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Artificial intelligence in
prediction of mental health
disorders induced by the COVID-
19 pandemic among health
care workers

The coronavirus disease 2019 (COVID-19) pandemic and its
immediate aftermath present a serious threat to the men-
tal health of health care workers (HCWs), who may develop
elevated rates of anxiety, depression, posttraumatic stress
disorder, or even suicidal behaviors. Therefore, the aim of
this article is to address the problem of prevention of HCWs'
mental health disorders by early prediction of individuals
at a higher risk of later chronic mental health disorders due
to high distress during the COVID-19 pandemic. The article
proposes a methodology for prediction of mental health
disorders induced by the pandemic, which includes: Phase
1) objective assessment of the intensity of HCWs' stressor
exposure, based on information retrieved from hospital ar-
chives and clinical records; Phase 2) subjective self-report
assessment of stress during the COVID-19 pandemic ex-
perienced by HCWs and their relevant psychological traits;
Phase 3) design and development of appropriate multi-
modal stimulation paradigms to optimally elicit specific
neuro-physiological reactions; Phase 4) objective mea-
surement and computation of relevant neuro-physiologi-
cal predictor features based on HCWs'reactions; and Phase
5) statistical and machine learning analysis of highly het-
erogeneous data sets obtained in previous phases. The
proposed methodology aims to expand traditionally used
subjective self-report predictors of mental health disorders
with more objective metrics, which is aligned with the re-
cent literature related to predictive modeling based on ar-
tificial intelligence. This approach is generally applicable to
all those exposed to high levels of stress during the COVID-
19 pandemic and might assist mental health practitioners
to make diagnoses more quickly and accurately.

The coronavirus disease 2019 (COVID-19) pandemic and its
immediate aftermath present a serious threat to the men-
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tal health of health care workers (HCWs), who may develop
elevated rates of anxiety, depression, posttraumatic stress
disorder (PTSD), or even suicidal behaviors (1). Recent re-
search related to the COVID-19 pandemic (2,3) and 2015
Middle East respiratory syndrome (MERS) outbreak (4) rec-
ognizes that HCWs are at high risk for mental illness. There-
fore, urgent monitoring of their mental health is needed,
particularly early prediction and proper treatments of
nurses and physicians who were exposed to a high level
of distress by working directly with ill or quarantined per-
sons (5). Mental health risks of highly distressed individuals
are further increased when they exhibit low overall stress
resilience and have other vulnerability factors, such as the
general propensity to psychological distress (6) and low
self-control (7). Recognition and identification of such in-
dividuals in early stages of acute stress is extremely impor-
tant in order to prevent the development of more serious
long-term mental health disorders, such as PTSD, depres-
sion, and suicidal behavior. However, mental disorders are
difficult to diagnose, and even more difficult to predict due
to the current lack of biomarkers (8) and humans' subjec-
tivity, as well as unique personalized characteristics of ill-
ness that may not be observable by mental health practi-
tioners. Currently, the diagnosis of mental health disorders
is mainly based on the symptoms categorized according
to the Diagnostic and Statistical Manual of Mental Disor-
ders (DSM-5) (9).

In such circumstances, one of the greatest impacts of digi-
tal psychiatry, particularly applied artificial intelligence (Al)
and machine learning (ML) (10-15) during the ongoing
COVID-19 pandemic, is their ability of early detection and
prediction of HCWs' mental health deterioration, which
can lead to chronic mental health disorders. Furthermore,
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Al-based psychiatry may help mental health practitioners
redefine mental ilinesses more objectively than is currently
done by DSM-5 (14). Regardless of the specific application,
ie, prediction, prevention, or diagnosis, Al-based technolo-
gies in psychiatry rely on the identification of specific pat-
terns within highly heterogeneous multimodal sets of data
(13). These big data sets may include various psychometric
scales or mood rating scales, brain imaging data, genom-
ics, blood biomarkers, databased on novel monitoring sys-
tems (eg, smartphones), data scraped from social media
platforms (16), speech and language data, facial data, dy-
namics of the oculometric system, attention assessment
based on eye-gaze data, as well as various features based
on the analysis of peripheral physiological signals (8,17), eg,
respiratory sinus arrhythmia, startle reactivity etc. Such Al
systems based on multimodal neuro-psycho-physiological
features can detect mental health disorders early enough
to prevent and reduce the emergence of severe mental ill-
nesses and improve the overall mental health. Therefore, Al
has the transformational power to change a subjective di-
agnostic system in psychiatry to a more objective medical
discipline. Also, a new generation of Al in psychiatry might
act as a self-explanatory digital assistant to psychiatrists.
Definitely, psychiatry today could benefit from Al's ability
to analyze data and recognize patterns and hidden warn-
ing signs that a psychotherapist might miss. Such timely
information enables making diagnoses more quickly and
accurately, and might be lifesaving particularly for all of
those HCWs who might have suicidal ideation (18,19) due
to heavy mental distress during the COVID-19 pandemic.

Hence, the aim of this article is to address the problem of
prevention of HCWs'mental health disorders by early pre-
diction of individuals who may have a higher risk of later
chronic mental health disorders due to high distress dur-
ing the COVID-19 pandemic. In order to reach this aim and
enhance traditional subjective diagnostics and risk assess-
ment approaches, the methodology proposed in this arti-
cle is based on our extensive experimental research on the
selection of resilient candidates for special forces during
Survival, Evasion, Resistance and Escape (SERE.) training
in collaboration with Emory University School of Medicine,
Atlanta, United States, and Hadassah Hebrew University
Hospital, Jerusalem, Israel (20). Similar methodology has
been applied in our project related to the selection of resil-
ient candidates for air traffic controllers in cooperation with
Harvard Medical School & Massachusetts General Hospital
and Croatia Air Traffic Control (17,21). These multi-year ex-
perimental research projects are based on a variety of ques-
tionnaires and experimental measurements, which include

a set of comprehensive multimodal stimuli, corresponding
multimodal neuro-physiological, oculometric and acous-
tic/speech responses, and complex feature computation.
Therefore, we do believe that future clinical research based
on the proposed multimodal neuro-psycho-physiological
features and Al analysis can detect mental health disorders
early enough to prevent and reduce the emergence of se-
vere mental illnesses. Such reliable predictors of potential
mental health disorders among HCWs due to COVID-19
stressors will be crucial for the mental health of HCWs and
maintaining high efficiency and productivity of medical in-
stitutions globally.

PROPOSED METHODOLOGY

The proposed methodology, described in Figure 1 and in
the following 5 phases, includes objective assessment of
intensity of HCWs' stressor exposure during the COVID-19
pandemic described in Phase 1, subjective assessment of
stress experienced by HCWs during the COVID-19 pan-
demic based on the specific psychological questionnaire
described in Phase 2, distinctive stimulation paradigms
designed and developed within Phase 3, computed neu-
ro-physiological features based on stimulation responses
in Phase 4, as well as statistical and ML data analysis de-
scribed in Phase 5.

Phase 1: Objective stress assessment

Objective assessment of intensity of HCWSs' stressor expo-
sure during the COVID-19 pandemic is based on acquiring
information from official hospital archives and clinical re-
cords regarding their daily schedules during the COVID-19
pandemic, overtime work, the level of threat they experi-
enced, sick leave, etc. These objective metrics of exposure
to stressors are proposed based on analysis and adaptation
of different questionnaires that have been used for assess-
ment of stressors in military combat deployment and oper-
ation (22-24), as well as stressors in virus outbreaks (25-28).
The key aim of this phase is to objectively stratify individual
HCWs according to the objective level of stress to which
they were exposed during their clinical service, using the
information provided by authorized clinical sources rather
than by asking individuals to self-report themselves.

Phase 2: Subjective stress assessment
Subjective assessment of stress experienced by HCWs dur-

ing their COVID-19 pandemic clinical service is based on
the questionnaire that is developed by a selection of the
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FIGURE 1. The proposed methodology for prediction of mental health disorders. The illustration was partially assembled from public

domain/free sources on Wikipedia and Wikimedia Commons.

most appropriate items from general-purpose psychologi-
cal questionnaires used for early recognition of distress,
mental health disorder screening, and stress resilience (eg
29-38,), as well as from specific COVID-19 psychological
questionnaires (25-28,39). Self-reported subjective peri-
traumatic reactions represent a valuable complement to
objective dimensions of stressful situations collected in
Phase 1 when trying to predict chronic mental health dis-
orders, such as PTSD (40). Accordingly, subjective self-re-
ports of individual COVID-19 stress intensity and relevant
personality traits will also be used as one of the indicators
of potential chronic mental health disorders in comparison
with more objective metrics developed in Phase 1.

Phase 3: Selection of multimodal stimulation

This phase is related to the design and development of
appropriate multimodal stimulation paradigms in order
to optimally elicit specific neuro-psycho-physiological in-
dividual reactions among HCW participants (Figure 2). Ac-
cordingly, the appropriate input-output multimodal ex-
perimental stimulation paradigms that elicit the specific
multimodal features reflecting the impact of stress on the
patients’ neuro-psycho-physiological state (21) are usually
related to baseline neuro-physiological functioning; well-
established generic stressful emotional stimuli, such as
different versions of acoustic startle stimuli and airblasts;
startle modulation paradigms, such as fear-potentiated
and anxiety-potentiated startle (41), and prepulse inhi-
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bition; aversive images and sounds semantically related
to COVID-19 clinical environments; a variety of cognitive
tasks, eg, different versions of Stroop tests (42,43), memory
tasks (44), arithmetic tasks (45,46), or verbal fluency tasks
(47,48). Developed multimodal stimulation paradigms are
administered to the HCWs in a controlled clinical labora-
tory setting in order to acquire their multimodal neuro-
physiological reactions. Acoustic startle stimuli are usually
50 ms immediate rise time broadband noise bursts, with
intensity ranging from 95-110 dB[SPL] (49), and are deliv-
ered binaurally through headphones. In order to induce
laboratory fear, threat, or anxiety by means of predictable
and unpredictable aversive events delivery (50), other aver-
sive stimuli can be used, eg, combinations of airblasts to
the neck, aversive images on the screen and sounds (51),
as well as annoying but not painful electric shocks, eg, 1.5-
2.5 mA, 5-ms duration. Existing semantically and emotion-
ally annotated stimuli databases can facilitate efficient and
accurate search for optimal aversive audio-visual stimuli to
include in the multimodal stimulation paradigms (52,53).
Cognitive tasks are usually administered through specifi-
cally designed programs that allow response duration and
accuracy measurement.

Phase 4: Multimodal data acquisition and feature
computation

This phase (Figure 3) is related to the acquisition of multi-
modal neuro-physiological reactions on stimulation para-
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digms proposed in the previous phase and computation
of corresponding features relevant for prediction of men-
tal health disorders. The proposed methodology is based
on state-of-the-art sensors for measurements of the indi-
vidual's multimodal neuro-psycho-physiological reactions:
functional near-infrared spectroscopy (fNIRS); electroen-
cephalography (EEG); peripheral physiology, ie, electrocar-
diography (ECG), electromyography (EMG), electrodermal
activity (EDA), respiration; speech/acoustic and linguistic
reactions; and facial/gesture and oculomotor reactions
(54,55). Such measurements, obtained as a response to rel-
evant stimuli described in Phase 3, have the potential to
objectivize traditional diagnostic methodology in psychi-
atry. In our laboratory, the Biopac MP150 system (BIOPAC
Systems Inc., Goleta, CA, USA) is used for the acquisition of
the neuro-physiological signals. A Gazepoint GP3 HD eye-
tracker (Gazepoint, Vancouver, Canada) is used for detec-
tion of spontaneous blinks, tracking of changes in pupil
dilation, and gaze tracking. A microphone and a webcam
are used for collecting speech and gesture data, while the

fNIRS Biopac Model 1100 Imager together with the COBI
Studio Software (BIOPAC Systems Inc.) is used for brain ac-
tivation measurements.

After pre-processing of the neuro-physiological signals, ie,
obtained inter-beat interval time-series based on the de-
tected QRS complexes in the ECG signal, preprocessed re-
spiratory and EDA data, accordingly filtered EMG data for
eyeblink startle response assessment, an array of relevant
multimodal features is computed (17,21). These features
are elicited and computed according to the relevant re-
search findings related to their associations with specif-
ic positive or negative mental health disorder predictors
or outcomes, such as stress resilience/vulnerability and
other personality traits, distress, anxiety, PTSD, or depres-
sion. Therefore, these features are defined and computed
in a theory-driven manner. Examples of such features are
resting heart rate (56,57) and heart rate variability (HRV)
(58,59), respiratory sinus arrhythmia (21,60), HRV-based
psychophysiological allostasis (21,58), EMG-based and
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EDA-based startle reactivity (61), various features related to
speech prosody (62), prefrontal cortex activation on vari-
ous cognitive tasks (43,44), and alpha band-related parietal
EEG asymmetry (63). Such integrated multimodal neuro-
psycho-physiological prediction of mental health disor-
ders emphasizes the importance of combining different
multimodal features in enhancing predictive power of the
proposed approach, since any single feature in the assess-
ment and prediction of mental health deterioration is a rel-
atively weak discriminator.

Phase 5: Data analysis for prediction of mental health
disorders

Due to potentially large amounts of highly heterogeneous
data, Phase 5 is accomplished using cloud storage and
cloud computing resources, as shown in Figure 1. Statis-
tical correlation-based analyses are expected to provide
better insight into the neuro-physiological risk markers for
the development of chronic stress-related mental health
problems affected by the COVID-19 pandemic. Feature se-
lection and classification based on ML, as opposed to sta-
tistical methods, would explore more complex interactions
between various features in a highly nonlinear manner as-
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sociated with the inference of risk of HCW individuals for
the development of chronic mental health problems. Indi-
viduals exhibiting high risk of chronic stress-related men-
tal health problems may urgently need as prevention ef-
fective and efficient treatments, using state-of-the-art
tools and means of digital psychiatry, such as computer-
ized cognitive behavioral therapy (54) and telepsychiatry,
which are efficiently applicable in the early stages of illness
(64). A more detailed description of the proposed tools
and means of statistical and ML analyses is given in the fol-
lowing section.

STATISTICAL AND MACHINE LEARNING ANALYSIS

A data-driven verification of various multimodal neuro-
psycho-physiological features extracted in Phase 4 can be
obtained by the application of statistical analyses and ML
techniques in relation to the objective stress intensity as-
sessment from Phase 1, as well as subjective self-report
indicators of experienced stress and relevant psychologi-
cal traits from Phase 2. Phase 5 can provide valuable in-
sight into neuro-psycho-physiological risk markers for the
development of chronic stress-related mental/physical
problems in the context of the COVID-19 pandemic, and
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increase the translational potential of such features. A simi-
lar data-mining-based approach has been previously used
in the analysis of diagnostic data for differentiating PTSD
patients from participants with psychiatric diagnoses other
than PTSD (65). This work has demonstrated the applicabil-
ity of ML for the analysis of PTSD, but only based on the
data obtained from structured psychiatric interviews and
psychiatric scales, which is analogous just to Phase 2 of the
methodology proposed in this article.

In terms of statistical analysis, various correlation analy-
sis approaches can be employed. One example of such
methodology is the canonical-correlation analysis (CCA), a
technique suitable for investigating the relationships be-
tween variables coming from distinct sets, eg, the relation-
ship between variables obtained in Phase 1 and Phase 4,
or Phase 2 and Phase 4. In doing so, the CCA will provide
interpretable linear combinations of variables from differ-
ent sets that have a maximum correlation. In order to max-
imize the statistical power of conclusions, ie, to avoid the
large statistical corrections due to conducting numerous
exploratory tests for significance of correlation coefficients,
several particularly well-founded hypotheses should be
defined a priori, before the computation of the full corre-
lation matrix. These hypotheses should be those with the
most overwhelming evidence from the literature regard-
ing expected pairwise associations between specific ob-
jective metrics of the stress intensity exposure, subjective
self-report metrics of experienced stress and relevant psy-
chological traits, as well as objectively measured/comput-
ed neuro-physiological features. A brief overview of neuro-
physiological features with the highest predictive potential
according to the research references is given in the de-
scription of Phase 4. Additionally, a subset of the obtained
data can be used to separate the participants according
to specific group memberships, eg, high distress vs low
distress. For example, a recent COVID-19-related research
paper (28) uses data analogous to our proposed Phase 1
and Phase 2 to define resilience in the face of exposure
to a stressor of a given intensity. However, in that work all
data were obtained via self-report, while we propose the
integration of objectively assessed stressor severity (Phase
1) and self-report data (Phase 2) with the relevant neuro-
physiological features (Phase 3 and Phase 4). Accordingly,
various regression analyses or even between-group tests
can be conducted.

Regarding the application of ML, both unsupervised and
supervised learning approaches should be considered.
Unsupervised learning approaches, such as principal com-

ponent analysis, factor analysis, or cluster analysis, do not
require labeled data and can help reveal previously unde-
tected patterns in heterogeneous sets of data, and help in
the understanding of the relationships between objective
stressor severity, self-report assessments, and neuro-psy-
cho-physiological characterization of the participant. For
example, a non-classical unsupervised learning approach,
based on a brain-inspired spiking neural network (SNN)
model trained using EEG data, has provided novel insights
into the brain functioning in depression and the effects of
mindfulness training on the brain connectivity (66). Such
novel unsupervised approaches, based on the spike-tim-
ing-dependent plasticity learning rules of the SNN connec-
tivity emerging from complex spatio-temporal brain data,
like EEG and fNIRS, which are considered in the proposed
methodology, could help reveal and understand early pat-
terns of mental health deterioration in HCWs. When con-
sidering labeled data, the main aim of supervised ML, as
opposed to statistical methods, is the maximization of
classification/prediction accuracy, while sacrificing model
explainability and rigorous statistical validation. Accord-
ingly, recent work highlights the need to establish an ML
framework in psychiatry that nurtures trustworthiness, fo-
cusing on explainability, transparency, and generalizability
of the obtained models (11). This approach, regardless of
the superior classification/prediction performance, is criti-
cal in order for the Al methods to be employed in diagno-
sis, monitoring, evaluation, and prognosis of mental illness.
Supervised learning in the context of the proposed meth-
odology can be formulated both in terms of regression and
classification tasks. Neuro-physiological features obtained
in Phase 4 can be integrated by a model, eg, support vec-
tor machine, random forest, artificial neural network, etc,
in the accordingly formulated supervised learning task. For
example, data from Phase 4 can be used to model various
labels emerging from Phases 1 and 2, such as estimation of
objective stressor severity, available from Phase 1; or classi-
fication of high vs low distress in HCWs based on the data
obtained in Phase 2.

To summarize, technology based on Al and ML can only be
as strong as the data the models are trained on, which is par-
ticularly important in mental health diagnostics. Currently,
for most classification or prediction tasks emerging from the
area of mental health, labels are most likely still not quanti-
fied well enough to successfully train an algorithm. One pos-
sible outcome regarding this labeling issue, as briefly stated
in the introductory section, is in data-driven Al technologies
helping mental health practitioners re-define mental illness-
es more objectively than is currently done in the DSM-5. Ad-
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ditionally, Al can help personalize treatments based on the
patient’s unique characteristics. Such unique characteristics
are often very subtle and hardly observable by human men-
tal health practitioners. For example, subtle shifts in speech
tone or pace can be a sign of mania or depression, and such
patterns can now be even more precisely detected by an Al-
driven system in comparison to humans. Al can exploit lan-
guage and speech, among many other available modalities,
as one of the critical pathways to detecting patient mental
states, especially through mobile devices (67), which should
also be regarded as highly important in the context of pre-
diction of mental health disorders induced by the COVID-19
pandemic.

CONCLUSION

The proposed methodology for prediction of mental
health disorders among HCWs during the ongoing pan-
demic based on Al-aided data analysis is particularly im-
portant since they are a high-risk group for contracting the
COVID-19 disease (68) and developing later stress-related
symptoms. However, the methodology proposed in this
article might be applied generally for all those who were
exposed to higher levels of such risks during the COVID-19
pandemic. The main objective of the proposed method-
ology is to expand subjective metrics as predictors of po-
tential mental health disorders mainly specific for Phase 2
with more objective metrics derived in Phases 1, 3, and 4.
The use of neuro-physiological features is expected to pro-
vide additional information and increase reliability when
identifying particularly at-high-risk individuals. Such efforts
are well aligned with the growing literature regarding the
application of Al methods in prediction of chronic mental
health disorders, which has been initially focused mainly
on self-report predictor variables (65,69,70) but has been
subsequently extended to speech features (62) and vari-
ous biomarkers (57,71,72). These efforts should help men-
tal health practitioners make their diagnostics more objec-
tively than currently done in the DSM-5. Acquiring more
reliable neuro-psycho-physiological predictors based on
objective metrics assessment in early identification of
the vulnerable individuals is an important step forward in
the prevention of mental health disorders caused by the
COVID-19 pandemic. Early identification of mental health
disorders based on the proposed methodology as well as
early warning indicators and risk factors are prerequisites
for on-time prediction and prevention of mental health
disorders of the global population, helping clinicians make
diagnoses more quickly and accurately, and rapidly provid-
ing optimal treatment for patients.
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