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Learning Objectives

* Describe the main applications of artificial intelligence and machine

learning within respiratory medicine.

* Explain how Al/machine learning use fits into everyday clinical
practice.

* Describe how issues of patient safety and physician liability should be

addressed.

Medicine is changing




Example: Telehealth vs In-person?
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Where have we come from?

MY REPORT 1S
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Of interest learning in respiratory medicine
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Medscape survey on attitudes to Al

How Physicians Feel About Al's Future in Their Workplace
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How Doctors Feel About Al Driving Diagnosis or
Treatment Decisions

24% ® Very concerned

41% @ Somewha concerned

29% @ Not very concemed
‘ 7% @ Not at all concerned

How Physicians Feel Abouit Al as an Adjunct in
Diagnosis and Treatment

4%

ux

Very  Entwsiastic Apprehemsive  Very
enthusiastic apprehensive

How Crucial Is It For Doctors to Be Informed on Al?

19%
Slightly
important
%
Notat all
important

How Physicians Feel About Al's Future in Specific Activities

Positive @ Neutral @ Negative
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Might Patients Get Faulty Medical Info From AI?

6%
1%
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Do Doctors Warry That Patients Will Follow Al Before
Them?

10%
1%

Very Somewhat  Not very Mot at
concerned  concerned  concerned  all concerned

Will Al Affect Risk for Medical Malpractice?

Increase risk  Noimpact Reduce risk




“You caught a virus from your computer, and we had
to erase your brain. | hope you've got a back-up copy!”
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Al growing in many areas!

Machine learning can reliably identify patients at isk of overnight
hospital

Modifiable risk factors
identified by the model such
. as increased BMI, operative
g time, anesthesia type, and
comorbidities can help
clinicians optimize
preoperative status.
(AUC=0.76)
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Where and how to be used?

* Radiologic interpretation

* Pulmonary function interpretation

* Asthma vs COPD clinical, biomarker and spirometry
* Others: TB, pneumonia prediction, the list goes on...
* Digital inhalers

* Action Plans
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PLOS ONE

A systematic review of the diagnostic accuracy of artificial
intelligence-based computer programs to analyze chest
x-rays for pulmonary tuberculosis

Wiiarm Harrs ). Amy Qi, Luke Jeagal, Nz Torabi, Dick Menzies. Alexei Korobitsyn, Madhukar Pai

Ruvandhi R Nathavitharana, Faiz Ahmad Khan

Pubishad: September 3, 2019 » hitps /o org/10 137 joumal pon 0221339

Article Authors Metrics Comments Media Coverage
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type, study design, and diagnostic accuracy. We asssssed isk o bias with QUADAS-2. We.
included 53 of the 4712 articles eviewed: 40 focused on CAD design methods (Development”
Studies) and 13 focused on svalustion of CAD (Clrical stucies). Meta-analyses vere not
performed due to mthodological dferences. Development studies ware more likely 10 use CXR
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ather than cinical evaluation. We provide concrete suggestions on what
study design elements shauld be mproved.

EUROPEAN RESPIRATORY SOCIETY

How about Urgent care @ ERS INTERNATIONAL CONGRESS 2023
and CXR interpretation?
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Fibrotic lung diseases

ninz foeclssifdig 1batic lung disease on high-resolution
mograply:  case-cohort study

* The accuracy of the algorithm on test set A was
76-4%, with 92-7% of diagnoses within one category.

* The algorithm took 2:31 s to evaluate 150 four slice
montages (each montage representing a single case
from test set B).

* The median accuracy of the thoracic radiologists on
test set B was 70:7% (IQR 65-:3—-74-7), and the
accuracy of the algorithm was 73:3% (93-:3% were
within one category), outperforming 60 (66%) of 91
thoracic radiologists.

3 Jls AU, Brown KK, | research
10.1016/52213-2600(20)30003-5. Epub 2020 Feb 25. PMID: 32109428,

applying deep learning to unsolved problems. Lancet Respir Med. 2020 Nov;8(11):1144-1153. do:

Does my cough sound like COVID?
There could be an app for that

It could be possible to detect whether someone has COVID-19 or not, just from
the sound of their coughing.

That's the conclusion of testing of an artificial intelligence (A1) algorithm developed by
the Massachusetts Institute of Technology (MIT), which was able to detect around 98%
of cases of COVID-19 from a forced cough delivered down a cell phone - confirmed by
coronavirus testing.

Almost unbelievably, the neural network was also 100% effective in correctly
diagnosing COVID-19 in people with no symptoms but who had tested positive for the
virus, according to the MIT researchers, although the trade-off was a false positive rate
of around 17% in this group.

The MIT Open Voice algorithm was put through its paces in more than 5,300 patients,
finding a 97.1% accuracy rate overall, with 98.5% sensitivity and 94.2% specificity.

The finding ties in with anecdotal reports that COVID-19 causes a very distinctive

sounding cough, although it will have to be thoroughly tested in additional studies to
see if it could be useful as a screening tool.

hips:/ipharmaphorum.cominews/does:my-cough-sound-ike-covid-there:could-be-an-app-for-tha

perspective

Artificial intelligence and machine learning in respiratory
medicine

Evgeni Mekov, Marc Miravitlles 8 ( & Rosen Petkov
ages 559.564 2 «
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Introduction

The application of artificial intelligence (Al) and machine learning (ML) in medicine and in particular in
respiratory medicine is an increasingly relevant topic.

Studies identified corresponded to the area of chronic obstructive pulmonary disease (COPD), in
particular to COPD and chest scans, interp ion of y function
tests, exacerbations and treatment, diagnosis of interstitial lung disease, and a few other studies
were identified on the fields of mechanical ventilation, interpretation of images on chest X-ray and
diagnosis of bronchial asthma.




Man vs Machine?

Expert opinion:

= ML may help to make clinical decisions but will not replace the physician
completely.

= Human errors in medicine are associated with large financial losses, and many of
them could be prevented with the help of Al and ML.

= Al is particularly useful in the absence of conclusive evidence of decision-making.

Mekov E, Miravilles M. Artficial Iteligence and machine learning in respiratory medicine
Expert Review of Respiratory Medicine. Volume 14, 2020; 559-564
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Clinical response predictions

* Comparing what we can do in practice
* How much more (and faster) a computer can process

« If trained correctly (big issue, more to come!) then can be of huge
help!

IS \cipiing  Artifcia Inteligence
Radiologists and Pathologists
But ’ as Information Specialists

Deep learning is an autodidact-like an
outstanding radiology resident, the more
images it analyzes, the better it gets.
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Predicting Treatment Outcomes Using Explainable Machine
Learning in Children with Asthma
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Lovrié M, Banic I, Lacic E, Paviovié K, Kern R, Turkalj M. Predicting o Machine Learning in Children (Basel). 2021 May
108(5):376. doi: 10.3390/children8050376. PMID: 34068718; PMCID: PMC8151683.

s Artificial intelligence in
diagnosis of obstructive lung
= disease: current status and
~ future potential

5, wim
icie, Yolume 24, Number 2, March 2018, pp.

= Machine learning has been successfully used in automated interpretation of
pulmonary function tests for differential diagnosis of obstructive lung
diseases.

= Deep learning models such as convolutional neural network are state-of-the
art for obstructive pattern recognition in computed tomography.

= Machine learning has also been applied in other diagnostic approaches such
as forced oscillation test, breath analysis, lung sound analysis and
telemedicine with promising results in small-scale studies.

Artificial intelligence outperforms
pulmonologists in the interpretation

CrossMark v
of pulmonary function tests
100
= Pulmonologists
o] — =l softwars
PR _
2 a0
LR
o
Patiern Diagnasis
FIG Compartson of results obtained by pulmonologists versus resulls achieved by the artificial intelligence
(Al] software. Correct detections are significantly |p<0.0001) higher for the Al soltware limprovement of 34% for
pulmonary function test pattern interpretation and 8% lor disgnostic category detectionl, Error bars indicate
standard deviation

Topalovic M, et al; Pulmonary
pulmonary function tests. Eur Respir J. 2019 Apr 11;53(4):1801660. doi: 10.1183/13993003.01660-2018. PMID: 30765505,




Asthma
and COPD Disgnosis
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Unmet medical needs

ma and COPD burden

Disease Asthma copD
Prevalence 8.6%! 7%
3 3M (4" leading death cause)

Mortality 346k By 2030: 4.5M (3 leading death cause) ?
Social burden 24M DALYS® 63M DALYS?

Europe €17.7bn €38.66n7
Economic burden
ot e s <eon sorabn

Overdiagnosis 30-61%¢ 3%

Underdiagnosis 20-73%¢ 60-86%"

2018 Ao Tom e goaeopd o B G A5, 1 1ot 201815961158 1556

Figures presented are estimations per year

Misdiagnosis of Asthma and COPD @

Reasons Difficulties in
differential

ptoms of asthma and COPD ca
making them diffcul o differer

ometry not
performed / difficulty
interpreting results

Itis estimated that only 16—43% of patients with
asthma' and around 33% of patients with COPD?
undergolung uncton esting

Underreporting

of respiratory symptoms to physicians?

| Reasons for |
misdiagnosis Asthma and COPD

| are evolving diseases

No single
diagnostic tool (

Poor diagnostic sensith
FeNO results can be context dependent’

patier

can display COPD Ia




Process? s 5T el adie
leaming in respiratory medicine

) W, Das N, Topalovic M. artficial learning in resp Thorax. 2020 701, do
10.1136/thoraxinl-2020-214556. Epub 2020 May 14. PMID: 32409611
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Our Solution: ACDC

Machine Learning-Assisted
Asthma COPD Differentiation Classification

On-the-ground support for general
practitioners to help diagnose Asthma
from COPD

Where does ACDC data come from?

>400,000 patient records

<
>

Noptum

10



Top Features of Importance:
Cohorts I, Il, and IlI
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O NV A WN P

9.

10.
11.
12.

FEV,
FEV,/FVC

Pack Year

Age

BMI

Dyspnea

Wheeze

Cough

DX Allergic Rhinitis
Current smoker
Never smoked

DX Chronic Rhinitis

Confusion Matrix: Cohorts I, Il and Il

Deep optimization

precision recall fl-score

aco 0.92 0.78 0.84
asthma 0.97 0.98 0.98
copd 0.97 0.98 0.98

Precision (positive predictive value)
Recall (also known as sensitivity)

support

4116
21562
36057

Fl-score (a measure of a test’s accuracy) is the weighted average of Precision and Recall, therefore, this score takes both false positives

and false negatives into account.
Support=number of patients holdout

Limitations in the Training Model!!!

* Post BD FEV1 was not done frequently, so not included in the data

* Age of onset of illness not captured

* FENO done even LESS frequently, so not included in the data

* Background medication use

11
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Kochs JW, Cao H, Holzauer B, Kaplan A, et al. Diagnostic performance of a machine-learning algorithm (Asthma/COPD
Differentiation Classification; AC/DC) tool versus primary care physicians and pulmonologists in asthma, COPD and ACO
JACI published January 27, 2023 DOI:https://doi.org/10.1016/j.jaip.2023.01.017
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Original Asticke

Diagnostic Performance of a Ma
Algorithm (Asthma/Chranic Ob:
Disaase (COPDI Difforantiat

in Asthma, COPD, and Overlap

ructive Puimanary
Classification) Tool

@\ HCPs qualified to participate in the study based on the following criteria:

Board certfied or eligible (US only)
Practicing at least 2 years post-residency

+ Spend at least 50% of time in direct clinical practice patient care.

+See at least 1 patient with respiratory diseases.

[ o[ ruc [rons |

9
COUNTRIES
included in
Study

"B ol T b

"
why

Patient Features Parameters

Patient Features Shown to Steering Committee/PULs/PCPs
~50 Parameters

Patient Feature Shown to AC/DC
~12 Parameters

Age
BMI

FEV1 pre bronchodilator values
FEV1 pre bronchodilator percentages
Current smoking status

Never smoked

Pack years

Chronic sinusitis

History of hayfever

Dyspnea (ACQ4)

Cough (CCQ5)

Wheeze (ACQS5)

**In cases where ACQ and CCQ values weren't
available, MRC values were utilized.

12



Average Diagnostic Accuracy in evaluating clinical

cases of asthma, COPD & ACO

(95% Crl 66 - 79 ‘

B
Agorithms { &+
g
g 619% (95% Crl 55 - 67

H
Pulmonologists{ £}

g 509% (95% Crl 43 - 56%)
PCPs ‘%‘
&

40% 60% 80%

Accuracy

100%

=)

Accusey ol PUL Accuracy of PGP
5. Ooki diagnosis v

Gold Standard

Aceuracy ol ACDC.
dlagnosis vs. Gold
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Study results

Er 1. Superiority to PCPs

M 2. Non-Inferior to Pulmonologists

M 3. Superiority to Pulmonologists

AC/DC meets all Primary Endpoints

Kochs JW, Cao H, Holzauer B, Kaplan A, et al. Diagnostic performance of a machine-learning algorithm
(Asthma/COPD Differentiation Classification; AC/DC) tool versus primary care physicians and pulmonologists in
asthma, COPD and ACO JACI published January 27, 2023 DOI:https://doi.org/10.1016/j.jaip.2023.01.017

diagnoses of

i)

Standard

Hard 23

“2] Breakdown by diagnosis:
Asthma: 53 COPD: 43

=] Breakdown by difficulty:

summary Easy: 39  Moderate: 39
Asthma copPDp
Easy 10 7
Moderate 20 13

=5 Total patient cases from FOCUS study = 119

pag Steering Committee members came to consensus on

ACO:7  Other: 13

Hard: 38
Aco Other
2 o

10

.. e

; .
s s v s]
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ACDC vs others in different difficulties?

AT wrcr P ——
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Pasel assigned difficulty cases
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Future? App currently being purchased by a
US company...we shall see....

i
» =2

Portable Clieatiomirs
spirometry -~

Y Trained modal
LI provides Asthma,
< or

——of

1o i
Entered by HCP into |
ACIDE App

Chronic Dbstructive Pumunary Diseases:
Journal of the COPD Foundation 4¥COPD,

This is now the model wpie

Integrating Artificial Intelligence in the Diagnosis of COPD Glabally: A

for Al diagnostics WayForvard

Figure 1. An Approach to Apply and Integrate Artificial Intelligence in Clinical Practice.
-
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Robertson NI, Centner Cs, tegrat I intelligence in the diagnosis of COPD globally: a way forward. Chronic Obstr Pulm Dis. 2024; 11(1): 114-120. doi:
hitp://ch.doi.org/10.15326/jcopd.2023.0449
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How often are action plans given in the US?

Centers for Disease Control and Prevention
2617 S v Frclocing Peagle™

Asthma Action Plans

| Leam How ta Cantrol Asthma

y E their 1 ion Plan, Work with your heaith
care provider to create a plan that works for you. Your goal s to prevent and cantrol
your asthma attacks.

Aot

Create your own plan using COC's Asthma Action Plan B [PDF

K8]tool.

Brochures, Fact Sheets, & Action

NO good data on line; Answer is likely NOT MUCH!!!
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Doing Well

= 1don't have cough, wheezing, chest tightness, or trouble breathing at any time
= Ican doall the things | usually do.
« When | use a peak flow meter my peak flow is more than 80 percent or more of my best peak flow.

+ Continue taking your long-term cantrol medicine.

Asthma Is Getting Worse

= I nave some cough, wheezing, chest tightness, or trouble breathing, Or
« I wake up at night because of my asthma. Or

« I can't do some of the things | usually do. Or

= When | use a peak flow meter my peak flow is half to three quarters of my best peak flow.
= Add your quick-relief medicine and continue your long-term control medicine,

If your symptoms get better after an hour keep checking them and continue your long-term control medicine

https://www.cdc.gov/asthma/actionplan.html Accessed Nov 12, 2023

Medical Ale

« | have alot of trouble breathing. O

« My quickreliel medicines dont help, O

« I canit do any of the things | usuaily do. Or

« I was in the yellow zone for 24 hours and Fm not getting better, Or

o When |use a peak flow Mmeter my peak flow* is less than half of my best peak flov,

» Add the other medicines your doctar has prescribed and call your doctar.

« If your symptoms dont get better and you can't reach your doctor, go to the hospital,

https://www.cdc.gov/asthma/actionplan.html Accessed Nov 12, 2023

15



Utilize the EMR
How often do you

Action plan delivery
(primary outcome)
improved from zero out of
412 (0%) to 79 out of 443
(17.8%) eligible patients
(absolute increase 0.18
(95% C10.14-0.22)).

give an Asthma Action Plan?

Guptas, Price C, Agarwal G, Chan D, Goel , Boulet LP, Kaplan AG, Lebovic G, Mamdani M, Straus SE.
primary care asthma management. Eur Respir J. 2019 Apr 25;53(4):1802241. dof: 10.1183/13993003,02241-2018. PMID: 30765503; PMCID: PMC6482383.

@

(Crosshiark

]

The Electronic Asthma Management
System (eAMS) improves primary
care asthma management

2/18/2024

EMRimagrates gudancs

Auto-populates the Action plan based on input

https://apps health/featured/eams/

16



The NEW ENGLAND JOURNAL of MEDICINE

“ ORIGINAL ARTICLE ”

Quadrupling Inhaled Glucocorticoid Dose
to Abort Asthma Exacerbations

Tricia McKeever, Ph.D., Kevin Mortimer, Ph.D., Andrew Wilson, M.D.,
Samantha Walker, Ph.D., Christopher Brightling, Ph.D., Andrew Skeggs, B.Sc.,
lan Pavord, F.Med.5ci., David Price, F.R.C.G.P., Lelia Duley, M.D.,
Mike Thomas, Ph.D., Lucy Bradshaw, M.Sc., Bernard Higgins, Ph.D.
Rebecca Haydock, B.Sc., Eleanor Mitchell, B.A., Graham Devereux, Ph.D.
and Timothy Harrison, M.D.
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Non-quadrupling group

Participants with Exacerbation (%)

T T T T T T . 1
0 30 60 90 120 150 180 210 240 270 300 330 365

CONCLUSIONS

In this trial involving adults and adolescents with asthma, a personalized self-
management plan that included a temporary quadrupling of the dose of inhaled
glucocorticoids when asthma control started to deteriorate resulted in fewer severe
asthma exacerbations than a plan in which the dose was not increased. (Funded

Figure 2. Kaplan-Meier Curves for the Time to the First Severe Asthma Ex-
acerbation, According ta Assigned Group.
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ASTHMA ACTION PLAN YELLOW ZONE FORMULATION TASLE (= 16 YEARS 0LD). =l
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Gupta S, Kaplan A, Kouri A, in press

THERAPEUTIC ADVANCES in
Chronic Disease

The emerging role of digital health in the
management of asthma

Atan Kaplan, Michael Baivin, Jacques Bouchard, James Kim, Sean Hayes
and Cheistopher Licskai fua
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Figure i. Real and perceived asthma control.

Kaplan A, Boivin M, Bouchard J, Kim ), Hayes S, Licskai C. @ in of asthma. The ic Ad i 2023;14.
doi:10.1177/20406223231209329
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So why is the Asthma not controlled??

* Patient related

« Physician related
* Disease severity
* Comorbidities

* Triggers

Kaplan A, Boivin M, Bouchard J, Kim J, Hayes S, Licskai C. The emerging role of digital health in the management of asthma.
Therapeutic Advances in Chronic Disease. 2023;14. doi:10.1177/20406223231209329
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* What can digital health
assist with?

* Diagnosis
* Adherence
* Technique

Kaplan A, Boivin M, Bouchard J, KimJ, Hayes S, Licskai C. aital
d0i:10.1177/20406223231209329

ithin of asthma. Ths d 2023;14.

Digital Health Technology in Asthma

Table 3. Key findings for DHT in management of the patient with asthma,

Adherence and outcomes
+ Significant improvement in asthma control with high-frequency [more often than once monthiy)
behavioral support using DHT versus low-frequency (less often or equal to once monthly) HCP-
directed behavioral support, HCP-directed educational support, or usual care'®
Higher achievement of clinically meaningful asthma improvement versus standard of care inhaler'o?
+ Increase in HCP-reported patient interactions'™
+ Improved adherence!™011!
Environmental scan and quality review
+ Several asthma management apps have demonstrated the ability to change user behaviour'?
User-specific perspectives
+ Patients and physicians generally have a positive view of DHT®
User-centered design
« Mostimportant design criteria:®!
Simplicity of use for both inhaler device and software
Interface similar to smartphone technology with which users are already accustemed
Software should inform, engage, and motivate users
Device should be unobtrusive, affordable, and provide accurate and objective measurements

Interface language/terminology should be concrete and understandable by persans at a Grade
-7 reading level

DHT, Digital health technology: HCP, healtheare provider

Kaplan A, Boivin M, Bouchard J, Kim ), Hayes S, Licskai C. digital health in of asthma. Ths d
d0i:10.1177/20406223231209329

2023;14.
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Barriers

Table 5. Common barriers to incorporating DHT into clinical practice.

Time

Training

Interpretation of information obtained from the device

Lack of consensus or standards for interpretation of DHT data
Adherence to the technology

Resistance to change

Fear of being watched, monitored, and/or reprimanded

Lack of perceived need for technology as the belief that patient is well controlled
No compensation for potentially more work

Overwhelmed with technology

Cost and insurance coverage for the device and technology
Medicolegal concerns

s s s 888888888

DHT, digital health technology.

Kaplan A, Boivin M, Bouchard J, KimJ, Hayes S, Licskai C. e in asthma. Th d 2023;14.
d0i:10.1177/20406223231209329
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SMART inhalers in USA

* Smart inhalers help people with chronic lung conditions to use their
inhalers more effectivelyl.

* There are currently seven FDA-cleared or FDA-approved smart
inhalers. Some are all-in-one devices, and others are sensors you
attach to a traditional inhaler?.

« Studies that use digital inhaler systems to collect objective real-time
data on medication-taking behavior via electronic medication
monitors and feed this data back to patients on their mobile asthma
app, and to health care professionals on the clinician dashboard to
counsel patients, show positive outcomes?.

L / s-review
2. Mosnaim GS, Greiwe ), Jariwala SP, Pleasants R, Merchant R. 8 for Asthma. J Allergy Clin 2022 0ct;10(10):2525-
2533. doi: 10.1016/.jaip.2022.06.026. Epub 2022 Jun 29. PMID: 35779775,

Digihaler by Teva:

ProAir Digihaler (albuterol sulfate)
ArmonAir Digihaler (fluticasone propionate)
AirDuo Digihaler (fluticasone/salmeterol)

The ication and the are already All'you have to do is link the inhaler to the app.
Once the Digihaler is out of doses, you discard the entire device. Each new inhaler needs to be linked to the
app when you start using it.

You don’t have to connect the Digihaler to the app to use it. The inhaler will still provide medication even if
you're having technical difficulties.

digihaler’

&

Frovides reparts that allow

2 ig Vou 1o share yout inhaler dota
by innatation aifiow” reseua inhoter s, which mey with your doctor

neip icentify possite triggers
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Propeller

* Propeller is a FDA-cleared smart sensor that you attach to your inhaler.
* The sensors fit most FDA-approved inhalers.

* When you finish all doses in an inhaler, you remove the sensor and attach it
to a new inhaler.

« Each sensor has a non-rechargeable battery that should last for about a
year.

* Once the battery dies, you’ll need a new sensor.

* To get started with Propeller, your healthcare provider needs to enroll you
to use the device and app.

* Company located in Madison Wisconsin oM.

2/18/2024

Breath Suite

« BreatheSuite uses a non-rechargeable battery, typical battery life for one
sensor is about 1 % years.

« As with Propeller, BreatheSuite doesn’t know which brand inhaler you're
using. While setting up the app, you'll have to add your inhaler details.

* Senses:

* How long you shook your MDI before using

« If you were holding your inhaler correctly during a dose

* How long you breathed in your dose

« If you pushed down on your inhaler as you started breathing in

CapMedic
* The prescription-only sensor is rechargeable and fits on most MDIs.

* CapMedic’s unique feature is that the sensor talks to you while you're
using it.
« If you're not holding your MDI upright, the device will tell you.

« It lights up and plays music to let you know when to push down on
your inhaler.

* As soon as you’re done with your puff, the lights will be either red or
green in color to tell you how well you did with your dose.
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Does Digital Al work?

¢ 41 US states

* The DASM program uses
consumer—grade devices for
passive biometric monitoring.

* A smart phone app provides
"smart nudges,” symptom
logging, trigger tracking,
evidence-based education,
and other resources

Harris B, Silberman J, Sarlati S, et al. Digital asthma self-

DIGITAL ASTHMA SELF-MANAGEMENT TOOL
REDUCED EMERGENCY VISIT RATES IN A

MEDICAID POPULATION

s F S

A Aok g vk e, Yoo
- Mt
.
£ s ™
£ . 43%
E; .
) __m Ty
3
e £ o s
Sty A
tool reduced visit rates in a Medicaid

population. Ann Allergy Asthma Immunol. 2023; 131(5):5230-1 (LBOOS). doi.10.1016/j.anai.2023.10.021

New technologies?

* Parameters (wheezes, rhonchi,
coarse and fine crackles, HR,
RR, I/E) measured by a device
such as an Al-aided home
stethoscope allows for the
detection of exacerbations
without the need for
performing PEF
measurements.

Emeryk A, etal.. Home Monitoring of Asthma Exacerbations in Children and Adults With Use of
an Fam Med. 2023 z 7-525. do: 10.1370/afm. 3035,
EMID: 38012028; PVICID: PMCIOGRIGE;

o6

Hofme Monitaring of Asthm s i Children and Adults With Use of an Al
Addert Stethascope

a
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What about ChatGPT?

* One of many Artificial
intelligence language
processing models

* | have NO experience
in these.

* BUT, | have concerns

2/18/2024

Text from 100 cases was pasted into ChatGPT version 3.5 with
the following prompt: "List a differential diagnosis and a final
diagnosis."

Two physician researchers scored the chatbot-generated
diagnosis as "correct," "incorrect," or "did not fully capture

diagnosis.”

ChatGPT version 3.5 reached an incorrect diagnosis in 83 out
of 100 pediatric case challenges.

So, careful what you trust!!

Barile J, et al “Diagnostic Accuracy of a Large Language Model in Pediatric Case Studies" JAMA Pediatr 2024; DOI: 10,1001/jamapediatrics. 2023.5750.

Performance of ChatGPT compared to clinical
practice guidelines in making informed decisions for
Lumbosacral Radicular Pain: A cross-sectional study

* Compared the accuracy of an artificial intelligence chatbot to clinical
practice guidelines (CPGs) recommendations for providing answers to
complex clinical questions on lumbosacral radicular pain.

* Accuracy between ChatGPT answers and CPGs recommendations was
slight, demonstrating agreement in 33% of recommendations.

Gianola s, Bargeri 5, Castellni G, Cook C, Palese A, Pillastrii P, Salvalaggio S, Turolla A, Rossettini G. Performance of ChatGPT compared to clnical practice guidelines in making informed
Radicular Pain: A Study. J Orthop Sports Phys Ther. 2024 Jan 29:1-18. doi: 10.2519/jospt.2024.12151,

@ JAMA Network

From: Using Artificial Intelligence to Improve Primary Care for Patients and Clinicians

Table. Potential Use Cases for Alin Primary Care.

secase Examples of Al role

Inbox management _+ Priortize patient messages
« Generate drat responses
it physician messages to optmize communication,
including or iteracy appropriateness.
Clinician With transcription software:
documentation . praftprogress notes in rea time during visits

« Draft prior authorization, isabilty, and durable:
medical equipment requests
«Drafta st of billing codes for visits

management screening using unstructured and structured EHR data
to determine exclusions
+ Identify patients with incomplete cancer screening
(such as missed appointments), automate
‘communication with patients, and provide scheduling
andjor staffnotifcation
« Generate tailored messages to patients related to
needed between-visit care needs

Individualized « Identify relevant information i structured and

diagnoses for new symptoms
nd medication options for chronic

conditions, considering prior medication prescriptions,

allergies, and ntolerances noted instructured and

JAMA Intern Med. Published online February 12, 2024. doi:10.1001/jamaintermed 2023.7965
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The Perils of Artificial Intelligence in a Clinical

Landscape
1

Al's assistance with inbox management and documentation may

dehumanize the clinician-patient relationship

2

contribute to clinician burnout

3

The volume of documentation that is generated by Al may

Al's output is only as good as the training that it receives; this may

lead to critical information being overlooked.

4

Al has the potential to fabricate information or confabulate.

Ostrer |, Aronson L. The Perils of Artificial Intelligence in a Clinical Landscape. JAMA Intern Med. Published online February

12, 2024. doi:10.1001/jamainternmed.2023.7962
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Will we be replaced
by Al?

CrossMark

No need for pulmonologists to interpret
pulmonary function tests

Computers can easily make these functional diagnoses based on the availability
of z-scores, but one may wonder if it is necessary given the simple rules of

interpretation.

Thus, almost 100% of pulmonologists would give a correct PFT interpretation, at least
in university centres that are responsible for medical student teaching.

However, it must be pointed out that a FEV1/VC ratio <5t percentile is not necessarily
abnormal; it is only atypical because 5% of the normal subjects exhibit this atypical

feature.

It is up to the physician interpreting the functional exploration to provide this kind
of nuance depending on the clinical context.

Delclaux C. No

tests. Eur Respir J. 2019 Jul 18;54(1):1900829. doi: 10.1183/13993003.00829-2019. PMID: 31320475,

Human
Prediction

Human
Judgment

Judgment
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Summary

« Artificial intelligence in Respiratory Medicine is growing

« Real opportunities in real-time issues of
* Imaging
* Prediction models
* Improving diagnostic models
* Making our lives easier with things like auto-populating Action Plans
« Digital devices for assessing technique and adherence

* Future is exciting
* Good news, Live Clinicians are STILL NEEDED!! ©

A.l. will not replace
physicians.

However, physicians who

use A.l. will replace those
who don't.

* fordkids@gmail.com

.
wwwfpage.com

25



