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ABSTRACT

Background Early identification of COVID-19 symptoms and burnout among residents is essential for proper management.

Digital assistants might help in the large-scale screening of residents.

Objective To assess the implementation of a chatbot for tele-screening emotional exhaustion and COVID-19 among residents at a

hospital in Brazil.

Methods From August to October 2020, a chatbot sent participants’ phones a daily question about COVID-19 symptoms and a

weekly question about emotional exhaustion. After 8 weeks, the residents answered the Maslach Burnout Inventory-Human

Services Survey (MBI-HSS). The primary outcome was the reliability of the chatbot in identifying suspect cases of COVID-19 and

burnout.

Results Among the 489 eligible residents, 174 (35.6%) agreed to participate. The chatbot identified 61 positive responses for

COVID-19 symptoms, and clinical suspicion was confirmed in 9 residents. User error in the first weeks was the leading cause

(57.7%, 30 of 52) of nonconfirmed suspicion. The chatbot failed to identify 3 participants with COVID-19 due to nonresponse.

Twelve of 118 (10.2%) participants who answered the MBI-HSS were characterized as having burnout by the MBI-HHS. Two of

them were identified as at risk by the chatbot and 8 never answered the emotional exhaustion screening question. Conversely,

among the 19 participants identified as at risk for emotional exhaustion by the chatbot, 2 (10.5%) were classified with burnout,

and 5 (26.3%) as overextended based on MBI-HHS scores.

Conclusions The chatbot was able to identify residents suspected of having COVID-19 and those at risk for burnout. Nonresponse

was the leading cause of failure in identifying those at risk.

Introduction

During the COVID-19 pandemic, frontline health

care workers were at increased risk for COVID-19

and mental health problems such as anxiety, depres-

sion, and burnout.1-4 Early detection of COVID-19

and burnout via a systematic approach would support

clinician well-being and could positively impact

health care.5,6 Chatbots are virtual assistants that

establish a dialogue using natural language and can

help evolve screening processes.7,8 Chatbots were

helpful during the COVID-19 pandemic, particularly

in telemonitoring patients, but their use to screen for

burnout is lacking.9-12

We aimed to assess the reliability of a chatbot to

identify suspect cases of COVID-19 and burnout

among residents.

Methods

This study was conducted at Santa Casa Belo

Horizonte Hospital, Brazil, between August and

October 2020. All 489 medical and multiprofessional

residents in 36 specialties were invited to participate.

The chatbot sent a daily WhatsApp message to

participants’ phones to screen for COVID-19 symp-

toms. Then, using an adaptation of the Brazilian

Ministry of Health COVID-19 recommendations,13

participants with a positive answer to fever or any

combination of 2 other symptoms were referred to the

occupational health service for clinical examination

and COVID-19 testing.

A weekly multiple-choice question with validity

evidence for detecting burnout was also sent by the

chatbot (provided as online supplementary data).14

Participants considered at risk for burnout were

referred to psychological support. After an 8-week

monitoring period, the chatbot sent a link to an online

version of the Maslach Burnout Inventory-Human

Services Survey (MBI-HSS).15 The subscales were

DOI: http://dx.doi.org/10.4300/JGME-D-22-00920.1

Editor’s Note: The online version of this article contains the
questionnaires used in the study and further data.

378 Journal of Graduate Medical Education, June 2023

BRIEF REPORT



scored as recommended by the developers.15 In

addition, participants were categorized into 5 latent

profiles ranging from ‘‘burnout’’ to ‘‘engagement.’’16

The attitudes toward the chatbot and privacy

concerns were assessed in a convenience sample

selected based on adherence to the screening process

(adherents responded to .90% of the chatbot

questions, and nonadherents did not answer any of

the questions). The instrument used to assess attitudes

was developed by B.N.M. and A.S.M. (online

supplementary data).

Using IBM SPSS Statistics 27, we summarized

descriptive data using frequencies for categorical

variables and measures of central tendency for

continuous variables. Categorical variables were

compared using the chi-square test. Statistical signif-

icance was defined by P,.05. Ethical approval was

obtained from the Institutional Review Board of

Santa Casa Hospital, and all participants signed

informed consent.

Results

Among 489 residents, 174 (35.6%) agreed to

participate. The mean age of participants was 29

(63.31) years, and 70.1% (122 of 174) were female.

The mean number of weekly responses to the chatbot

was 340 (6204.7), with the larger number of

responses occurring in the first week (n¼825).

The chatbot identified 107 (3.3%) positive respons-

es for COVID-19 symptoms of 3274 total responses,

corresponding to 61 unique responders. Thirty users

reported selecting the wrong option in the chatbot.

Excluding the wrong answers, the specificity of the

chatbot relative to the occupational health assessment

was 29.0% (9 of 31).

Occupational health services quarantined 3 partic-

ipants with COVID-19 symptoms not identified by

the chatbot due to nonadherence. Although the

chatbot was able to identify all suspect cases in those

who were actively interacting with the tool, its overall

sensitivity (including nonresponder participants) was

75% (9 of 12).

Regarding burnout screening, the chatbot regis-

tered 301 responses throughout the monitoring

period (mean weekly response 37.1 [651.9]), with a

predominance (41.9%, 126 of 301) of participants

reporting ‘‘some stress, but not feeling burned out’’

(online supplementary data). Nineteen of the 31

participants identified by the chatbot as at risk for

burnout answered the MBI-HSS; 2 participants were

classified as having burnout and 4 as overextended,

with overall specificity 31.6% (6 of 19; TABLE 1).

The MBI-HSS classified as having burnout 10

additional participants who were not identified as at

risk by the chatbot. Among those, 8 never answered

the weekly burnout question, and 2 answered the

chatbot only in the first 2 weeks of the study. As a

result, the overall sensitivity of the chatbot relative to

the MBI-HSS was 16.7% (2 of 12). However, among

participants who answered at least once to the

burnout question of the chatbot, the sensitivity

increased to 50% (2 of 4).

A larger proportion of participants identified as at

risk for burnout by the chatbot had high levels of

emotional exhaustion compared to those not identi-

fied at risk (57.9% [11 of 19] vs 34.0% [33 of 97],

respectively; P¼.034; TABLE 2). However, for the other

2 domains there was no statistical difference between

groups.

The assessment of attitudes toward the chatbot and

privacy concerns was stratified according to partici-

pants’ adherence to the chatbot (online supplementa-

ry data). Both groups understood the objective of the

chatbot and recognized the importance of telemoni-

toring but felt that data was unsafe in a chatbot. On

the other hand, participants adhering to the chatbot

rated more favorably interacting with a chatbot and

using a machine interface for telehealth monitoring.

Another difference was the nonadherents’ opinions

about using WhatsApp strictly for personal issues.

Discussion

We evaluated the implementation of a chatbot to

screen for COVID-19 and burnout among medical

and multiprofessional residents during the COVID-19

pandemic. The chatbot correctly identified 9 COVID-

19 suspect cases, and the 3 missed cases were among

nonresponders. However, the specificity of the screen-

ing criteria was low, and clinical symptom-based

scoring systems might help improve it in the future.

Using a single-item question to screen for burnout

might oversimplify the complex relationship between

TABLE 1

Distribution of Participants According to Latent Burnout Profile16

Profile
Burnout,

n (%)

Overextended,

n (%)

Ineffective,

n (%)

Disengaged,

n (%)

Engaged,

n (%)

All participants who answered the MBI-HSS (n¼118) 12 (10.2) 20 (17.0) 6 (5.1) 6 (5.1) 58 (49.2)

Participants who answered the MBI-HSS and were

identified as at risk by the chatbot (n¼19)

2 (10.5) 4 (21.1) 0 (0) 0 (0) 8 (42.1)
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the individual and their workplace.17 However, Roh-

land et al state that screening with a single-item

question simplifies the process, making it quicker for

participants and increasing response rates.14 Indeed,

the participants who were flagged as at risk by the

chatbot scored higher for emotional exhaustion in

line with previous results, showing that this single-

item question correctly identified emotional exhaus-

tion among physicians.14

After reviewing the 10 participants missed by the

chatbot in the burnout screening process, 8 were

deemed as nonadherent to the chatbot. The other 2

could be explained by the fact that the MBI-HSS was

filled out approximately 6 weeks after the initial

chatbot questionnaire, meaning the participant may

have had changes in their mental health over that

period.

We observed higher adherence rates to the chatbot

at the beginning of the monitoring process that

declined throughout the 8 weeks, which may have

been secondary to response fatigue. In addition, our

screening process was not mandatory, which could

result in lower adherence rates.18,19 However, we

must consider that forcing participants to interact

with the chatbot could add to burnout.

Finally, both adherent and nonadherent partici-

pants understood the goal and importance of tele-

monitoring. Still, a more significant proportion of

nonadherents felt that WhatsApp should be restricted

to personal use, leading us to wonder if those

participants were apprehensive about using telehealth

tools.

This study does have limitations. First, it was

conducted in a single hospital during a pandemic

when health care professionals were overwhelmed.20

In such a context, adding the extra task of interacting

with a chatbot might be undesired, particularly when

there was no clear individual benefit. Another

limitation is that we cannot rule out survival bias.

Indeed, as the chatbot represented extra work, this

could have resulted in a dropout of participants who

were burned out.

Conclusions

The chatbot could identify and automatically refer

users identified as having either COVID-19 symptoms

or those at increased risk for burnout. Nonadherence

was the leading cause of the failure of the chatbot to

identify some of those at risk.
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