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Not revealing psychologically distressing thoughts, symptoms, and
experiences, that is, psychological non-disclosure, contributes to the failure of
detection and treatment in many cases of mental illness. Since diagnostic
methods mostly depend on self-reporting, such states often remain
unrecognized. This article is a literature review and it summarizes the research
on how AI and computational methods can be applied to detect psychological
non-disclosure and secret states. According to PRISMA 2020, literature was
searched using three databases: Scopus, PubMed, and ScienceDirect; only
eligible sources were selected and the Mixed Methods Appraisal Tool was used
for evaluating. After excluding duplicates only 791 records remained with 20
of those (2020-2025) being included. Six methods are mentioned: language and
text analysis; speech and acoustic biomarkers; facial micro-expressions and
physiological signals; large language model conversational systems; predictive

machine learning; and disclosure augmentation. The study shows that
multimodal AI can identify hidden distress, self-injury, and suicidal states
although the knowledge is still not fully developed, validation is not enough,
and safeguards against misuse remain weak. A framework mapping the
different modalities to possible targets was suggested as well the article
highlights the need for more thorough validation, transparent reporting, and
privacy-preserving use of Al.

© 2025 The Authors.

@ @@@ This is an open access article under the CC BY-NC-SA license
BY NC SA

(https://creativecommons.org/licenses/by-nc-sa/4.0

Corresponding Author:

Ifdil Ifdil,
Universitas Negeri Padang, Padang, Indonesia
Email: ifdil@konselor.org

Introduction

Mental health disorders are one of the major global public health issues, and there is still a big gap between the
number of people in need and who actually get help. Chronic shortage of service providers, limited access at
different places of residence, and a pervasive stigma altogether act as limiting factors for early intervention,
and hence lead to the rapid development of self-help and digital methods across the world (Mo et al., 2025;
Knippler et al., 2024; Balcombe & De Leo, 2022). In contrast, help-seeking is often postponed or not done
until quite a large part of the population who suffers from psychological disorders gets no formal assistance at
all. Hence, recognizing why distress isn't revealed and how to detect it early has become the core issues in
mental health research today and in designing care pathways that are both scalable and fair.

The big challenge that is characteristic of today's environment is psychological non-disclosure, a
phenomenon referring to people concealing, minimizing or not even talking to their physicians or the
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clinicians at all, the symptom, the experience or behavior they have. The reason for this concealment is that in
clinical settings and the rest of the time, the client's contribution is what determines the assessment. Therefore,
concealment opens the possibility of major mistakes both in diagnosis and follow-up. The factors that hinder
truthful expression are shame, fear of others' perception, and anticipation of negative repercussions. In some
cases, disorders are also the reason that one does not know the internal state. (Miqdadi et al., 2025; Kosyluk et
al., 2024). So we are always having a discrepancy between what an individual says and his or her real feelings,
and in cases of suicidal thoughts or self-harm such a discrepancy may lead to very serious consequences.

There are quite a few studies that have aimed at supplementing self-report with signs that are not self-
reflective or psychological. For instance, digital platforms for psychological help, conversation agents, and
measurement-based care systems nowadays collect data on behavior and language that could reveal signs of
psychological distress not through the client's self-reporting directly (Aschbacher et al., 2023; Alemu et al.,
2024; Leung et al., 2021). Also, it was shown that when the use of such multimodal digital service has been
directed at help-seekers and, for example, to children and teenagers, they have found that interaction data and
use patterns were able to convey clinical information (Alvarez-Jimenez et al., 2020; Alemu et al., 2023). In a
sense, with the aid of these studies, the problem of recognizing the hidden state becomes a matter of
computing: as a person's hidden thoughts can be reflected in his/her language, voice, facial expressions, or
physique, the machine can detect them, and thus, the limitations of human perception and questionnaires will
be compensated to some extent.

Recent methodological advances have pushed this direction forward quite effectively. NLP, deep learning,
and large language models can nowadays automatically analyze text, speech, and conversation at a broad
scale, whereas ecological momentary and passive-sensing data collection allow a better understanding of the
client's state through observations in the daily life situation (Zainal et al., 2025; Lazaridou et al., 2025; Han et
al., 2024). Talking to computers, such as conversational agents and other automated systems, can not only
help but also collect information through the interaction, or produce reports based on data collected. This can
be very important for the development and application of mental health services, as it helps to cover many
people at a low cost and collect a lot of details on psychological problems (Jiang et al., 2025; Keyan et al.,
2025; Li et al., 2025; Kim et al., 2025). These features make it feasible for us to create mental health models
which identify very minute, subtle, distributed hints that someone might be distressed.

Although it is moving forward, the evidentiary base is quite scattered across various disciplines, disorders,
diagnostic approaches and modalities, and as of yet no one has synthesized how specifically Al is being used
to detect psychological non-disclosure and hidden mental states. There is the problem of a highly fragmented
literature most papers can be roughly categorized as coming either from computer science or a form of
psychology, which is often either psychiatry or counseling. Moreover, different authors use vastly different
metrics or results to present the findings and almost never there is convergence in terms of language of the
underlying concept of concealing one's true self, which is the subject of concealment. It follows that we don't
have any information to determine how certain modalities correspond to which hidden states, how effective
the detection is, and where the field's center of gravity, i.e. main research activity or methodologies, is located.
So, this lack is of a type wherein there is a need for a more comprehensive framework by which various
detection methods can be linked to the phenomena of concealment they aim to uncover.

There is another lack and it is theoretical and methodological in nature. A lot of the work done so far has
focused on the technical aspect, like a high accuracy benchmarked against standard datasets, but has left many
details on the clinical validity, cross-cultural adaptability aspects, and the ethical issues of inferring what
someone has chosen to remain silent about (Fritz et al., 2025; Albikawi et al., 2025) uncovered. On the other
hand Al-aided care can be a double-edged sword since people's mental health and their views significantly
influence their acceptance leading to the trustworthiness, consent, and risk of surveillance aspects being
questioned (Fritz et al., 2025; Savir et al., 2025). Only limited efforts exist to prospectively authenticate
detection methods in real life clinical settings or to deal with privacy issues when implementing algorithms and
hence leaving a chasm between the idealistic view of what the algorithm does versus the responsible use of it.

Bridging these gaps is quite a challenging task but of course the stakes couldn't be higher. Once Al systems
become a part of the routine screening, triage and monitoring processes they have the capacity to reveal
someone's hidden distress without being the person themselves and as a consequence who gets the assistance,
who is referred and who misses out or gets misclassified altogether will be decided at least partly by such
inference mechanisms (Peng et al., 2025; Pisani et al., 2024; Wen et al., 2023). A well-developed overview of
the available evidence and a discussion of its strengths and weaknesses is crucial in helping clinical experts,
software developers and regulators find the way towards valid, ethical deployment only after they fully
appreciate the potential and pitfalls at stake from AI. To that end this review paper presents an analysis of
research papers on Al-based psychological non-disclosure detection and categorizes them based on the method
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of detection and hidden condition targeted in the study, evaluates them for quality and suggests what next
steps, for the field to align with clinical practice and build Al systems one can trust, would be most reasonable.

Method

Research Design and Framework

A systematic literature review (SLR) was adopted to identify, appraise, and synthesize empirical evidence in a
transparent and reproducible manner. The SLR method is appropriate where a body of research is dispersed
and methodologically heterogeneous, enabling rigorous aggregation while limiting reviewer bias (Tranfield et
al., 2003; Liberati et al., 2009). Reporting followed the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) 2020 statement, which specifies standards for search documentation, screening, and
flow reporting (Page et al., 2021; Moher et al., 2009).

Search Strategy

Prior to constructing the search string, the research questions were decomposed using the PICOS framework
(Population, Intervention/Interest, Comparison, Outcome, Study design) to ensure systematic identification of
key concepts (Table 1). Each PICOS element was translated into a cluster of synonyms and combined with
Boolean operators.

Table 1. <PICOS framework guiding the search strategy>

Element Definition in this review

Individuals engaging with counseling or mental health services and communities,

Population (P) across clinical and non-clinical settings and age groups.

Al, machine learning, and computational methods (NLP and text mining,
Intervention/Interest speech/acoustic analysis, facial micro-expression, physiological/EEG signals, large
Q)] language models, predictive ML) used to detect non-disclosed, concealed, latent, or
under-reported psychological states.

Human clinician judgment, standard self-report, or usual care where reported; a

Comparison (C . . .
P © comparator was not required for inclusion.

Detection/prediction performance, identification of concealed or latent states,

Outcome (O) disclosure or help-seeking behavior, and clinical utility.

Empirical peer-reviewed studies (quantitative, qualitative, mixed methods)

Study design (S) | plished 2020-2025 in English.

The Boolean search string combined three concept clusters-concealment, artificial intelligence, and mental
health context-using field codes restricting matches to title, abstract, and keywords (TITLE-ABS-KEY in
Scopus, with equivalent field tags in the other databases):

( "non-disclosure” OR "nondisclosure” OR conceal* OR hidden OR latent OR "under-report*" OR alexithymi*
OR "self-disclosure” OR "help-seeking” ) AND ( "artificial intelligence” OR "machine learning" OR "deep
learning” OR "natural language processing”" OR "large language model*" OR "neural network™" OR NLP OR
chatbot OR "digital phenotyp™" ) AND ( "mental health” OR counsel* OR psychiatr* OR psycholog® OR
depress® OR anxiet™ OR suicid* OR "self-injur*" OR distress )

Truncation (e.g., conceal*) captured morphological variants such as conceal, concealed, and concealment,
while wildcards broadened coverage of spelling variants. Limiters restricted results to peer-reviewed articles,
English language, and the 2020-2025 window to reflect the recent maturation of large language models and
deep-learning methods. The string was piloted and refined iteratively: an initial version yielded excessive
intervention-only records, prompting the addition of concealment-specific terms to sharpen relevance.

Database and Information Sources

Three databases were searched as information sources: Scopus (primary), PubMed, and ScienceDirect,
selected for complementary coverage of multidisciplinary, biomedical, and engineering literature respectively.
The Scopus export served as the authoritative bibliographic evidence base for screening and data extraction;
PubMed and ScienceDirect provided supplementary identification. Searches were executed and de-duplicated
prior to screening.
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Eligibility Criteria

Table 2. <Inclusion and exclusion criteria>

Criterion Inclusion Exclusion
Language English Non-English
Conference  paper, book chapter,

Document type Peer-reviewed journal article editorial, preprint
Publication period  2020-2025 Before 2020
Uses Al/computational methods to detect . . .
. No detection component, or intervention-
Focus non-disclosed, concealed, latent, or

. nly with ion fi
under-reported psychological states only without detection focus

. Counseling or mental health context Unrelated disciplines or non-
Population/context .. . .
(clinical or community) psychological outcomes
Accessibility Full text retrievable Full text not retrievable

Study Selection Process

Selection proceeded in three stages. First, titles and abstracts of de-duplicated records were screened against
the eligibility criteria. Second, full texts of potentially eligible reports were retrieved and assessed in detail.
Third, studies meeting all criteria were retained for synthesis. Records excluded at the full-text stage were
documented with reasons. Discrepancies during screening were resolved through discussion and re-
examination of the source record to reach consensus.

Quality Assessment

Methodological quality was appraised using the Mixed Methods Appraisal Tool (MMAT), version 2018,
which accommodates the heterogeneous designs anticipated in this literature-quantitative descriptive,
quantitative non-randomized, quantitative randomized, qualitative, and mixed methods (Hong et al., 2018).
Each study was first classified by design; the corresponding five-item MMAT checklist was then applied (rated
Yes = 1, Can’t tell/Partial = 0.5, No = 0). Studies scoring > 60% (> 3 of 5 criteria) were regarded as
methodologically adequate. Consistent with MMAT guidance, quality scores were not used as an automatic
exclusion cutoff; lower-confidence studies were retained but weighted accordingly in synthesis. A summary
appears in Table 3.

Table 3. <MMAT quality assessment summary of included studies>

No Author(s), Year Study design Ql Q2 Q3 Q4 Q5 Total Category
1 Magnani et al. (2023) Quant. descriptive Y Y Y CT Y 45 High
2 Singh & Malik (2025) Review (JBI) Y Y CT Y Y 45 High
3  Kim & Lee (2025) Quant. descriptive Y Y Y Y Y 50 High
4  Meier (2025) Mixed methods Y CT' Y CT Y 40 High
5 Zeiler et al. (2025) gizg;ize . non- v Y Y 50 High
Zhang & Zhang (2025) Quant. descriptive Y Y CTY Y 45 High
7  Zhou et al. (2024) Quant. descriptive Y Y Y Y Y 50 High
8  Surber et al. (2024) g‘;‘iﬁ;m g oy y Y CT 45 High
9 Nagaoka et al. (2024) Quant. descriptive Y Y Y Y Y 50 High
10 Ronneberg et al. (2024) Quant. randomized Y Y CTY Y 45 High
11 Reyner-Fuentes et al. (2025) Quant. descriptive Y Y Y CT Y 45 High
12 Taiwo & Al-Bander (2025) Quant. descriptive Y CT Y CT Y 4.0 High
13 Fennig et al. (2025) Quant. descriptive Y Y Y Y Y 50 High
14 Warner et al. (2021) Quant. randomized Y Y Y Y Y 50 High
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No Author(s), Year Study design Q1 Q2 Q3 Q4 Q5 Total Category
15 Feldhege et al. (2021) Quant. descriptive Y Y Y CT Y 45 High
16 Oppenheimer et al. (2021)  Quant. descriptive Y CT Y Y CT 40 High
17 Yangetal. (2021) Mixed methods Y Y CT Y CT 40 High
18 Maes (2022) Review (JBI) Y CT Y CT Y 4.0 High
19 Jungilligens et al. (2020) Silrll?lrcl)trhize g %y Yy Y Y Y 50 High
20 Scholich et al. (2025) Mixed methods Y Y Y CT Y 45 High

Note. Y = Yes (1.0); CT = Can’t tell/Partial (0.5); N = No (0). Total = score out of 5. Category: High > 4.0; Medium 3.0-3.5; Low < 3.0.
Reviews were appraised with the equivalent JBI checklist and mapped onto the five-item scale.

Data Extraction Procedure

A structured extraction form captured, for each study: author(s) and year, country, study design, sample and
data source, detection modality and technology, target hidden/latent state, outcome measures, and key
findings. Extraction was performed directly from the source records to preserve fidelity, and entries were cross-
checked against the original abstracts.

Network and Bibliometric Analysis Methodology

Descriptive bibliometric characterization complemented the thematic synthesis. Included studies were profiled
by publication year (Figure 2), detection modality (Figure 3), and targeted concealed or latent state (Figure 4).
These distributions were derived solely from the extracted study characteristics and are used to describe the
composition of the evidence base rather than to make inferential claims.

Data Analysis and Synthesis

Findings were integrated using thematic synthesis, which supports the aggregation of heterogeneous
quantitative, qualitative, and mixed-methods evidence (Thomas & Harden, 2008). Coding proceeded
inductively from the extracted findings, generating descriptive themes that were then organized into analytical
clusters aligned with the research questions. Themes were reviewed iteratively against the primary studies to
ensure they were grounded in the source evidence.

Reporting and Documentation

The review was conducted and reported in accordance with the PRISMA 2020 checklist and flow
requirements (Page et al., 2021). The complete selection pathway, including counts and exclusion reasons, is
documented in the PRISMA 2020 flow diagram (Figure 1).

Results and Discussions
Study Selection Results

The database searches identified 791 records (Scopus n = 755; PubMed n = 22; ScienceDirect n = 14). After
removing 15 duplicate records, 776 records were screened at the title and abstract level, of which 712 were
excluded as irrelevant to Al-based detection of non-disclosed states. The remaining 64 reports were assessed in
full text, and 44 were excluded for the following reasons: no Al or computational detection method (n = 17);
not targeting non-disclosed, hidden, or latent states (n = 13); intervention-only without a detection focus (n =
9); and full text not retrievable (n = 5). Twenty studies met all eligibility criteria and were included in the
synthesis. The complete selection pathway is depicted in Figure 1.
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A 4
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A4
Reports sought for retrieval Reports not retrieved
(n = 64) (n=5)
A 4
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(n=59)
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Not Al or computational
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Reports of new included studies
(n=20)

!

Total studies included in review
(n=20)

Reports of total included studies
(n =20)

272

Figure 1 <PRISMA 2020 flow diagram of the study selection process (adapted from Page et al., 2021).>

Descriptive Characteristics

The 20 included studies were published between 2020 and 2025, with a marked concentration in 2024-2025
(13 of 20 studies), reflecting the recent acceleration of deep-learning and large language model research (Figure
2). Study designs spanned quantitative descriptive, quantitative non-randomized, randomized, mixed-
methods, and review formats, and all met the MMAT adequacy threshold. Full characteristics of each study
are presented in Table 4, and their thematic and methodological classification in Table 5.
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Figure 2 <Annual distribution of the 20 included studies (2020-2025).>
Table 4. <Summary of included studies>
No  Author(s) Year Country Method / modality Full title Key findings
Linguistic profile automated Establishes an  NLP-based
characterisation in methodology to characterise
. pluripotential clinical high- language markers of clinical
1 Zlagnam € 2023 Ttaly Er%zis{icaig%rﬁited risk mental state (CHARMS) high-risk mental states, enabling
' g P & conditions: methodology of a automated detection of early,
multicentre observational often unrecognised
study psychopathology.
Synthesises = micro-expression
Facial micro- Unveiling hidden emotions: a recognition methods that reveal
) Singh & 2025 India expression review of microexpression genuine  emotions  people
Malik recognition recognition, classification, attempt to mask, and identifies
(review) and datasets gaps in datasets, robustness,
and multimodal integration.
Development and validation The K-SITR tool analyses
Topic modelling + of an automated machine for natural online writing to assess
. South . . - . . . .
3 Kim&Lee 2025 machine learning self-injury assessment via self-injury severity, addressing
Korea )
(text) young  Koreans natural concealment among youth who
writings hide their self-injurious identity.
ChatGPT analysis of
Initial evaluation of an Al- unstructured _ Session  motes
. Large language augmented progress generated chmcally. i
4  Meier 2025 USA .. progress themes, offering a low-
model (ChatGPT) monitoring and outcome
burden route to outcome
assessment _ o
monitoring that clinicians often
omit.
Alexithymia and Emotion Alex1thym1a and facial emotion
. . recognition  changed  over
Emotion- Recognition Over the .
. . recognition Treatment Course jn freatment and 1ndepegdently
5 Zeileretal. 2025 Austria . predicted eating-disorder
assessment Adolescents and Emerging . . )
. . .2 outcome, marking difficulty in
(longitudinal) Adults With Anorexia . i . .
identifying and  disclosing
Nervosa .
emotion.
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No

10

11

12

13

14

Author(s)

Zhang &

Zhang 2025

Zhou etal. 2024

Surber etal. 2024

Nagaoka

€ 2024
al.

Ronneberg 2024
et al.

Reyner-

Fuentes et al. 2025

Taiwo & Al
Bander 2025

Fennig et al. 2025

Warner et al. 2021

Year

Country

China

China

Germany

Japan

USA

Spain

UK

Israel

Canada

Method / modality

EEG-based
prediction model

Regression +
random forest (ML)

Eye-tracking /
attention paradigm

Deep clustering
(deep learning)

Voice-enabled Al
counselor

Speech ML  +
machine unlearning

BERT +
chatbot

GPT

Large language
models
(topic/affect

mining)

Risk-prediction
algorithm (RCT)

Full title

Emotion dysregulation as a
marker in adolescent mental
health  with  EEG-based
prediction model

Prediction of non-suicidal
self-injury in adolescents at
the family level wusing
regression  methods and
machine learning

Deployment of attention to
facial expressions varies as a
function of emotional quality-
but not in alexithymic
individuals

Identify adolescents’ help-
seeking intention on suicide
through self- and caregiver’s
assessments of
psychobehavioral problems:
deep clustering of the Tokyo
TEEN Cohort study

Study of a PST-trained voice-
enabled artificial intelligence
counselor for adults with
emotional distress (SPEAC-
2): Design and methods

Machine  Unlearning for
Speaker-Agnostic  Detection
of Gender-Based Violence
Condition in Speech

Emotion-aware psychological
first aid: Integrating BERT-
based emotional distress
detection with Psychological
First Aid-Generative Pre-
Trained Transformer chatbot
for mental health support

Bridging the conversational
gap in epilepsy: Using large
language models to reveal
insights into patient behavior
and concerns from online
discussions

Self-help behaviors partially
mediate the relationship

Key findings

An EEG-based model
integrated with psychosocial
risk indicators detected
emotional dysregulation,
providing a  physiological
marker of latent adolescent
mental-health risk.

Machine-learning models
predicted  adolescent  non-
suicidal self-injury from family-
level factors, improving
identification of risk not evident
from direct report.

Alexithymic individuals
showed altered spontaneous
attention to emotional faces,
revealing measurable
processing signatures of
impaired emotional awareness.

Deep clustering of self- and
caregiver reports identified
adolescent subgroups differing
in suicidal help-seeking
intention, surfacing concealed
risk profiles.

A voice-based Al coach
(Lumen) delivering problem-
solving therapy targets
emotional distress at scale; a
pilot showed changes in
cognitive-control neuroimaging
markers.

A speaker-agnostic  model
extracts paralinguistic trauma
biomarkers to detect gender-
based-violence condition from
speech,  enabling  privacy-
preserving, non-invasive
screening.

A BERT distress-detection
module coupled to a PFA-GPT
chatbot delivers emotion-aware
first aid, recognising distress
that generic chatbots miss.

LLM analysis of online posts
surfaced concerns, emotional
distress, and suicidal ideation
rarely raised in clinical visits,
revealing an unspoken patient
agenda.

Disclosing  algorithm-derived
personalized depression risk
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No

15

16

17

18

19

20

Author(s) Year
Feldhege e 2021
al.

Oppenheime; 2021
et al.

Yangetal. 2021
Maes 2022
Jungilligens 2020
et al.

Scholich e 2025
al.

Country Method / modality

NLP / linguistic
Germany .
style analysis
LASSO regression
USA (ML) +
neuroimaging
South Machine-learning .
Korea text analysis
(mixed)
Precision-medicine
Thailand ML modelling
(review)
Germany Neuropsychological
assessment battery
USA Large language

model chatbots

Full title

between personalized
depression risk disclosure and
psychological  distress: A
mediation analysis using data
from a randomized controlled
trial

Changes in language style
and topics in an online eating
disorder community at the
beginning of the COVID-19

Pandemic: Observational
Study

Informing the study of
suicidal thoughts and

behaviors in distressed young
adults: The use of a machine
learning approach to identify
neuroimaging,  psychiatric,
behavioral, and demographic
correlates

Factors to improve distress
and fatigue in  Cancer
survivorship; further
understanding through text
analysis of interviews by
machine learning

Precision Nomothetic
Medicine in  Depression
Research: A New Depression
Model, and New
Endophenotype Classes and
Pathway Phenotypes, and A
Digital Self

Impaired emotional and
behavioural awareness and
control in patients with
dissociative seizures

A Comparison of Responses
from Human Therapists and
Large Language Model-Based
Chatbots to Assess
Therapeutic Communication:
Mixed Methods Study

Key findings

influenced distress partly
through self-help behaviours,
showing how risk feedback

shapes disclosure and coping.

shifts in an
eating-disorder
community  tracked  rising
distress during COVID-19,
demonstrating language as a
passive marker of concealed
symptoms.

Linguistic-style
online

Machine learning identified
combinations of neuroimaging,
psychiatric, and behavioural
correlates of suicidal thoughts,
improving detection of
concealed suicidality.

ML text analysis of survivor
interviews extracted under-
reported distress and fatigue
drivers, complementing survey

scores with narrative-derived
needs.
Proposes ML-derived

endophenotype classes and a
“digital self” to model latent
depression subtypes beyond
overt symptom report, guiding
precision detection.

dissociative

impaired
awareness,
interoception, and agency,
objectively indexing under-
recognised affective processing
deficits.

with
showed

Patients
seizures
emotional

Comparing chatbot and
therapist responses exposed
chatbots’ strengths and safety
limitations in recognising and
responding to disclosed and
implied distress.
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|
latent risk
|
conversational systems
|
physiological (EEG)
|
(NLP)
|
disclosure augmentation
|
acoustic biomarkers
|
0 1 2 3 4
Number of included studies
Figure 3. <Distribution of included studies by Al detection modality.>
general distress
(micro-expr., alexithymia, dysreg.)
Conversational-Al-surfaced concerns _ 3
Clinical high-risk / psychosis - 1
Trauma & gender-based violence - 1
: 1 2 3 4 5 6
Number of included studies
Figure 4. <Distribution of included studies by targeted non-disclosed or latent psychological state.>
Table 5. <Study classification by theme, method, and outcome>
No Author(s) Year Country Research design Detection theme Technology QOutcome/target
. L . .. Detection of
1 Magnani et 2023 Ttaly Quaqt. ' Linguistic & text- NLP ' linguistic clinical high-risk
descriptive based (NLP) profiling
state
> Kim&Lee 205 South  Quant Linguistic & text- LDA + ML (K- SS:‘II;?J“W fom
Korea descriptive based (NLP) SITR) erity
writing
Feldhege et Quant. Linguistic & text- Linguistic-style Eating-disorder
2021 rman . . .
3 021 Germany descriptive based (NLP) analysis distress markers
South . Linguistic & text- . Under-reported
4  Yangetal. 2021 Mixed methods ML text analysis . .
& Korea based (NLP) y survivor distress
5 Ronneberg et 2024 USA Quant. Speech, voice & Voice-enabled Al Distress reduction
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No Author(s) Year Country Research design Detection theme Technology Outcome/target
al. randomized acoustic (PST) / detection
6 Reyner- 2025 Spain Quant. Speech, voice & Speech ML + GBV  condition
Fuentes et al. P descriptive acoustic unlearning from speech
7 Singh & 2025 India Review Facial & Micro-expression Masked-emotion
Malik physiological recognition detection
. . Alexithymic
8 Surberetal. 2024 Germany Quant. = non- Facial & Eye-tracking processing
randomized physiological attention .
signature
. . . Emotion-
9 Zhang & 2025 China Quan‘t.‘ Fac1z}l . & EEG prediction dysregulation
Zhang descriptive physiological model
marker
. . Impaired
10 Jungilligens 2020 Germany Quant.. non- Fac1z}l . & Neuropsych. battery  emotional
et al. randomized physiological
awareness
11 Meier 2025 USA Mixed methods LM / ' GenAl ChatGPT note Progrgss/outcorne
conversational analysis surfacing
12 Taiwo & Al- 2025 UK Quaqt. . LLM / ' GenAl BERT + PFA-GPT E'rnotlon-awar'e
Bander descriptive conversational distress detection
13 Fenmigetal. 2025 Isracl Quant. LLM / GenAl LLM topic/affect Unspoken patient
& ' descriptive conversational mining concerns
14 Scholich et 2025 USA Mixed methods LLM /. GenAl LLM . chatbot Therapeutlc-.
al. conversational comparison response quality
. Quant. Predictive ML of Regression + random NSSI risk
15 Zhou etal. 2024 China descriptive latent risk forest prediction
Nagaoka et Quant. Predictive ML of . Suicidal help-
16 al. 2024 Japan descriptive latent risk Deep clustering seeking profiles
17 Oppenheimer 2021 USA Quan.t.. Predlcqve ML of LASSO regression Suicidality
et al. descriptive latent risk correlates
18 Maes 2022 Thailand Review Predlcqve ML of Precision-medicine Latent depression
latent risk ML subtypes
. . Quant. non- Alexithymia & Emotion-recognition Alexithymia &
19 Zeileretal. 2025 Austria randomized disclosure assessment ED outcome
20 Warneretal. 2021 Canada Quant. Alexithymia & Risk-prediction Risk disclosure &
’ randomized disclosure algorithm self-help

Thematic Synthesis
Findings for RQ1: AI modalities and methods for detecting non-disclosure

The included studies employed six distinct detection modalities (Figure 3). Linguistic and text-based analysis
was the most common, using natural language processing to extract markers of concealed distress from clinical
language, online writing, and interview transcripts (Magnani et al., 2023; Kim & Lee, 2025; Feldhege et al.,
2021; Yang et al., 2021). These approaches share a premise that language carries involuntary traces of
psychological state even when disclosure is guarded: automated linguistic profiling flagged clinical high-risk
conditions (Magnani et al., 2023), topic modelling quantified self-injury severity from natural writing (Kim &
Lee, 2025), and shifts in linguistic style tracked rising eating-disorder distress during the pandemic (Feldhege et
al., 2021).

Beyond text, four further modalities were evident. Speech and acoustic methods detected trauma-related
and emotional-distress signatures from paralinguistic features (Reyner-Fuentes et al., 2025; Ronneberg et al.,
2024). Facial micro-expression and physiological approaches targeted affect that individuals attempt to mask,
using micro-expression recognition, eye-tracking, EEG, and neuropsychological assessment (Singh & Malik,
2025; Surber et al., 2024; Zhang & Zhang, 2025; Jungilligens et al., 2020). Large language model and
generative systems mined conversation and notes to surface concerns not explicitly raised (Fennig et al., 2025;
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Meier, 2025; Taiwo & Al-Bander, 2025; Scholich et al., 2025). Finally, predictive machine learning modelled
latent risk-particularly suicidality and self-injury-by integrating heterogeneous predictors (Zhou et al., 2024;
Nagaoka et al., 2024; Oppenheimer et al., 2021; Maes, 2022). Across modalities, deep learning and
transformer architectures predominated in the most recent studies, signalling a methodological shift toward
multimodal and representation-learning techniques.

Findings for RQ2: Targeted states and detection performance

The most frequently targeted states were depression, anxiety, and general distress, followed by suicide and self-
injury, and masked or concealed emotion (Figure 4). Suicidality and self-injury attracted particular attention
because concealment in these domains carries the gravest consequences: models predicted non-suicidal self-
injury from family-level data (Zhou et al., 2024), identified adolescent subgroups by suicidal help-seeking
intention (Nagaoka et al., 2024), and isolated multimodal correlates of suicidal thoughts in distressed young
adults (Oppenheimer et al., 2021). Concealed and difficult-to-articulate emotion was targeted through micro-
expression, physiological, and alexithymia-focused work (Singh & Malik, 2025; Zhang & Zhang, 2025; Zeiler
et al., 2025; Surber et al., 2024).

Where quantitative performance was reported, results were promising but heterogeneous. Text- and topic-
based tools achieved workable classification of self-injury severity (Kim & Lee, 2025), speech models extracted
robust trauma biomarkers under speaker-agnostic constraints (Reyner-Fuentes et al., 2025), and LLM analyses
recovered clinically salient themes-including suicidal ideation-rarely surfaced in consultations (Fennig et al.,
2025). However, outcome metrics varied widely, from accuracy and consistency figures to predictive correlates
and neuroimaging change, and few studies benchmarked against clinician judgment or validated prospectively.
Clinical utility was therefore demonstrated more often in principle than in deployed practice, with several
contributions still at the design, protocol, or feasibility stage (Ronneberg et al., 2024; Meier, 2025).

Findings for RQ3: Clinical, ethical, and implementation implications

The reviewed evidence points to a clear clinical opportunity: Al can act as a complementary sensor that
surfaces distress patients do not, or cannot, disclose, extending screening into online spaces, routine notes, and
daily interaction (Fennig et al., 2025; Meier, 2025; Taiwo & Al-Bander, 2025). Privacy-preserving designs-such
as speaker-agnostic speech modelling-illustrate how sensitive detection might be made safer for vulnerable
groups (Reyner-Fuentes et al., 2025). Yet the same capabilities raise ethical tensions. Inferring what a person
has deliberately withheld implicates consent, autonomy, and the risk of surveillance, and comparisons of
chatbots with therapists exposed safety limitations in how automated systems handle disclosed and implied
risk (Scholich et al., 2025). Implementation is further constrained by fragmented validation, heterogeneous
outcomes, and limited integration into clinical workflows, underscoring that responsible adoption depends as
much on governance as on model accuracy.

Comparative and Critical Analysis

Methodologically, the corpus was dominated by quantitative descriptive designs, with fewer randomized or
prospective clinical evaluations (Table 5). This distribution reveals a field advancing rapidly on technical
feasibility while lagging on clinical validation. The temporal pattern is instructive: earlier studies (2020-2022)
relied on regression, neuropsychological, and conventional machine-learning approaches (Jungilligens et al.,
2020; Oppenheimer et al., 2021; Maes, 2022), whereas recent studies increasingly adopt transformers, deep
clustering, and large language models (Nagaoka et al., 2024; Fennig et al., 2025; Taiwo & Al-Bander, 2025).
Multimodal integration remains uncommon; most studies exploit a single channel, leaving the complementary
value of combining language, voice, face, and physiology largely untested. Comparability is further limited by
inconsistent reporting of performance and the scarcity of shared benchmarks for concealment specifically, as
opposed to overt symptom classification.

Interpreted together, these findings indicate that psychological non-disclosure is computationally tractable:
concealed and latent states leave detectable traces across multiple channels, and contemporary Al can recover
a meaningful portion of them. This reframes a long-standing clinical problem-the dependence on self-report-as
an opportunity for augmentation rather than replacement, positioning Al as a second, unobtrusive source of
evidence alongside the therapeutic relationship (Aschbacher et al., 2023; Alemu et al., 2024).

Theoretically, the results extend models of help-seeking and disclosure by showing that the barriers
documented in the wider literature-stigma, label avoidance, and impaired emotional awareness-have
measurable behavioral and linguistic correlates (Miqdadi et al., 2025; Kosyluk et al., 2024; Olatunde et al.,
2025). Detection thus operationalizes constructs that were previously accessible only through self-report, and
the emergence of endophenotype and “digital self” framings suggests a move toward latent, data-driven
characterization of distress (Maes, 2022; Han et al., 2024). Practically, the evidence supports embedding
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detection within measurement-based and stepped-care systems, where algorithmic flags can trigger clinician
review, adapt care level, or prompt outreach (Wen et al., 2023; Pisani et al., 2024; Balcombe & De Leo, 2022).

Situated against prior reviews of digital mental health and conversational agents, which have emphasized
intervention efficacy and engagement (Jiang et al., 2025; Keyan et al., 2025; Alvarez-Jimenez et al., 2020), this
review foregrounds detection of concealment as a distinct and under-synthesized objective. Contradictions in
the literature are notable: some work celebrates the reach of generative chatbots (Li et al., 2025; Kim et al.,
2025), while direct comparisons reveal safety and quality gaps relative to human clinicians (Scholich et al.,
2025). Acceptance is similarly conditional, shaped by users’ mental health status, attitudes, and capacity to
engage (Fritz et al., 2025; Savir et al., 2025; Albikawi et al., 2025). These tensions caution against uncritical
deployment.

Three research gaps stand out. First, multimodal fusion for concealment detection is largely unexplored,
despite evidence that single channels each capture only part of the signal. Second, prospective clinical
validation against expert judgment is rare, leaving diagnostic and predictive value uncertain in real settings
(Leung et al., 2021; Zainal et al., 2025). Third, ethical and governance frameworks specific to inferring
withheld information are underdeveloped, including consent, transparency, and safeguards against
misclassification and surveillance (Fritz et al., 2025; Peng et al., 2025).

This review has limitations. The evidence base was restricted to English-language, peer-reviewed articles
from 2020-2025 in three databases, which may omit relevant grey literature and non-English work. The
construct of non-disclosure is heterogeneous, and mapping studies onto modality and target categories
required interpretive judgment. Finally, heterogeneous outcomes precluded quantitative meta-analysis, so
synthesis remains narrative. Future research should prioritize multimodal, prospectively validated detection
integrated into clinical workflows; standardized reporting and shared benchmarks for concealment; privacy-
preserving and explainable models; and co-designed governance that centers patient autonomy (Knippler et
al., 2024; Mo et al., 2025).

In summary, and in direct answer to the research questions: AI detects non-disclosure through six
converging modalities (RQ1); it most often targets depression, suicidality/self-injury, and masked emotion,
with promising but incompletely validated performance (RQ2); and while it offers a powerful complement to
self-report, its responsible use depends on validation, transparency, and ethical safeguards (RQ3).

Conclusions

This systematic review synthesized 20 studies on artificial intelligence for detecting psychological non-
disclosure and hidden mental states in counseling and mental health care. In answer to the research questions,
Al achieves detection through six modalities-linguistic, speech, facial/physiological, large language model,
predictive machine learning, and disclosure augmentation (RQ1); it most frequently targets depression and
general distress, suicidality and self-injury, and masked emotion, with promising though heterogeneously
validated performance (RQ2); and it offers a valuable complement to self-report while raising substantive
ethical and implementation challenges (RQ3). The core contribution is an integrative modality-by-target
framework that clarifies a fragmented field. Practically, detection can strengthen measurement-based and
stepped care when embedded responsibly. Key limitations are the scarcity of prospective clinical validation
and multimodal integration, and immature governance. Future work should pursue validated, explainable,
privacy-preserving, and ethically co-designed detection systems.
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