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Abstract

Artificial intelligence (AI) is increasingly used to detect and predict suicide-related out-
comes from social-media data, but the methodological basis and generalizability of this 
research remain heterogeneous. We conducted a systematic review combining bibliometric 
analysis with structured document-level synthesis of journal articles indexed in Scopus and 
Web of Science through 22 May 2026, following PRISMA 2020. A total of 178 studies were 
included using a 50-field extraction framework. Reddit (51.7%) and Twitter/X (39.3%) were 
the predominant platforms, while data geography was not reported in 70.8% of studies. 
Traditional machine learning remained the most frequent model family (69.1%), alongside 
deep learning (53.9%), Transformer-based models (42.7%), and large language models 
(9.0%). Suicide-related outcomes and ground-truth sources were heterogeneous. Among 
studies reporting usable metrics, median F1 was 0.8990 and median AUROC was 0.9480, but 
external validation was identified in only 26 studies (14.6%). Explainability or interpretabil-
ity was reported in 58 studies (32.6%); source code was publicly or directly available in 22 
(12.4%), and only 14 (7.9%) reported both reusable data and source code. These findings 
highlight heterogeneous ground-truth practices, limited documented external validation, 
and uneven reporting of interpretability, ethical procedures, and reusable data and code, 
constraining assessments of generalizability and reproducibility.

Keywords: artificial intelligence; natural language processing; suicide; suicidal ideation; 
social media; large language models; explainable artificial intelligence; external validation

1.  Introduction
Social-media platforms provide posts, comments, conversations, user histories, and 

metadata from which linguistic, behavioral, and temporal indicators relevant to suicide-
related research can be examined [1,2]. Such research addresses distinct constructs: suicidal 
ideation (thoughts about suicide), suicidal communication (verbal or nonverbal expressions 
related to suicide, including threats or plans), and suicide attempts (nonfatal, potentially 
injurious self-directed acts involving some intent to die) [3]. Suicide risk, in turn, refers to 
an inferred likelihood or level of vulnerability to suicidal behavior rather than a directly 

Informatics 2026, 13, 191 https://doi.org/10.3390/informatics13110191

https://crossmark.crossref.org/dialog?doi=10.3390/informatics13110191&domain=pdf&date_stamp=2026-11-12
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/informatics
https://www.mdpi.com
https://orcid.org/0000-0002-8232-058X
https://orcid.org/0009-0000-5555-3903
https://orcid.org/0009-0004-5517-294X
https://orcid.org/0000-0003-0414-0628
https://orcid.org/0000-0003-1282-4130
https://doi.org/10.3390/informatics13110191


Informatics 2026, 13, 191 2 of 37

observed event [4–6]. These constructs should not be conflated with the associated compu-
tational tasks: detecting suicide-related content or classifying contemporaneous risk labels 
does not, by itself, establish the ability to predict subsequent suicidal behavior. Artificial 
intelligence (AI), machine learning (ML), natural language processing (NLP), and related 
methods have been applied to detection, classification, screening, risk stratification, and 
prediction across posts, users, longitudinal histories, and population-level signals [2,4,6–8].

The computational methods used for these tasks have changed considerably over 
time. In this context, NLP refers to computational methods for processing and analyzing 
human language rather than a specific model family. Earlier studies relied largely on rule-
based methods, manually engineered linguistic features, and traditional ML classifiers, 
while subsequent work increasingly incorporated deep-learning architectures, including 
Transformer-based language models that use self-attention to capture contextual relation-
ships in text. More recently, large language models (LLMs), typically pretrained on ex-
tensive text corpora and often built on Transformer architectures, have been evaluated for 
classification, representation, reasoning, and generative applications [9]. Previous reviews 
have documented different stages of this methodological development. Reviews focused on 
ML identified the predominance of classification approaches and the growing use of more 
complex predictive models for suicidal-ideation detection [10,11]. Subsequent syntheses 
examined deep-learning methods applied to online social-media data [12], NLP-based 
approaches [13], and the use of ML and NLP specifically within Reddit-based suicide 
research [14]. More recent reviews have expanded the scope to broader applications of 
AI in suicide prevention and risk assessment [15,16] and to the emerging use of LLMs [9]. 
This progression reflects increasing methodological diversity rather than a single, stable 
modeling framework.

The literature has also been reviewed from the perspective of social-media data sources 
and their use for suicide-related assessment. Earlier work examined the role of social media 
in technology-based epidemiology and risk assessment [17], while other reviews focused 
on ML-based suicide-risk assessment using social networks [18] or on suicidal-ideation 
detection across social-media platforms [19]. More recent syntheses have continued to 
identify Reddit and Twitter/X as major sources of data and have raised concerns about 
the predominance of English-language content, limited cross-cultural representation, and 
the transferability of models across populations and platforms [12,16,20]. These concerns 
remain relevant as newer architectures are increasingly evaluated on datasets and platforms 
that have already been used extensively in earlier research.

Another methodological issue concerns the definition of the suicide-related outcome 
itself. Previous reviews have shown that social-media studies frequently operationalize sui-
cidal ideation or suicide risk as classification problems, often using binary labels [10,18,19]. 
However, the labels used to train and evaluate these models can originate from different 
sources, including human annotation, clinical assessment, self-report measures, community 
membership, rule-based procedures, or labels inherited from existing datasets. Reviews 
focused on Reddit and digital suicidal-ideation detection have noted that suicide-related 
expressions identified in online content cannot generally be assumed to represent subse-
quent suicide attempts or deaths when clinical outcomes are unknown [14,20]. More recent 
work has similarly emphasized variation between clinically informed labels and heuristic 
or keyword-based approaches and the limited use of validated clinical frameworks [16]. 
Consequently, models described using similar terms may differ substantially in the construct 
they are trained to detect and in the relationship between their ground truth and clinically 
defined suicide-related outcomes.

Evaluation practices introduce another source of uncertainty. Earlier reviews reported 
generally high predictive performance for several ML and deep-learning approaches but 
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also identified methodological heterogeneity, possible overfitting, limited replication, and 
insufficient validation in independent samples or settings [10,21]. Concerns about external 
and real-world validation have persisted in more recent syntheses despite the adoption of 
more complex architectures [15,16,20]. Class imbalance is also recurrent in suicide-related 
social-media datasets, while precision–recall-oriented measures have been reported less 
consistently than measures such as accuracy, F1, or AUROC [11,12,21]. These differences 
in validation design, outcome definition, class distribution, and performance reporting 
complicate comparisons across studies and limit the extent to which strong results obtained 
within individual datasets can be interpreted as evidence of generalizability.

Explainability, ethical reporting, and reproducibility add further dimensions to the 
assessment of this literature. Previous reviews have identified interpretability as a persistent 
challenge, particularly as modeling has shifted toward deep neural and Transformer-based 
architectures [10,11,14]. Recent syntheses have discussed interpretability methods such as 
SHAP (SHapley Additive exPlanations), which estimates the contribution of input features 
to individual predictions, and LIME (Local Interpretable Model-agnostic Explanations), 
which explains individual predictions through simpler local approximations of model 
behavior [16]. At the same time, reviews of social-media and LLM-based suicide research 
have reported inconsistent documentation of ethical considerations, privacy, consent, and 
governance procedures [9,17,18,20]. Reproducibility has also been discussed in relation 
to incomplete methodological reporting, benchmark availability, and access to datasets or 
computational resources [9,15,18]. These issues are methodologically distinct but jointly 
affect the extent to which published findings can be interpreted, independently evaluated, 
and transferred to other research or application settings.

Taken together, existing reviews have established important findings about particular 
model families, data sources, platforms, and stages of technological development. Their 
scopes, however, differ substantially. Some focus primarily on ML or deep learning [10–12], 
others on specific platforms or methodological domains such as Reddit or NLP [13,14], 
and recent reviews have examined broader AI applications or LLMs [9,15,16]. This cre-
ates a need for an updated synthesis that examines the development of the field under a 
common study-level framework while jointly considering the provenance of social-media 
data, outcome and ground-truth construction, analytical units, AI tasks and model families, 
validation strategies, reported performance, class imbalance, explainability, ethical and 
privacy reporting, and the availability of data and source code.

Accordingly, this systematic review aimed to characterize the development, method-
ological structure, evaluation practices, and reporting characteristics of AI-based research 
for detecting and predicting suicide-related outcomes using social-media data. The review 
combined bibliometric analysis of temporal scientific production, author-country contri-
butions, and international collaboration with structured document-level analysis of the 
included studies. The synthesis examined social-media platforms and datasets; geographic 
and linguistic characteristics; input modalities and analytical units; suicide-related out-
comes and their operationalization; ground-truth and labeling procedures; AI tasks and 
model families; validation and external generalizability; reported performance and class 
imbalance; explainability; ethics and privacy; and the availability of data and source code.

2.  Methodology
2.1.  Review Design

This review combined a bibliometric analysis with a structured document-level anal-
ysis of the included studies. Study identification, screening, eligibility assessment, and 
inclusion followed the PRISMA 2020 framework [22]. The bibliometric component exam-
ined the temporal evolution of scientific production, author-country contributions, and 
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international collaboration networks. The document-level component used a structured 
data-extraction matrix to systematically collect methodological, computational, evaluation, 
and reporting information from the full texts of eligible studies. This systematic review was 
not prospectively registered, and a separate review protocol was not prepared.

2.2.  Information Sources and Search Strategy
The literature search was conducted on 22 May 2026, using Scopus and Web of Science. 

No lower publication-date limit was applied, and records published up to 22 May 2026, 
were considered. The search strategy was structured into four conceptual groups addressing 
artificial intelligence and related computational methods, suicidal outcomes, social media 
and related online platforms, and detection or prediction tasks. Within each group, terms 
were combined using the Boolean operator OR, and the four conceptual groups were 
combined using AND. In Scopus, the search was applied to title, abstract, and keyword 
fields using TITLE-ABS-KEY; in Web of Science, it was applied to the Topic field using TS=.

The first group comprised terms related to artificial intelligence, machine learning, 
deep learning, natural language processing, neural networks, transformer-based models, 
large language models, and explainable artificial intelligence:

("artificial intelligence" OR "machine learning" OR "deep learning" OR "natural language 
process*" OR NLP OR "text mining" OR "sentiment analysis" OR "neural network*" OR 
"convolutional neural network*" OR CNN OR "recurrent neural network*" OR RNN OR 
LSTM OR transformer* OR BERT OR RoBERTa OR "language model*" OR "large language 
model*" OR LLM OR "explainable AI" OR XAI)

The second group addressed suicide risk and related suicidal outcomes:

("suicide risk" OR "suicidal risk" OR "suicidal ideation" OR "suicide ideation" OR "suicidal 
thought*" OR "suicidal behavior*" OR "suicidal behaviour*" OR "suicide attempt*" OR suici-
dality OR suicid* OR "self-harm" OR "self-injur*")

The third group identified social media, social networking platforms, online forums, 
microblogs, and specific platforms:

("social media" OR "social network*" OR "social networking site*" OR "online social 
network*" OR Twitter OR Reddit OR Instagram OR Facebook OR Tumblr OR Tik-
Tok OR YouTube OR Weibo OR "Sina Weibo" OR "online forum*" OR "discussion 
forum*" OR microblog*)

The fourth group contained terms corresponding to detection, prediction, classification, 
identification, screening, assessment, and risk stratification:

(detect* OR predict* OR classif* OR identif* OR screen* OR assess* OR "risk assessment" OR 
"risk prediction" OR "early detection" OR "automated detection" OR "risk classification" OR 
"risk stratification")

The search strategy was designed to capture variations in both suicide-related ter-
minology and online platform types. The truncated term "suicid*" encompassed lexical 
variants such as “suicide” and “suicidal”, while “suicide attempt*” was explicitly included. 
To broaden platform coverage beyond individual services, the search combined platform-
specific names with general descriptors, including “social media”, “social network*”, “online 
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forum*”, “discussion forum*”, and ‘microblog*’. This approach reduced dependence on 
specific platform names, although retrieval remained contingent on the terminology used 
in indexed records.

The search retrieved 1264 records from Scopus and 583 from Web of Science, corre-
sponding to 1847 records before deduplication.

2.3.  Record Management and Study Selection
Records retrieved from Scopus and Web of Science were merged and deduplicated us-

ing the Bibliometrix package in R, version 4.6.1. After removing 478 duplicates, 1369 unique 
records remained (Figure 1). Before abstract screening, 16 non-English records and 
857 records not indexed as Article or Article Early Access were excluded, leaving 496 records. 
Two reviewers screened the abstracts, excluding 286 records, and 210 reports were sought 
for full-text assessment. Seven reports could not be retrieved. The remaining 203 reports 
were assessed by two reviewers against the eligibility criteria described in Section 2.4, with 
disagreements resolved by a third reviewer at both screening stages.

Figure 1. PRISMA flow diagram of the study selection process.

Twenty-five reports were excluded after full-text assessment because of ineligible 
suicide-related outcomes or computational tasks (𝑛 = 13), absence of an eligible empirical 
model evaluation (𝑛 = 6), ineligible social-media data sources (𝑛 = 3), insufficient method-
ological information (𝑛 = 1), or conceptual or unverifiable empirical reporting (𝑛 = 2). 
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The final synthesis included 178 studies. Study-level exclusion reasons are provided in 
Appendix A.

2.4.  Eligibility Criteria
Studies were eligible when they met the following criteria:

• Publication characteristics.
Original empirical studies indexed as Article or Article Early Access, written in English, 
available in full text, and published by 22 May 2026, were eligible. No lower publication-
date limit was imposed; other document types were excluded.

• Social-media data.
At least one principal input source had to comprise user-generated content, profiles, in-
teractions, or metadata from social networks, online communities, forums, microblogs, 
or comparable interactive platforms. Eligible content included text, images, audio, 
video, and other user-generated information.

• Suicide-related outcome.
At least one outcome had to explicitly concern suicidal ideation, intention, plans, 
attempts, behavior, risk, severity, suicide death, or suicidal communication relevant to 
risk identification. Community-membership proxies and rule-based indicators were 
not excluded solely because of limitations in ground-truth quality, provided that they 
were explicitly operationalized as suicide-related outcomes.

• Application of artificial intelligence.
The study had to apply an AI or equivalent automated computational method, includ-
ing machine learning, deep learning, NLP, Transformers, LLMs, or explainable AI, to 
empirical data. Studies merely proposing potential applications without empirical 
implementation were excluded.

• Suicide-related computational task.
The computational approach had to detect, identify, classify, screen, stratify, assess, esti-
mate, or predict a suicide-related outcome. AI methods used exclusively for unrelated 
auxiliary tasks were ineligible unless their outputs contributed to a computational 
model targeting suicidality.

• Identifiable unit of analysis.
The analytical unit associated with the suicide-related model output had to be iden-
tifiable, including posts, conversations, users, longitudinal histories, communities, 
populations, or clearly specified multilevel structures.

• Empirical model evaluation.
At least one model targeting a suicide-related outcome had to undergo task-appropriate 
empirical evaluation, such as predictive or discriminative performance assessment, 
comparison with reference approaches, internal or external validation, calibration or 
error analysis, time-to-event evaluation, or expert assessment.
Association-only analyses reporting exclusively hazard ratios, odds ratios, regression 
coefficients, significance tests, in-sample 𝑅2, topic associations, or similar explanatory 
statistics were insufficient unless the model’s performance on the suicide-related task 
was also evaluated.

• Sufficient methodological reporting.
The publication had to identify the principal data source, suicide-related outcome, 
computational approach, analytical unit, and evaluation procedure with sufficient 
detail to reconstruct the model-evaluation design.

No restrictions were imposed on participant age, sex, country, study population, or 
language of the analyzed social-media content. During full-text assessment, ambiguities 
concerning eligible empirical evaluations and minimum methodological reporting were 
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clarified through general decision rules. These clarifications were applied consistently to all 
203 full-text reports before final eligibility decisions, without study-specific exceptions.

2.5.  Data Extraction and Analysis
2.5.1.  Bibliometric Analysis

Bibliometric data were processed in RStudio (version 2026.04.0) using the Bibliometrix 
package and its Biblioshiny interface [23]. The analysis examined the temporal evolution 
of scientific production, author-country contributions, and international collaboration net-
works. Author-country production was calculated at the author level, with each author 
contributing one count to the country associated with that author.

For the international collaboration analysis, the association method was used for network 
normalization, and communities were identified using the Louvain clustering algorithm.

2.5.2.  Document-Level Data Extraction and Analysis
The 178 included reports were examined using a structured data-extraction matrix 

comprising 50 fields. A field-specific extraction instruction was defined for each variable to 
promote consistent interpretation and coding across studies.

Before full data extraction, the extraction framework was pilot-tested on a subset of 
eligible studies by two reviewers working independently. Their extraction decisions were 
compared to identify ambiguities, inconsistencies, and differences in the interpretation 
of individual fields. Based on this calibration process, operational definitions, allowable 
response categories, and field-specific decision rules were refined and standardized. The 
finalized extraction framework was subsequently applied to the full set of included studies. 
Studies used during the pilot phase were re-evaluated using the finalized extraction rules 
to ensure consistent coding across the entire corpus.

Data from all included studies were extracted independently by two reviewers. The 
resulting extraction records were compared, and discrepancies were resolved through dis-
cussion and consensus. When consensus could not be reached, a third reviewer adjudicated 
the decision. A formal pre-consensus inter-rater agreement coefficient was not calculated 
for the data-extraction stage; instead, extraction consistency was supported by the pilot 
calibration, independent duplicate extraction, field-specific coding rules, and consensus or 
third-reviewer adjudication procedures described above.

The extracted information covered study identification; social-media platform and 
dataset characteristics; data-collection period and geographical and linguistic context; input 
modality; sample size and unit of analysis; population characteristics; suicide-related out-
come and its operational definition; ground truth, labeling procedures, annotators, clinical 
instruments, and inter-rater agreement; artificial intelligence task, models evaluated, model 
family, and best-performing model; validation strategy and external validation; performance 
metrics, including accuracy, precision, recall or sensitivity, specificity, F1-score, AUROC, 
and AUPRC; class imbalance and balancing methods; explainability and interpretability 
approaches; ethical and privacy considerations; methodological limitations; availability 
of data and source code; and the main empirical finding. A dedicated extraction-notes 
field was used to document ambiguous, incomplete, discrepant, or otherwise non-standard 
information requiring clarification during extraction or synthesis.

The complete study-level data-extraction matrix, including article identification infor-
mation and all 50 extracted variables, is provided as Supplementary File S1.

2.5.3.  Data Harmonization and Descriptive Synthesis
Extracted variables were standardized using an explicit mapping dictionary and harmo-

nized at the study level according to outcome definitions, the principal evaluation context, 
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and extraction notes. Mutually exclusive categories were applied to dataset provenance, data 
geography, language, input modality, population, and principal outcome operationalization. 
The latter was classified as binary, nominal multiclass, ordinal, continuous, temporal/sur-
vival, or other/mixed, based on the principal suicide-related evaluation. Studies integrating 
distinct input modalities were classified as multimodal. Multilevel, non-standard, and 
unreported analytical units were grouped under “Other” in the overall study-characteristics 
summary, while multilevel designs remained distinguishable in outcome-by-unit analy-
ses. Multiple categories per study were permitted for platforms, outcome types, ground-
truth sources, AI tasks, modeling approaches, validation strategies, imbalance mitigation, 
and explainability.

AI tasks were harmonized into binary, multiclass, and ordinal classification; temporal 
prediction or early detection; detection, ranking, or information extraction; topic modeling; 
regression; generative or LLM-based tasks; and clustering. Model families were coded using 
all explicitly evaluated models, rather than only the principal or best-performing model. Non-
mutually exclusive categories included traditional machine learning (e.g., support vector 
machines and random forests), deep learning (e.g., CNNs and recurrent neural networks), 
Transformer-based models (e.g., BERT and RoBERTa), LLMs (e.g., GPT and LLaMA), hybrid 
architectures, ensembles, and other approaches. Transformers and LLMs were treated as 
distinct categories rather than automatically grouped under deep learning. A family was 
counted only when its models were explicitly evaluated within the predictive architecture; use 
solely for feature or embedding generation did not qualify. Transfer learning and multi-task 
learning were treated as training paradigms rather than model families, whereas hybrid and 
ensemble categories could coexist with their constituent model families.

Validation strategies were classified as hold-out or data-split evaluation, cross-
validation, repeated resampling or bootstrap, temporal or out-of-time validation, other 
procedures, or insufficiently specified validation. External validation required evaluation on 
data independent of model development and tuning. Its non-mutually exclusive categories 
distinguished differences in dataset, platform, population, language, geography, collection 
period, institution or cohort, and clinical setting.

Ground-truth sources were classified as inherited dataset labels, non-clinical human 
annotation, clinical expert annotation or assessment, community- or platform-based prox-
ies, instrument- or self-report-based measures, rule-, keyword-, or pseudo-label-based 
approaches, documented events or administrative records, other sources, or not reported. 
Inherited labels were retained as a separate provenance category even when the original 
labeling mechanism was identifiable. Direct administration of clinical or psychometric in-
struments was distinguished from their use as annotation frameworks, severity taxonomies, 
or classification criteria.

Class imbalance was recorded when identified in the original dataset, collection process, 
or analytical configuration, including cases subsequently balanced for modeling. Mitigation 
strategies comprised oversampling or SMOTE, data augmentation or synthetic genera-
tion, undersampling, class weighting or loss modification, balanced sampling or batches, 
and other approaches. Explainability was grouped into post-hoc XAI, feature-based or 
descriptive, attention-based, intrinsic or knowledge-based approaches, LLM-generated 
explanations, and other methods. Ethics and privacy reporting covered ethics review, con-
sent, public-data status, anonymization, privacy, terms of service, and access restrictions. 
Data and code availability were classified as publicly or directly available, partially or 
conditionally available, unavailable, or not reported.

Following pilot calibration, a predefined decision hierarchy was applied to identify one 
principal model–evaluation context per study whenever unambiguous. External validation 
of the same suicide-related outcome and task was prioritized, followed by an independent 
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internal test set and then cross-validation or the principal internal evaluation. Within the 
selected context, the authors’ principal or best-performing model was retained when this 
designation was consistent with the reported results. When competing models performed 
best on different metrics without a defined primary metric, or multiple evaluation contexts 
were equally eligible, no selection was made solely on numerical superiority; the ambiguous 
item was coded as NR and documented in the extraction notes.

Available performance metrics were extracted from the same selected model–evaluation 
context, without combining results from different models, datasets, or evaluation settings 
or using training-set performance. For binary outcomes, precision, recall or sensitivity, and 
F1 were preferentially extracted for the explicitly identified suicide-related positive class; 
for multiclass outcomes, the principal global or averaged values reported by the authors 
were retained. Averaging conventions were recorded when available.

NR denoted applicable information that was unreported or indeterminate, whereas NA 
indicated non-applicability. Percentages were converted to proportions when necessary, and 
NR/NA values were excluded from metric-specific distributions. Categorical findings were 
summarized using study counts and percentages, with non-mutually exclusive categories 
potentially exceeding 100% in total. Performance values were described using medians, 
interquartile ranges (25th–75th percentile), and observed ranges. No pooled performance 
estimates were calculated because of heterogeneity in outcomes, ground truth, datasets, 
analytical units, metric definitions, and validation settings.

No formal study-level risk-of-bias, methodological-quality, reporting-bias, or certainty-
of-evidence assessment was conducted. Extracted methodological characteristics were 
synthesized descriptively, without formal sensitivity analyses, statistical heterogeneity 
testing, subgroup analyses, or meta-regression.

3.  Results
3.1.  Bibliometric Characteristics

Publication activity expanded considerably from 2020 onward, reaching its highest 
annual output in 2024 with 43 articles, followed by 28 in 2025, as displayed in Figure 2. An 
additional 19 articles were identified in 2026, although this count covers only publications 
available through 22 May. Overall, 178 studies were included. This growth reflects increas-
ing research activity but does not, by itself, indicate improvements in methodological rigor 
or the generalizability of the reported models.

Scientific production involved 43 countries and 645 author–country contributions, as 
shown in Figure 3. China (𝑛 = 132), the United States (𝑛 = 122), and India (𝑛 = 63) 
collectively accounted for 317 contributions (49.1%). These figures represent author-level 
country contributions rather than distinct publications or the geographic origin of the 
analyzed social-media data. Consequently, the geographic distribution of research output 
should not be interpreted as evidence of equivalent geographic representation among the 
populations or datasets investigated.

The international coauthorship network revealed several interconnected collaboration 
groups, with the United States, China, and India among its most prominent nodes, as 
displayed in Figure 4. Connections extended beyond these highly productive countries 
to smaller national research communities, indicating an internationally distributed col-
laboration structure. Nevertheless, international coauthorship does not necessarily imply 
multinational data collection or cross-population model validation. The distinction is rele-
vant when assessing whether increasing scientific collaboration has been accompanied by 
broader empirical coverage.
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Figure 2. Annual and cumulative scientific production from 2009 to 2026. The 2026 value includes 
publications available up to 22 May 2026.

Figure 3. Geographic distribution of scientific production by country. Production represents author-
level country contributions rather than the number of articles; each author contributes one count to 
the corresponding country.

3.2.  Data Sources and Study Characteristics
The characteristics of the data sources and study populations are summarized in Table 1. 

Reddit (𝑛 = 92, 51.7%) and Twitter/X (𝑛 = 70, 39.3%) were the predominant platforms, 
followed by Sina Weibo (𝑛 = 23, 12.9%), Facebook (𝑛 = 12, 6.7%), and Instagram (𝑛 = 9, 
5.1%). Other platforms included less frequently represented online communities, forums, 
and social-media services. Platform categories were non-mutually exclusive because studies 
using multiple platforms contributed to each applicable category.
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Dataset provenance was almost evenly divided between original datasets (𝑛 = 82, 
46.1%) and existing or reused datasets (𝑛 = 83, 46.6%), while 11 studies (6.2%) combined 
both sources. Geographic provenance was substantially less documented: 126 studies 
(70.8%) did not report the geographic origin of the analyzed data, whereas 50 (28.1%) 
reported a single country or region and only two (1.1%) involved multiple countries or a 
global context. This distinction concerns the origin of the analyzed data rather than the 
institutional affiliations of the authors.

Figure 4. International collaboration network based on country co-authorship. Node size reflects the 
relative weight of each country in the network visualization, links represent co-authorship connections 
between countries, and node colors indicate the collaboration groups identified in the network.

Table 1. Data sources and characteristics of the included studies.

Domain Category 𝒏 % Studies

Platform Reddit 92 51.7 [4,5,8,24–112]
Twitter/X 70 39.3 [1,2,4,6,7,26,27,29,38,42,52,59,60,62,64,65,67,70,71,83,85,89,90,94,95,100,101,104,107,113–

153]
Sina Weibo 23 12.9 [63,86,154–174]
Facebook 12 6.7 [67,83,103,104,129,135,150,175–179]
Instagram 9 5.1 [4,129,132,135,150,180–183]
Other specified platforms 18 10.1 [8,27,35,57,58,89,103,119,129,163,184–191]
Unspecified (NR) 3 1.7 [192–194]

Dataset provenance Original/own dataset 82 46.1 [1,2,4–7,37,44,53,56,61,62,70,81,82,89,103,109,113,115–119,121–125,127,130–139,143–153,
155–157,159–162,164–179,183,184,186–191]

Existing/reused dataset 83 46.6 [8,24–36,38,41–43,45–52,54,55,57–60,64–68,71–76,78–80,83–85,87,88,90–102,105,107,108,
110–112,114,120,126,128,129,141,154,163,180–182,192,193]

Original and existing data 11 6.2 [39,40,63,69,77,86,104,106,142,158,185]
NR 2 1.1 [140,194]

Data geography Single country/region reported 50 28.1 [2,4,6–8,52,57–59,63,86,115,125,131–133,135,138,143,147,154–172,174,176,177,180–187]
Multiple countries/global 2 1.1 [39,190]
NR 126 70.8 [1,5,24–38,40–51,53–56,60–62,64–85,87–114,116–124,126–130,134,136,137,139–142,144–146,

148–153,173,175,178,179,188,189,191–194]

Language English 67 37.6 [1,7,26,28,29,32,36,39,41,46,49,51,56–60,64,69,73,74,78,81–85,87–102,105–108,110–112,121,
122,130,134,138–142,144–147,176,181,183,184]

Chinese 22 12.4 [154–174,185]
Spanish 4 2.2 [4,27,65,148]
Multilingual 7 3.9 [40,52,63,86,104,115,129]
Other 17 9.6 [2,103,118,123,125,132,133,135–137,143,180,182,186,187,189,194]
NR/NA 61 34.3 [5,6,8,24,25,30,31,33–35,37,38,42–45,47,48,50,53–55,61,62,66–68,70–72,75–77,79,80,109,113,

114,116,117,119,120,124,126–128,131,149–153,175,177–179,188,190–193]

Modality Text 167 93.8 [1,2,5–8,24–62,64–127,129,130,133,134,136–149,151–177,180–182,184–187,189–194]
Image 1 0.6 [178]
Multimodal 5 2.8 [4,63,150,179,183]
Other 5 2.8 [128,131,132,135,188]
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Table 1. Cont.

Domain Category 𝒏 % Studies

Unit of analysis Post/document 113 63.5
[1,2,5,7,8,24–27,29,31,34–44,46,48–51,53,56–58,61,62,64,68,70–73,75,76,79–83,87–94,96–98,
102,103,105–107,109,110,112–118,121–126,129,130,133,134,136,137,139–146,148,149,151–
154,159–161,164,165,167,168,172,184–186,189,191–194]

User 34 19.1 [33,45,55,59,60,63,66,74,99,108,111,119,128,132,135,147,150,156–158,162,166,169,173–176,
178–180,182,183,188,190]

User longitudinal 13 7.3 [4,6,30,47,78,84,120,127,155,163,170,171,177]
Sentence/segment 3 1.7 [28,65,67]
Population/time series 1 0.6 [131]
Other 14 7.9 [32,52,54,69,77,85,86,95,100,101,104,138,181,187]

Population General social-media users 82 46.1
[1,2,7,24,26,27,29,31,34,38,42,50,52,53,59,60,62–64,68,71,76,77,79,80,82,85,86,91,93,97,99,
100,102–104,107,112–114,116–118,120–128,130,133,134,136–141,143–146,148,149,151–153,
157–159,163,165,175,179,185,186,189,192,193]

Suicide-related communities 54 30.3 [5,8,25,30,33,36,37,40,41,43–49,51,54–56,61,66,70,72–75,78,81,84,87,88,92,96,98,101,105,106,
108–111,154,156,160,161,164,166–168,171–173,188]

Clinical/identified population 20 11.2 [4,6,39,57,58,115,119,147,150,155,162,169,170,174,176–178,180,182,183]
Specific demographic group 6 3.4 [132,135,181,184,190,191]
Other/NR 16 9.0 [28,32,35,65,67,69,83,89,90,94,95,129,131,142,187,194]

Note. Percentages were calculated using the total number of included studies (𝑁 = 178) as the 
denominator. The “Studies” column identifies the studies contributing to each category. Categories 
are mutually exclusive within each domain except for platforms, where studies could contribute to 
multiple categories. “Other specified platforms” groups additional online communities and interactive 
sources, with each study counted once; Sina Weibo includes Sina Microblog. Dataset provenance 
distinguishes exclusively original, exclusively reused, and mixed data sources. Data geography refers 
to the origin of the analyzed data rather than author affiliations. “Multilingual” denotes more than 
one language, while “Other” groups less frequent languages. Language NR/NA combines unreported 
and non-applicable cases. Modality reflects the primary model input, and “Other” analytical units 
include multilevel, nonstandard, and unreported cases. NR, not reported; NA, not applicable.

Dataset reuse was concentrated in a limited number of recurrent resources, as dis-
played in Figure 5. The Suicide and Depression Detection dataset appeared in 14 stud-
ies [36,48,68,72,87,88,90,93,94,97,98,102,105,110], followed by the UMD/CLPsych Reddit 
Suicidality Dataset in 13 [8,33,45,54,57,59,60,73,74,86,99,108,111]. The C-SSRS/Gaur Reddit 
suicidality dataset and the Twitter suicidal-intention/ideation dataset were each identified 
in seven studies. These patterns indicate substantial reuse of established resources alongside 
the development of original datasets.

Figure 5. Ten most frequently reused datasets and corpora across the included studies. Counts 
represent the number of studies using each normalized resource; studies using multiple datasets 
could contribute to more than one category.

Most studies analyzed individual posts or documents (𝑛 = 113, 63.5%), followed by 
user-level (𝑛 = 34, 19.1%) and longitudinal user-level analyses (𝑛 = 13, 7.3%). Sample-
size reporting varied according to the analytical unit: user counts were not reported in 
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119 studies, while post or document counts were not reported in 38. These quantities were 
retained separately because users, posts, and derived analytical instances do not represent 
interchangeable sampling units. Regarding study populations, general social-media users 
predominated (𝑛 = 82, 46.1%), followed by suicide-related communities (𝑛 = 54, 30.3%) 
and clinical or otherwise identified populations (𝑛 = 20, 11.2%).

English was the most frequently reported corpus language (𝑛 = 67, 37.6%), followed 
by Chinese (𝑛 = 22, 12.4%). Only seven studies (3.9%) analyzed multilingual data, while 
language was not reported or was not applicable in 61 (34.3%). Text was the predominant 
input modality (𝑛 = 167, 93.8%), whereas multimodal inputs were examined in only 
five studies (2.8%). Other linguistic and modality categories are detailed in Table 1.

3.3.  Suicide-Related Outcomes, Operationalization, and Ground Truth
Suicidal ideation was the most frequently modeled outcome (𝑛 = 87), followed by 

suicide risk (𝑛 = 49), suicidal communication or content (𝑛 = 22), and composite or other 
suicide-related constructs (𝑛 = 15). Suicide attempts and suicide deaths were each exam-
ined in six studies [39,44,52,119,131,132,135,138,160,170,187,188], while suicidal behavior 
and suicide plans were less frequently represented. These outcome categories were not 
mutually exclusive.

The analytical unit varied across constructs, as shown in Figure 6a. Suicidal ideation 
was predominantly examined at the post or document level (𝑛 = 59), whereas suicide risk 
was distributed across post-level (𝑛 = 22), user-level (𝑛 = 16), longitudinal, and multilevel 
analyses. All 22 studies addressing suicidal communication or content operated at the 
post or document level. Suicide-death studies involved several analytical units, including 
population-level time series. Thus, studies addressing apparently similar suicide-related 
outcomes did not necessarily represent equivalent computational or inferential tasks.

Ground-truth sources were similarly heterogeneous, as displayed in Figure 6b. Inherited 
dataset labels were identified in 70 studies, non-clinical human annotation in 61, community- or 
platform-based proxies in 26, and clinical expert annotation or assessment in 25. Instrument- or 
self-report-based measures and rule-, keyword-, or pseudo-label-based approaches were each 
identified in 18 studies, while documented events or administrative records were used in 14. 
These categories were not mutually exclusive. Notably, all six studies examining suicide death 
used documented events or administrative records as ground truth [39,119,131,138,170,187], 
although one also incorporated non-clinical human annotation [39].

Outcome operationalization and labeling characteristics are summarized in Table 2. 
Binary formulations predominated (𝑛 = 126, 70.8%), followed by nominal multiclass 
(𝑛 = 22, 12.4%) and ordinal outcomes (𝑛 = 21, 11.8%). Continuous (𝑛 = 5), temporal or 
survival-based (𝑛 = 2), and other or mixed operationalizations (𝑛 = 2) were less frequent. 
Importantly, similar binary formulations could represent distinct constructs, ranging from 
suicidal content identification to user-level risk classification. The number of output classes 
therefore does not, by itself, establish conceptual equivalence between studies.

Table 2. Outcome operationalization and ground-truth reporting characteristics of the included studies.

Domain Category 𝒏 % Studies

Outcome
operationalization Binary 126 70.8

[2,4,5,24,25,27–29,31,33,34,36–44,46,48–52,55–57,59–61,63,64,68–72,74–77,80–82,85–
88,90–95,97–103,105–107,110–112,116–127,129,132,134–137,140,141,144,147–154,
156–158,160,163,165,167–170,172,174,176–186,188,189,192–194]

Multiclass nominal 22 12.4 [1,7,26,35,53,58,65,67,83,89,96,104,114,115,130,133,139,142,145,146,175,191]
Ordinal 21 11.8 [8,30,32,45,47,54,62,66,73,78,79,84,108,109,113,128,143,155,161,164,171]
Continuous 5 2.8 [6,131,162,166,173]
Temporal/survival 2 1.1 [138,187]
Other/mixed 2 1.1 [159,190]
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Table 2. Cont.

Domain Category 𝒏 % Studies

Clinical instrument use Administered to users/participants 11 6.2 [6,132,147,150,162,169,174,176–178,183]
Used only as annotation 
framework/taxonomy

15 8.4 [28,30,47,49,66,78,79,84,85,104,115,142,143,155,171]

NR 1 0.6 [135]

NA 151 84.8
[1,2,4,5,7,8,24–27,29,31–46,48,50–65,67–77,80–83,86–103,105–114,116–131,133,134,
136–141,144–146,148,149,151–154,156–161,163–168,170,172,173,175,179–182,184–
194]

Annotator profile Profile reported 73 41.0
[1,2,4,5,7,8,28,30,33,37,39,40,44,45,47,49,51,52,54,57,59,60,66,74,77,78,81,82,84,86,91,
103,104,108,109,113–118,120,123,125,127,130,134,136,138,143,149,152,154–161,163–
165,167,168,170–172,181,184–186,191]

NR 50 28.1 [24,26,27,31,32,34,43,55,58,62,65,69,70,73,79,80,85,87–90,92–95,98–100,107,110–112,
121,122,124,129,133,137,139–141,144,145,148,151,153,179,188,192,194]

NA 55 30.9
[6,25,29,35,36,38,41,42,46,48,50,53,56,61,63,64,67,68,71,72,75,76,83,96,97,101,102,
105,106,119,126,128,131,132,135,142,146,147,150,162,166,169,173–178,180,182,183,
187,189,190,193]

Number of annotators Reported 53 29.8 [1,2,4,5,7,8,28,30,33,37,40,44,47,51,52,66,78,81,82,84,86,91,103,104,109,113–115,117,
118,123,125,130,134,136–138,143,152,154–158,160,165,167,168,170,171,185,186,191]

NR 70 39.3
[24,26,27,31,32,34,39,43,45,49,54,55,57–60,62,65,69,70,73,74,77,79,80,85,87–90,92–95,
98–100,107,108,110–112,116,120–122,124,127,129,133,139–141,144,145,148,149,151,
153,159,161,163,164,172,179,181,184,188,192,194]

NA 55 30.9
[6,25,29,35,36,38,41,42,46,48,50,53,56,61,63,64,67,68,71,72,75,76,83,96,97,101,102,
105,106,119,126,128,131,132,135,142,146,147,150,162,166,169,173–178,180,182,183,
187,189,190,193]

Inter-rater agreement Agreement information reported 44 24.7 [1,4,5,7,8,33,40,44,52,59,62,66,74,78,81,82,86,91,99,103,109,113–115,120,123,125,129,
130,136,138,143,149,152,154,155,165,168,171,181,184–186,191]

NR 73 41.0
[2,24,26–28,30–32,34,39,43,45,47,49,51,54,55,57,58,60,65,69,70,73,77,79,80,84,85,87,
89,92,95,98,100,104,107,108,110–112,116–118,121,122,124,127,133,134,137,139–141,
144,145,148,151,153,156–161,163,164,167,170,172,179,188,192]

NA 61 34.3
[6,25,29,35–38,41,42,46,48,50,53,56,61,63,64,67,68,71,72,75,76,83,88,90,93,94,96,97,
101,102,105,106,119,126,128,131,132,135,142,146,147,150,162,166,169,173–178,180,
182,183,187,189,190,193,194]

Note. Percentages use the total corpus (𝑁 = 178) as the denominator. Categories are mutually 
exclusive within each domain. Outcome operationalization reflects the principal suicide-related 
evaluation context retained for each study. Direct administration of clinical instruments to participants 
was distinguished from their use solely as annotation frameworks or taxonomies. Annotator profiles 
were considered reported when professional background or role was specified; participants providing 
self-reported outcomes were not treated as annotators. For annotation-related fields, NR indicates 
applicable information that was not reported, whereas NA indicates that human annotation was 
not applicable. Inter-rater agreement refers to statistics or explicit agreement criteria reported for 
annotation within the included studies. NR, not reported; NA, not applicable.

Clinical and psychometric instruments played distinct roles in ground-truth construc-
tion. They were administered directly to users or participants in only 11 studies (6.2%), 
whereas 15 (8.4%) used an instrument solely as an annotation framework, severity tax-
onomy, diagnostic reference, or classification criterion. The C-SSRS (𝑛 = 14) illustrates 
this distinction: some studies administered it directly to participants [132,176,178], while 
others used its categories to annotate social-media content without direct participant as-
sessment [30,47,49,66,78,79,84,85,143,155,171]. Consequently, the use of a named clini-
cal instrument should not automatically be interpreted as evidence of clinically assessed 
ground truth.

Reporting of human annotation procedures was also incomplete. Annotator back-
ground or role was reported in 73 studies (41.0%), the number of annotators in 53 (29.8%), 
and inter-rater agreement information in 44 (24.7%). When applicable, these charac-
teristics were not reported in 50, 70, and 73 studies, respectively. Reported agreement 
procedures included kappa statistics [81,82], Krippendorff’s alpha [78,81,168], intraclass 
correlation coefficients [165], percentage agreement [33,82,168], and explicit agreement 
thresholds [7,149,152]. Incomplete reporting limits the ability to assess the consistency and 
comparability of labeling procedures, but does not establish that those procedures were
inadequately implemented.
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Figure 6. Suicide-related outcomes by unit of analysis and ground-truth source across the included 
studies. Panel (a) shows the number of studies for each combination of suicide-related outcome and 
unit of analysis. Panel (b) shows the corresponding distribution by ground-truth source. Studies 
reporting multiple suicide-related outcomes or more than one ground-truth source contribute to 
each applicable category; therefore, counts are not mutually exclusive across rows or ground-truth 
columns. For panel (a), multilevel designs were displayed as a separate analytical category, whereas 
they were grouped under “Other” in the overall study-characteristics summary in Table 1.

3.4.  AI Tasks and Modeling Approaches
Classification dominated the computational tasks evaluated across the included studies, 

as presented in Figure 7a. Binary classification was the most frequent (𝑛 = 127, 71.3%), fol-
lowed by multiclass classification (𝑛 = 27, 15.2%) and ordinal classification or stratification 
(𝑛 = 22, 12.4%). Temporal prediction or early detection was identified in 18 studies (10.1%), 
detection, ranking, or information extraction in 14 (7.9%), topic modeling in 7 (3.9%), and 
regression in 6 (3.4%). Generative or LLM-based tasks (𝑛 = 4, 2.2%) [32,33,99,108] and 
clustering (𝑛 = 3, 1.7%) [61,132,134] were less frequent. Task categories were not mutually 
exclusive because individual studies could address multiple computational objectives.

The evaluated model families also showed substantial diversity, as shown in Figure 7b. 
Traditional machine learning was represented in 123 studies (69.1%), deep learning in 
96 (53.9%), and Transformer-based models in 76 (42.7%). Hybrid architectures (𝑛 = 58, 
32.6%) and ensembles (𝑛 = 40, 22.5%) were also common, while LLMs were evaluated 
in 16 studies (9.0%). These model-family categories were non-mutually exclusive, so the 
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percentages reflect the proportion of included studies evaluating each family and are not 
expected to sum to 100%. Importantly, LLM use was not limited to generative applications: 
although 16 studies evaluated LLM-family models, only four were classified under the 
generative or LLM-based task category [32,33,99,108]. Other studies incorporated LLMs 
into classification, representation, or hybrid workflows [24,26–28,30,31,65,71,85,154,155].

The temporal distribution indicates methodological diversification rather than replace-
ment of earlier approaches, as displayed in Figure 7c. Deep learning first appeared among 
the included studies in 2018 [70,117], Transformer-based models in 2020 [8], and LLMs 
in 2024 [24,27,65,99,108]. By 2025, Transformer-based and deep-learning models were 
each evaluated in 75.0% of the 28 included studies published that year, while traditional 
machine learning remained represented in 53.6%. These modeling families continued to 
coexist among studies published through 22 May 2026. The observed progression therefore 
reflects an expanding methodological repertoire rather than convergence toward a single 
model family.

Figure 7. AI tasks and evolution of modeling approaches across the included studies. 
Panel (a) presents normalized AI task categories, panel (b) the evaluated model families, and 
panel (c) their annual distribution. Categories in panels (a,b) are non-mutually exclusive. Annual 
percentages in panel (c) use the number of included studies published in each year as the denominator. 
Other or non-standard modeling approaches are not displayed separately in panel (b). Data for 2026 
include publications available through May 22.

3.5.  Validation, Generalizability, and Reported Performance
Evaluation predominantly relied on conventional data-splitting and resampling proce-

dures (Figure 8a). Hold-out or train–test-based evaluation was identified in 121 studies 
(68.0%), cross-validation in 77 (43.3%), and repeated resampling or bootstrap procedures 
in 19 (10.7%). Temporal or out-of-time validation strategies were identified in six studies 
(3.4%) [7,131,138,155,171,187], while validation procedures were insufficiently specified in 
23 (12.9%). These categories were not mutually exclusive.
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Independent external validation was identified in only 26 of the 178 studies
(14.6%) [2,5–8,29,42,51,52,56,57,59,60,63,79,85,86,89,100,104,120,145,158,160,163,187]. Among 
these studies, cross-dataset validation was most frequent (𝑛 = 19, 73.1%), followed 
by cross-platform validation (𝑛 = 7, 26.9%) and temporal external validation (𝑛 = 6, 
23.1%) [7,56,63,145,160,187]. Cross-population validation was identified in four stud-
ies [2,5,52,57], whereas cross-language [52,86] and independent clinical validation [6,57] 
were each reported in two. Cross-geographic validation [52] and independent institutional 
or cohort validation [6] were each identified in only one study. These external-validation 
types were not mutually exclusive, as independent evaluation datasets could differ along 
multiple dimensions (Figure 8b).

Figure 8. Validation strategies and external generalizability across the included studies. Panel (a) sum-
marizes reported validation strategies, while panel (b) presents the types of external validation among 
the 26 studies (14.6% of 𝑁 = 178) reporting independent external evaluation. Categories are non-
mutually exclusive in both panels.

Reported predictive performance was generally high among studies providing usable 
numerical estimates (Table 3). F1 was the most frequently available metric (𝑛 = 136, 76.4%), 
followed by recall or sensitivity (𝑛 = 119, 66.9%), precision (𝑛 = 116, 65.2%), and accuracy 
(𝑛 = 114, 64.0%). AUROC was available in 39 studies (21.9%), whereas AUPRC was 
reported in only five (2.8%) [57,92,122,152,184]. Median F1 was 0.8990, median accuracy 
was 0.9249, median recall or sensitivity was 0.8949, and median AUROC was 0.9480. These 
values represent descriptive distributions of study-reported performance rather than pooled 
estimates, given the heterogeneity in outcomes, ground truth, analytical units, datasets, 
metric definitions, and evaluation settings.
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Table 3. Reported performance and class-imbalance characteristics of the included studies.

Domain Metric/Category 𝒏 (%) Median IQR Range

Reported performance Accuracy 114 (64.0) 0.9249 0.8600–0.9600 0.3833–0.9999
Precision 116 (65.2) 0.9200 0.8175–0.9524 0.2200–1.0000
Recall/Sensitivity 119 (66.9) 0.8949 0.7975–0.9495 0.1217–0.9999
Specificity 18 (10.1) 0.8145 0.7195–0.9468 0.5656–0.9880
F1 136 (76.4) 0.8990 0.7928–0.9493 0.3184–0.9995
AUROC 39 (21.9) 0.9480 0.8700–0.9800 0.6100–0.9980
AUPRC 5 (2.8) 0.9300 0.8750–0.9390 0.8400–0.9970

Class imbalance Yes 115 (64.6)
No 35 (19.7)
NR 21 (11.8)
NA 7 (3.9)

Imbalance management No explicit mitigation 61 (53.0)
Explicit mitigation strategy 48 (41.7)
NR 6 (5.2)

Management methods Oversampling/SMOTE 12 (10.4)
Data augmentation/synthetic 
generation 12 (10.4)

Undersampling 12 (10.4)
Class weighting/loss 8 (7.0)
Balanced sampling/batches 4 (3.5)
Other 3 (2.6)

Note. Performance-metric percentages use the full corpus (𝑁 = 178) as the denominator and include 
only usable numerical values. Median, interquartile range (IQR; 25th–75th percentile), and range 
describe study-reported results and are not pooled performance estimates. Class-imbalance percent-
ages also use 𝑁 = 178; studies were classified as imbalanced when imbalance was identified in the 
relevant data or analytical configuration, even if subsequently mitigated. Imbalance-management and 
management-method percentages use the 115 studies with identified imbalance as the denominator. 
Management methods are non-mutually exclusive. NR, not reported; NA, not applicable; AUROC, 
area under the receiver operating characteristic curve; AUPRC, area under the precision–recall curve.

Class imbalance was identified in 115 studies (64.6%). Among these, 61 (53.0%) 
reported no explicit mitigation, 48 (41.7%) reported or evaluated a mitigation strategy, 
and six (5.2%) provided insufficient information. The most frequent approaches were 
oversampling or SMOTE, data augmentation or synthetic generation, and undersampling 
(12 studies each), followed by class weighting or loss modification (𝑛 = 8) and balanced 
sampling (𝑛 = 4). The combination of frequent class imbalance and limited AUPRC 
reporting highlights an important limitation in the available information for assessing 
performance under imbalanced class distributions.

3.6.  Explainability, Ethics, Privacy, and Reproducibility
Explainability or interpretability was identified in 58 of the 178 studies (32.6%), while 

120 (67.4%) did not report an explicit approach (Figure 9a). Post-hoc XAI methods were the 
most frequent (𝑛 = 23), followed by feature-based or descriptive interpretability (𝑛 = 19), 
attention-based approaches (𝑛 = 15), and intrinsic, rule-, or knowledge-based interpretabil-
ity (𝑛 = 8). Four studies used other or non-standard approaches, and two incorporated 
LLM-generated rationales or explanations [30,85]. These categories were not mutually 
exclusive. Representative techniques included SHAP and LIME [25,34,41,47,48], permuta-
tion importance [8,74], Integrated Gradients [85], attention visualizations [31,35,54], and 
interpretable rules or knowledge-informed representations [63,120,128,159]. These findings 
characterize the approaches reported by the studies rather than establishing the validity or 
clinical utility of their explanations.
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Ethics and privacy reporting varied across the reviewed studies (Figure 9b). Ethics-
review information was not reported in 118 studies (66.3%), whereas 31 (17.4%) explicitly 
reported approval or review, 10 (5.6%) reported an exemption, and 5 (2.8%) stated that no 
ethics review was conducted. Consent information was not reported in 117 studies (65.7%). 
Anonymization was explicitly documented in 84 studies (47.2%), privacy considerations in 
102 (57.3%), and platform terms-of-service considerations in 16 (9.0%). Ethics approval and 
consent were documented in studies linking social-media data to participant-level clinical or 
psychometric assessments [6,132,162,169,177,178], while formal exemptions were reported 
for some secondary-data investigations [78,127,138,154,188]. These results describe the 
extent of reporting and should not be interpreted as evidence that unreported ethical 
procedures were absent.

Figure 9. Explainability, ethics, privacy, and reproducibility across the included studies. Panel (a) sum-
marizes interpretability approaches, which were not mutually exclusive; panel (b) presents ethics- 
and privacy-related reporting; and panel (c) shows data and source-code availability. Public-data 
status in panel (b) refers to the visibility of the original source data, whereas data availability in panel 
(c) concerns reusable study resources. Panels (b,c) use 𝑁 = 178 as the denominator; labels represent 
rounded percentages in panel (b) and study counts in panel (c).
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Public visibility of source data did not necessarily correspond to availability for reuse. 
Although 127 studies (71.3%) analyzed source data classified as public, reusable study 
data were publicly or directly available in only 65 (36.5%). Another 56 studies (31.5%) 
reported partial, restricted, or request-based access, 6 (3.4%) explicitly indicated that data 
were unavailable, and availability was not reported or could not be verified in 51 (28.7%) 
(Figure 9c). Resources available only upon request or under specific access conditions were 
classified as partially rather than directly available [28,74,109,162,166,172].

Source-code availability was more limited: code was publicly or directly available in 
22 studies (12.4%), partially or conditionally available in 4 (2.2%), explicitly unavailable 
in 3 (1.7%), and not reported in 149 (83.7%). Only 14 studies (7.9%) had both reusable 
data and source code classified as publicly or directly available, as detailed in Table 4. 
These availability classifications describe access to reported research resources rather than 
demonstrating that the corresponding analyses can be fully reproduced.

Table 4. Studies reporting publicly or directly available data and source code.

Study Year Platform/Data Resource Data Availability Code Availability

[56] 2020 Reddit; Reddit Mental Health Dataset Dataset available through the Open 
Science Framework Public GitHub repository

[148] 2020 Twitter/X; Spanish suicidal-intent 
Twitter dataset

Dataset available through the public 
study GitHub repository

Code available through the same 
GitHub repository

[84] 2021 Reddit; C-SSRS-aligned Reddit 
suicide-severity dataset

Dataset/resource publicly available 
through GitHub

ASHA implementation publicly available 
through GitHub

[130] 2022 Twitter/X; suicide-related content 
annotation dataset

Tweet IDs and derived data available 
through GitHub

Analysis and training code available 
through GitHub

[137] 2022 Twitter/X; Arabic suicidal-content 
dataset

Dataset available through the public 
project repository

Model implementation available through 
the same repository

[114] 2023 Twitter/X; TWISCO Tweet IDs and labels distributed 
through GitHub

Code available through the same 
public repository

[38] 2024 Twitter/X; Reddit; TwitterDS1, Twit-
terDS2, and Reddit_SNS (RedditDS1) Public datasets referenced by the study

Code available through the TCN-based-
Model-for-Suicidal-Ideation-Detection 
repository

[65] 2024 Twitter/X; Reddit; combined Spanish 
emotion and mental-health corpus

Corpus/raw data available through 
GitHub and Supplementary Files

Code available through Supplementary 
Files and/or the project repository

[72] 2024 Reddit; Suicide and Depression Detection Dataset publicly available through 
Kaggle

Analytical files/code available as supple-
mentary resources

[188] 2024 Sanctioned Suicide forum; Suicide Dis-
cussion subforum

Data and study materials reported in the 
Supplementary Materials

Analytical scripts/code reported in the 
Supplementary Materials

[154] 2025 Sina Weibo; SOS-HL-1K Dataset available through the study 
GitHub repository

Code available through the study GitHub 
repository

[67] 2025 Reddit; Twitter/X; Facebook; Sentiment 
Analysis for Mental Health

Dataset publicly available through 
Kaggle Code publicly available through GitHub

[167] 2025 Sina Weibo; Customized Weibo Super 
Topic suicidal-ideation dataset Dataset published through GitHub Model implementation available 

through GitHub

[50] 2026 Reddit; Suicide Watch Dataset Dataset publicly available through 
Kaggle

Associated code/resources reported by 
the study

Note. The table includes the 14 studies (7.9%; 𝑁 = 178) with both data and code classified as 
publicly or directly available. Availability refers to reusable research resources rather than the public 
visibility of source content. Reuse may depend on platform policies and continued content accessibility, 
particularly when only post identifiers or derived labels are shared. Availability does not by itself 
establish full computational reproducibility.

4.  Discussion
4.1.  Principal Findings

This review of 178 studies identifies a central tension between the increasing diversity 
of AI methods and the limited comparability of the reported evidence. Research remains 
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concentrated in recurrent social-media platforms and datasets, while suicide-related out-
comes and ground-truth procedures vary substantially. Importantly, apparently similar 
classification tasks may represent distinct suicide-related outcomes, analytical units, la-
beling procedures, and inferential objectives; detecting suicide-related content does not, 
by itself, establish the ability to predict subsequent suicidal behavior. Although reported 
performance was often high among studies providing usable metrics, external validation 
was identified in only 26 studies (14.6%), and reporting of explainability, ethical proce-
dures, and reusable data and code was uneven. These findings extend concerns raised in 
earlier reviews [10–12,14,21] by showing that model performance must be interpreted in 
relation to the target construct, analytical unit, label provenance, independent evaluation, 
and reporting transparency.

4.2.  Methodological Diversification and Empirical Concentration
The findings indicate diversification rather than replacement of modeling approaches: 

traditional machine learning, deep learning, Transformer-based models, and LLMs coexist 
in the literature, consistent with earlier syntheses [10,12,15,16]. LLMs have been used 
not only for generative applications but also for classification, representation, and hybrid 
workflows [24,27,65,71,85]. Comparisons across reviews nevertheless depend on model 
taxonomy. Holmes et al. [9] included models such as BERT and T5 within their broader 
LLM category, whereas the present review classified BERT-type encoders as Transformer-
based models. Differences in the apparent timing of LLM adoption therefore partly reflect 
coding definitions rather than contradictory findings.

This methodological diversification has occurred within a relatively concentrated empiri-
cal base. Reddit and Twitter/X remained the predominant platforms, while resources such 
as the Suicide and Depression Detection dataset and the UMD/CLPsych Reddit Suicidality 
Dataset were repeatedly reused. Established datasets can facilitate comparisons between 
modeling approaches, but repeated evaluation on the same resources does not establish gener-
alizability to other populations, platforms, languages, or settings. Similar concentrations of 
social-media data sources have been identified in previous reviews [9,12,20].

The limited reporting of data provenance further constrains interpretation. The geo-
graphic origin of the analyzed social-media data was not reported in 126 of the 178 stud-
ies (70.8%). Moreover, the countries associated with author affiliations do not neces-
sarily represent the geographic origin of the users or datasets analyzed. These report-
ing limitations, together with the concentration of data sources, restrict the ability to 
assess geographical and cross-cultural generalizability, consistent with concerns raised 
in earlier syntheses [12,16,20]. Consequently, growth in publication activity and model 
complexity should not be interpreted as direct evidence of stronger external validity or
clinical applicability.

4.3.  Outcome and Ground-Truth Heterogeneity as a Central Challenge
Outcome heterogeneity complicates comparisons even among studies using similar 

classification approaches. Although binary operationalization predominated in 126 studies 
(70.8%), the positive class represented different constructs, including suicidal ideation, sui-
cidal communication, suicide risk, suicide attempts, suicide death, and composite outcomes. 
Analytical units also varied, ranging from individual posts to users, longitudinal histories, 
and population-level signals. Consequently, identifying suicide-related language in a post 
is not equivalent to estimating an individual’s suicide risk or predicting subsequent suicidal 
behavior. This distinction reinforces concerns raised in earlier reviews about reducing 
multidimensional suicidal phenomena to binary labels and treating online expressions as 
proxies for clinically verified outcomes [10,14,18–20].
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The 18 studies (10.1%) assigned to the broad temporal-prediction, forecasting, or early-
detection category encompassed different objectives, from identifying existing risk indica-
tors in sequential content to forecasting subsequent population-level suicide counts [187]. 
They therefore cannot be equated with studies prospectively predicting individual suicidal 
behavior. Likewise, temporal external validation in six studies could involve evaluating 
classifiers on later-collected posts [7] without assessing future clinical outcomes. Because 
prediction horizons and predictor–outcome temporal ordering were not systematically 
extracted, the frequency of genuinely prospective individual-level prediction could not be 
reliably determined.

Ground-truth sources were similarly heterogeneous, encompassing inherited dataset 
labels, clinical and non-clinical annotation, community-based proxies, self-report or 
instrument-based measures, rule-based labels, and documented events. These approaches 
differ in their relationship to the underlying suicide-related construct and should not be 
treated as interchangeable [16]. A particularly important distinction concerns clinical and 
psychometric instruments: they were administered directly to participants to establish the 
outcome in only 11 studies, whereas 15 used such instruments as annotation frameworks, 
taxonomies, or classification references. The C-SSRS illustrates this difference, having been 
administered directly in participant-linked studies [132,176,178] but also used to categorize 
social-media content without direct participant assessment [30,47,49,66,78,79,84,85,143,155,
171]. By contrast, all six studies examining suicide death relied on documented events 
or administrative records [39,119,131,138,170,187]. These differences mean that favorable 
performance against a particular operational label does not necessarily establish equivalent 
predictive or clinical validity across studies.

Human annotation introduced additional variability. Annotator profiles were reported 
in 73 studies, not reported in 50, and not applicable in 55. When annotation was relevant, 
information on annotator qualifications, adjudication procedures, and inter-rater agreement 
was frequently incomplete. Reported practices included clinical professionals, non-clinical 
annotators, and crowdworkers [5,66,78,155], with agreement assessed through different 
measures when reported. Earlier reviews similarly highlighted concerns regarding anno-
tation quality, expertise, and potential labeling bias [11,14,18]. Importantly, incomplete 
reporting does not establish that labeling procedures were inadequate, but it limits assess-
ment of their consistency and methodological comparability. Accordingly, reported model 
performance should be interpreted in relation to the specific outcome definition, analytical 
unit, ground-truth provenance, and labeling procedure rather than treating “suicidality” as 
a homogeneous prediction target.

4.4.  High Reported Performance but Limited Evidence of Generalizability
Although reported performance was generally high among studies providing usable 

metrics (median F1 = 0.8990; median AUROC = 0.9480), these values represent descrip-
tive distributions rather than pooled estimates of predictive performance. Differences in 
suicide-related outcomes, ground-truth sources, datasets, analytical units, positive-class 
definitions, averaging procedures, and validation settings limit comparability across studies. 
In particular, a median F1 of 0.8990 does not imply approximately 90% classification accu-
racy or equivalent performance in independent populations. The standardized selection 
of a principal model–evaluation context reduced within-study extraction ambiguity but 
could not eliminate between-study heterogeneity. Similar interpretive limitations have been 
highlighted in previous reviews reporting favorable yet methodologically heterogeneous 
results [10,21].

An additional limitation concerns the distinction between discrimination and calibra-
tion. The extracted performance metrics primarily characterize classification or discrimina-
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tion, but do not establish whether predicted probabilities correspond to observed outcome 
frequencies. Calibration was not a predefined variable in the extraction framework and was 
therefore not systematically assessed in this review. Consequently, we cannot determine 
how frequently calibration was evaluated or adequately reported across the included stud-
ies. This limitation is particularly relevant to models intended for individual risk prediction 
or clinical decision support, rather than tasks limited to classifying existing social media 
content. For clinically oriented prediction models, calibration should be evaluated and 
transparently reported alongside discrimination, consistent with TRIPOD+AI [195].

Independent external validation was identified in only 26 studies (14.6%), pre-
dominantly through cross-dataset evaluations. Other dimensions of transportability 
were less frequently examined. Temporal external validation was reported in six stud-
ies [7,56,63,145,160,187], while cross-language [52,86] and independent clinical valida-
tion [6,57] were each identified in two studies. Cross-geographic validation [52] and 
independent institutional or cohort validation [6] were each identified in only one study. 
Consequently, successful internal testing or evaluation on another dataset does not necessar-
ily establish generalizability across populations, languages, geographic settings, or clinical 
contexts. Earlier reviews have similarly emphasized the need for independent, prospective, 
and real-world validation [15,16,20,21].

Evaluation independence presents a related source of uncertainty. In social media 
datasets, overlapping users or duplicated content across training and test sets, as well as 
resampling or data augmentation performed before splitting, can introduce data leakage 
and inflate apparent performance. Although validation strategies were extracted, user-
level partitioning, duplicate-control safeguards, and the sequencing of resampling or aug-
mentation were not systematically assessed. Consequently, this review cannot determine 
whether data leakage affected the reported performance estimates. This limitation of the 
methodological synthesis should not be interpreted as evidence that leakage occurred in 
the included studies.

Class imbalance was identified in 115 studies (64.6%), yet AUPRC was available in 
only five (2.8%) [57,92,122,152,184]. Although this does not invalidate studies reporting 
accuracy, F1, or AUROC, it limits the interpretation of performance under class distributions 
that may differ substantially from those used during model development. Greater trans-
parency regarding positive-class prevalence, imbalance mitigation, and complementary 
precision–recall-based evaluation would therefore improve the interpretation of reported 
results, consistent with concerns raised in earlier reviews [11,12,21]. Taken together, high 
performance within recurrent benchmark settings and limited independent validation leave 
the transportability of many reported models uncertain.

4.5.  Uneven Reporting of Explainability, Ethics, and Reproducibility
Explainability or interpretability was identified in 58 studies (32.6%), encompassing 

heterogeneous approaches such as post-hoc XAI, feature-based analyses, attention visual-
izations, interpretable rules, and LLM-generated rationales. These methods are not inter-
changeable, and their presence does not establish that the resulting explanations are stable, 
faithful to model behavior, or clinically meaningful. Previous reviews have similarly identi-
fied interpretability as a methodological challenge in suicide-related modeling [10,11,14,16]. 
Because the present review examined the documented use of interpretability approaches 
rather than independently evaluating their validity or clinical utility, these findings charac-
terize methodological reporting rather than the effectiveness of explanations for supporting 
clinical decisions.

Ethical reporting showed comparable limitations. Ethics-review information was not 
reported in 118 studies (66.3%), and consent information was not reported in 117 (65.7%). 
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However, absence of reporting does not establish that ethical review, consent assessment, or 
other governance procedures were not performed. The findings therefore concern reporting 
transparency rather than ethical compliance. Earlier syntheses have likewise identified 
inconsistent documentation of ethical considerations, privacy, and consent [9,14,17,18,20], 
although differences in their assessment criteria prevent direct numerical comparisons.

Reproducibility-related findings require distinguishing publicly accessible source con-
tent from reusable analytical datasets and computational resources. Although 127 studies 
(71.3%) analyzed source data classified as public, study data were publicly or directly 
available for reuse in only 65 (36.5%). Source code was publicly or directly available in 
22 studies (12.4%), while only 14 (7.9%) had both data and code classified as publicly or 
directly available. Nevertheless, resource availability does not by itself establish computa-
tional reproducibility, particularly when shared materials consist of identifiers, incomplete 
analytical workflows, or resources subject to platform restrictions and changing access 
conditions. Consistent with concerns raised in earlier reviews [9,15,18], these findings 
should be interpreted as indicators of reporting transparency and potential reusability 
rather than evidence that published analyses can be independently reproduced in full.

4.6.  Implications for Future Research and Clinical Translation
Future research should prioritize clearly defined suicide-related outcomes, transparent 

ground-truth construction, and independent evaluation. Studies should specify the target 
construct, analytical unit, and label provenance, distinguishing clinical instruments ad-
ministered directly to participants from those used only as annotation frameworks. When 
human annotation is involved, annotator expertise, adjudication procedures, and inter-rater 
agreement should be reported where applicable. External validation should extend be-
yond testing on an additional dataset to differences in platforms, languages, geographic 
settings, populations, collection periods, and independent clinical or institutional cohorts. 
Prospective or temporally independent evaluation is particularly important when predict-
ing subsequent suicidal behavior. These priorities are consistent with recommendations 
from earlier reviews [9,15,16,21]; however, only six studies in the present corpus reported 
temporal external validation.

Performance reporting should specify the positive class, averaging procedures for 
precision, recall, and F1, and any methods used to address class imbalance. Imbalance 
was identified in 115 studies, whereas AUPRC was reported in only five, indicating the 
value of incorporating precision–recall-based measures alongside other task-appropriate 
metrics, particularly when suicide-related outcomes are rare. Explainability should likewise 
be evaluated in relation to the prediction and its intended use rather than inferred solely 
from the presence of an interpretability technique. For LLM-based approaches, generated 
rationales may be linguistically plausible without faithfully representing the underlying 
model decisions, making explicit evaluation of their reliability particularly important.

Ethical and reproducibility reporting should clearly document ethics-review or exemp-
tion status, consent procedures where applicable, privacy safeguards, anonymization, and 
relevant platform-access conditions. Publicly accessible social-media content should be dis-
tinguished from reusable analytical datasets and restricted resources. Sharing sufficiently 
detailed code, preprocessing and evaluation procedures, and computational resources 
would facilitate independent verification while respecting legitimate restrictions on sen-
sitive data. Ultimately, clinical translation requires evidence of generalizability beyond 
development datasets, prospective evaluation where appropriate, and human oversight, 
with AI supporting rather than replacing clinically grounded assessment [9,13,16,17,21]. 
Given the limited evidence from independent clinical, cross-language, cross-geographic, 
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and cross-population validation, caution remains necessary when extrapolating reported 
performance to untested settings.

4.7.  Strengths and Limitations
A principal strength of this review is its structured and traceable synthesis of 178 stud-

ies selected from Scopus and Web of Science following PRISMA 2020. Abstract and full-text 
screening involved two reviewers, with disagreements resolved by a third author. Following 
pilot calibration, the 50-field extraction framework was independently applied by two re-
viewers, with discrepancies resolved through consensus or third-reviewer adjudication. 
Explicit harmonization rules and a predefined model–evaluation hierarchy reduced coding 
inconsistencies and prevented performance metrics from different models or evaluation con-
texts from being combined within individual studies. The supplementary extraction matrix 
and study-level notes further supported methodological transparency and traceability.

The review was restricted to English-language publications indexed as Article or Ar-
ticle Early Access in Scopus and Web of Science, excluding conference papers and other 
publication types. Seven reports sought for full-text assessment could not be retrieved. 
These restrictions may have excluded relevant evidence. In addition, substantial hetero-
geneity in suicide-related outcomes, ground-truth sources, analytical units, performance 
metrics, and validation settings precluded meaningful statistical pooling. The reported 
medians should therefore be interpreted as descriptive distributions of study-reported 
values rather than estimates of overall diagnostic or predictive performance. The search 
was completed on 22 May 2026; consequently, publication trends and the representation of 
emerging approaches, particularly LLM-based methods, reflect only the evidence available 
at that date.

No formal study-level risk-of-bias or methodological-quality assessment was per-
formed, as this review aimed to characterize methodological practices across heterogeneous 
AI tasks rather than formally appraise individual prediction models. Consequently, the 
reported frequencies of validation strategies, ground-truth procedures, and other method-
ological characteristics describe their occurrence or reporting, not their adequacy or the 
reliability of the resulting evidence. In particular, high reported performance metrics and 
the presence of external validation should not be interpreted as establishing unbiased or 
reliable predictive performance. Future systematic reviews focused on clinically oriented 
prediction models could apply PROBAST+AI [196] to assess model-development qual-
ity, risk of bias in performance evaluation, and applicability. In addition, the absence of 
a quantitative pre-consensus inter-rater agreement measure limits the assessment of the 
reproducibility of initial data-extraction decisions. Furthermore, the synthesis depended 
on information available in published reports and associated resources. Information coded 
as not reported does not establish that the corresponding procedure was absent or inade-
quately implemented, particularly regarding ethics, privacy, validation, and reproducibility. 
Data and code availability were assessed according to resources reported or accessible 
at the time of extraction and may change with repository status, platform policies, and 
access restrictions.

5.  Conclusions
This review of 178 studies shows that increasing methodological diversity in social-

media-based AI research has not been accompanied by equally broad evidence of com-
parability or generalizability. Although traditional machine learning, deep learning, 
Transformer-based models, and LLMs coexist, empirical evaluations remain concentrated in 
recurrent Reddit and Twitter/X datasets, and the geographic origin of the analyzed data was 
not reported in 70.8% of studies. More importantly, models target distinct suicide-related 
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constructs and analytical units using heterogeneous ground-truth sources. Consequently, 
high study-reported performance should not be interpreted as evidence that detecting 
suicide-related content necessarily predicts subsequent suicidal behavior.

External validation was identified in only 26 studies (14.6%), with cross-language, 
cross-geographic, and independent clinical evaluations remaining uncommon. Explain-
ability was identified in 58 studies (32.6%), code was publicly or directly available in 22 
(12.4%), and both reusable data and source code were publicly or directly available in 
only 14 (7.9%). Ethics-review and consent information were also frequently unreported. 
Taken together, these findings identify limitations in the published evidence available to 
assess independent validation, ground-truth validity, interpretability, ethical oversight, and 
reproducibility. They do not establish that unreported procedures were absent or inade-
quately implemented. Ultimately, the credibility and potential clinical applicability of these 
systems depend on clearly defined outcomes, transparent label provenance, independent 
evaluation, and reproducible reporting, rather than model complexity or internal predictive 
performance alone.
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Abbreviations
The following abbreviations are used in this manuscript:

AI Artificial intelligence
AUPRC Area under the precision–recall curve
AUROC Area under the receiver operating characteristic curve
BERT Bidirectional Encoder Representations from Transformers
BiLSTM Bidirectional long short-term memory
CNN Convolutional neural network
C-SSRS Columbia-Suicide Severity Rating Scale
DL Deep learning
IQR Interquartile range
LIME Local Interpretable Model-agnostic Explanations
LIWC Linguistic Inquiry and Word Count
LLM Large language model
LSTM Long short-term memory
ML Machine learning
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NA Not applicable
NLP Natural language processing
NR Not reported
PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses
RNN Recurrent neural network
RoBERTa Robustly Optimized BERT Pretraining Approach
SHAP SHapley Additive exPlanations
SMOTE Synthetic Minority Over-sampling Technique
SVM Support vector machine
XAI Explainable artificial intelligence

Appendix  A.  Full-Text Reports Excluded After Eligibility Assessment
A total of 203 reports were retrieved and assessed in full text against the eligibility 

criteria. Following full-text assessment, 25 reports were excluded because they did not 
satisfy one or more criteria required for inclusion in the systematic review. Tables A1–A3 
identify these reports, the principal eligibility criterion not met, and the corresponding 
reason for exclusion. When more than one criterion was not satisfied, the criterion or 
combination of criteria most directly responsible for the final exclusion decision is reported.

Table A1. Reports excluded after full-text eligibility assessment and primary reasons for exclusion 
(Part 1).

Study Eligibility Criterion Not Met Reason for Exclusion

[197] Empirical evaluation of the suicide-related 
model

Suicide-related themes were examined using hazard models, but no predictive or dis-
criminative evaluation of the suicide-related outcome was performed.

[198] Suicide-related outcome and computational 
task

The evaluated classification task distinguished depressed from normal content rather 
than explicitly assessing suicidality.

[199] Empirical evaluation of the suicide-related 
model

AI-derived Facebook topics were associated with C-SSRS scores, but no out-of-sample 
predictive evaluation of suicidality was performed.

[200] Empirical evaluation of the suicide-related 
model

Topic and regression analyses examined associations with suicide attempts, but predictive 
or discriminative performance for the suicide-related outcome was not evaluated.

[201] Outcome explicitly related to suicidality The predicted outcome was self-harm irrespective of suicidal intent and therefore was 
not sufficiently specific to suicidality.

[202] Suicide-related computational task The Transformer classified the intended meaning of geographical mentions rather than 
detecting, assessing, stratifying, or predicting suicidality.

[203] Empirical evaluation of the suicide-related 
model

Topic models and regression analyses examined factors associated with suicidal tenden-
cies, but no predictive evaluation of the suicide-related outcome was performed.

[204] Suicide-related computational task The models classified Health Belief Model components and emotional expressions; suici-
dal ideation was discussed but was not the target of the AI task.

[205] Suicide-related computational task The models predicted emotions and sentiment from healthcare experiences rather than 
an explicit suicide-related outcome.

Table A2. Reports excluded after full-text eligibility assessment and primary reasons for exclusion 
(Part 2).

Study Eligibility Criterion Not Met Reason for Exclusion

[206] Empirical evaluation of the suicide-related 
model

The study analyzed messages previously identified as high risk, but did not provide a 
new empirical evaluation of the suicide-related model.

[207] Data obtained from social media and user-
generated content

Models were developed using US Army administrative records and the National Death 
Index rather than social-media or user-generated data.

[208] Outcome explicitly related to suicidality The system classified emotional distress in blogs rather than an explicit suicide-related 
outcome.
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Table A2. Cont.

Study Eligibility Criterion Not Met Reason for Exclusion

[209] Data obtained from social media The CEASE suicide-note corpus was used, but the study did not establish that the experi-
mental data originated from an eligible social-media source.

[210] Suicide-related outcome and computational 
task

The experimental task classified depression versus non-depression without indepen-
dently labeling or evaluating a suicide-related outcome.

[211] Suicide-related computational task and em-
pirical evaluation

Machine learning classified illegal drug selling and diversion; suicide-related content 
was subsequently identified without an evaluated AI model targeting suicidality.

[212] Empirical evaluation of the suicide-related 
model

A previously developed suicide-signal model was applied, but its predictive or discrimi-
native performance was not evaluated in the present study.

[213] Suicide-related outcome and computational 
task

Suicide-related classifiers generated social-media indicators, but the forecasting model 
predicted mental-health consultations rather than a suicide-related outcome.

Table A3. Reports excluded after full-text eligibility assessment and primary reasons for exclusion 
(Part 3).

Study Eligibility Criterion Not Met Reason for Exclusion

[214] Data obtained from social media The principal behavioral input consisted of interactions with articles on The New York 
Times website, which was not considered an eligible social-media source.

[215] Identifiable unit of analysis and sufficient 
methodological information

Insufficient information was provided on sample composition, prediction unit, ground 
truth, labeling, and evaluation design to assess the study reproducibly.

[216] Suicide-related computational task The evaluated models classified emotions within suicide-related texts rather than detect-
ing, assessing, stratifying, or predicting suicidality itself.

[217] Suicide-related outcome and computational 
task

The models classified sentiment in microblogs; suicide was discussed as a potential 
application but was not an empirically evaluated outcome.

[218] Suicide-related outcome and computational 
task

The evaluated labels reflected sentiment and mental-health content but did not establish 
an explicit suicide-related computational outcome.

[219] Original research, empirical evaluation, and 
sufficient methodological information

The report inconsistently described its numerical results as both real-world and simulated, 
preventing verification of original empirical evaluation.

[220] Suicide-related outcome and computational 
task

Neural models reproduced VADER sentiment labels interpreted as suicide propensity; 
the ground truth therefore represented sentiment rather than suicidality.

[221] Original research, empirical evaluation, and 
sufficient methodological information

A multimodal architecture was proposed, but no implemented dataset, training proce-
dure, validation design, or original performance results were reported.

Note. Reports were excluded after full-text assessment. When multiple eligibility criteria were not 
satisfied, the criterion or combination of criteria most directly responsible for the final exclusion 
decision is shown.
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