discrete time points rather than as they unfold in daily life.

Nevertheless, questionnaire-based Al approaches may still add some value if they clearly
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demonstrate added value over established scoring procedures, for example by identifying
interpretable item patterns or combinations that would not be captured through standard manual

scoring.

By contrast, the rationale for Al is stronger when unstructured, passive, high-dimensional,
time-series, or network-based inputs are used, because these are often modalities that cannot be
straightforwardly scored using traditional rules. These include online social network traces, SMS
metadata, MMOG communication graphs, eye-tracking scan paths, VR anxiety trajectories,
multimodal microblog content, and interview-derived language data (Chang & Tseng, 2020; Tlachac
& Ogden, 2024; Yokotani et al., 2025; Chlasta et al., 2024; Pardini et al., 2025; Fan et al., 2025; Mezzi
et al., 2022; Ohse et al., 2024). In such contexts, Al can plausibly extend assessment beyond
traditional assessment based on interviews and questionnaires that rely on retrospective self-report
and toward behavioral and communicative patterns, potentially enabling earlier flagging or

monitoring, provided that governance, consent, and clinical safeguarding are in place.

RQ3. How well do the models perform (e.g., accuracy, sensitivity)?

Overall, reported model performance should be interpreted as promising but study-bound.
Although studies reported moderate to strong within-study results, these estimates are difficult to
compare across papers because studies used different outcome definitions or reference standards
(e.g. a scale cut-off, a clinician interview outcome or an expert labeling) (Fathi et al., 2020; Demetriou
et al., 2020; Fan et al., 2025) and model testing relied on internal evaluation within a single dataset.
Reported model performance therefore often reflects how well a model predicts the study-specific
operationalization of social anxiety disorder, rather than demonstrating that it can generalize across
settings, populations or reference standards. As a result, the current evidence does not allow
conclusions about which Al model or input modality combination performs best for identifying social

a nxiety across contexts.

In addition, the literature reports heterogeneous metrics, which capture different aspects of
performance and should not be treated as interchangeable indicators of clinical utility (Hicks et al.,
2022; Tholke et al., 2023). Therefore, evidence supports feasibility under study-specific conditions,
while claims about reliable screening performance in practice remain premature without stronger
evidence of generalization and decision-relevant interpretation of errors (Cesa et al., 2022; Tlachac &

Ogden, 2024).
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Methodological and Reporting Limitations and Evidence Gaps in the Literature

Despite promising feasibility findings, the current evidence base is constrained by recurring
methodological and reporting limitations. Much of the current evidence remains proof-of-concept
and relies on internal evaluation within single datasets. This means that models were generally
trained and tested on different subsets of the same dataset, rather than being evaluated on an
entirely independent sample from a new population or setting. This limits generalizability,
comparability, and real-world readiness. Additionally, studies use different reference standards to
label ‘social anxiety’, and as a result, comparisons between studies are fragile and should be

interpreted with caution.

This scoping review also shows that the literature is skewed toward structured self-report
input, where the incremental value of ML approaches over simpler scoring approaches is not always
demonstrated (Fathi et al., 2020; Cesa et al., 2022; Bathula et al., 2024; Chadaga et al., 2024; Li et al.,
2024; Ahmadi Majd et al., 2025; Xiong et al., 2021; Rosellini et al., 2020). By contrast, genuinely
ecological or passive modalities remain relatively rare and are often based on small or setting-specific
samples (Chang & Tseng, 2020; Tlachac & Ogden, 2024; Chlasta et al., 2024; Ohse et al., 2024; Pardini
et al., 2025; Fan et al., 2025; Yokotani et al., 2025). At the same time, it was not always clear to what
extent model input was fully independent from the outcome being predicted. For example, in the
dataset reported by Fathi and Ahmadi (2020), the SAD label was derived from SPIN and LSAS
screening results, while several model inputs consisted of closely related SAD symptom indicators,
such as fear of public speaking, fear of being the center of attention and fear of meeting strangers. In
later analyses of the same dataset, SPIN was sometimes removed because of its strong association
with the target, while LSAS or closely related symptom indicators were still retained or considered as
model inputs. This raises a concern that high model performance may partly reflect overlap between
predictors and label construction, rather than fully independent identification of clinically diagnosed

SAD.

A separate but related limitation is that the same Fathi and Ahmadi (2020) dataset was
reused across several studies which further concentrates the evidence base around one underlying
data source (Fathi et al., 2020; Cesa et al., 2022; Bathula et al., 2024; Chadaga et al., 2024). Greater
transparency regarding label construction, predictor-outcome independence and reuse is therefore
essential for evaluating added value, comparability and clinical relevance. More broadly the process
by which models were developed and evaluated was not always reported in sufficient detail,
particularly with regard to data preparation, feature selection and class-imbalance handling. This

limited reporting transparency may contribute to overly optimistic performance estimates. In one
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study, performance metrics were reported inconsistently across different sections of the same

article, further complicating interpretation and comparison across studies (Bathula et al., 2024). In
addition, reporting gaps remained around implementation-relevant issues, such as privacy and the
way these tools could be realistically (operational rather than aspirational) integrated in the clinical

workflows (Tlachac & Ogden, 2024; Chadaga et al., 2024).

A further concern relates to the contextual transparency of the evidence base and
representativeness. Although psychological research has long been criticized for its overreliance on
WEIRD (Western, Educated, Industrialized, Rich and Democratic) populations (Henrich et al., 2010;
Thalmayer et al., 2021), several studies in this review drew on datasets from non-Western settings,
including Iran, China, Japan and Tunisia. In that sense, the included literature partly diverges from a
broader pattern in psychology in which Western perspectives and samples remain disproportionally
influential (Henrich et al., 2010; Thalmayer et al., 2021). However, this should be interpreted
cautiously. Geographical spread alone does not guarantee generalizable evidence. In the present
review, recruitment context was sometimes incompletely reported. As a result, the country of origin

of some datasets could not be verified with certainty.

Strengths and Limitations of the Scoping Review

This scoping review has several strengths. To our knowledge, at the time this review was
initiated (September 2025), no scoping review around this specific subject had yet been conducted,
but literature had started emerging, supporting the need for a focused mapping of this emerging
literature. The review was pre-registered on OSF and followed established scoping-review guidance
(JBI) with reporting aligned to PRISMA-ScR, supporting transparency and reproducibility of the search
and charting process (Tricco et al., 2018; Hadie, 2024). A further strength is the explicit focus on
detection/classification (binary outcomes) after protocol refinement, which improves conceptual

coherence across included studies when synthesizing validation and performance reporting.

Several limitations should be considered when interpreting findings. First, consistent with
scoping-review methodology, no formal critical appraisal/risk-of-bias assessment was conducted.
Therefore, the review maps the landscape of methods and reporting but cannot determine the
quality of evidence or rank approaches as ‘best’ for clinical use. Second, the search was limited to
peer-reviewed studies in English, and no systematic grey-literature search was performed, which
may have excluded relevant preprints, technical reports, or industry evaluations, potentially
important in a fast-moving Al domain. Third, evidence synthesis is constrained because studies

define ‘social anxiety’ differently (e.g., questionnaire cut-offs vs clinician interviews) and evaluate
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models using different validation designs and metrics, which makes results difficult to compare and
prevents meaningful quantitative pooling. Finally, despite efforts to document dataset provenance,
some primary studies provided incomplete reporting about recruitment context or participant

characteristics.

Clinical Implications and Recommendations for Future Research

The findings of this review have several clinical implications, but these should be interpreted
cautiously given the early-stage nature of the evidence. As outlined in the Introduction, SAD is often
under-recognized and traditional assessment depends on trained clinicians, semi-structured
interviews and self-report measures, which can be time-intensive and difficult to scale in settings
with limited specialist capacity or funding. In this context the future of Al may be to support, not
replace, clinician-led diagnosis by flagging individuals who may warrant clinical follow-up. However,
at present, the evidence base is not sufficiently mature to support direct implementation of Al-based
SAD identification tools in routine clinical practice. If adequately validated, Al could contribute to
more efficient and potentially more consistent assessment pathways by helping clinicians identify
which individuals require more comprehensive evaluation. In this way, Al may help limited clinical
resources to be directed more effectively toward assessment, follow-up and more time for
treatment. This could be particularly relevant in primary care, schools or universities, where many
individuals with social anxiety may first present and where access to specialized psychological

assessment can be limited.

The potential added value of Al appears strongest when models use data that are difficult to
interpret with traditional scoring methods, such as language, digital traces, eye tracking or
multimodal behavioral data. Al could complement clinical interviews and questionnaires by
identifying behavioral or communicative patterns that may not be immediately visible in standard
assessment. This possible role is not limited to SAD. Broader reviews of Al in mental health care
suggest that Al is increasingly being studied for diagnosis, monitoring and interventions across
mental health conditions, while also highlighting similar concerns about data quality, generalizability,
transparency, interpretability and ethical implementation (Cruz-Gonzalez et al., 2025). The present
review therefore fits within a wider movement toward Al-supported mental health assessment, but
also shows that SAD-specific evidence is not yet strong enough for routine clinical use. Before such
tools can be responsibly implemented, future research should move from proof-of-concept within

one dataset toward clinically credible, reproducible and deployable evidence.
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Future research should first strengthen case definitions, reference standards and validation
design. As shown in the results section on how social anxiety was defined and measured, studies
used heterogeneous ground truths, including questionnaire cut-offs, clinical interviews, DSM-5-
aligned researchers’ labels and dichotomized self-ratings, which limit comparability and
interpretability across papers. Future studies should therefore compare Al predictions with clinically
meaningful reference standards, ideally clinically diagnosed SAD by a clinician-administered semi-
structured diagnostic interview such as the Structured Clinical Interview for DSM-5 (SCID-5-CV) or the
Anxiety Disorder Interview Schedule (ADIS), rather than merely reproducing study-specific screening
labels. This comparison with clinical judgement is not the same as external validation. External
validation refers to testing a model on an independent sample or setting beyond the development
dataset. However, both are needed for clinical credibility: Al models should be tested in independent
samples, and their predictions should be evaluated against the current clinical reference standard for

diagnosing SAD.

Evaluation should also clarify which type of input or combination of inputs, and modeling
leads to most reliable and clinically useful outcomes. This does not necessarily require broad
comparison of all possible algorithms. Instead, stronger evidence could come from carefully designed
studies that select one clinically plausible modality, such as interview transcript or digital-trace data,
develop a transparent modeling approach, preregister the validation strategy and test whether the
model generalizes across new participants and recruitment contexts. Future work should also
examine whether multimodal approaches provide added value over single-modality models. Al may
be particularly relevant when it can combine multiple sources of information, such as interview
language, clinician-rated information, eye-tracking, digital traces, social-media data and other
naturalistic behavioral data. Such multimodal approaches could help clinicians to identify patterns
across data sources that are difficult to structure or weigh simultaneously. As highlighted in the study
characteristics results, repeated reuse of a single questionnaire dataset across multiple papers
concentrates the evidence and risks overstating generalizability. Future work should therefore
expand to new datasets with clearly reported recruitment contexts and broader demographic and

cultural coverage.

Future work should also improve reporting transparency, reproducibility and ethical
governance. As shown in the results on validation and performance reporting, studies used
heterogeneous metrics and often insufficiently detailed modeling processes. Future studies should
transparently document preprocessing and modeling steps, including feature selection, imbalance
handling, tuning and the treatment of overlapping predictors and outcomes. They should also report

performance using complementary metrics that are interpretable under class imbalances. For
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ecological or passive modalities, the ethical and practical issues summarized in the results section on
ethical and practical considerations should be addressed more systematically, including privacy-
preserving data practices, explicit consent procedures, transparency about what data are collected,
careful consideration of false positives and false negatives, and clear governance around clinical
follow-up after a positive Al-generated flag. These safeguards are especially important when tools
rely on digital traces, language or continuous monitoring, because users may not always realize how

sensitive these data are or what psychological information could be inferred from them.

Finally, responsible implementation will require a human-in-the-loop approach in which
psychologists and other clinicians remain centrally involved in interpreting outputs, weighing error
trade-offs and deciding on appropriate follow-up. This implies that future progress depends not only
on better models, but also on greater Al literacy among clinicians. Explainable Al may support this
process, but it should not be treated as a sufficient solution itself. Rather, its value depends on
whether explanations are understandable, clinically relevant and capable of supporting an
appropriate level of trust among clinicians, rather than either overreliance or undue skepticism

(Rosenbacke et al., 2024).

Conclusion

The scoping review shows that Al approaches have potential to support the identification of
social anxiety disorder, but the current literature is still too limited and heterogeneous to support
routine use in practice. Although several studies reported promising results, these findings were
usually based on internal validation, differing definitions of social anxiety and often questionnaire-
based input, which makes the evidence difficult to compare and limits conclusions about
generalizability and real clinical added value. The most promising direction appears to be the use of
richer data sources, such as language, digital traces, virtual reality, eye-tracking and other
multimodal behavioral data, where Al may offer more than a refined version of conventional
screening. At present, these tools should therefore be viewed as a possible support to clinical
decision-making or screening for SAD, rather than as a substitute for diagnosis. Further progress will
require external validation, clearer reporting, careful attention to privacy and error consequences
and sufficient Al literacy among clinicians to ensure that such tools are interpreted and used

appropriately.
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