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Abstract
The COVID-19 pandemic increased anxiety, depression, and post-traumatic stress disorder around the world. It also revealed gaps in services and led to a rapid rise in the use of machine learning (ML) tools for assessment and support. This scoping review examined post-2020 evidence on ML-based screening, prediction, and intervention in populations affected by the pandemic. Following the Population-Concept-Context framework and PRISMA-ScR, searches in APA PsycINFO and MEDLINE/PubMed found 476 records. After removing duplicates and screening, 19 studies were included. Ten studies validated machine learning models using data from social media, surveys, smartphone or wearable sensors, speech, or electrocardiograms. Nine studies looked at machine learning-enabled chatbots in community or clinical settings. Screening and prediction models showed good results for anxiety, depression, and post-traumatic stress disorder, with multimodal approaches often achieving the best outcomes. Chatbot interventions were practical and well-received, leading to small reductions in depression, anxiety, or loneliness. However, these effects often matched those of self-help controls and depended on ongoing engagement. From all methodologies, the primary challenges have included privacy concerns, potential cultural and linguistic biases, insufficient external validation, and evolving datasets. In general, machine learning approaches offer valuable alternatives for the detection and provision of low-threshold support after the pandemic. Nevertheless, safe scaling requires validation on equity, privacy-preserving designs, transparent reporting, and appropriate practical implementation within routine care in order to establish trust, governance, and clinical acceptance.
1.0 Introduction
1.1 Problem and context/background
Anxiety and depressive disorders increased worldwide after the beginning of the COVID-19 pandemic. This increase was seen across various age groups and different countries. This shows that after the pandemic, mental health became the most significant issue worldwide (Santomauro et al., 2021). Significant research shows that after any infection, there is increased risk of various psychiatric disorders, including depression, anxiety, and trauma. (Taquet et al., 2021). This means that monitoring should continue, rather than just waiting for the virus to run its course or for symptoms to stop. The reviews of what happens after an outbreak also show us that PTSD is one of the problems that can occur long after the immediate danger of an outbreak is gone. The trauma that comes from an outbreak is often unrecognized and is also an important burden for the communities that suffer the other problems of the post COVID-19 period (Yuan et al., 2021).
Simultaneously, the crisis highlighted the structural shortcomings embedded in the system of mental health services, particularly mental health services which in person care were shuttered due to lockdowns, staff take leave due to staffing level shortages, and infection control regulations (Zangani, Berezin, Tzeng, Williams, 2022). Absence of in person care were reopened, however, the provision of mental health care was in haphazard, unequal, and unregulated, resulting in the health care crisis of the system of arranged mental health services to have been “digital” (Witteveen, Deren, Schwanen, 2022). The crisis gave birth to  migrated mental health care digital health services and integrated technologies digital mental health and integrated health to provide mental stable health to meet the crisis of society (Torous, Jashinsky, Tofighi, 2020).
Machine learning has the potential to unravel some of the challenges along this pathway by identifying clinically driven patterns within vast, multi-dimensional, real-world data streams. This capability has the potential to drive unprecedented levels of early detection, risk stratification, and personalized interventions (Dwyer et al., 2018). A review of machine learning (ML) applications in psychiatry and clinical psychology shows movement in a continuum from the first stages of concept validation to the real-world execution of predictive activities. Yet, this work highlights the challenges of validation and contextual fit that must be overcome to successfully adapt and adopt these techniques to clinical work (Shatte et al., 2019). In the post-pandemic scenario, this focus is even more urgent given the large amount of digital data, especially electronic health records, passive sensors, and online interactions, which can augment self-report symptom checklists that may be used when time, stigma, or clinical overload prevent routine screenings (Montejo-Ráez et al., 2024).
As mental health apps have advanced due to the onset of the COVID-19 pandemic, so have the roles of mental health professionals, creating a demand for the implementation of conversational agents and chatbot therapies to fill the gaps created by the limited availability of mental health specialists (Torous et al, 2020). In one of the crisis response chatbot studies, the reviewers concluded that the use of chatbots can lead to improvement in mental health outcomes, but the improvement is dependent on the chatbots’ intended use, the target group, and the overall effectiveness of the application (Abd-Alrazaq et al, 2020). While all stakeholders in those applications advocate for flexibility in machine learning (ML), a more granular and explicit focus on crisis mitigation is needed (Büscher et al, 2024). Bias and privacy concerns come to the forefront when ML in mental health applications is used and the variables used to train models are poorly representative (Gianfrancesco et al, 2018).
1.2 Scope of Review
This scoping review systematically maps empirical evidence on machine-learning approaches for mental-health assessment and intervention in populations affected by the ongoing Coronavirus pandemic. The focus of this research is on anxiety, depression, post-traumatic stress disorder, and related crisis states. It draws on post-2020 studies that use machine learning for screening, risk prediction, severity estimation, or delivery of digital therapeutics. The included work spans social-media analytics, survey and digital-phenotyping models using smartphones, wearables, speech, or electrocardiograms, and clinically or community-validated chatbot interventions. The review also examines reported ethical, privacy, bias, validation, and implementation issues relevant to post-pandemic care pathways across diverse settings, age groups, and global health systems.
1.3 Aim and Specific Objectives of review
This study aims to map and critically describe the application of machine-learning methods in the screening, prediction, and management support of post-pandemic mental health conditions. In addition, the study aims to identify implementation and ethics-related gaps.
i. Identify and classify machine-learning models and data modalities used for detecting or predicting anxiety, depression, post-traumatic stress disorder, and crisis states in post-pandemic or COVID-referencing populations. 
ii. Synthesise evidence on machine-learning–enabled chatbot and other digital interventions, focusing on effects on symptom change, treatment access, engagement, and adherence in post-pandemic contexts.
iii. Map reported ethical, privacy, bias, validation, and real-world deployment constraints, and to outline priority directions for safe, equitable scale-up of post-pandemic digital mental-health care.


2.0 Methodology
2.1 Design and Reporting Standards
The present study employed a scoping review design guided by the Population–Concept–Context (PCC) framework to map how machine-learning approaches are being used to assess and intervene in mental-health conditions that have intensified in post-pandemic populations. The review was conducted in accordance with the PRISMA extension for Scoping Reviews (PRISMA-ScR), a protocol that ensures transparency in the screening process and the documentation of selection decisions. No protocol was registered. In accordance with the objectives of a scoping review, which are to characterise and classify evidence rather than to estimate pooled effects, no formal risk-of-bias appraisal was conducted. The methodological safeguards encompassed explicit PCC-based eligibility criteria, a multi-step screening process, and standardised data charting to ensure reproducibility.
2.2 Eligibility Criteria
The eligibility criteria were defined before the study began, using PCC to capture empirical evidence from after the pandemic on screening, prediction, or intervention using machine learning (ML) in mental health. The selection of studies was contingent upon their conformity with all PCC and design criteria (see Table 1).
Table 1. Eligibility criteria according to the PCC framework
	Item
	Inclusion criteria
	Exclusion criteria

	Population
	Human participants of any age/sex experiencing or at risk of anxiety, depression, post-traumatic stress disorder, or related crisis states in post-pandemic or COVID-referencing contexts. Populations could be clinical (diagnosed) or community-based (screened/at-risk).
	Animal/in-vitro studies; populations without post-pandemic relevance; single-case reports.

	Concept
	Machine-learning or artificial-intelligence models used for screening, detection, severity estimation, risk prediction, or intervention for mental-health disorders. Includes ML-enabled chatbots or digital therapeutics validated with clinical or community outcomes.
	Non-ML psychological/therapeutic interventions; purely descriptive digital tools without ML; simulation or methodological papers without real participant data or outcome validation.

	Context
	Post-2020 studies or studies explicitly referencing post-COVID-19 populations, including quarantine, survivor cohorts, healthcare workers, or broader community recovery settings. Any country and care setting (clinical, community, mobile/web).
	Pre-2020 studies without explicit post-pandemic linkage.

	Study Designs
	Randomised controlled trials, quasi-experimental studies, cohort, case–control, cross-sectional, prospective observational, and validated ML model-development studies.
	Narrative reviews, systematic reviews, editorials, letters, protocols without results, conference abstracts without full text.

	Outcomes
	Diagnostic/screening performance (e.g., accuracy, F1-score, area under curve), prediction validity, symptom or functioning change, access/engagement/adherence indicators, and reported ethical/privacy/bias considerations.
	Outcomes unrelated to mental-health assessment or intervention effectiveness.

	Publication Features
	Peer-reviewed journal articles in English, 2020–2025.
	Preprints, theses, grey literature, non-English, or outside timeframe.



2.3 Information Sources
The search strategy was meticulously designed to encompass two peer-reviewed databases, selected on the basis of their comprehensive coverage of mental-health and biomedical machine learning (ML) evidence. APA PsycINFO and MEDLINE/PubMed. These sources align with the stated evidence base for this review and provide complementary coverage of psychological, clinical, and digital health research. It is evident that no grey-literature sources were consulted during the course of this study. The export of all records into Zotero was undertaken for the purpose of de-duplication. The title, abstract screening and full-text assessment were conducted against the PCC criteria, and any disagreements were resolved by consensus.
2.4 Search Strategy
A combination of database-specific strategies, controlled vocabulary and free-text terms for PCC elements (mental health conditions; machine learning/AI; the post-pandemic/Covid context) was employed, with a focus on sensitivity. The application of filters served to restrict the results to human studies, English language publications, articles that had undergone the peer-review process, and publications within the specified timeframe. The core search strings are shown in Table 2.
Table 2. Search string
	Database
	Search String

	MEDLINE/PubMed
	((“Depression”[Mesh] OR depress*[tiab] OR “Anxiety Disorders”[Mesh] OR anxi*[tiab] OR “Stress Disorders, Post-Traumatic”[Mesh] OR PTSD[tiab] OR “mental health”[tiab]) AND (“Machine Learning”[Mesh] OR “Artificial Intelligence”[Mesh] OR machine learn*[tiab] OR deep learn*[tiab] OR neural network*[tiab] OR transformer*[tiab] OR chatbot*[tiab]) AND (COVID-19[Mesh] OR covid*[tiab] OR pandemic*[tiab] OR post-pandemic[tiab] OR quarantine*[tiab])) AND (humans[mesh]) AND (english[lang]) AND (“2020/01/01”[Date-Publication] : “2025/10/31”[Date-Publication])

	APA PsycINFO
	(DE “Depression” OR DE “Anxiety” OR DE “Posttraumatic Stress Disorder” OR TI,AB(depress* OR anxi* OR PTSD OR “mental health”)) AND (DE “Machine Learning” OR DE “Artificial Intelligence” OR TI,AB(“machine learn*” OR “deep learn*” OR “neural network*” OR transformer* OR chatbot*)) AND TI,AB(covid* OR pandemic* OR post-pandemic OR quarantine*) Limits: Peer-Reviewed; Human; English; 2020–2025




2.5 Data Extraction and Synthesis
The data charting process utilised a standardised template that was initially piloted on a subset of studies and subsequently refined through iterative refinement. The extracted variables encompassed bibliographic details, geographical context, population characteristics, the post-pandemic environment, the target condition, the modality of data collection (e.g. social media text, smartphone/wearable technology, speech, electrocardiogram, surveys), the family of machine learning (ML) models, the approach to validation, performance metrics, intervention features, engagement and adherence outcomes, and reported ethical, privacy and bias considerations.
Synthesis was descriptive and mapping-oriented. A numerical summary was generated, the aim of which was to quantify the studies by year, region, condition, modality, and ML approach. The findings were synthesised narratively, and the resultant themes were grouped into three non-overlapping categories that were aligned with the research questions. The three areas of research are as follows: Multimodal machine learning (ML) screening and risk prediction in post-pandemic populations, ML-enabled chatbot interventions and their effects on access and adherence, and ethical, privacy, bias, and methodological constraints shaping deployment.
3.0 Result
3.1 Screening and selection.
The database search yielded 476 records. Following the removal of 244 duplicates, 232 unique records were subjected to a title–abstract screening against the eligibility criteria, and 75 articles were retained for full-text assessment. In the initial screening process, which involved the examination of titles and abstracts, 157 records were excluded on the grounds that their titles or abstracts were deemed to be inaccurate. During the process of full-text review, 56 articles were excluded for the following reasons: non-empirical/review formats or no full text (n = 32); non–machine-learning psychological or technology-only studies without validated outcomes (n = 11); outcomes unrelated to mental-health assessment or intervention effectiveness (n = 6); and preprints/grey literature, non-English, or outside timeframe (n = 7). Following the application of the inclusion and exclusion criteria, 19 studies were deemed to have met all criteria and were synthesised (see Fig. 1).
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Figure 1: Prisma Flow Diagram
3.2 Summary of Study Characteristics
A total of 19 post-2020 empirical studies were included in the analysis (Table 3). The designs incorporated a combination of model development and validation with intervention evaluation. A total of ten studies were conducted, with the objective of constructing screening or prediction models. These models were developed using a variety of data sources, including social media text, smartphone sensors, wearable signals, speech recordings, electrocardiogram data, and online surveys. Nine studies evaluated machine-learning chatbots via randomised controlled trials, pilot trials, or service evaluations. The samples encompassed a spectrum of sizes, ranging from small intensive sensing cohorts, comprising approximately 30 to 80 participants, to extensive survey or social media datasets, encompassing hundreds to one million posts. The settings encompassed a range of community and clinical contexts, including home quarantine, survivor follow-up, and workforce wellbeing. The target conditions encompassed anxiety, depression, post-traumatic stress disorder, and crisis states. The algorithms encompass support vector machines, adaptive k-nearest neighbours, transformer language models, convolutional neural networks, ensemble methods, and recurrent networks. Typically, validation of these algorithms is performed through cross-validation or hold-out splits.
 


3.3 Thematic Analysis
Theme 1: Multimodal machine-learning screening and prediction of post-pandemic mental-health risk
In the post-pandemic era, screening procedures have evolved to utilise machine learning algorithms for the automated analysis of digital traces and biosignals. Utilizing intricate data science methodologies makes it possible to non-invasively probe psychological conditions which include anxiety, depression, and PTSD. There was some Arabic sentiment analyses done specifically on tweets regarding coronavirus (SARS-CoV-2) during which researchers highlighted the effectiveness of bidirectional gated recurrent units (BGRUs) on the population level (Almeqren et al., 2023). Also, a classifier tool designed for twitter was able to differentiate between the PTSD-ill and the COVID-19-infected, the former of which showed post-traumatic stress symptoms (Baqir et al., 2024). This finding suggests that self-disclosures can serve as risk signals. In the context of generalized anxiety disorder, the application of a context-aware transformer to impromptu speech transcripts has been shown to enhance prediction, in comparison with single-word baselines (Teferra & Rose, 2023). An adaptive sigma k-nearest neighbours model has increased accuracy in detecting the symptoms of post-Covid depression and anxiety across several benchmark datasets (Arora & Dahiya, 2025). Zhou et al. (2024) found that AdaBoost ensembles outperformed fourteen other models in predicting depression in home-quarantined adults, which justifies the model choice during an outbreak. Various smartphone and wearable indicators, such as mobility variability, sleep duration, and heart rate variability, have short-term trajectory predictors of depression and anxiety (Moshe et al., 2021). The incorporation of free-living audio sociability features into phone logs has been demonstrated to enhance the estimation of depression severity across a range of diagnostic groups (Lamichhane et al., 2024). Electrocardiogram scalograms have been shown to achieve near-clinical accuracy in the classification of post-traumatic stress disorder through the utilisation of convolutional neural networks (Ebrahimpour Moghaddam Tasouj et al., 2025). Speech-acoustic markers also distinguished cases of post-traumatic stress disorder from the control group; however, severity regression exhibited reduced stability (Hu et al., 2024). Models that address multiple modalities are becoming relevant post pandemic for screening purposes. That said, there has to be an emphasis made on the utility of these models with the continuing need for external validation and the continued vigilance for monitoring drift as new environments emerge. This need is especially true as the world continues to change rapidly with regards to stress exposure and the norms of the underlying platforms being used.
Theme 2: Machine-learning chatbots as scalable post-pandemic interventions for access and adherence
Machine-learning–enabled chatbots are being utilised to enhance access and support adherence in contexts where post-pandemic services continue to experience challenges. In Singapore, the Wysa programme for healthcare workers achieved high onboarding and repeat-session use, demonstrating feasibility for workforce-scale support without in-person contact (Chang et al., 2024). The majority of engagement was concentrated in the domains of sleep and anxiety, suggesting that chatbots are a viable solution to address the immediate post-pandemic stress needs of individuals (Chang et al., 2024). A university student trial demonstrated that a self-help chatbot yielded superior outcomes in reducing depression compared to bibliotherapy, while concomitantly enhancing the therapeutic alliance (Liu, H. et al., 2022). The results of the present study indicated that user feedback in this trial demonstrated that process features, such as interaction style, were more significant than static content in terms of satisfaction (Liu, H. et al., 2022). The notion of superiority is not one that can be applied in a consistent manner. In Argentina, the Tess chatbot was found to generate substantial message exchange and within-group anxiety improvement (Klos et al., 2021). However, the chatbot did not outperform psychoeducation. A Polish cognitive behavioural therapy chatbot has also been shown to reduce anxiety and depressive symptoms, achieving comparable outcomes to self-help books (Karkosz et al., 2024). Within the scope of the trial, increased utilisation of the chatbot was found to be associated with a greater decline in loneliness, thereby identifying adherence as a mediator. In China, a culturally adapted cognitive behavioural therapy chatbot has been shown to reduce symptoms of depression and loneliness within a week, with a more pronounced effect in individuals experiencing high financial stress (Wang et al., 2025). Across trials, there is a high level of short-term uptake, but attrition and limited follow-up have a tendency to temper conclusions. In order to achieve scale-up, it is essential to implement adaptive engagement strategies, to establish clear safety triage procedures, and to conduct evaluations in higher-severity clinical cohorts. It is evident that the efficacy of these interventions is dependent on sustained utilisation and alignment with the specific context in which they are employed.
Theme 3: Ethical, privacy, bias, and methodological constraints shaping real-world deployment



In post-pandemic accessible services, chatbots powered by machine learning are being used to optimize access and assistance. In Singapore, the Wysa programme for healthcare workers achieved high onboarding and repeat-session use, demonstrating feasibility for workforce-scale support without in-person contact (Chang et al., 2024). The majority of engagement was concentrated in the domains of sleep and anxiety, suggesting that chatbots are a viable solution to address the immediate post-pandemic stress needs of individuals (Chang et al., 2024). A university student trial demonstrated that a self-help chatbot yielded superior outcomes in reducing depression compared to bibliotherapy, while concomitantly enhancing the therapeutic alliance (Liu, H. et al., 2022). The results of the present study indicated that user feedback in this trial demonstrated that process features, such as interaction style, were more significant than static content in terms of satisfaction (Liu, H. et al., 2022). The notion of superiority is not one that can be applied in a consistent manner. In Argentina, the Tess chatbot was found to generate substantial message exchange and within-group anxiety improvement (Klos et al., 2021). However, the chatbot did not outperform psychoeducation. A Polish cognitive behavioural therapy chatbot has also been shown to reduce anxiety and depressive symptoms, achieving comparable outcomes to self-help books (Karkosz et al., 2024). Within the scope of the trial, increased utilisation of the chatbot was found to be associated with a greater decline in loneliness, thereby identifying adherence as a mediator. In China, a culturally adapted cognitive behavioural therapy chatbot has been shown to reduce symptoms of depression and loneliness within a week, with a more pronounced effect in individuals experiencing high financial stress (Wang et al., 2025). Across trials, there is a high level of short-term uptake, but attrition and limited follow-up have a tendency to temper conclusions. In order to achieve scale-up, it is essential to implement adaptive engagement strategies, to establish clear safety triage procedures, and to conduct evaluations in higher-severity clinical cohorts. The effectiveness of these interventions is clearly determined by the consistency of usage and the contextual fit of the interventions.



Table 3: Data Extraction Table for Included Studies
	Study (Year)
	Target Condition(s)
	Data Source and Modality
	Machine Learning / Artificial Intelligence Approach
	Design / Sample / Dataset
	Key Results / Performance

	Almeqren et al. (2023)
	Anxiety during coronavirus disease 2019
	Nine hundred and fifty-five Arabic Twitter posts; Aranxiety corpus annotated using an Arabic Psychological Lexicon
	Bidirectional gated recurrent unit deep learning model with word embeddings
	Natural language processing sentiment classification study using Saudi Twitter data
	Accuracy 88 percent; Precision 89 percent; Recall 88 percent; F1-score 87 percent; 77 percent no anxiety, 17 percent mild anxiety, 6 percent high anxiety

	Arora and Dahiya (2025)
	Depression and anxiety after coronavirus disease 2019
	Author dataset plus multiple public mental‑health and medical benchmark datasets
	Adaptive Sigma k‑nearest neighbours classifier compared with baseline k‑nearest neighbours variants
	Model development and cross‑validation with statistical significance testing
	Depression: Accuracy 91.0 percent; Precision 0.91; Recall 0.87; F1-score 0.89; Area under the receiver operating characteristic curve 0.95–0.91. Anxiety: Accuracy 84.5 percent; Precision 0.86; Recall 0.79; F1-score 0.82; Area under the receiver operating characteristic curve 0.93–0.78

	Baqir et al. (2024)
	Post‑traumatic stress disorder in coronavirus disease 2019 survivors
	Twitter posts labelled as coronavirus disease 2019 post‑traumatic stress disorder positive or negative
	Classical machine‑learning classifiers; best model was support vector machine with unigram features
	Comparative classifier evaluation on real‑world tweets
	Best model accuracy 83.29 percent for post‑traumatic stress disorder detection

	Chang et al. (2024)
	Anxiety and depression symptoms among healthcare workers
	Usage and engagement logs from Wysa artificial intelligence mental‑health application with symptom screening
	Artificial intelligence chatbot intervention with embedded machine‑learning personalisation
	Service evaluation in Singapore; 527 healthcare workers enrolled between July 2020 and June 2022
	80.1 percent completed at least two sessions; mean 10.9 sessions over 3.8 weeks; 46.2 percent screened positive for anxiety on the Generalized Anxiety Disorder‑7 scale; 15.2 percent screened positive for depression on the Patient Health Questionnaire‑2 scale

	Ebrahimpour Moghaddam Tasouj et al. (2025)
	Post‑traumatic stress disorder
	Electrocardiogram signals converted to continuous wavelet transform scalogram images plus electrocardiogram statistical features
	Convolutional neural networks (AlexNet, GoogLeNet, ResNet50) compared with traditional machine‑learning models
	Segment‑length benchmarking and model comparison
	ResNet50 achieved accuracy 94.92 percent and area under the receiver operating characteristic curve 0.99; five‑second segments optimal; deep learning outperformed classical methods

	Hu et al. (2024)
	Post‑traumatic stress disorder detection and severity estimation
	Speech recordings; acoustic features extracted with openSmile toolkit
	Random forest feature selection plus six classifiers and one regression model
	Case‑control dataset with 76 post‑traumatic stress disorder patients and 60 healthy controls
	Random forest classifier accuracy 0.975 and area under the receiver operating characteristic curve 1.0; severity regression mean squared error 0.90, mean absolute error 0.76, coefficient of determination 0.10

	Karkosz et al. (2024)
	Subclinical anxiety and depressive symptoms
	Web‑based and mobile interactions with “Fido” cognitive behavioral therapy chatbot
	Fully automated cognitive behavioral therapy chatbot
	Two‑arm open‑label randomized controlled trial; 81 young adults recruited via social media
	Both chatbot and self‑help book groups showed reduced anxiety and depression; effects sustained at one month; greater chatbot use associated with reduced loneliness

	Kerasiotis et al. (2024)
	Depression
	Social‑media posts combined with auxiliary metadata and linguistic markers
	DistilBERT transformer (last four layers) with multi‑layer perceptron classifier; easy data augmentation strategies
	Natural language processing model evaluation
	Weighted precision 84.26 percent; weighted recall 84.18 percent; weighted F1-score 84.15 percent; augmentation increased F1-score from 72.59 percent to 84.15 percent

	Klos et al. (2021)
	Anxiety and depression in university students
	Tess chatbot dialogues and symptom questionnaires
	Artificial intelligence therapy chatbot delivering psychosocial support
	Pilot randomized controlled trial in Argentina; 181 university students; eight‑week intervention
	No significant between‑group symptom differences; chatbot group had significant within‑group anxiety reduction; high engagement (mean 472 messages exchanged)

	Lamichhane et al. (2024)
	Depression severity
	Smartphone communication logs and location data plus free‑living wearable audio for sociability markers
	Multimodal machine‑learning models for severity prediction and five‑level categorisation
	One‑week sensing; 11 healthy controls, 13 major depressive disorder, 8 schizoaffective disorder participants
	Root mean square error 6.80 using phone features, improved to 6.07 with audio; F1-score improved from 0.34 to 0.46; predicted severity correlated r = 0.76 with self‑reports

	Liu, H. et al. (2022)
	Depression (primary) and anxiety (secondary)
	Chatbot self‑help interactions with Patient Health Questionnaire‑9, Generalized Anxiety Disorder‑7, and Positive and Negative Affect Schedule outcomes
	Artificial intelligence self‑help chatbot compared with bibliotherapy
	Unblinded randomized controlled trial; 83 university students; 16‑week follow‑up
	Chatbot group showed greater reductions in depression and anxiety scores and stronger therapeutic alliance on the Working Alliance Inventory short‑revised

	Liu, Y. et al. (2022)
	Post‑traumatic stress disorder risk during coronavirus disease 2019
	REDCap surveys including socio‑demographics, post‑traumatic stress disorder, depression and anxiety, coping, social support, and self‑efficacy
	Neural‑network risk‑prediction model guided by cognitive processing therapy theory
	Cross‑sectional survey; 2067 Chinese residents (March 1–15, 2020)
	Post‑traumatic stress disorder prevalence 17.8 percent; model correctly predicted 90.0 percent of outcomes; key predictors included depression, anxiety, age, coping style, doctor visits during quarantine, and self‑efficacy

	Mansoor and Ansari (2024)
	Mental‑health crisis states including depressive and manic episodes, suicidal ideation, and anxiety crises
	Nine hundred and ninety‑six thousand four hundred and fifty‑two multilingual posts from Twitter, Reddit, and Facebook
	Multimodal deep learning combining natural language processing and temporal modelling
	Prospective observational validation against psychiatric assessments
	Overall accuracy 89.3 percent; average 7.2‑day lead time before expert detection; crisis‑type accuracies 87.3–93.5 percent; privacy and cultural bias risks highlighted

	Moshe et al. (2021)
	Depression and anxiety symptoms
	Smartphone global positioning system and usage data plus Oura Ring sleep, activity, and heart rate variability with daily mood reports
	Passive‑sensing machine‑learning prediction models
	Longitudinal sensing with 60 adults over two weeks
	Location variability and sleep or heart rate variability features predicted symptoms; combined sensing and mood model strongest for depression prediction

	Nguyen et al. (2022)
	Anxiety severity during coronavirus disease 2019
	Canadian Perspective Survey Series coronavirus disease 2019 surveys validated with the Generalized Anxiety Disorder‑7 scale
	Minimum redundancy maximum relevance feature selection plus support vector machine classifier
	Binary severity classification with ten‑fold cross‑validation
	Separated minimal versus severe anxiety with high classification performance; derived scalable survey‑based phenotyping feature subset

	Rezapour and Hansen (2022)
	Pandemic‑related mental‑health decline among frontline workers
	Inter‑university Consortium for Political and Social Research coronavirus disease 2019 mental‑health survey dataset
	Multiple machine‑learning models with synthetic minority oversampling technique; boosted trees and gradient boosting among top performers
	Comparative modelling and feature‑importance analysis
	Top predictors of mental‑health decline included healthcare role, sleep disruption, coronavirus disease 2019 news exposure, age, alcohol use, and cannabis use

	Teferra and Rose (2023)
	Generalized anxiety disorder
	Two thousand impromptu speech transcripts with Generalized Anxiety Disorder‑7 labels
	Fine‑tuned transformer language model compared with linguistic inquiry and word count logistic regression baseline
	Model evaluation with area under the receiver operating characteristic curve comparison and interpretability analysis
	Transformer model area under the receiver operating characteristic curve 0.64 versus 0.58 for baseline; context‑dependent linguistic markers supported screening

	Wang et al. (2025)
	Depression and loneliness (anxiety secondary)
	Cognitive behavioral therapy chatbot sessions with Center for Epidemiologic Studies Depression Scale, Generalized Anxiety Disorder‑7, and University of California Los Angeles Loneliness Scale outcomes plus financial‑stress measure
	Culturally adapted cognitive behavioral therapy artificial intelligence chatbot
	Randomized controlled trial; 100 Chinese university students; seven‑day intervention
	Significant reductions in depression and loneliness; no significant anxiety change; effects stronger in high financial‑stress subgroup

	Zhou et al. (2024)
	Depression in home‑quarantined individuals
	Online quarantine survey with coronavirus disease 2019 impact variables and Patient Health Questionnaire‑9
	Fifteen‑model comparison; AdaBoost ensemble selected
	Cross‑sectional model development; 638 quarantined participants
	AdaBoost model best for depression risk prediction in quarantine population; reported strong validation discrimination












4.0 Discussion
4.1 Summary of Key Findings
In the screening of anxiety, depression, and post-traumatic stress disorder, machine learning has proved useful after the pandemic. Social media analytics has made a successful contribution to mental health. Depression and anxiety detection algorithms achieved mid-80 F1 scores. Moreover, survivor post-traumatic stress disorder tweets were correctly classified to an 83% accuracy using these algorithms. Depression and anxiety symptom prediction were made using smartphones and wearable phenotyping. Free-living audio integration improved prediction depression severity. Machine learning has also predicted PTSD and the discrimination of speech and electrocardiogram had an accuracy of 95% and an area under the curve of 1.0. Prediction of PTSD remained low, as did prediction severity. It has also been shown that the algorithms used to screen post-traumatic stress disorder and depression and anxiety were trained to differentiate  PTSD from depression and anxiety with a high accuracy of 95%. The employment of adaptive neighbour and AdaBoost ensembles has been demonstrated to enhance the efficacy of depression/anxiety detection and quarantine risk stratification. Evaluations of chatbot interventions have reported a high degree of uptake, alongside reductions in depression, anxiety, and loneliness. However, these evaluations have often matched active self-help controls. Furthermore, heavier use of the chatbots has been predicted to result in greater gains in loneliness. The limitations inherent to this approach pertain to privacy, consent, cultural bias, and the inevitable drift of the dataset over time.
4.2 Comparison with existing Literature
Across the screening and prediction theme, the evidence from this review is consistent with global findings that machine learning can infer mental-health risk from digital signals. In the context of the study, an initial investigation into mobile sensing revealed a correlation between sleep patterns and depressive severity. This observation corroborates the findings that sleep and mobility persist as significant predictors in the aftermath of the novel strain of coronaviruses (Saeb et al., 2015). Subsequent smartphone-only models were able to replicate the clinical significance of predicting depressive symptoms (Ware et al., 2020). In accordance with our multimodal advantage, personalised forecasting that combines sensors with ecological momentary assessments has been shown to improve depression prediction (Kathan et al., 2022). Furthermore, the application of deep learning to sensor streams has been demonstrated to facilitate the prediction of anxiety changes with a high degree of fidelity (Jacobson & Bhattacharya, 2022). In the context of text-based screening, multimodal Twitter approaches have been shown to achieve performance levels that are comparable to those of our social-media PTSD and depression detection methods (Safa et al., 2022). Some systemic review publications, such as (Wongkoblap et al., 2017), have highlighted critical concerns with social media models regarding limitations on representativeness and constructive validity, which are consistent with previous concerns raised. The lack of generalisations in GPS-facilitated depression prediction reiterates the importance of having external validation (Müller et al., 2021). A review of studies on multimodal passive sensing showed that the combination of physiological, audio, and geo-location streams outperforms models with single streams, which is consistent with results from our previous research study (Khoo et al., 2024), which showcased the benefits of synergistically utilising different sensors with language features.
Regarding the use of chatbot interventions, this research aligns with other studies around the world, showing both the practicality and the diversity of such interventions. Several meta-analyses showed that while conversational agents can lead to small-to-moderate improvements in one’s engagement with their mental well-being, the progress could still be more positive in cases of depression and anxiety (Li et al., 2023). Casu et al. (2024) argues that a scoping review of the literature on chatbot mental health interventions clearly identifies reach and low-threshold access as major strengths. The Woebot trial showed a significant reduction in mental health symptomatology as compared to the control group (Fitzpatrick et al., 2017). The Tess trial also reported positive outcomes, which primarily motivated the conclusion that conversational scaffolding, as in CBT, can be adapted to other contexts (Fulmer et al., 2018). The actual usage data from Youper provide evidence that the benefits themselves can be maintained only with active engagement over time, which supports the outcomes that were primarily driven by adherence (Mehta et al., 2021). There is undoubtedly a greater benefit when chatbots combine cognitive-behavioural therapy (CBT) techniques and framing to fit the immediate context, as history and research also suggests.
To sum up, ethical and methodological components are also complemented by the ethics data Delphi pioneered on digital phenotyping and the issues of informed consent, data minimization, and user control, which mitigate the challenges of passive sensing and social media mining (Martinez-Martin et al. 2021). The TRIPOD+AI reporting standards require predictors to be handled transparently and the calibration be reported and validated externally (Collins et al. 2024). There is an appreciation of the relevance of such instruments especially for models with learning in crisis circumstances. The PROBAST+AI model has dealt with bias and the extent to which that bias could be relevant to different​ groups. This supports our recommendation for the equitable deployment of the model in post-pandemic contexts (Moons et al., 2025).
4.3 Implications for Policy and Practice
Policy: The proposal is for machine-learning–enabled mental-health screening and triage to be embedded as a commissioned standard within post-pandemic public-health and primary-care pathways. This would entail the implementation of routine, opt-in digital screening procedures for anxiety, depression, and post-traumatic stress disorder at pivotal life stages, including post-infection follow-up, quarantine discharge, and workforce health assessments. The utilisation of clear referral thresholds for escalated care would be a crucial aspect of this approach. As demonstrated in the extant literature, multimodal risk models support the feasibility of early identification through the use of social media signals, surveys, speech, and physiological or passive-sensing data (see Almeqren et al., 2023; Baqir et al., 2024; Hu et al., 2024).
It is the responsibility of national regulators to ensure that TRIPOD+AI-aligned reporting and PROBAST-AI quality assessment are requirements for any deployed prediction model. In addition to this, the external validation, calibration drift, and subgroup performance of any such model must be documented in a public manner. It is imperative that policies encompass privacy-preserving design, data minimisation, explicit consent for passive sensing, and fairness audits for culturally and linguistically diverse settings. In light of the observed disparities in digital access, post-pandemic recovery strategies should prioritise the allocation of funds to low-bandwidth and multilingual implementations, alongside the reimbursement of clinically validated chatbot support as a component of universal mental-health coverage.   
Practice: Implementing a screen-triage-support-monitor model is imperative. Firstly, low-burden machine learning (ML) screeners should be utilised to stratify risk in community, student, survivor, and healthcare-worker populations, drawing on validated methodologies such as mobile sensing, speech, electrocardiogram analytics, and structured surveys (Moshe et al., 2021; Lamichhane et al., 2024; Ebrahimpour Moghaddam Tasouj et al., 2025). Secondly, ML embeddings should attend to these individuals at or above risk thresholds according to automated flags of severity and safetcy or divert them to clinicians. Where resources are scarcer, chatbots can deliver CBT and psychoeducation (Li et al 2022, Karkosz et al 2022, Wang et al 2025). Thirdly, engagement facilitators such as reminders and brief SMART daily objectives, culturally tailored content, and crisis laddering should be standardized as there is proof that the dose and duration of such facilitator use are the main determinants of the moderated benefits. Lastly, there must be ongoing compliance self-monitoring through symptom and/or intake compliance registers and ongoing self-monitoring of AI activity to counteract changes in bias or performance decay and for preventative model monitoring to detect performance drift or loss of fit.
5.0   Conclusion
This scoping review mapped post-pandemic machine-learning applications for mental-health assessment and intervention. Across 19 empirical studies, models utilising social-media text, surveys, passive sensing, speech, and ECG data demonstrated effective performance for the screening of anxiety, depression, PTSD, and crisis states, with multimodal pipelines exhibiting the most consistent gains. The utilisation of machine learning (ML)-enabled chatbots has been demonstrated to be both feasible and acceptable to healthcare workers and university students. These bots have been shown to result in modest reductions in depression, anxiety, and loneliness, with the benefits often matching those of active self-help controls and being dependent on sustained use. The key implementation risks identified included privacy intrusion, cultural and linguistic bias, limited external validation, and rapid dataset drift. It is recommended that future work prioritise equity-focused validation, privacy-preserving learning, transparent reporting, and pragmatic trials. These should aim to embed screening-triage-support pathways into routine care across diverse post-pandemic communities and systems.
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