2022 . Volume 46

Communicable Diseases Intelligence
Using artificial intelligence for personal
protective equipment guidance for healthcare
workers in the COVID-19 pandemic and beyond
Veronica A Preda, Anand Jayapadman, Alexandra Zacharakis, Farah Magrabi, Terry Carney, Peter Petocz,
Michael Wilson

https://doi.org/10.33321/cdi.2022.46.51
Electronic publication date: 18/08/2022
http://health.gov.au/cdi

Communicable Diseases Intelligence
ISSN: 2209-6051 Online
This journal is indexed by Index Medicus and Medline.
Creative Commons Licence - Attribution-NonCommercialNoDerivatives CC BY-NC-ND
© 2022 Commonwealth of Australia as represented by the
Department of Health and Aged Care
This publication is licensed under a Creative Commons AttributionNon-Commercial NoDerivatives 4.0 International Licence from
https://creativecommons.org/licenses/by-nc-nd/4.0/legalcode
(Licence). You must read and understand the Licence before using
any material from this publication.
Restrictions
The Licence does not cover, and there is no permission given for, use
of any of the following material found in this publication (if any):
• the Commonwealth Coat of Arms (by way of information, the
terms under which the Coat of Arms may be used can be found at
www.itsanhonour.gov.au);
• any logos (including the Department of Health and Aged Care’s
logo) and trademarks;
• any photographs and images;
• any signatures; and
• any material belonging to third parties.
Disclaimer
Opinions expressed in Communicable Diseases Intelligence are
those of the authors and not necessarily those of the Australian
Government Department of Health and Aged Care or the
Communicable Diseases Network Australia. Data may be subject to
revision.
Enquiries
Enquiries regarding any other use of this publication should be
addressed to the Communication Branch, Department of Health and
Aged Care, GPO Box 9848, Canberra ACT 2601, or via e-mail to:
copyright@health.gov.au
Communicable Diseases Network Australia
Communicable Diseases Intelligence contributes to the work of the
Communicable Diseases Network Australia.
http://www.health.gov.au/cdna

Communicable Diseases Intelligence
(CDI) is a peer-reviewed scientific journal
published by the Office of Health Protection
and Response, Department of Health and
Aged Care. The journal aims to disseminate
information on the epidemiology,
surveillance, prevention and control of
communicable diseases of relevance to
Australia.
Editor
Noel Lally
Deputy Editor
Simon Petrie
Design and Production
Kasra Yousefi
Editorial Advisory Board
David Durrheim,
Mark Ferson, John Kaldor,
Martyn Kirk and Linda Selvey
Website
http://www.health.gov.au/cdi
Contacts
CDI is produced by the
Office of Health Protection
and Response, Australian
Government Department of
Health and Aged Care, GPO Box
9848, (MDP 6) CANBERRA ACT
2601
Email:
cdi.editor@health.gov.au
Submit an Article
You are invited to submit
your next communicable
disease related article
to the Communicable
Diseases Intelligence (CDI)
for consideration. More
information regarding CDI can
be found at:
http://health.gov.au/cdi.
Further enquiries should be
directed to:
cdi.editor@health.gov.au.

Original article

Using artificial intelligence for personal
protective equipment guidance for healthcare
workers in the COVID-19 pandemic and beyond
Veronica A Preda, Anand Jayapadman, Alexandra Zacharakis, Farah Magrabi, Terry Carney, Peter Petocz, Michael Wilson

Abstract
Background
Current procedures for effective personal protective equipment (PPE) usage rely on the availability
of trained observers or ‘buddies’ who, during the COVID-19 pandemic, are not always available. The
application of artificial intelligence (AI) has the potential to overcome this limitation by assisting
in complex task analysis. To date, AI use for PPE protocols has not been studied. In this paper we
validate the performance of an AI PPE system in a hospital setting.

Methods
A clinical cohort study of 74 healthcare workers (HCW) at a 144-bed University teaching hospital.
Participants were recruited to use the AI system for PPE donning and doffing. Performance was
validated by the current gold standard double-buddy system across seven donning and ten doffing
steps based on local infection control guidelines.

Results
The AI-PPE platform was 98.9% sensitive on doffing and 85.3% sensitive on donning, when compared to remediated double buddy. On average, buddy correction of PPE was required 3.8 ± 1.5%
of the time. The average time taken to don was 240 ± 51.5 seconds and doff was 241 ± 35.3 seconds.

Conclusion
This study demonstrates the ability of an AI model to analyse PPE donning and doffing with realtime feedback for remediation. The AI platform can identify complex multi-task PPE donning and
doffing in a single validated system. This AI system can be employed to train, audit, and thereby
improve compliance whilst reducing reliance on limited HCW resources. Further studies may permit
the development of this educational tool into a medical device with other industry uses for safety.
Keywords: artificial intelligence, personal protective equipment, healthcare worker, pandemic, infections, patient safety
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Background
The unprecedented coronavirus disease 2019
(COVID-19) pandemic and surge in nosocomial infections has created a space for digital
innovation to assist in improved patient and
health care worker (HCW) safety. The correct
use—both donning and doffing—of personal
protective equipment (PPE) is an essential
barrier protection for individual HCWs to
protect them from infection. Standard PPE use
requires a trained observer ‘buddy’ to ensure
correct use and to remediate contamination.
Failures in this process, particularly in doffing,
have been studied, with over a hundred failure
modes documented.1 The buddy system also
diverts valuable HCW resources from patient
care.2 Buddies are not always available, especially during a pandemic, and guidelines alone
do not guarantee compliance, with no current
standard compliance PPE checks.1–3 Artificial
intelligence (AI) is a valuable tool that can be
used to improve safety of care, reducing harm,
leading to improved patient outcomes and
healthcare saving.4
PPE (including gloves, gown, mask, eyewear,
hat) remains an essential part of the individual
healthcare worker armamentarium against the
evolving COVID-19 strains and the inevitable
‘next’ virus; however, it must be used effectively.2,5–7 The pandemic has repeatedly shown
health services becoming overwhelmed.8 The
influx of COVID-19 patients, additional to regular patient volumes, highlights a critical need to
protect HCWs, thereby maintaining adequate
staffing levels for patient care and preventing
pathogenic spread. During the current period
of widespread Omicron variant transmission,
essential HCWs are expected to return to work
and may be asymptomatic COVID-19 positive.
Through the ages humanity has had many
infectious disease challenges: bubonic plague,
polio, Ebola, and now COVID-19, with solutions—quarantine, vaccines, and PPE—evolving in response. During the Ebola virus disease
outbreak in 2014, HCWs were 30 times more
likely than were non-HCWs to become infected,
and more than 500 HCW died.9,10 During the
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early phase of the COVID-19 pandemic (to May
2020), there were 152,888 HCW infected in
130 countries, with up to 17,000 HCW dying,
according to Amnesty International.8 With
more availability and effective use of PPE,
COVID-19 morbidity and mortality might have
been reduced in major centres, resource-limited
and remote areas.

Simulation in medical/healthcare worker
training
In medical education and training, simulation
is a widely-employed technique. Simulations
enable users to experiment with different scenarios and improve their skills in a safe environment prior to real-world patient handling.11
Simulations are particularly useful for upgrading competence in managing uncommon, but
potentially fatal problems, without exposing
HCWs and patients to risk.12 Moreover, simulations provide an effective platform for active
learning and mitigation of risk. Active learning
has been shown to increase motivation to learn,
improve knowledge retention, deepen understanding, and instil positive attitudes towards
the subject being taught.13

AI in safety training
Adverse events related to unsafe care represent
one of the top ten causes of morbidity and
mortality worldwide, with up to a third of such
events being preventable.4 One major area is
healthcare associated infections. AI-enabled
systems already can be used to deliver simulation-based safety training to HCWs and to
improve adherence to existing safety protocols;
for instance, in real-time hand hygiene (HH)
alerts in the outpatient setting using sensors.14
We developed an AI-PPE donning and doffing
protocol for training HCWs, with an emphasis placed on using appropriate PPE and on
compliance with infection control precautions.
The use of real-time optical classifier analysis
allowing immediate feedback via SMS or email,
and remediation of inappropriate PPE use or
potential contamination.

Commun Dis Intell (2018) 2022;46 (https://doi.org/10.33321/cdi.2022.46.51) Epub 18/08/2022

health.gov.au/cdi

Methods
Study design and participants
This clinical cohort validation study was
conducted at a 144-bed University teaching
hospital in the Sydney metropolitan area. All
participants were HCWs who were voluntarily
recruited by convenience sampling whilst on site
in the regular work environment at Macquarie
University Health Facilities. Demographic data
was collected on age, gender, occupational role
as a subcategory of HCW (nursing, medical
students, physicians, surgeons, laboratory staff
and administrative staff), previous PPE experience, race, and location of PPE assessment to
better understand factors affecting AI system
performance.
Inclusion criteria: Participants were 21–60 years
of age and able to complete the donning and
doffing process. Basic HH online modules were
previously completed by participants, as correct
PPE donning and doffing requires multiple
HH steps.
Exclusion criteria: Participants were excluded
if unwell, symptomatic, or physically unable to
perform all steps. We did not restrict study participants based on the extent of PPE experience
or knowledge.
The platform was run as a ‘guided’ step-by-step
donning and doffing educational tool for basic
training of the novice or infrequent user, ensuring each step in the process was correctly and
sequentially completed. The internal informatics scored the process and provided a compliance check of basic training.
The AI system was configured to correctly
detect seven donning and ten doffing steps
along with an end-state review step after donning and before doffing (donning step 8 and
doffing step 1 on Figure 1). These steps will
have an important role in future iterations of
the software. The purpose of the additional
end state image classifiers in the AI system
was to allow the platform to audit and check
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compliance of the participant at the end state of
donning and before doffing, a unique feature of
this system which caters for high volume experienced use. The steps replicate local patient
safety agency guidelines and are summarised in
Figure 1.15,16 The modular system enables steps
to be removed as PPE guidelines are modified,
for example footwear. Competencies for HH
and PPE training were assessed by completion
of respective NSW Health training modules.

Protocol
For each participant, the study and AI-PPE
system was discussed with a study investigator
and informed written consent was obtained.
Participants received an overview on donning
and doffing, to the level available on the NSW
Health system.15,16 A training account was then
made on the system for the participant for a
step-by-step report and personal record of their
PPE session. Following this, they commenced
AI-guided PPE donning and doffing (Figure 1)
under the supervision of two proficient experienced buddies. Facial recognition and voice
prompts were used to allow for hands-free log
in and direction of the AI platform.
The AI system runs a computer application on
the device and data is hosted by a web-based
platform using the built-in camera, stationed
between the participant’s waist and chest height,
with the participant’s face approximately in the
middle of the screen. Where possible, the background was well-lit. Different locations were
used with measures taken to ensure lighting
and environment were comparable. PPE was
provided on an adjacent trolley. Standard PPE
items used were: light blue netted hat; light blue
face mask; light blue gloves; light blue gown;
and clear safety goggles. The platform uses
proprietary SXR ‘classifiers’ which are optical
AI recognition algorithms specific to each piece
of PPE and its appropriate application.
Experienced PPE buddies were present in the
same room, independently scoring and not
blinded to the AI platform. Buddy intervention
occurred if PPE was not present, was defective,
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Figure 1: Steps assessed by the AI-PPE platform: donning steps DN-1 to DN-8 on entering a
room; and doffing steps steps DF-1 to DF-11 on exiting (as adapted from the New South Wales
Clinical Excellence Commission and National Health and Medical Research Council)15,16
Donning
DN-1

DN-2

DN-3
Put on long
sleeve
impervious
gown

Perform
hand
hygiene

DN-4
Put on
surgical
mask

DN-5
Put on
protective
eyewear

Put on
hat

Tie at back

Must sanitise correctly
for 20 seconds

DN-6

DN-7
Perform
hand
hygiene

DN-8
Put on
gloves

Final
inspection

Must sanitise correctly
for 20 seconds

Doffing
DF-1

DF-2

DF-3
Remove
gloves &
dispose

Initial
inspection

DF-4

DF-5
Remove
gown &
dispose

Perform
hand
hygiene

20 seconds

Must sanitise correctly
for 20 seconds

DF-6

DF-7

Fingers under and inside
hat/cap

DF-8
Perform
hand
hygiene

Remove
hat

DF-9
Remove
eye
protection

We used a 2 × 2 table to evaluate AI-PPE outcomes (Table 1). The application either detects
appropriate PPE use, ‘PPE detected’, or does
not, ‘PPE not detected’. The PPE usage can be
either ‘correct’ (protective) or ‘wrong’ (at risk of
contamination).

DF-10
Perform
hand
hygiene

20 seconds

or was worn in a way that might risk infection.
Where buddy intervention was required, a brief
descriptive note was recorded. Buddies marked
a ‘pass’ if the step was correct and in the right
order as instructed. AI assessment took place
after buddy intervention and correction. Thus,
in this first instance using two buddies, we
assume the PPE to be appropriately protective;
the goal here is to assess accuracy of the AI
platform against this ‘gold standard’. For future
studies with only one buddy, the end state image
(step DN-8, Figure 1) can be used to challenge
the ‘gold standard’.
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Perform
hand
hygiene

DF-11
Remove
mask &
dispose

Perform
hand
hygiene

20 seconds

20 seconds

Therefore, we evaluate outcomes in the following way (Table 1):

Table 1: Summary of approach to AI scoring
interpretation and assessmenta
PPE usage

AI
function

a

Correct

Wrong

Detected

Pass

Fail

Not detected

Fail

(Pass)

AI function is qualified against PPE usage with four possible
outcomes. ’Pass’ events where ‘wrong’ PPE is ‘not detected’
are in parentheses, as this study focuses on post-buddyremediation assessment, thus PPE use is assumed to be
correct unless otherwise stated.
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The AI application has functioned accurately
(‘pass’) when either
• the AI detects appropriate PPE use and the
PPE is used correctly (protective/ safe)
• the AI does NOT detect appropriate PPE use
and the PPE use is wrong (at risk of contamination/unsafe).
The AI application has failed to function accurately (‘fail’) when either
• the AI detects appropriate PPE use and the
PPE use is wrong (at risk of contamination)
• the AI does NOT detect appropriate PPE use
and the PPE is used correctly (protective).
In this first assessment the double buddy intervention is assumed to produce correct PPE use,
allowing us to assess the AI performance to this
current gold standard. Thus, there are assumed
to be no ‘pass’ instances of type ii unless specifically stated. (In future assessments, with AI
remediation capability, the buddy system can
also be assessed as if it is fallible.)
Time was measured from step DN-1 to end
state image (DN-8) for donning and from initial
inspection (DF-1) to end of final hand hygiene
(DF-11) for doffing and recorded internally.

Outcome measures and statistical
analyses
The primary outcome was accuracy of AI
scoring (‘pass’ events/total %) against doublebuddy-corrected reference (assumed to be
100% accurate) for donning and doffing of PPE
containing steps gown, mask, eyewear, netted
hat, and gloves. Although the platform guides
participants through all the steps including
hand hygiene, this study focuses on evaluating
PPE detection.
The secondary outcomes were sensitivity, buddy
assistance requirements for each step, and time
taken to don and doff PPE.

health.gov.au/cdi

AI detection for donning and doffing was
recorded internally on the SXR AI program
(Sydney NSW, Australia) and exported to
Microsoft Excel (Redmond WA, USA). The
instances where the buddy had to intervene
to ensure PPE use was appropriate were also
recorded. Statistical analysis was performed
using GraphPad Prism 9 (San Diego CA, USA)
and SPSS (Armonk, NY, USA).
AI accuracy was determined as the percentage sum of ‘pass’ events (Table 1) among total
events. Statistical significance was assessed
through exact binomial and McNemar’s tests
(α = 0.05) of a 2 × 2 contingency table with AI
assessment against buddy post intervention
standard as exposures, and with ‘pass’ and ‘fail’
as outcomes. Overall values for donning and
doffing were calculated as the sum of events
of each outcome type across all steps: gown,
mask, eyewear, hat and gloves. These were then
assessed using exact binomial and McNemar’s
tests. Donning and doffing timing was recorded
internally on the AI-PPE application.

Ethical approval
This study was reviewed and approved by
the human research committee at Macquarie
University (Sydney, Australia; HREC 5590).

Results
Seventy-four HCWs were recruited for this
study. Demographic data are summarised in
Table 2.

Primary outcome and overall results
Sensitivity of the AI-PPE platform to the
remediated double buddy standard was 98.9%
overall for doffing (p = 0.125 by exact binomial)
and 85.3% overall for donning (p < 0.01),. The
overall sensitivity for donning was 85.3% for
the AI-PPE platform (p < 0.01), resulting from
significant differences against the doublebuddy-remediated standard in donning mask,
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Table 2: Summary of demographic dataa
Category

n (%)

Male

33 (44.6)

Female

41 (55.4)

21–30 years

33 (44.6)

31–40 years

28 (37.8)

41–50 years

8 (10.8)

51–60 years

5 (6.7)

Laboratory staff

31 (41.9)

Physician

3 (4.1)

Junior medical officer

9 (12.2)

Medical student

14 (18.9)

Nurse

6 (8.1)

Administration staff

8 (10.8)

Surgeon

3 (4.1)

PPE and HH

71 (95.9)

HH only

3 (4.1)

East Asian

12 (16.2)

South Asian

11 (14.9)

Caucasian

37 (50)

Middle Eastern/Mediterranean

10 (13.5)

Afro-Caribbean

1 (1.4)

Polynesian

3 (4.1)

Sex

Age

Occupation/role

PPE and hand hygiene (HH) training

Ethnicity

a

Total n = 74, all with complete demographic data.

eyewear and gloves. Averaged across donning
and doffing, the sensitivity of the AI platform to
the double buddy remediation was 92.3%.
The buddy correction was required in 3.8 ±
1.5% of steps (Table 4), with more correction
required for donning steps, at 7.1 ± 2.0%, than
for doffing steps at 0.5 ± 0.5%. There were ten
instances of lab staff declining to wear a hat,
as it was not required on their local guidelines.
Thus, these were not included as corrections.
The AI-PPE correctly did not detect PPE in all
these cases. These were the only ‘pass’ instances
due to correct non-detection for ‘wrong’ PPE
use in our study.

6 of 14

Donning
For donning of mask and eyewear, there was a
significant difference between AI scoring and
buddy assessment (p < 0.01), with the result for
donning of gloves also approaching statistical
significance (p = 0.02 and 0.01 by the exact
binomial and McNemar tests respectively)
(Table 3). The AI scoring for donning mask
was consistent with current buddy standard in
64.9% of cases. We also observed a high buddy
assistance requirement in this step (14.9%).
This was generally for inadequate moulding at
the nose bridge, for inadequate extension of the
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Table 3: Summary of results for primary outcome (AI passed %) and sensitivity values
Category

Donning

Doffing

Overall

a

p-valueb

PPE item/
action

Step

AI passed (%)
(n = 74)a

Sensitivity
(%)

exact binomial

McNemar

Gown

DN-2

87.8

90.3

0.18

0.10

Mask

DN-3

64.9

64.9

< 0.01

< 0.01

Eyewear

DN-4

75.7

77.8

< 0.01

< 0.01

Hatc

DN-5

93.2

93.7

0.38

0.18

Gloves

DN-7

86.5

87.7

0.02

0.01

Gloves

DF-2

100.0

100.0

N/A

N/A

Gown

DF-4

98.6

98.6

1

0.32

Hat

DF-6

97.3

97.3

0.50

0.16

Eyewear

DF-8

100.0

100.0

N/A

N/A

Mask

DF-10

98.6

98.6

1

0.32

Donning

DN-1 to DN-8

84.3

85.3

< 0.01

< 0.01

Doffing

DF-1 to DF-11

98.9

98.9

0.125

0.05

All steps

—

91.6

92.3

< 0.01

< 0.01

‘AI passed %’ refers to the proportion of assessed events that were correct detections of protective PPE. In all steps except ‘donning hat’,c
PPE was assumed to be correct as verified by double buddy.

b

The p-values indicate results for each step with exact binomial and McNemar tests, for α=0.05. N/A: not applicable.

c

In the case of ‘donning hat’, ‘AI passed’ events also include ten instances of non-detection of PPE when PPE was absent.

mask to cover the chin, and/or for instances in
which the donned mask was worn at the edge of
or below the nose.
The donning eyewear classifier had a sensitivity of 77.8%. We observed that good PPE was
missed by the AI at a much higher rate in laboratory and simulation centre settings, at 29%
and 21% respectively, than on the ward, where it
was missed 4% of the time. Of note, the former
environments had bright ceiling lights, whilst
the ward environment was generally more
dimly lit.

standard for doffing. Errors were all cases of
incorrect detection of PPE when PPE had been
removed. There were no instances of retained
PPE missed by the AI. Thus, PASS rate equalled
sensitivity (Table 3). Overall, the AI demonstrated excellent capacity to recognise doffing
and identify absence of PPE at each step.

Timing

In our study, the donning hat classifier had the
highest sensitivity of 93.7% (p = 0.38).

We examined the time taken to don and doff.
Mean ± standard error of mean (SEM) time
taken to don was 4 minutes 0 seconds ± 51.5
seconds, inclusive of all necessary hand hygiene
steps, whilst mean time to doff was very similar
at 4 minutes 1 seconds ± 35.3 seconds.

Doffing

Discussion

There were no major discrepancies between
AI assessment and double buddy remediated

Having a trained buddy to monitor PPE compliance is important for health care safety. The
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Table 4: Percentage of participants requiring buddy intervention to ensure protective PPE, and
noted reasons for requiring interventiona
Category

PPE item/action

Step

Buddy assistance
required (%)

Gown

DN-2

6.8

• Gown not tied
• Thumbs not securely placed through holes

Mask

DN-3

14.9

• Not fully extending mask below chin
• Not moulding nose bridge
• Mask worn at edge of/below nose

Eyewear

DN-4

5.4

• Incorrect detection of spectacles
• Claiming eyewear not required because spectacles
present

Hatc

DN-5

4.1

• All hair not contained
• Not routinely worn by some lab staff

Gloves

DN-7

4.1

• Worn under gown
• Passed by AI prematurely

Gloves

DF-2

0

N/A

Gown

DF-4

0

N/A

Hat

DF-6

2.7

Eyewear

DF-8

0

N/A

Mask

DF-10

0

N/A

Donning

DN-1 to DN-8

7.1 ± 2.0

N/A

Doffing

DF-1 to DF-11

0.5 ± 0.5

N/A

All steps

—

3.8 ± 1.5

N/A

Donning

Doffing

Overall
(mean ± SEM)d

a

n = 27.

b

N/A: not applicable.

c

Reason for requiring assistanceb

Missed instruction and did not remove hat in time

For ‘hat’, 13.5% of participants (lab staff ) chose not wear hats due to local lab PPE guidelines. The platform correctly avoided detection
in all these cases, and so these instances have been marked as ‘AI passed’.

d

SEM: standard error of mean.

gold standard of double buddy human resource
allocation is not always practicable. To date
the literature focusses on doffing, where much
of the self-contamination risk is reported.1,17
There is very little literature on donning. Our
paper provides some contribution to this, as we
expect both to be monitored to provide safest
PPE setup.
Overall, our results demonstrate that the AI
platform provides excellent sensitivity for doffing, at 98.9%, with a statistically non-significant
difference to a double buddy standard. This
is the major area to date of literature focus in
PPE use. Donning using the AI platform has
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a sensitivity of 85.3%. There is the potential
significant psychological effect of an onsite
double buddy, which was not characterised, but
which may have influenced buddy assistance
requirements.
At this stage, our goal was to determine the
capacity of classifiers to correctly identify
applied PPE to a double buddy standard, and to
identify completion in the correct sequence. For
this purpose, donning classifiers can be made
much stricter, unlike doffing classifiers. This in
part explains the overall difference in accuracy
observed between donning and doffing. Since
the mask is one of the most-used pieces of PPE,

Commun Dis Intell (2018) 2022;46 (https://doi.org/10.33321/cdi.2022.46.51) Epub 18/08/2022
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we felt it was prudent to challenge the platform
with strict classifiers, and this is reflected in the
results seen. Interestingly, buddy remediation
rates were also high for mask donning, which
supports an area for HCW upskilling.
Similarly, there was a high fail rate for eyewear.
This may be explained by a combination of
strict donning classifiers under bright lighting.
Bright ceiling lighting may have caused good
PPE to be missed by reflections obscuring the
borders of existing spectacle eyewear. Moreover,
the laboratory and the simulation centre, both
locations with bright ceiling lights, had high
rates of undetected good PPE. Further study
under controlled and measured lighting would
be valuable.
The buddy intervention requirement prior to AI
recognition is important to this study design.
This requirement helps us understand the common errors that may be encountered in PPE
donning and doffing, and suggests focuses for
remediation steps for the AI. In our study, we
noted that mask donning had a surprisingly
high requirement for buddy correction. We have
already attempted to make strict mask classifiers. This data reaffirms the importance of these
efforts. In forthcoming studies, different masks
such as N95 masks are being used, to assess and
train the versality of the platform.
Buddies were not blinded to the platform, and
were present in the same room; it is also possible that the AI detected risk which would have
otherwise been missed by the buddy. We plan to
explore this further in subsequent study designs.
We examined a range of demographic factors
to better serve a diverse user group. Our cohort
verifies the capacity for the platform to successfully guide donning and doffing for a range of
race and age characteristics. Additionally, of the
74 participants 54% were female, which offers
a good balance and approaches the 60–70%
majority of the healthcare workforce who are
female.18 Racial bias can be a problem in AI-based
software, as has been well described in the literature.19 Strengths of this study include that we
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have actively attempted to reduce the influence
of factors that would contribute towards racial
bias during the training of this platform. We
have a variety of participants recruited in this
study reflective of our multicultural population,20 which for global applicability is essential.
Participants of all included ethnic backgrounds
were able to complete the assessment, though
our study was not powered to assess statistical
differences.
The timing of donning and doffing was consistent with expectations. Despite the increased
number of 20-second hand hygiene steps
involved in doffing, the mean times between
donning and doffing were very similar. There
is limited literature reported regarding donning
and doffing times for the type of protocol used
in this study. However, more extensive PPE
protocols with head-to-toe body suits, as used
during the Ebola outbreak and early in COVID19 pandemic have recorded times for doffing
alone of 6–7 minutes.10,21 Our current data sets
a reasonable baseline time for safe, standardised donning and doffing, contributing to the
information around task diversion and potential time saving for human resource allocation
where double buddy systems are relied upon.

Summary, limitations, and further
directions
Given the state of communicable disease today
and the trends with the latest COVID-19 strains,
AI-PPE remains highly relevant and usable in
an area of ongoing workforce shortage.22 There
are minimal operational limits with extensive
applications for deployment into any workplace. As the pandemic has enabled upskilling
of all workforces towards digital platforms and
communication, this too can quickly, reliably
and easily be integrated.23,24 It can be used by
all HCWs regardless of level in the hierarchy
of the system, as demonstrated here, and has
the potential to bypass language barriers. At
an individual level, it has been developed into a
ready-to-implement tool that provides feedback
in real-time, without susceptibility to fatigue,
human error or distraction from patient care. At
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an institutional level, it is a convenient accessible
resource to assist auditing and documentation
to shape research, safety policy and governance.
We expect that research investigating the longterm clinical applicability of this model in realworld setting, including effects on patient and
staff outcomes will be forthcoming, particularly
in resource limited settings.
The ‘learning’ of the system after initial recognition training continues and accuracy improves.
The system is still ‘young’ and the process of
learning will be documented, with the intention
to take the application from an educational and
training platform to a possible medical device.
In future studies we aim to trial different PPE
(colour, shape, brand including different masks
such as N95) to help train versatility of the
platform to locally-available equipment. Other
work environments (aged care, quarantine,
pharmaceutical industry and others) needing
various PPE levels and scalability of PPE could
benefit from this AI platform and classifiers.
Another important limitation of the study was
that we did not assess for transitional errors;
this will be explored in subsequent versions of
the platform. This will be particularly important for contamination-free doffing.17,25 This is
a major area of our current work. For donning,
classifiers will require continued refinement,
particularly for mask, gloves and goggles.

remediation against single buddy assessment
and remediation, both under the validation of
double buddy control.

Conclusion
The buddy system for PPE use is vulnerable
in scenarios where human resources can be
rapidly overwhelmed and staff furloughed, particularly in resource-limited and remote areas.
AI-PPE has the potential to improve safety of
care. This study presents a proof of concept of a
new AI-PPE platform with real-time feedback to
guide and assess donning and doffing of PPE. It
demonstrates comparable accuracy to the current gold standard buddy system, along with the
ability to integrate well into existing healthcare
systems. This platform has been tested on staff
with a range of visual characteristics with contributions from race, age and sex. Further work
is required to perform optimally in a wide range
of environments, and to address transitional
errors. With ongoing refinement, it can be scaled
to teach, train and audit HCW and other work
environments needing PPE. This has implications for the implementation of PPE protocols
in hospitals and other health care organisations
to improve clinical practice and safety without diverting human resources. Convenient
monitoring for compliance and trends allows
for more targeted and effective governance of
workplace and patient safety practices.

Our further research will test this platform in
differing lighting conditions and environments
for further external validation. We tested the
platform in the hospital wards, intensive care,
clinics, simulation centres and laboratory setting. Future iterations of the platform could
have lighting control integrated within the
design, to achieve optimal and reproducible
lighting conditions.
Finally, here we assess AI-PPE accuracy against
post-remediation double buddy standard. This
was necessary as the AI’s accuracy has not yet
been demonstrated. Future studies will compare pre-remediation AI assessment and then

10 of 14

Commun Dis Intell (2018) 2022;46 (https://doi.org/10.33321/cdi.2022.46.51) Epub 18/08/2022

health.gov.au/cdi

Acknowledgments

Author details

The authors would like to thank the individuals who provided feedback on the design and
volunteered to participate in the study.

A/Prof. Veronica A Preda1
Dr Anand Jayapadman1
Dr Alexandra Zacharakis1
Prof. Farah Magrabi2
Mr Terry Carney3
A/Prof. Peter Petocz4
Prof. Michael Wilson1,3

Disclaimer
Surgical XR has provided the AI-PPE software
gratis to Macquarie University.
Ethics clearance was given by Macquarie
University (HREC 5590).

1. Macquarie Medical School, Macquarie University, Sydney Australia
2. Australian Institute of Health Innovation
Macquarie University, Sydney Australia
3. Surgical XR, Macquarie Park, Sydney Australia
4. Macquarie University Department of Statistics, Macquarie University, Sydney Australia

Corresponding author
Associate Professor Veronica Preda
Macquarie Medical School, Macquarie
University, Sydney Australia
Phone (02) 9182 3526
Email: veronica.preda@mq.edu.au

health.gov.au/cdi

Commun Dis Intell (2018) 2022;46 (https://doi.org/10.33321/cdi.2022.46.51) Epub 18/08/2022

11 of 14

References
1. Gurses AP, Dietz AS, Nowakowski E, Andonian J, Schiffhauer M, Billman C et al. Human factorsbased risk analysis to improve the safety of doffing enhanced personal protective equipment.
Infect Control Hosp Epidemiol. 2019;40(2):178–86. doi: https://doi.org/10.1017/ice.2018.292.
2. Mulvey D, Mayer J, Visnovsky L, Samore M, Drews F. Frequent and unexpected deviations from
personal protective equipment guidelines increase contamination risks. Am J Infect Control.
2019;47(9):1146–7. doi: https://doi.org/10.1016/j.ajic.2019.03.013.
3. Segal R, Bradley WP, Williams D, Correa de Araujo Nunes R, Ng I. Remote buddy monitoring of
the donning and doffing of personal protective equipment. Med J Aust. 2021;214(11):526–7. doi:
https://doi.org/10.5694/mja2.51086.
4. Bates DW, Levine D, Syrowatka A, Kuznetsova M, Craig KJT, Rui A et al. The potential of artificial intelligence to improve patient safety: a scoping review. NPJ Digit Med. 2021;4(1):54. doi:
https://doi.org/10.1038/s41746-021-00423-6.
5. Quigley AL, Stone H, Nguyen PY, Chughtai AA, MacIntyre CR. Estimating the burden of COVID-19 on the Australian healthcare workers and health system during the first six months of the
pandemic. Int J Nurs Stud. 2021;114:103811. doi: https://doi.org/10.1016/j.ijnurstu.2020.103811.
6. Verbeek JH, Rajamaki B, Ijaz S, Sauni R, Toomey E, Blackwood B et al. Personal protective
equipment for preventing highly infectious diseases due to exposure to contaminated body
fluids in healthcare staff. Cochrane Database Syst Rev. 2020;4(4):CD011621. doi: https://doi.
org/10.1002/14651858.CD011621.pub4.
7. Sprecher AG, Caluwaerts A, Draper M, Feldmann H, Frey CP, Funk RH et al. Personal protective
equipment for filovirus epidemics: a call for better evidence. J Infect Dis. 2015;212(Suppl 2):S98–
100. doi: https://doi.org/10.1093/infdis/jiv153.
8. Hölscher AH. Patient, surgeon, and health care worker safety during the COVID-19 pandemic.
Ann Surg. 2021;274(5):681–7. doi: https://doi.org/10.1097/SLA.0000000000005124.
9. World Health Organisation (WHO). Health worker Ebola infections in Guinea, Liberia and Sierra
Leone: a preliminary report 21 May 2015. Geneva: WHO; 21 May 2015. Available from: https://
www.who.int/hrh/documents/21may2015_web_final.pdf.
10. Garibaldi PMM, Ferreira NN, Moraes GR, Moura JC, Espósito DLA, Volpe GJ et al. Efficacy
of COVID-19 outbreak management in a skilled nursing facility based on serial testing for early
detection and control. Braz J Infect Dis. 2021;25(2):101570. doi: https://doi.org/10.1016/j.
bjid.2021.101570.
11. Gordon JA, Oriol NE, Cooper JB. Bringing good teaching cases “to life”: a simulator-based
medical education service. Acad Med. 2004;79(1):23–7. doi: https://doi.org/10.1097/00001888200401000-00007.
12. Maran NJ, Glavin RJ. Low- to high-fidelity simulation - a continuum of medical education? Med
Educ. 2003;37(Suppl 1):22–8. doi: https://doi.org/10.1046/j.1365-2923.37.s1.9.x.

12 of 14

Commun Dis Intell (2018) 2022;46 (https://doi.org/10.33321/cdi.2022.46.51) Epub 18/08/2022

health.gov.au/cdi

13. Stevens A, Hernandez J, Johnsen K, Dickerson R, Raij A, Harrison C et al. The use of virtual patients to teach medical students history taking and communication skills. Am J Surg.
2006;191(6):806–11. doi: https://doi.org/10.1016/j.amjsurg.2006.03.002.
14. Geilleit R, Hen ZQ, Chong CY, Loh AP, Pang NL, Peterson GM et al. Feasibility of a realtime hand hygiene notification machine learning system in outpatient clinics. J Hosp Infect.
2018;100(2):183–9. doi: https://doi.org/10.1016/j.jhin.2018.04.004.
15. Clinical Excellence Commission of New South Wales Australia (CEC). Education, training,
posters and videos. [Internet.] Sydney: New South Wales Government, CEC; 12 January 2022.
[Accessed on 26 January 2022.] Available from: https://www.cec.health.nsw.gov.au/keep-patientssafe/COVID-19/education-training-posters-videos.
16. National Health and Medical Research Council (NHMRC), Australian Commission on Safety
and Quality in Healthcare (ACSQHC). Australian Guidelines for the Prevention and Control of
Infection in Healthcare (2019). Canberra: Australian Government, NHMRC, ACSQHC; May
2019. Available from: https://www.nhmrc.gov.au/about-us/publications/australian-guidelinesprevention-and-control-infection-healthcare-2019.
17. Baloh J, Reisinger HS, Dukes K, da Silva JP, Salehi HP, Ward M et al. Healthcare workers’ strategies for doffing personal protective equipment. Clin Infect Dis. 2019;69(Suppl 3):S192–8. doi:
https://doi.org/10.1093/cid/ciz613.
18. Australian Institute of Health and Welfare (AIHW). Health workforce. [Internet.] Canberra: Australian Government, AIHW; 23 July 2020. [Accessed on 28 January 2022.] Available from: https://
www.aihw.gov.au/reports/australias-health/health-workforce.
19. Noseworthy PA, Attia ZI, Brewer LC, Hayes SN, Yao X, Kapa S et al. Assessing and mitigating
bias in medical artificial intelligence: the effects of race and ethnicity on a deep learning model for
ECG analysis. Circ Arrhythm Electrophysiol. 2020;13(3):e007988. doi: https://doi.org/10.1161/
CIRCEP.119.007988.
20. Australian Bureau of Statistics. Sydney 2016 Census All persons QuickStats: Demographics and
education. [Internet.] Canberra: Australian Bureau of Statistics; 2017. [Accessed on 28 January
2022.] Available from: https://quickstats.censusdata.abs.gov.au/census_services/getproduct/census/2016/quickstat/SED10080#demographics.
21. Suen LKP, Guo YP, Tong DWK, Leung PHM, Lung D, Ng M et al. Self-contamination during
doffing of personal protective equipment by healthcare workers to prevent Ebola transmission.
Antimicrob Resist Infect Control. 2018;7:157. doi: https://doi.org/10.1186/s13756-018-0433-y.
22. Johns Hopkins University School of Medicine, Coronavirus Resource Center. COVID-19 Dashboard. [Internet.] Baltimore: Johns Hopkins University; 2022. [Accessed on 29 January 2022.]
Available from: https://coronavirus.jhu.edu/map.html.
23. Horgan D, Hackett J, Westphalen CB, Kalra D, Richer E, Romao M et al. Digitalisation and COVID-19: the perfect storm. Biomed Hub. 2020;5(3):1341–63. doi: https://doi.
org/10.1159/000511232.

health.gov.au/cdi

Commun Dis Intell (2018) 2022;46 (https://doi.org/10.33321/cdi.2022.46.51) Epub 18/08/2022

13 of 14

24. Golinelli D, Boetto E, Carullo G, Nuzzolese AG, Landini MP, Fantini MP. Adoption of digital
technologies in health care during the COVID-19 pandemic: systematic review of early scientific
literature. J Med Internet Res. 2020;22(11):e22280. doi: https://doi.org/10.2196/22280.
25. Phan LT, Maita D, Mortiz DC, Weber R, Fritzen-Pedicini C, Bleasdale SC et al. Personal protective equipment doffing practices of healthcare workers. J Occup Environ Hyg. 2019;16(8):575–81.
doi: https://doi.org/10.1080/15459624.2019.1628350.

14 of 14

Commun Dis Intell (2018) 2022;46 (https://doi.org/10.33321/cdi.2022.46.51) Epub 18/08/2022

health.gov.au/cdi

