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Characteristics of DL trials
« Of 11 RCTs, 9 evaluate assisting endoscopy — all positive results
« 2 other RCTs have negative results
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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

\
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My work: applying information retrieval (search)
to EHR data

Use cases

— Cohort discovery

— Detection of rare diseases
Data set

— OHSU Research Data Warehouse (fully
identifiable)

Funded by grants from

— NLM 1R01LM011934

— Alnylam Pharmaceuticals i
With help from OHSU collaborators Xy
Steven Bedrick N
Steven Chamberlin
Aaron Cohen

Tom Deloughery
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Cohort discovery

Adults with IBD Adults with inflammatory bowel disease
L4 Metho dS (Wu ) 2 O 1 7) and who haven’thad  who haven’t had surgery involving the
. GI surgery small intestine, colon, rectum, or anus.
re Sults- (Cha‘mb erlln’ 2 0 2 O) for Adults with a Adults with a lab result for 25-hydroxy
Vitamin D lab Vitamin D collected b May 15 and
collection of 100K records I
1 Postherpetic Adults with postherpetic neuralgia ever
hd RO 1 Wlth Mayo and UT neuralgia treated  treated by concurrent use of topical and

Houston renewe d; up dating with topical and ~ non-opioid systemic medications.

systemic

data, Systems, and methOdS medication

Children seen in Children who were seen in the

— Stan dardiz in on O M O P to Share ED with oral pain  emergency department with herpetic

gingivostomatitis, herpangina or hand,

tOOIS and met Ods aCI‘OSS Sites foot, and mouth disease, tonsillitis,
. gingivi?i‘s, or ulcerat@o‘n (aphthae,
* Major challenges e
— Heterogeneous re Cords 3" trimestg( Women who ha(_i a pregnancy x{vi}h a 3"
. prenatal visit trimester outpatient prenatal visit with
— with midwife or an obstetrician and gynecologist or
Privacy concerns o an obste gynecolog
\
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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 bhiosynthesis — 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 highly expensive) treatment available — RNA-silencing
molecule givosiran (Balwani, 2020)
\
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https://rarediseases.org/

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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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

N\
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Aimed to identify patients with symptoms but no
consideration of diagnosis 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 22,372 Patients
With Without
mention of “porph” in mention of “porph” in
recor‘ds ts 21,6"565c (;I:isents
NOte Wlth natural Manual Review of%l'op Scoring Subset Manual Review oflTop Scoring Subset
prevalence, would eXpect for Charted AHP Status for Potential Benefit of Screening
0.0005 cases out of 100 1 Suspeigg Patients . alikely 100 Patients
¢ 15 Ruled Out * 18 Possibly
* 4 Possible, Unsuspected * 68 Unlikely
* 54 Unlikely * 10 Deceased
* 4 Diagnosed { \; s l
¢ 1 Unknown
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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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Clinician and patient participation

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
consented?

Clinician
consented?

Clinician
consented?

Pt. tested Pt. tested Pt. tested

\,
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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
\
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Conclusions

« Asin 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
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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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