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Translational Al - outline

» Promise of artificial intelligence (AI) and machine
learning (ML) in medicine

« Current state of clinical impact of Al prediction tools

« Results of research aiming to diagnose rare disease
using ML
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One-slide history of Al and ML in medicine

« A major activity of clinical informatics has been a}zjglication of
Al with aim of improving patient care (Shortliffe, 2019)
« First generation in 20t century
— Focus on hand-crafted knowledge bases
— Computers lacking data, power, GUIs, Internet, etc.
— Led to “Al winter” in late 1980s and beyond
« Resurgence in 21st century
— Driven by advances in ML, especially deep learning

— Based on large amounts of data and plentiful computer power and
networks

— Overviews — Topol (2019), NAM (2019), Rajpurkar (2022)
— Still modest impact (as of 2022) in clinical setting
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Promise of ML and Al in medicine

Imaging

Clinical prediction
Biological processes
Assisting humans

\,
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Imaging

 Early studies

 Diabetic retinopathy (DR)
(Gulshan, 2016; Ting, 2017)

+ Histology of cancer (Bejnordi,
2017) and metastases (Veta, 2019)

e Tuberculosis (Lakhani, 2017) and
pneumonia (Rajpurkar, 2018)

« Skin cancer (Esteva, 2017;
Haenssle, 2018; Tschandi, 2019)

« Systematic review (Liu, 2019)
 State of the art (Esteva, 2021)

Casey Conference 5/16/22

Other pattern-recognition areas

« Wave forms — use of ECGs

— Age and sex determination (Attia, 2019)
— Cardjac arrhythmia detection comparable to
cardiologists (Hannun, 2019)

- Inter}l)1 etation better than conventional algorithm Using Al echiaues, a computercandeermine o
(Smith, 2019; Hughes, 2021) |
— Detecting hyperkalemia from 2 (of 12) leads
(Galloway, 2019)
— Early diagnosis of low ejection fraction in patients
in setting of routine primary care (Yao, 2021) ool T T
« Sounds s

— Detecting pathological breath sounds in children
with digital stethoscopes (Kevat, 2020; Zhang, 2021)

\
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Clinical prediction

Length of stay, mortalitgr, readmission, and diagnosis at two large medical
centers (Rajkomar, 201

30-day readmission in heart failure (Golas, 2018)

ML-selected variables outperformed expert-selected variables in predicting
patient mortality from coronary artery disease (Steele, 2018)

Age and sex determination from retinal images (Poplin, 2018)

Wide variety of pediatric diagnoses from EHR data at major referral center
(Liang, 2019%

lz)gigsentia from EHR data up to two years before clinical diagnosis (Wang,
Improve accuracy of patient deterioration predictions (Romero-Brufau, 2021)

Prediction models for mechanical ventilation, renal replacement therapy, and
readmission in COVID-19 (Rodriguez, 2021)

\,
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Assisting humans

Automatically charting symptoms from patient-physician
conversations (Rajkomar, 2019)

“Weakly supervised” (using clinical diagnoses) interpretation of
pathology slides would allow pathologists to exclude 65-75% of
slides while retaining 100% sensitivity (Campanella, 2019)
Learning outlier clinical alerts to reduce drug prescribing
errors and adverse events (Segal, 2019)

— 85% confirmed clinically valid, 80% considered clinically useful

— Alert burden low — 0.4% of all medication orders

Assisting dermatologists improved accuracy but poor ML
worsened human performance (Tschandl, 2020)

N
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Assisting humans (cont.)

« Aiding radiologists
— In breast ultrasound, reduced false-positive rates by 37.3% and

requested biopsies by 27.8% while maintaining same level of
sensitivity (Shen, 2021)

— In interpreting CXRs, increased sensitivity for junior radiologists and
specificity for senior radiologists (Homayounieh, 2021)

— In fracture assessment, improved sensitivity without increasing
reading time (Guermazi, 2022)

- Al system helped physicians extract relevant patient
%Eﬁqrrzrbazti())n in a shorter time while maintaining high accuracy
1,

« Identify features in CDS medication alerts to reduce volume by
half while still maintaining 99% sensitivity (Liu, 2022)

Casey Conference 5/16/22 9
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How effective are interventions using Al clinical

prediction tools?

« Zhou et al., 2021. Clinical impact and quality of randomized
controlled trials involving interventions evaluating artificial
intelligence prediction tools: a systematic review. NPJ Digit Med
4, 154. https://doi.org/10.1038/s41746-021-00524-2

« Systematic review of all randomized controlled trials (RCTSs)
using

— Traditional statistical (TS) — mostly regression
— Machine learning (ML) — all but deep learning
— Deep learning (DL) — neural networks

« TS and ML tools focused on assistive treatment decisions,
assistive diagnosis, and risk stratification, whereas DL tools
only focused on assistive diagnosis

N
Casey Conference 5/16/22 10 W
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https://doi.org/10.1038/s41746-021-00524-2

Other sources

26082 Research identified through Pubmed MEDLINE . N .
- 4 from Clinical trial registry

c databases searchin ;
o 9 - 7 Reference lists
=
@
o
&
=]
S
65 RCTs from 26K+ $ !
publlC&thI’lS - I’lOt 25119 Records after duplicate removed —>{ 963 Duplicate records excluded
25024 Records excluded
0 A 809 Review articles
c 382 Study Protocols
‘e 2913 Model development
[ 25119 Records screened —— 7460 Irrelevant intervention
@ 9346 Observational studies
O 23 Editoriall Letters/
“w Comments/ Case report
4091 Not in field of interest
> A 43 Records excluded
= 3 Review articles
"5 21 Irrelevant intervention
‘& 95 Full-text articles for eligibility > 9 Model development
- 5 Secondary analysis using
w randomized trial data
5 Observational studies
v v
3
§ s - 65 Randomized controlled trials from 63 articles finally included in analysis
Casey Conference 5/16/22 S 1 . . g .
S with 58 relevant observational validation studies
c

Table 1. the 65 randomized
= = —a
T 4
Identified 65 RCTs with following characteristics " o
* 61.5% positive results -
+ Variety of disease categories — cancer, other chronic disease, acute disease,
and primary care s
» Types of algorithms — TS > ML > DL - o
+ Predictive tool function — assistive treatment decisions > assistive diagnosis > e e
risk stratification URM
Some concerns of bias in studies sty et s o
+ One-third no sample size estimation s
» Three-fourths no masking (open-label) ' ot
+ Majority did not reference CONSORT, use intent-to-treat analysis, or provide o
study protocol T
« Caveat: number of positive studies does not necessarily indicate general Vet 3008,
superiority of methods — o
Casey Conference 5/16/22 12 Kﬁir‘:"f'"be‘;:j‘: d‘ SSSRERERS




Variables Levels TS (n=37) ML (n=17) DL (n=11) Pvalue
Characteristics by tool type Duration of study (n = 59, months, median [IQR]) 17 (8,32 714,19) 6(4,9] 0005
Varied Sample size (median [IQR]) 435 [194, 999] 258 (90, 537] 700 (548, 994] 0122
. o s Clinical settings (%) Outpatients 19 (51.4) 6(35.3) 1(0) 0015
* Model input - clinical 17459 s 10609
quantitative data for TS/ML, Home 1027) 376) 0(00)
: Publication year (%) 2010-2015 14 (37.8) 7(4.2) 0(0.0) 0.041
1mages for DL . 2016-2020 23 (62.2) 10 (58.8) 11 (100.0)
+« Disease Category —varied for Model input (%) Clinical quantitative data 36 (97.3) 16 (94.1) 0(0.0) <0.001
TS’ Chronlc dlsease for ML’ Images or videos 1(27) 0(0.0) 10 (90.9)
Natural language 0(0.0) 1(59) 1(9)
cancer for DL Disease category (%) Cancer 2(5.4) 0(0.0) 9(81.8) <0.001
« Tool function - risk Chronic disease 4(108) 13 (76.5) 1009
) . Acute disease 16 (43.2) 2(M.8) 1(9.1)
stratification and treatment _
Primary care 9(24.3) 0(00) 0(0.0)
for TS, treatment for ML, Others 6(16.2) 2(118) 0(00)
diagnosis fOI' DL Prediction tools function (%) Assistive diagnosis 3(81) 2 (1.8) 11(100.0) <0.001
. Risk stratification 11(29.7) 1(59) 0(00)
* Results — mixed for TS, more Assitve tstmontdecision. 22,699 168) 000
positive for ML/DL Others 19 169 0(00)
Results (%) Negative 18 (48.6) 5(29.4) 2(18.2) 0.136
Positive 19 (51.4) 12 (706) 9(818) 0.044 (P for trend)
\,
Casey Conference 5/16/22 13
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© - O Deep learning © - O Negative result
O Machine learning O Positive result
W Traditional statistical model
. . 3 2+ e o []
By publication year £ £
3 ® I
» Increasing per year 2 H
» Increasing DL per year Z o Z o4
By tool type, more positive for DL > ML E I H H i i H D D H H
>TS =" =" -
2010 2012 2014 2018 2020 2010 2012 2014 2016 2018 202!
Publication Year Publication Year
c d
8 4
O Negative result -
2 - O Positive result 82%
g o
s g
2 71%
2
2 8 -2
= e 8
5 = 51%
g o | &
'g N 5 2
=
e g o]
s 8
o o
Casey Conference 5/16/22 Trdditional model Machine learning ~ Deep learning Traditional model Machine learning  Deep learning

Publication Year

Jvoe of Prediction Tool.
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Only 17 of 65 trials with low risk of bias

Risk of bias high or unclear for most
studies - higher for TS > ML > DL

Risk of Bias

Blinding of participants and personnel

Other bias

Selective reporting

Incomplete outcome data

Blinding of outcome assessment

Allocation concealment

Random sequence generaton

Risk
Low

Uncleal

B o

. 0 25% 50% 75% 100%
Suboptimal use of CONSORT, sample Percent
size pre-estimation, randomization, b
3 3 0 39 %
and intent-to-treat analysis 8 - =) S—
35 % m High
26 %
% 43 %
g " 35 %
€
2 |
22% 47 %
o =l 29 % 46 %
24 % 36 %
18 %
Casey Conference 5/16/22 15 o
All Traditional model: Machine learning Deep learning
15
a D
O Negative result g g
© | O Positive result 2 o 80%
é % o 63%
Proportion of trials and results for =0 ﬁ LI Zx
« Low risk of bias — a-b . I:l ¢ .
° Some concerns — C‘d Traditional model Machine learning Deep learning Traditional model Machine learning Deep learningy
+ High risk of bias — e-f
c d
For low risk of bias trials, positive s &
outcomes in TS 63%, ML 25%, DL 80% o F HE 15% 75%
5 e g 3 54%
£
° Traditional model Machine learning Deep learning ° Traditional model Machine learning Deep learnin
e f
§ g 100° 100%
3 s
: . P
Casey Conference 5/16/22 16 . | g .

Tiaditional model _ Maching learing

Deeplearning

Tiaditional model

Maghing learning

Deep learnin
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+ Of 11 RCTs, 9 evaluate assisting endoscopy — all positive results
+ 2 other RCTs have negative results
[rable 2. Procedures of predictive tool interventions in the eleven randomized controlled trial interventions evaluating tools
[Reference  Conditions SAmPle roo1s for intervention Control Algorithms Tool function  Tool input Tool output How the output being used in clinical settings K primary| Gold e
size outcomes standard _findings
oper Routine  EGD  examination
5 PR stratified by three types with the Routine EGD examination stratified ¥ e . A virtual stomach model monitoring Experts referenced Al output to make EGD eicsortst (Bl
Aeni2015, I‘:;::;“““‘"“ 437 istance of ENDOANGEL Al by three types without Al RN (VGG:10) Asistive disgnosis | EGD images blind spots; timing; scoring and grading  examination and monitor blind spols. Mesnblind spotrato)| Esperts) [Fositive
system
- Ocular images from - . Almade diagnosis independently, and its results would
in2019  Childhood 09 ~ CCcruiser  web - diagnosis oy oohthalmic diagnosis DCNN (ImageNet) Assistive diagnosis slit-lamp. Diagnosis  outcome; ~comprehensive| o oooried with experts and not impact clinical|AC™™Y f Experts | Negative
cataracts platform evaluation; treatment recommendation » diagnosis
hotograph; decision making
Routine colonoscopies with the
u2019  Colorectal cancer 659 assistance of an Al automatic Routine colonoscopies DONN o (Alexet,  ZENet|, cigive diagnosis | Colonoscopy images |Location of colorectal polyps; timing; Eadoscopists referenced Al output to make endoscopic| Adenioma - detection| p,yy 0. | poitive
YOLO V2) reminding retest and clean examination and report of polyps and adenomas rate
quality control system
Routine colonoscopies with the Endoscopists were required to check every polyp oot L
ang 2019 Colorectal cancer 1058  assistance of an automatic polyp Routine colonoscopies Decp learning architecture  Assistive diagnosis Colonoscopy images Location of polyps; alarming location detected by the system and report of polyps 1" Pathology Positive
detection sysiem and adenomas.
s i g A virtual stomach model monitoring
per Routine EGD examination with o .
w2019 gastointestinal 303 the asistance of WISENSE Al Routine EGD examination DONN (VGG-16  and \ive diagnosis EGD images blind spots; tming; scoring and grading; Experts referenced Al output o make BOD|yy ., ypog gor rase (Experts [Positive
DenseNet) extracting frames with the highest examination and monitor blind spots.
lesions system
confidence
o DONN . percoptaal bash Timing; safe, alarm, and_dangerous Operating endoscopist referenced Al output to make (0T
kiong 2020 Colorectal cancer 704 Routine colonoscopy Assistive diagnosis Colonoscopy images ranges of withdrawal speed for real-time endoscopic examination and report of polyps and Pathology Positive
colonoscopy algorithms (VGG-16) rate
‘monitoring; slipping warning adenomas
Endoscopists focused mainly on the main monitor T
102020 Colorectal cancer 1026 ROUine colonoseopy with CADe p o ine o1onoscopy DCNN-3D Assistive diagnosis Colonoscopy images | Probabllity of polyps in each frame; during the examination process, and a voice alarm |\ and Pathology Positive
assistance lesions alarming rompted them to view the system monitor to check Poobe
the location of each polyp detecied by the system.
. . § Endoscopists referenced Al output to make endoscopic. No R
102020 Colorectal cancer 157 Al-assisted colonoscopy Traditional olonoscopy CNN (YOLO) Assistive diagnosis Colonoscopy images Location of polyps Polyp detection rate Positive
examination and report of polyps. reported
. High-d: . Endoscopists referenced Al output to make endoscopic Adenoma  detection
i€i2020  Colorectal cancer 68 NN Assistive diagnosis Col Location of pol : Pathology Positiv
g Colorectal cancer 685 the Al-based CADe sysiem @ ity digeoss| Colanoeopyiimsges | Locstion of polys examination and report of polyps and adenomas rate i s
White light ~colonoscopy with White ~ light ~colonoscopy  with Endoscopists were required to check every POVD s yenomy - getection
fang 2020 Colorectal cancer 962 Nm"cc“ﬁm he G A[)g’;ﬂcm e fmm o tha ‘W'if“ Deep learning architecture  Assistive diagnosis Colonoscopy images Location of polyps; alarming location detected by the system and report of polyps Pathology Positive
and adenomas.
The rae  of
— Danish
biomberg  Outof-hospital st e Dispatchers in the intervention group were alerted dispatcher el
% cardiac  arrest 5242  Normal protocols with alert Normal protocols without alert P 8 ® Assistive diagnosis Emergency calls  OHCA Alert when the machine learning model identified out-of- recognition of Negative
021 deep neural networks Arrest
(OHCA) hospital cardiac arrest subscquently Fbiod
confirmed OHCA siiid
Jbbreviations: Al LA inteDdenice; D FIToGs bsink @ged Iarning algorithms; ML = Tools using machine learning algorithms; CNN = Convolutionalneural hefworks; DONN = Decp convolutional neural networks; CADe = C ided detection; EGD = OHCA = Out-of-h I cardiac
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Conclusions about review

« Al predictive tools show great promise in improving clinical
decisions for diagnosis, treatment, and risk stratification but
comprehensive evidence lacking

— Number of clinical trials assessing clinical benefit is small
— Majority of the clinical trials have indeterminate or high risk of bias
— Trials of deep learning methods highly focused on endoscopic procedures

Concerns about review

— Missing column in Table 2 of DL interventions
« Does not include Yao et al. 2021 — published after review done?

— Difficult to use data in Supp Table 4 of ML interventions

+ Includes Wijnberge et al. 2020 (62) but not in ML table — considered TS?
— No data/table for TS interventions

Casey Conference 5/16/22
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My work: applying information retrieval (search)
to EHR data

e Use cases
— Cohort discovery
— Detection of rare diseases

« Data set
— OHSU Research Data Warehouse (fully
identifiable)
« Funded by grants from
— NLM 1R01LM011934 ‘
— Alnylam Pharmaceuticals = B g -
. e By
« With help from OHSU collaborators et . s
— Steven Bedrick N . i
— Steven Chamberlin
— Aaron Cohen
— Tom Deloughery (Hersh, 2020) )
Casey Conference 5/16/22 19 %
OHSU
19
Adults with IBD Adults with infl; tory b 1 di
o Metho dS (Wu 201 7) and whl(lJ Ifa‘:gn’t had whl(1> hsa&n’tl?lag?li:geg;%ngglv\?inglsti?e
’ . GI surgery small intestine, colon, rectum, or anus.
re Sults (Chamb erlln 3 2 O 2 0) for Afiults_ with a A'dults' with a lab result for 25-hydroxy
. Vitamin D lab Vitamin D collected between May 15 and
collection of 100K records result October 15
Postherpetic Adults with postherpetic neuralgia ever
» Heterogeneous records make — ngmimiust iy sl
retrieval challenging et
Child: i Child: hy in th
« RO1 recently renewed and ED with oral pain _ emergency department with herpetic
. gingivostomatitis, herpangina or hand,
updating data, systems, and Soot, and mouth disease, tonsillits,
gingivitis, or ulceration (aphthae,
il titis, itis) not due t
method ey o ssiton.
: : 3" trimest w ho had itha 3"
« A major challenge — privacy prenatlvislt | trimester outpationt prenatal visit with
ConC erns with midwife or an obstetrician and gynecologist or
Ob/Gyn midwife.
\
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Rare disease detection

« Over 1200 known rare disorders that affect < 1 in 200K patients worldwide,
many under-diagnosed (https://rarediseases.org/; Haendel, 2020)
+ Acute Intermittent Porphyria (AIP, aka Acute Hepatic Porphyria)
— Rare genetic disease of heme biosynthesis — variable penetrance
— Incidence 1 per 100K in population
— Often undiagnosed for long time
— Significant morbidity and effect on quality of life
— “Neurovisceral” symptoms common with other diseases
+ Abdominal pain
+ Nausea and vomiting
« Psychiatric changes
— Diagnosed by inexpensive urine porphobilinogen test

— New highly effective (and highlaf expensive) treatment available - RNA-silencing
molecule givosiran (Balwani, 2020)

N
Casey Conference 5/16/22 21
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Can we detect rare diseases earlier using
population-based techniques with EHR data?

« Funding from Alnylam Pharmaceuticals

- Expanded EHR data set to 200+ K patients

— Updated base data set to 200K patients
+ Including from post-2015 era of ICD-10-CM coding
— Enriched with 5,571 additional patients having “porph” in
diagnoses, lab tests, and notes
 Preparation for machine learning

— Positive training cases from ICD-10-CM E80.21 (47) with manual
review to verify (30)

— Negative training cases were the rest

\,
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https://rarediseases.org/

Machine learning approach (Cohen, 2020)

« Parsed EHR record into features — scored by frequency of
appearance, labeled features by the EHR source document

 Univariate feature analysis — manually choose features not
directly tied to provider attributes or suspecting patient had
porphyria

— e.g., “DeLoughery” and “cimetidine”

 Trained on full dataset, with best performance using support

vector machine (SVM) with radial basis function (RBF) kernel

 Applied trained model back to full data set — ranked patients by
margin distance

%

Casey Conference 5/16/22

)

OHSU
23
Aimed to identif tients with t but
iderati fdi is of AIP
EHR Patient Record NOT Diagnosed with Scoring >= Minimum
Data Collection " AHP > Scoring AHP Patient
204,413 Patients 204,383 Patients 22,740 Patients
|
No porphyria code or
lab test in record
Diagnosed with AHP .
30 Patients 22,372 Patients
With Without
mention of “porph” in mention of “porph” in
records records
717 Patients 21,655 Patients
Note Wlth natural Manual Review of Top Scoring Subset Manual Review of Top Scoring Subset
prevalence, would eXpect for Charted AHP Status for Potential Benefit of Screening
0.0005 cases out Of 100 100 Patients 100 Patients
' * 16 Suspected e 4lLikely
* 15Ruled Out * 18 Possibly
* 4 Possible, Unsuspected * 68 Unlikely
* 54 Unlikely * 10 Deceased
* 4 Diagnosed \
* 1 Unknown
Casey Conference 5/16/22 * 6 Deceased
OHSU
24
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Clinical study (Hersh, 2022)

- Hindered by prolonged IRB process and COVID-19
pandemic, study was launched in late 2020

 IRB protocol required initial contact with primary
care physician and, if they approved, offering the
patient urine porphobilinogen testing

- Aimed to contact and enroll all 22 patients with AIP
symptomatology but “unrecognized”

\
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Clinici d patient participati
Patients indicated for AHP testing
n=22
Pt. moved or deceased Pt. receiving care at OHSU Pt. transferred care outside OHSU
n=6 n=12 n=4
Pt. had OHSU PCP Pt. had other OHSU clinician
n=8 n=4
Clinician Clinician Clinician
consented? consented? consented?
Pt. tested Pt. tested Pt. tested
N
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And the results showed...

All 7 patients who came for testing had normal urine
porphobilinogen

Lessons learned

— Clinical validation of machine learning models essential

— Two-step approval required for patients not under our care but
complicated

— Rare diseases are rare
— For other diseases, testing may be expensive and/or harmful

“asey Conference 5/16/22 27 W
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Conclusions

As in all of medicine, results of basic science
advances in AI must achieve clinical validation

Many ML models have achieved basic science success
but must be demonstrated to provide clinical value

Much opportunity for research and researchers in
this area

OHSU
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Thank you!

William Hersh, MD

Professor and Chair

Department of Medical Informatics & Clinical Epidemiology
School of Medicine

Oregon Health & Science University

Portland, OR, USA

http://www.ohsu.edu/informatics

Email: hersh@ohsu.edu

Web: www.billhersh.info

Blog: http://informaticsprofessor.blogspot.com

Twitter: @williamhersh
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