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hospitals

Data Collection and Integration
Aggregate and standardize data
from various sources

Data Analysis Using Machine Learning
Identify patterns and infection
predictors using Al algorithms

Model Development and Validation

Create and validate predictive
models for infection control

Integration into Clinical Workflows
Incorporate Al tools into
existing healthcare processes

Performance Monitoring and Evaluation
Monitor and enhance Al system
effectiveness and outcomes

Training and Education for Staff
Provide comprehensive training
on Al tools for healthcare staff

Ethical and Regulatory Compliance
Ensure adherence to privacy
regulations and ethical standards

A comprebensive review of current applications, challenges, and

Harnessing artificial intelligence for infection control and
future directions
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Figure 1 - Artificial intelligence implementation framework for infection

control.
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Nursing Practice Today

2021; Volume 8, No 1, pp. 11-24

Hand hygiene adherence among Iranian nurses: A systematic review and meta-analysis

Bijan Nouri!, Mohammad Hajizadeh?, Kaveh Bahmanpour®’, Mahsa Sadafi*, Satar Rezaei’, Sina Valiee®*

Author(s) Year Location Weights Proporton [95%; CI]
Tabrizi JS 2015 Tabriz : i 4.439% D.711 [0.632, 0.790]
Tabrizi JS 2015 Tabriz ) HH 4 5500 0,599 [0.538, D 660]
Seyed Nematin 55 2017 Shiraz : ] 4.619% 0.391 [0.363, 0.
Mostafazadeh Bora M 2018 Esfehan . 4 617% 0.128 [0.099, D.1
Albughbish M 2016 Ahvaz ' HEH 4 576% 0.571 [0.521,
Askarian M 2006 Fars : - 4 638% 0.322 [0.312, 0.33Z]
Kavakebi M 2016 Tabriz H | ] 4.623% 0428 [0.403, D.453]
Majafi Ghezeligh T 2015 Lorestan s HEH 4.566% 0.697 [0.5643,
Toulabi T 2006 Khoram Abad : 4 594% 0.100 [0.057,
Gholami Fesharaki M 2014 Tehran . - 4 487% 0,350 [0.280,
Zandiyeh M 2012 Hamedan H Ha- 4 564% 0.613 [0.558,
Hazavehei SMM 2015 Tehran : 4 535% 0.221 [0.155,
Mazari R 2015 Amol : = 4.489% (523 [0.444,
Samadipour E 2008 Sabzevar : 4.626% 0.226 [0.204,
Hosseinialhashemi M 2015 Shiraz 2 HEH 4 584% 0.321 [0.274, 0.368]
Sharif A 2016 Kerman : HEH 4 587% 0.875 [0.829, 0.921]
Alasi B 2013 Esfahan : 4 636% 0064 [0.055, 0.073]
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Naderi HR 2012 Mashhad i - 4 613% D.479 [0.447, 0.511]
Farbakhsh F 2013 Theran : 4 631% 0.217 [0.200, 0.234]
Sadeghi Moghaddam P 2015 Ghom e B 3 826% 0.294 [0.024, 0.494]
Shiva F 2014 Tehran : HBH 4.504% 0.592 [0.549, 0.635]
Random Effect Model for All Studies £ - 100.000% 0,405 [0.311, 0.498]

l-squared = 99.62%, P=0.000

T 1
0.405 1

Note: CI: confidence interval; results are based on meta-analysis with a random effect model.

Figure 2. Forest plot of the total proportion of hand hygiene adherence
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Awvailable online at www.sciencedirect.com

Journal of Hospital Infection

journal homepage: www.elsevierhealth.com/journals/jhin

Short report

Baseline evaluation of hand hygiene compliance
in three major hospitals, Isfahan, Iran

B. Ataei®, S.M. Zahraei®, Z. Pezeshki®, A. Babak ¢, Z. Nokhodian ¢,

SUMMARY

Hand hygiene is the mainstay of nosocomial infection prevention. This study was a baseline
survey to assess hand hygiene compliance of healthcare workers by direct cbservation in
three major hospitals of Isfahan, Iran. The use of different hand hygiene products was also
evaluated. In 3078 potential opportunities hand hygiene products were available on 2653
occasions (86.2%). Overall compliance was 6.4% (teaching hospital: 7.4%; public hospital:
6.2%; private hospital: 1.4%). Nurses (8.4%) had the highest rates of compliance. Poor hand
hygiene compliance in Isfahan hospitals necessitates urgent interventions to improve both
hospital infrastructure and staff knowledge.
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American Journal of Infection Control 51 (2023) 376-379

Contents lists available at ScienceDirect

AllC

American Journal of Infection Control

American Journal of
Infection Control

journal homepage: www.ajicjournal.org

Major Article

Clinical evaluation of an electronic hand hygiene monitoring system bl

Check for
updatos

Anne-Mette Iversen RN, MSc **, Marco Bo Hansen MD, PhD €, Brian Kristensen MD, PhD ¢,
Svend Ellermann-Eriksen MD, PhD, DMSc >¢
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Multimedia Tools and Applications (2022) 81:44431-44444
https://doi.org/10.1007/s11042-022-11926-z

Check for
updates

Hand hygiene monitoring and compliance system using
convolution neural networks

Anubha Nagar' - Mithra Anand Kumar' - Naveen Kumar Vaegae'

AR N R X EE SR

Hand .0 Hand 1 Hand 2 Hand.3 Hand 4 Hand.6 Hand.7 Hand 9 Hand.13 Hand.21
, s
- ﬂ

Hand 22 Hand 23 Hand.24 Hand 25 Hand 26

Fig. 6 Dataset sample for hand detection

Fig. 8 This image shows the difference between “high™ germ level and “low” germ level. The “high” gemm level
can be transformed to a “low™ germ level by a 30-second hand wash procedure
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User shows their ID card to
s Abstract
the Hygiene Detector A L. . . . .
Hand hygiene monitoring and compliance systems play a significant role in curbing the
spread of healthcare associated infections and the COVID-19 virus. In this paper, a model
has been developed using convolution neural networks (CNN) and computer vision to
Using OpenCV ihe device detect an mchw;lual s germ level, monitor their hand wash tC(v:lmvlqvuc and crc.fltc a
®| detects the ID card and prints database containing all records. The proposed model ensures all individuals entering a
the IND number public place prevent the spread of healthcare associated infections (HCAT). In our model,

the individual’s identity is verified using two-factor authentication, followed by checking
the hand germ level. Furthermore, if required the model will request sanitizing/ hand

If1D The user is asked to verify if h wash for completion of the process. During this time, the hand movements are checked to
,';"c:,'::;“ the ID number is correct ensure cach hand wash step is completed according to World Health Organization
P, (WHO) guidelines. Upon completion of the process, a database with details of the

If 1D number is correct individual’s germ level is created. The advantage of our model is that it can be imple-

' ™ mented in every public place and it is casily integrable. The performance of cach segment

4 X c°:eckt' t:e"hth";‘:e"ice of the model has been tested on real-time images an validated. The accuracy of the model

1 Csfriusl;:d ::rmsor is 100% for personal identification, 96.87% for hand detection, 93.33% for germ

-
.

detection and 85.5% for the compliance system respectively.

v

Checks i the germ level i The accuracy of the model:

below a threshold

L

- / \.  Personal Identification: 100 %
Asks the person to sanitize Prints “Access Granted”, and ° Germ detection. 93 %

or wash hands and checks the person can enter the
- the way hand is washed hospital/school/college/ ° i " 0
based on WHO guidelines office CO m p I I an Ce S Ste m = 85 A)

l

The person’s database adds
the date and time the person
was given the “Verified”
message
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Infection Control & Hospital Epidemiology (2023), 44, T21-727

doi:10.1017/ice.2021.509 o SHEA

Original Article

Using video-based surveillance for monitoring hand hygiene
compliance according to the World Health Organization (WHO) Five
Moments framework: A pragmatic trial

Katherine J. McKay RN, IPN, MAdvPrac(Honsl), GCertAdvNurs(CritCare), GCertAdvNurs(ClinNursEd), CertWT&A,
CICP-AY? (&, Cecilia Li PhD?*? &> and Ramon Z. Shaban BSc(Med), BN, GradCertInfCon PGDipPH&TM, MEd,
MCommHealthPrac(Hons1), PhD, RN, FCENA, FACN, FACIPC, CICP-E%34
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Compliance according to "Day" Compliance according to
and Moment "Day" and HCW

92% 95% 100%100% 97% 94% 100% 100%
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R

Moment 1 Moment 2 Moment 3 Moment 4 Moment 5 Nurse Doctor Domestic

MmDayl WDay2 MmDayl EDay2

Fig. 3. Hand hygiene compliance according to day, moment and HCW as audited from recorded footage.
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Play sound (2)

After 5 seconds

9o to "Waiting*®
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Play sound (1)
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and timeout re

A (B [C] ==

Play sound (4)

After 5 seconds

go to "Waiting"®

Figure 6: Application State Machine.
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People wearing a mask pass through a thermal temperature measurement device Artificial intelligence
systems can be used in different ways for infection contrg
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journal homepage

ELSEVIER

Major Article

632 M. Schafer et al./ American Joumnal of Infection Control 52 (2024) 630-634

Fig. 2. Automated monitoring device (circled) outside doors to 2 ORs.

People Entering/Exiting per Hour by the Length of Procedure
80

Reasons For Opening OR Door

4, 2%
36, 18% .

People Per Hour
&

31, 16%
20
117, 59%

.

10, 5% B
o

o 100 200 300 400 S00 600
Counted Minutes of Procedure
= Supplies = Clear Task = Hand Hygiene = No Observed Task = No Entry/Exit 95% P Lmes Pagr ® People Per Hour

Automated traffic monitoring of neurosurgical operating room

Fig. 3. Observed reasons for staff opening OR door. Fig. 4. People entering/exiting per hour by the length of the procedure.
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Clinical Infectious Diseases
WIDSA

HEALTHCARE EPIDEMIOLOGY: Robert Weinstein, Section Editor

Designing Surveillance of Healthcare-Associated
Infections in the Era of Automation and Reporting

Mandates

A -
are manually evaluated by
. . an infection preventionist
Based on data from EHRs, to determine HAI status

,-1-. patients are classified as high M
or low probability of a HAI «_ :
v/ \“". E Infection HAI rate for
D : control J—> reporting and
> ata ) feedback

management

! ;
Patient data is Extraction of data for
stored in EHRs all patients included

in HAI surveillance

H
Low-probability patients
are assumed to not
have an HAI



Enhancing Infection Control in ICUS Through AI: A
Literature Review

Aditya Amit Godbole' (2 | Paras® () | Maanya Mehra® () | Sumitaksha Banerjee” (2 | Poulami Roy’ (2 | Novonil Deb” () |
Sarang Jagtap®
P ——
Study
Study Country setting Study population Study design Objective Infection type
Beeler, 2018 [17] USA Hospital Neonatal and Retrospective Assess and validate a machine learning model to CLABSI
pediatric patients design accurately predict the risk of Central Line-
Associated Bloodstream Infections (CLABSI) in
real-time.
Parreco, 2018 [18] USA ICU Inpatients Retrospective Compare machine learning techniques for CLABSI
cohort predicting central line-associated bloodstream
infection (CLABSI)
Desautels, 2016 [19] USA ICU > 15y ICU patients Retrospective Compare machine learning-based sepsis Sepsis
cohort prediction models with traditional sepsis scoring
systems.
Shimabukuro, USA ICU Medical-surgical ICU Prospective cohort Prediction of sepsis Sepsis
2017 [20] patients
Oh, 2018 [21] USA Hospital Adult impatients Retrospective Assess the applicability of a generalizable machine CDI
cohort learning approach using structured EHR data to
create a CDI risk stratification model tailored to
specific patient populations and facilities.
Escobar, 2017 [22 USA Hospital Adult impatients Retrospective Development and validation of CDI predictive CDI
cohort models in a large, representative adult population.
Ehrentraut, 2018 [23] Sweden, Hospital All impatients Retrospective Application of support vector machines and HAI
Finland cohort gradient tree boosting to identify patient records
with hospital-acquired infections.
Kuo, 2018 [24] Taiwan Surgery Head & neck surgery Retrospective Comparison of artificial neural networks (ANN) SSI
patients cohort and logistic regression models for predicting
surgical site infections (SSI).
Cohen, 2004 [25] Switzerland Hospital Hospitalized Retrospective Utilize data mining techniques to identify HAI
impatients cohort nosocomial infections.
Cohen, 2006 [26] Switzerland Hospital Hospitalized Retrospective Identifying patients at high risk for acquiring HAI
impatients cohort nosocomial infections by evaluating the
performance of a support vector machine
algorithm.
Cohen, 2008 [27] Switzerland Hospital Hospitalized Retrospective Use data mining techniques to identify nosocomial HAI
impatients cohort infections. N———
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Revolutionizing Antimicrobial Stewardship, Infection

Prevention & Public Health with Artificial Intelligence

.~ Empowerment

‘The Bad
Encourage

? users to apply Al Bias
w practice Undeﬂziengd hu;nan biasese((’ei.g.mrzgzi 6
er) perpetuated in
Assessment Inaccuracy

Personalized Treatment Frequent audits BoG Risk of incorrect @)
ﬁ Increased adequacy of empiric and provide Bt output, lack of
treatment and regimen selection transparent transparency
Combating RS Unethical Research &
Misinformation Q Regulation Publication Practices ’
Identifying false or = Establish rules to Output is not authoritative
misleading content mitigate ethical, privacy, and cannot replace a
prior to widespread and safety risks thorough review
dissemination

The Middle Path




(29510 G wioii g dilol) igw 039 93

."'7




Review article

3

https://doi.org/10.1038/544259-024-00068-x

Challenges and applications of artificial
intelligence in infectious diseases and
antimicrobial resistance

npj | antimicrobials & resistance

Patient’s clinical conditions
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y ; q : intestine
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U [ |
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Clinical
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«(x!  Diagnostic tests t(ac%ycardi .
16C6 (e.g., whole-genome blood calls
RAATRTCATGCOCNY Sequencos, count, etc.)

biomarkers, etc.)

MACHINE LEARNING
AND DEEP LEARNING
ALGORITHMS
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Genetic information, biomarkers,

spectra, images, as well as clinical and
epidemiological data, among others

B Developing Al-powered models for infection diagnosis, predicting antimicrobial resistance, and tailoring personalized antimicrobial therapies.

Therapeutic

drug
% /"z'
&7
R
4 i
e Antibiotics:
| *’.) small molecules
K.\ / or antimicrobial
peptides
N
- , Physico-chemical
and biological
properties of the
133 drug (e.g., netcharge,
13 hydrophobicity,
i MIC values, etc.)
Data output
o //
P

Diagnosing diseases, predicting treatment
outcomes, and customizing
antimicrobial treatments

Fig. 2 | Using Al to combat antibiotic failure. A Gathering information and data from diagnostic tests, ICU patient clinical conditions, and antimicrobial effectiveness.




Die Corte et al. Critical Care (2022) 26:79 P
https://doi.org/10.1186/513054-022-03916-2 Crltlca I Ca re

REVIEW Open Access

Artificial Intelligence in Infection ety

Management in the ICU

Thomas De Corte'?", Sofie Van Hoecke?® and Jan De Waele'2

START OF DURING END OF
THERAPY THERAPY THERAPY

+ Correct diagnosis * Pathogen = Correct duration of

- Early therapy initiation identification therapy
« Appropriate choice of [l De-escalation »
antimicrobial
» Appropriate dose and
dosing interval

AMS GOALS

K’I;fection prediction \ /Enhaﬁ@emem of \ ﬂ' imely cessation of \
« || - Increased diagnostic min::rc}!::vit:rli:n;;mr laboratory antimicrobials
g accuracy techniques
S || - Patient surveillance * Antimicrobial
& || - Pathogen susceptibility stewardship support
= prediction
E * Inflammation vs
= infection

* Dose and dosing
wterval advice j N / k _/

Fig. 1 The antimicrobial stewardship (AMS) cycle. Al artificial intelligence, ML machine learning
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