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Machine Learning For Health (ML4H)

Creating actionable insights in human health.
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Why Do We Need Transparency In Models?

1 SIX MONTHS LATER:

WOW, THIS PROBLEM

15 REALLY HARD,

( YOU DONT5AY

OUR FIELD HAS BEEN STRUGGLE NO MORE!
STRUGGLING WITH THIS T'™M HERE TO S0LVE
PROBLEM FOR YEARS. T \JITH ALGORITHIS!
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Fairness in Medical and Mental Health Accuracies

e Significant differences in model accuracy for race, sex, and insurance
type in ICU notes and insurance type in psychiatric notes.

Asian p *
Black 1 * Private |-.-|
Hispanic g *
Other == Public- g
Private - *

White A

014 0.15 016 0.17 018 0.19 020 021 022 016 017 018 019 0.0

Zero-one loss Zero-one loss Public - Iqﬁl
Female [—— —] 0.190 0.195 0.200 0.205 0.210 0.215 0.220 0.225 0.230
Zero-one loss
Male 1 *

0.182 0.184 0.186 0.188 0.190 0.192 0.194 0.196
Zero-one loss

r3 [1] Chen, Irene Y., Peter Szolovits, and Marzyeh Ghassemi. "Can Al Help Reduce Disparities in General Medical and Mental Health Care?." AMA journal of ethics 21.2 (2019 7\
167-179.
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Ethics in Health Is Not New:; But Ethical ML Is.

e Clinical trial populations: Clinical Trials Still Don’t Reflect the
Diversity of America (NPR, Dec 2015)

e Retracted studies: Harvard Calls for Retraction of Dozens of Studies
by Noted Cardiac Researcher (NYT, Oct 2018)

e Conflict of interest: Sloan Kettering’s Cozy Deal with Start-Up Ignites
a New Uproar (NYT, Sept 2018)
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Even With Ethics Training, Bias Is Part of the
Clinical Landscape

e How does/should ML interact with fairness/health1:23:4.2?
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August 11, 2015

Racial Bias in Health Care and Health
Challenges and Opportunities

David R. Williams, PhD, MPH'.2; Ronald Wyatt, MD, MHA3

 Author Affiliations
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Racial and Ethnic Disparities in Palliative Care
Kimberly S. Johnson, MD, MHgH1.2
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This article has been cited by other articles in PMC.
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 The Girl Who Cried Pain:
A Bias Against Women
in the Treatment of Pain

L

r——

|
Diane E. Hoffmann and Anita J. Tarzian

Am J Public Healih. 2007 February; 87(2): 247-251. PMCID: PMC17E1382
dei: 10.2105/A4JPH.2005.072875 PMID: 17124867

The Black—White Disparity in Pregnancy-Related Mortality From 5 Conditions:
Differences in Prevalence and Case-Fatality Rates

Myra J. Tucker, BSN, MPH, Cynthia J. Berg, MD, MPH, William M. Callaghan, MD, MPH, and Jason Hsia, PhD

Author information » Ardicle notes & Copyright and License information k= Disclaimer

Dbes Rev. 2015 Apr;16(4):319-26. doi: 10.1111/obr 12266, Epub 2015 Mar 5.

Impact of weight bias and stigma on quality of care and outcomes for patients with obesity.
Phelan SM’, Burgess DJ, Yeazel MW, Hellerstedt WL, Griffin JM, van Ryn M.

# Author information
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Continuous State-Space Models for Optimal Sepsis Treatment - Deep Reinforcement Learning ... (MLHC/JMLR 2017);
Modeling Mistrust in End-of-Life Care (MLHC 2018/FATML 2018 Workshop);
The Disparate Impacts of Medical and Mental Health with Al. (AMA Journal of Ethics 2019);

ClinicalVis Project with Google Brain. (*In submission);
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Human Transparency?

e Human decisions about routine practice are justified by/in research.

But

e ~400 routine practices were contradicted by studies published in
leading journals?®.

e More than 10% of 3,000+ studies in JAMA/Lancet/NEJM were a
“medical reversal”: a conclusion opposite of what had been
conventional wisdom among doctors'

[1] Meta-Research: A comprehensive review of randomized clinical trials in three medical journals reveals 396 medical reversals. Herrera-Perez, Diana, et al. eLife 8 7\
(2019): 45183 [https://elifesciences.org/articles/45183]
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https://elifesciences.org/articles/45183

What Kind Of Transparency Do We Need?

e Important when clinical opinion differs significantly from predictions.

e Doesn’t mean:
e (Clinicians care about how a model works
e You build simple models for the sake of transparency

e Could mean:
e Understanding when to rely or reject model output
e Notification of which populations the model might work/fail on
e Including limitations of data models are trained

What are technical options?

ey
X
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Option 1) Transparency Via Post-hoc Explanations

e Post-hoc explanations are useful if they are consistent.
e different model behavior -> different explanation
e same model behavior-> same explanation

e Attention based explanations! and saliency maps? are not always
consistent.

e Possible fixes are competition-based; e.g., computing maps for all

possible labels and use simple competition to remove less relevant
pixels3.

1 Attention is not Explanation. Sarthak Jain, Byron C. Wallace. [https://arxiv.org/abs/1902.10186]
2Sanity checks for saliency maps. Adebayo, J., Gilmer, J., Muelly, M., Goodfellow, I., Hardt, M., & Kim, B. (2018). In Advances in Neural Information Processing Systems (pp.

9505-9515).
3 A Simple Saliency Method That Passes the Sanity Checks. Gupta, A., & Arora, S. (2019). [https://arxiv.org/abs/1905.12152]
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Clinical Intervention Prediction and Understanding
Using Deep Networks

Harini Suresh, Nathan Hunt, Alistair Johnson, Leo Anthony Celi, Peter Szolovits, Marzyeh Ghassemi.
In Proceedings of Machine Learning for Healthcare 2017, JMLR WC Track V68

e Predicting interventions for 34,148 ICU patients’ time-varying vitals
and labs, clinical notes, demographics.

variables
- ID Howur Var 1 g
3 o 64.1 | ... =
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2 X Extract as hourly
£ XX X F-- timeseries all variables
2 .. % o .
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e Feature-level occlusions to identify importance of information
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Modeling the Biological Pathology Continuum with
HSIC-regularized Wasserstein Auto-encoders

Denny Wu, Hirofumi Kobayashi, Charles Ding, Lei Cheng, Keisuke Goda, Marzyeh Ghassemi
In NeurolPS 2018 Machine Learning for Health (ML4H) Workshop;

e Regularized generative model for “transparent” latent features; create
latent representations that model pathology continuum.

Increasing concentration

Plot test images on latent space of
~10,000 images from leukemia cell line
K562 with dilutions of adriamycin.

Density

1.0

Test images show class separation on x
(dependant axis), but not on y (1st PC of
independent axes).

o
o

" % % ) ) 0 0 0

PCA1 (Conc. independent)

HSIC indep. axis PCA

-
- =
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- =
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Generated images sampled from the
ao dependent axis and the 1st PC of all other
1o 5 oo 05 Density 05 025 00 025 05 axes; generated cells vary in shape.

HSIC dep. axis HSIC2 (Conc. dependent)

)
)
)
)
)

e HSIC enforces dependency so that latent dimension models
continuous morphological change corresponding to provided side

information.
7
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Option 2) Transparency Through “Natural” Outputs

e Transparency is just a way of calibrating clinicians’ trust in the model.

e Have clinicians and ML experts agree on a set of metrics that are a
consumable end product, not an intermediate.

e Delivering these metrics gives transparency.

\
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Clinically Accurate Chest X-Ray Report Generation

Guanxiong Liu, Tzu-Ming Harry Hsu, Matthew McDermott, Willie Boag, Wei-Hung Weng, Peter Szolovits, Marzyeh Ghassemi.
In Proceedings of Machine Learning for Healthcare 2019, JMLR WC Track

e Automatically generate radiology reports given medical radiographs.

e Chest X-Ray radiology report generation:
e First predict the topics discussed in the report.
 Conditionally generate sentences corresponding to these topics.

Sentence
Decoder Word Decoder Generated Report

eart size 1s nomal.
no focal consolidation,

ere is
effusion or pneumothorax.
e lungs are clear. R N N
ere is no acute 0ss5eous

Medical Image
Image Encoder

Ours (NLG) ours (fulb
NLG Reward
ge Emb g
Ours (CCR)
Clinical Coherent Reward

e CNN-RNN-RNN structure gives model the ability to use largely
templated sentences and generate diverse text.

N _']‘.-.;‘
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Option 3) Transparency In Audit of Embodied Data

e All data is valuable; embodied health data particularly so.

e Transparent algorithms require large scale datasets for research use.

AWS Machine Learning Blog

Improving Patient Care with Machine Learning At Beth Israel Deaconess Medical
Center

AR 2019 | Permalink | #® Comments | #* Share

Beth Israel Deaconess Medical Center has launched a multi-year, innovative research program on how machine learning can improve patient care,
supported by an academic research sponsorship grant from AWS. The Harvard Medical School-affiliated teaching hospital will use a broad array of AWS
machine learning services to uncover new ways that machine learning technology can enhance clinical care, streamline operations, and eliminate waste,

with the goal of improving patient care and quality of life.
Improving patient care with machine learning

Inefficiencies in hospital management and operations are not only extremely costly to providers, insurers, patients, and taxpayers, but they can result in

precious resources being diverted away from patient care. These inefficiencies drive healthcare costs up and can contribute to life-threatening medical

Amazon Comprehend Medical

Extract information from unstructured medical text.accurately and quickly

No machine learning experience required

Get started with Amazon Comprehend Medical

Amazon Comprehend Medical is a natural language processing service that makes it
easy to use machine learning to extract relevant medical information from
unstructured text. Using Amazon Comprehend Medical, you can quickly and accurately
gather information, such as medical condition, medication, dosage, strength, and

frequency from a variety of sources like doctors' notes, clinical trial reports, and patient

health records.

Google Tries to Patent Healthcare
Deep Learning, EHR Analytics

Google has applied for a sweeping patent including the
fundamentals of deep learning and EHR analytics in the
healthcare industry.

Google

UNIVERSITY OF 13
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New Tools to Understand the Data and Process

e Tools like Datasheets! for datasets and Modelcards? for model
reporting can be used in a data/model/training agnostic way.

e “Big Picture” tools to understand potential data biases.

Facets

Open source

e Working towards transparent processes, not models.

1 Datasheets for datasets. Gebru, T., Morgenstern, J., Vecchione, B., Vaughan, J. W., Wallach, H., Daume¢ Ill, H., & Crawford, K. (2018). arXiv preprint arXiv:1803.09010.

iiﬁﬁ' 2Model cards for model reporting. Mitchell, M., Wu, S., Zaldivar, A., Barnes, P., Vasserman, L., Hutchinson, B., ... & Gebru, T. (2019, January). In Proceedings of the
e Conference on Fairness, Accountability, and Transparency (pp. 220-229). ACM.
[3] https://research.google.com/bigpicture/attacking-discrimination-in-ml/ 14
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ClinicalVis: Supporting Clinical Task-Focused
Design Evaluation

Marzyeh Ghassemi, Mahima Pushkarna, James Wexler, Jesse Johnson, Paul Varghese

(2.Ask HCPs to plan care for two )

1. Present real patient data to HCPs using open-source prototype. . ) . . .
interventions in an elCU simulation.

& 5 O : [ Needs vasopressor
Please

O Veryunsure O Unsure O Confident O Very confident

Patient Information Selected Note 6/27/2165, 3:21:00 AM Patient Timeline D Needs ventilator

Hame

Jane Doe TS e O o 2 o s Please rate how confident you feel in your ventilator answe

A Lorem ipsum dolor sit amet, consectetuer adipiscing elit. Aenean commodo ligula o Nurzsg/othes

7' eget dolor. Aenean massa. Cum sociis natoque penatibus et magnis dis parturient Notes O Very unsure O Unsure O Confident (@] Very confident
montes, nascetur ridiculus mus.

Gender

N Donec quam felis, ultricies nec, pellentesque eu, pretium quis, sem. Nulla consequat

massa quis enim. Donec pede justo, fringilla vel, aliquet nec, vulputate eget, arcu. In Labs

Ethnicity enim justo, thoncus ut, imperdiet a, venenatis vitae, justo. I
DICTUM = = = = = = = = \ )

Nullam dictum felis eu pede mollis pretium.

Admitting Diagnosis
CONGESTIVE HEART FAILURE Integer tincidunt. Cras dapibus. Vivamus elementum semper nisi. Aenean vulputate

S eleifend tellus. Aenean lec ligula, porttitor eu, consequat vitae, eleifend ac, enim. o)

ceu Aliquam lorem ante, dapibus i, viverra quis, feugiat a, tellus. Phasellus viverra nulla P g X =l - = e — - (3 . Eva I u a te t h e CO n ﬁ d e n C e ) a C C u ra Cy a n d \

ut metus varius laoreet. Quisque rutrum. Aenean imperdiet. Etiam ultricies nisi vel #3

augue. Curabitur ullamcorper ultricies nisi. Nam eget dui. Etiam rhoncus. s g c; " 5 . . .
| . A I T S 5. S P T time-to-task under different visual

Maecenas tempus, tellus eget condimentum rhoncus, sem quam semper libero, sit W " e

amat adinisring sem nannia sed insiim Mam anam nine hisndit vel lietiss mibinar e

prototypes.
Selected Labs 6/27/2165, 6:00:00 AM jone D 1063 . 100 g 2 05 9 % e s B R N
pressure (mmHg e i i L M S B B0 TS | 3

809 s

Vitals 09 AM 12PM 03PM 06 PM 09PM 12AM 03AM 06 AM
T i T T T

S— e — = Vasopressor Ventilator
kot | , oo %A et —t ey e A Positive (VP+) Positive (VE+)
pH 752 X )

Mean blood
89 » N 4

Hiamaiock 2 pressure (mmHg) o 17 3 N ,. ,.}‘ 8 S _,/‘,_ &-..L'__..},.,’ \\. Baseline 50.00 OA) 56.25 %
: _ Accuracy (%)

Sodium L Respiratory " o ] _a—a o o ) . .
Chloride il ’::S — = e == e CIInICalVIS 68 .83 % 62 . 79 %
1033 1 10 1 ) "
Blood urea nitrogen O"WI’“ 972 — 35— T R oL .
saturation % o N Conﬁdence Basellne 068 087
Creatinine 067 5
Urineoutpul . o ’ ‘ : //'\(. e y i + S core AR A
Magnesium g ~ ety —tttd e———— ———i C|InIC3|VIS 1 41 1 27

Average Time  Baseline 92.31s 92.73 s
to Task
(seconds) ClinicalVis 84.43 s 86.86 s

/

15
Demo Live at: https://pair-code.github.io/clinical-vis/ -\7\
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https://pair-code.github.io/clinical-vis

ML4H  University of Toronto
The Vector Institute

PhD
Students — | -
Bret Denny Amy Matthew
~— Nestor Wu Lu McDermott
Technical
Collaborators
Dr. Shalmali
Joshi
Clinical

Collaborators _

Dr. A.fnol Dr./Fahad Dr. Muhammad
— Verma Razak Mamdani
%6
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Machine Learning For Health (ML4H)

Creating actionable insights in human health.
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What models are What healthcare is What behaviors
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Evidence in Healthcare and Health?

Randomized Controlled Trials (RCTs) are

i
3 ?
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Evidence in Healthcare and Health?

Randomized Controlled Trials (RCTs) are rare and expensive

10 — 20% of Treatments are
based on Randomized
Controlled Trials (RCTs)

[1] Smith M, Saunders R, Stuckhardt L, McGinnis JM, Committee on the Learning Health Care System in America, Institute of Medicine. Best Care At Lower Cost: The Path To Continuously
Learning Health Care In America. Washington: National Academies Press; 2013..

Ri‘SITY OF 19 ‘
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Evidence in Healthcare and Health?

Randomized Controlled Trials (RCTs) are rare and expensive, and can
encode structural biases that apply to very few people.

10 — 20% of Treatments are 6% of Asthmatics Would
based on Randomized Have Been Eligible for Their
Controlled Trials (RCTs) Own Treatment RCTs.

1Smith M, Saunders R, Stuckhardt L, McGinnis JM, Committee on the Learning Health Care System in America, Institute of Medicine. Best Care At Lower Cost: The Path To Continuously
Learning Health Care In America. Washington: National Academies Press; 2013.
2 Travers, Justin, et al. "External validity of randomised controlled trials in asthma: to whom do the results of the trials apply?." Thorax 62.3 (2007): 219-223. ‘ 7\
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Human Treatment Pathways Are Shockingly Unique

Diabetes et |

L '
" sitagliptin
\ ’ T Glipizide
= AASEEY
- Py .

fAisae

z
o o
EEEEEEEEEEEES

In a combined EHR/claims dataset from 11 sources/4 countries/250
million patients, how many followed a unique treatment pathway?

e Diabetes:
e Depression:
e Hypertension:

[1] Hripcsak, George, et al. "Characterizing treatment pathways at scale using the OHDSI network." Proceedings of the National Academy of Sciences 113.27 (2016):

7329-7336. -X7\
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Human Treatment Pathways Are Shockingly Unique

Diabetes et |

L '
" sitagliptin
\ ’ T Glipizide
= AASEEY
- Py .

fAisae

z
o o
EEEEEEEEEEEES

In a combined EHR/claims dataset from 11 sources/4 countries/250
million patients, how many followed a unique treatment pathway?

e Diabetes: 10% of patients
e Depression:
e Hypertension:

[1] Hripcsak, George, et al. "Characterizing treatment pathways at scale using the OHDSI network." Proceedings of the National Academy of Sciences 113.27 (2016):

7329-7336. -X7\
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Human Treatment Pathways Are Shockingly Unique

Diabetes et |

o i
‘ sitagliptin
\ . = I Glipizide
S -3 5655
- gl a

oy

o
3 o

In a combined EHR/claims dataset from 11 sources/4 countries/250
million patients, how many followed a unique treatment pathway?

e Diabetes: 10% of patients
e Depression: 11% of patients
e Hypertension:

[1] Hripcsak, George, et al. "Characterizing treatment pathways at scale using the OHDSI network." Proceedings of the National Academy of Sciences 113.27 (2016):

7329-7336. -X7\
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Human Treatment Pathways Are Shockingly Unique

Diabetes et |

o i
‘ sitagliptin
\ . = I Glipizide
S -3 5655
- gl a
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o
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In a combined EHR/claims dataset from 11 sources/4 countries/250
million patients, how many followed a unique treatment pathway?

e Diabetes: 10% of patients
e Depression: 11% of patients
e Hypertension: 24% of patients

[1] Hripcsak, George, et al. "Characterizing treatment pathways at scale using the OHDSI network." Proceedings of the National Academy of Sciences 113.27 (2016):

7329-7336. -X7\
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Human Treatment Pathways Are Shockingly Unique

Diabetes

pioglitazone I8

"I
WL
\ ‘ sitagliptin
P, ' (423 Glipizide I8
= e Ay,
g

¢ glimapirida
=

e

-~ cezzi

o
5
B
&
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Insufin. Aspart, Human

liragluticle

o o
EEEEEEEER

“In an underlying population of 250 million, based on my 3-y
treatment pathway, what patients are like me?”

[1] Hripcsak, George, et al. "Characterizing treatment pathways at scale using the OHDSI network." Proceedings of the National Academy of Sciences 113.27 (2016):

7329-7336. -X7\
UNIVE:;SITY OF 25
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Human Treatment Pathways Are Shockingly Unique

Diabetes Nt |

z
o
EEEEEEEEEEEES

“In an underlying population of 250 million, based on my 3-y
treatment pathway, what patients are like me?”

For 24% of hypertension patients, “No one.”

[1] Hripcsak, George, et al. "Characterizing treatment pathways at scale using the OHDSI network." Proceedings of the National Academy of Sciences 113.27 (2016):

7329-7336. -X7\
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Opportunity: Machine Learning What Is Healthy

Can we use data to learn what is healthy?

w

Mobile data

&

Internet Usage MEDICAL DATA Environmental Data

e
?
‘{we/
==
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