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Gathering additional
information

Evaluating test result

Defining problem

Drug related

Therapeutic procedure
related

Legal and insurance related

Contact related

Advice and precaution

Decision to obtain information from other source

Simple, normative assessments of clinical findings and
tests

Complex, interpretative assessments that define what
the problem is and reflect a medically informed
conclusion

Decision to start, refrain from, stop, alter or maintain a
drug regimen

Decision to intervene on a medical problem, plan,
perform or refrain from therapeutic procedures of a
medical nature

Medical decision concerning the patient, which is based
on or restricted by legal regulations or financial
arrangements

Decision regarding admittance or discharge from
hospital, scheduling of control and referral to other
parts of the healthcare system

Decision to give the patient advice or precaution,
thereby transferring responsibility for action from the
provider to the patient

Ordering test, consulting colleague,
seeking external information

Positive, negative, ambiguous
Diagnostic conclusion, evaluation of

health state, aetiological inference,
prognostic judgement

Start, stop, alter, maintain, refrain

Start, stop, alter, maintain, refrain

Sick leave, drug refund, insurance,
disability

Admit, discharge, follow-up, referral

Advice, precaution



Decision strategies in medicine



The simplest case : interpretation of a test result

* A clinical examination is the execution of idealised tests normatively assessing
bodily functions.

Sensitivity / specificity of the test, ideally by comparison with a “gold standard.”

Lack of such clear-cut gold standard

* Watson J, Whiting PF, Brush JE. Interpreting a covid-19 test result. BMJ. 2020 May
12;369:m1808. doi: 10.1136/bmj.m1808. PMID: 32398230.

e A systematic review of the accuracy of covid-19 tests reported false negative rates of
between 2% and 29% (sensitivity 71-98%), based on negative RT-PCR tests which were
positive on repeat testing

How to interpret the result in a specific context.

Decision Identification and Classification Taxonomy for Use in Medicine (DICTUM)
* normative assessments of diagnostic tests are defined as decisions



Decision based on clinical expertise

* Individual decisions by individual clinicians

* Clinical expertise : the |i)roficiency and judgement that individual clinicians
acquire through clinical practice

* Clinical expertise includes the general basic skills of clinical practice as well as
the experience of the individual practitioner.

* Clinical expertise in the era of evidence based medicine and patient choice

* https://ebm.bmj.com/content/ebmed/7/2/36.full.pdf?fbclid=IwAR3TthF7vS1
GuZdz6lld2cSleTsk2cHsTLwjNOLTnsAWeVTI-VzIW1-Hzgg

* Even excellent external evidence may be inapplicable to or inappropriate for
an individual patient



Standardized evidence-based decision

Evidence Based Medicine (Sackett et al. BMJ, 1996)

conscientious, eXﬁIicit, and judicious use of current bestf(external) evidence (from well
designed research) in making decisions about the care of individual patients

e Revue de littérature

, Optimal BP Normal BP High-normal BP Hypertension
* Consensus d’experts <120/80 120-129/80-84 130-139/85-89 2140/90
e Guidelines
) Out-of-office BP
Consider malsked > measurement
hypertension (ABPM or HEPN) Use
either to
Supplemenal confirm
s diagnosis
wwwe Y Y Y Repeated visits Out-of-office BP
= for office BP measurement
Repeat BP at least | | Repeat BP at least | | Repeat BP at least
every 5 years every 3 years annually L BT
Ohno-Machado L, Gennari JH, Murphy SN, et al. The H
guideline interchange format: a model for representing Indications for
guidelines. ] Am Med Inform Assoc. 1998;5(4):357-372. ABPM or HBPM see Table 11
doi:10.1136/jamia.1998.0050357

©ESC/ESH 2018
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Pill

Consider monotherapy in

Initial therapy

Dual combination

low risk grade 1 hypertension

ACEi or ARB + CCB or diuretic (systolic BP <150mmHag), or in

very old (=80 years) or frailer patients

Step 2

Triple combination

ACEi or ARB + CCB + diuretic

l

_ Step3 Resistant hypertension
Triple combination + . Yp Consider referral to a specialist centre
spironolactone or Add Fpqunolactone (25-50 mg 0.d.) for further investigation
other drug or other diuretic, alpha-blocker or beta-blocker

Beta-blockers
Consider beta-blockers at any treatment step, when there is a specific
indication for their use, e.qg. heart failure, angina, post-Ml, atrial fibrillation,
or younger women with, or planning, pregnancy

©ESC/ESH 2018



Can decision be automated through machine learning?

* DATA: At least one , ,
- 2 hospitals clinical encounter Are patients alive
Bssmenee - 3 years later?
* Boston 5 years of data ‘
O — = = e e e e = - ®
* 6639452 patients % Y2 Y3 Y4 Y5 Y6 Y7 Y8
| | 1 | | | l | | =
| | | | | | | | | =
28 July 28 July 27 July 27 July
2001 2005 2006 2009

* MAIN OUTCOME MEASURES: Predictive value of 272 tests
* Time, day, value,
* RESULTS: fréquency predictive for 233 tests

Agniel D, Kohane IS, Weber GM. Biases in
electronic health record data due to
processes within the healthcare system:
retrospective observational study. BMJ.2018

processes & data in EHRs Apr 30;361:k1479.

* Metadata were more predictive than results for118 tests



Automated model versus treating physician
for predicting survival time of patients with metastatic cancer

Gensheimer M. et al.,, Journal of the American Medical Informatics
Association, , ocaa290, https://doi.org/10.1093/jamia/ocaa290

ML model to predict overall survival time using EHR (Epic, Verona, WI) data for patients seen for
metastatic cancer in the Stanford Health Care system from 2008-2020.

laboratory values, vital signs, ICD codes, CPT codes, text of provider notes and radiology reports, and
medication administrations and prescriptions.

Text e.g., oligometastatic state
Compare with predictions made by the patient’s radiation oncologist
The ML model’s survival predictions were more accurate than the physician’s prediction.

combining the ML model and physician’s prediction resulted in a statistically significant improvement
over the physician’s prediction

Y, World Health
7Y Organization

RESPONSIBLE
INNOVATION

Open question : How shall we implement and use it?


https://doi.org/10.1093/jamia/ocaa290

RESPONSIBLE
INNOVATION

Feature (+ means higher value increases
survival)

—Pulse

-Age

+Ephedrine (medication)

+Complex radiation treatment delivery
(CPT 77412)

+Office consultation (CPT 99244)

+0ut of bed to chair (nursing order)

+Red blood cell count

+FDG PET/CT (skull to thighs)
-Red cell distribution width (lab)

+Weight

-Secondary malignant neoplasm of brain
and spinal cord (ICD-9 198.3)

—Radiation treatment management (CPT
77427)

—Stereotactic MRI

-DNR/DNI order

—Encounter for palliative care
(ICD-9 V66.7)

—-Consult to palliative care

—-Neoplasm-related pain (ICD-9 338.3)

—-MRI full spine with and without
contrast

Batumalai V, et al. Pattern of palliative radiotherapy fractionation for brain metastases patients in New South Wales, Australia.
Radiother Oncol. 2020 Dec 22:50167-8140(20)31246-9. doi: 10.1016/j.radonc.2020.12.020. Epub ahead of print. PMID: 33359268.




Can decision be automated through

Frankovich J, Longhurst CA, Sutherland SM.
Evidence-based medicine in the EMR era.
N Engl J Med. 2011 Nov 10;365(19):1758-9.

Use of an EHR repository to inform a decision
about anticoagulation in a patient with SLE.

« we made the decision on the basis
of the best data available »

« in the light of experience as
guided by intelligence. »

Health records

Concepts extraction

UMLS Concepts Certainty

Lupus 1
Anemia -1
Renal Insufficiency 1
Fever 1
Asthenia 1

X 400,000 patients in the DWH
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machine learning?

Cohort of patients
(Gold Standard)
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For cach diagnosed patient,
excluding patient with less than

For each patient from the cohort,
the specific diagnostic concepts
(i.e. “Lowe syndrome™) are
removed from patients’ list of

RESPONSIBLE INNOVATION

UMLS Concepts Nb TF-IDF

Lowesyndromet —3— 04
0.02

Diabetes 2

Cataract 4 02
Fever 5 0.001
Proteinuria 3 0.02
Thrombopenia, 2 0.03
Asthenia 1 001

10 concepts (certainty=1)

Patient index

UMLS Concepts Nb TF-IDF
'# |0 | Lowe syndrome 3 0.4
ﬁ Diabetes 2 0.02
Cataract 5 03
Renal Insufficiency 1 0.05

Similarity distance : VSM

Diabetes

‘We considered paticnt with at least k

concept in common (certainty=1)
with the Patient Index

Cataract
s atient similar

Patient index

Renal Insufficiency

!

N most similar patients

fEtit
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Garcelon N. et al. J. Biomed Inf 2017
Chen X. et al. J. Biomed Inf. 2019




Can decision be automated through machine learning?

Journal of Biomedical Informatics 73 (2017) 51-61

Journal of Biomedical Informatics 100 (2019) 103308
Contents lists available at ScienceDirect

Contents lists available at ScienceDirect

Journal of Biomedical Informatics

¥

Journal of Biomedical Informatics

ELSEVIER journal homepage: www.elsevier.com/locate/yjbin

ELSEVIER journal homepage: www.elsevier.com/locate/yjbin

Finding patients using similarity measures in a rare diseases-oriented @Cmmk

clinical data warehouse: Dr. Warehouse and the needle in the needle Special Report
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Fig. 1. Evaluation process.



Genetics

mMe dicine www.nature.com/gim
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Fig. 1 Display of the two patients (patient 1 from our institution and patient 2 from another institution in our reference center network) EEm .
sharing the same phenotype and the same KCN2A variant. Similarity analysis with all data warehouse narrative reports was performed, 0 10 25 5 75 95 100

yielding a high similarity index (SI) in five patients (patients A-E). Exome sequencing validated that patient A, who had the highest S|,

harbored the same KCNA2 variant. NGS next-generation sequencing. Fig. 2 Clinical heat map describing the detailed characteristics

of the patients in this study. Heatmap for patient 1 and 2 with
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Can decision be automated through machine learning?

ARBs —a—
* International guidelines for
HBP control e -
» 17856 patients /1st visit Thiazide diuretics e
* Women are prescribed more P e
diuretics and beta-blokers
Aldosterone receptor blockers —
Calcium channel blockers —.—
Beta blockers —
| | | I
05 1 15 2

Odds ratio

FIGURE 1 Odds of women being treated by a given class of antihypertensive drug
at the first consultation compared with men, after adjusting for all available poten-
tial confounding variables.

Deborde et al. Sex differences in antihypertensive treatment in France among 17 856 patients in a tertiary hypertension unit. J Hypertens. 2018
14



Can decision be automated through machine learning?

TYRANNIZED BY THE-DATA

International guidelines for
HBP control

» 17856 patients /1st visit

* Women are prescribed more
diuretics and beta-blokers

* Guidelines vs machine
learning would lead to
different drug prescription

ACEls —-—
Thiazide diuretics ——
Loop diuretics —
Aldosterone receptor blockers —
Calcium channel blockers —=—
Beta blockers —
I T | |
05 1 15 2

Odds ratio

FIGURE 1 Odds of women being treated by a given class of antihypertensive drug
at the first consultation compared with men, after adjusting for all available poten-
tial confounding variables.

Deborde et al. Sex differences in antihypertensive treatment in France among 17 856 patients in a tertiary hypertension unit. J Hypertens. 2018
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Can decision be automated through machine learning?

TYRANNIZED BY THE PAS

Thiazide diuretics —
Loop diuretics —
Aldosterone receptor blockers —
Calcium channel blockers —=—
Beta blockers —
I T T 1
05 1 15 2
Odds ratio

FIGURE 1 Odds of women being treated by a given class of antihypertensive drug
at the first consultation compared with men, after adjusting for all available poten-
tial confounding variables.

Deborde et al. Sex differences in antihypertensive treatment in France among 17 856 patients in a tertiary hypertension unit. J Hypertens. 2018
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La Garantie Humaine dans le projet de reglement sur
I'lA de la Commission européenne !

Ethik-1A, JEUDI 22 AVRIL 2021 . “soyez le premier 3 réagir

Le principe de Garantie Humaine de I'lA (Human Oversight) est
introduit a 'article 14 du projet de reglement sur l'intelligence
artificielle diffusé ce jour par la Commission européenne. Ce faisant,
I'article 14 donne une portée applicative générale pour 'ensemble des
champs et secteurs d’'usage de I'lA a ce principe proposé en 2017 par
Ethik-1A dans le domaine de la santé et qui n'a cessé, depuis lors, de
faire I'objet de reconnaissances de plus en plus larges. Ce principe
s'inscrit dans une logique de régulation positive visant a soutenir le
développement de l'intelligence artificielle en France et en Europe,
dans un cadre permettant d’en réguler les risques éthiques.
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Decision making and explainability (Boulet SMMR 2019)

Table 2 Clinical relevance weights for each covariate elicited from each physician.

Physicians

Variables 1 2 3

Age > B0 years 100 - - - 60 - - - 100 - - -
Weight loss = 10% 50 - - - 20 - - - 50 - - -
WHOQO score (1,2,3,4) 0] 20 20 20 0 0 40 100 4] 8] 80 100
Bilirubin > 35, > 50 pumol/L 100 100 - - 40 80 - - 100 100 - -
Treatment line 3, = 3 30 50D = = 0 0 - — 0 ] - -

Toxicity grades 1, 2, 3, 4
Vomiting 0] 20 80 Q0 4] 30 70 100 4] 10 10 10
Mausea 0] 20 80 - 0 10 50 - 0 10 10 -
Diarrhea 8] 40 80 100 0 20 50 100 0 50 80 100
Asthenia 10 50 100 - 10 10 40 - 4] 9] 70 -
Meutropenia 0] 70 100 100 0 0 30 50 0 0] 50 50
Thrombopenia 40 100 100 100 0 0 20 30 9] 9] 50 50
Anemia 9] 50 80 100 4] 0 20 30 4] 9] 0 4]
Physicians

Variables 4 5 6

Age > B0 years 80 - - - 100 - - - 100 - - -
Weight loss > 10% 80 - - - 50 - - - 60 - - -
WHO score (1,2,3,4) 0] 20 80 100 0 30 100 100 0] T0 100 100
Bilirubin > 35, > 50 pumol/L 20 80 - - 100 100 - - 100 100 - -
Treatment line 3, = 3 i 0 = = 0 0 = - 0 B0 - -

Toxicity grades 1, 2, 3, 4

Vomiting 10 20 80 100 4] 30 70 100 4] 0] 70 100
Mausea 10 30 80 - 0 10 40 - 0 0] 30 -
Diarrhea 9] 20 7O Q0 4] 20 50 100 4] 50 100 100
Asthenia 10 50 70 - 4] 20 50 - 4] 40 80 -
Meutropenia 0] 20 TO 80 0 0 20 100 0 0] 0 50
Thrombopenia 0] 50 a0 100 0 0 20 T0O 0 0] 0 0
Anemia 0] 20 50 70 0 0 30 80 0 0] 0 0




Lyell et al. BMC Medical Informatics and Decision Making (2017) 17:28 - .
DOl 10.1186/512911-017-0425-5 BMC Medica II:!}an rmartics l?‘hd
ecision Ma Ihg
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Automation bias in electronic prescribing

David Lyell'"@», Farah Magrabi', Magdalena Z. Raban?, L.G. Pont?, Melissa T. Baysari~, Richard O. Day*
and Enrico Coiera’

Quand le CDSS est correct Quand le CDSS se trompe

REDUIT LES ERREURS DE 58,8% AUGMENTE LES ERREURS DE 86,6%

Trust the CDSS?

CDSS that make less errors

Supervision by humans




Decision in medicine

e Decision-making is a key activity for doctors

* Haynes et al

‘It is a guide for thinking about how decisions should be made rather
than a schema for how they are made’.

* Russ Altman, Stanford University Institute for Human-Centered Artificial Intelligence

“As Al starts to impact all areas of medical discovery and healthcare
delivery, the focus should be how it improves care, leading to longer
and happier lives”



anita.burgun@aphp.fr



