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Let’s meet Laura

A teenager with systemic lupus
erythematosus, proteinuria,
pancreatitis and positive for
antiphospholipid antibodies

www.webmd.com/lupus/picture-of-acute-systemic-lupus-erythematosus
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Let’s meet Vera

A 70 year old Asian woman
with a history of
hypertension and asthma.
She is on metformin but
has uncontrolled diabetes.
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A teenager with systemic lupus
erythematosus, proteinuria,
pancreatitis and positive for
antiphospholipid antibodies

Decide whether

to act
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|
f (Risk> Th.
then (do =[X|

Guide choice

of how to act

A 70 year old Asian
woman with a history of
hypertension and asthma.
She is on metformin but
has uncontrolled diabetes.




DIGITALLY DRIVEN

Advancing Precision Health Takes Real
Smarts— Artificially Speaking

The Stanford Program for Al Health Care

Al identifies risk of cholesterol-raising genetic disease

Stanford scientists and their collaborators have devised an algorithm to predict
the risk of a disease that, untreated, can lead to heart attack or stroke.

Decide whether

to act

|
" (Risk]> Th.

then (do =[X|
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Guide choice

of how to act

http://greenbutton.stanford.edu

What happened to
other patients like
mine?




Lessons from 200 million patient timelines

Take proactive

/) action

Patient Journey W

Claims

ICD codes
Medications
Procedures
Lab tests

Clinical notes

Bedside monitors

Wearables

H BN B
<——|II

Gene Expression

Phone usage Automate a
Browsing history tedious task
Social media

Audio recordings . . ._



Lessons in converting timelines to datasets

*Help Patient Details GP Details
« Logout Name: Phone: Address:
Jones, Evans 333-465-5545 11 Terrence Ave., Edmonton, AB T4Y 8U9
GMEO0000
Smith, IMPRESSION ( ACC 6075491 ) :
A A Caroline
oho addendum i iation only. m
Sex: ne: di ic digital with ided i
Pemeie el 3/31/2011 8:14 amright axillary ultrasound 3/31/2011 8:14 a
1940/01/01 19 Provincial Rd. indication: female, 73 years old, right breast lateral tenderness, no
poradthri Somontan &% discrete mass. history:p isal patient. comparison: 3/7/2006
ohn Smitl (stanford hospital), 7/24/2009 (advanced medicine center) technique: ~
Patient Record Alerts full-field digital were ined with -aided
B fgz;g'sf;e';‘ﬂfe')’"gs detection to assist in interpretation of the study, including bilateral g
Diagnostic ©Td due craniocaudal and mediolateral oblique views coma with an additional o
Images * A1C above target right lateral view. real-time breast ultrasound was then performed [
e, targeted to o
Comments findings: mammogram: the breast tissue is largely fatty. there is a o
skin bb marker over a palpable abnormality in the right axillary region. ¢
there are no features to suggest malignancy. ultrasound: targeted
ultrasound reveals a normal appearing lymph node in the 11 o'clock
Diagnosis State Status position 10 cm from the nipple in the right axillary region 9x 6 x 4 mm.
Hypertension 1171989 Ongoing otherwise no discrete solid or cystic masses identified.
a';gf“;; 051936  Ongoing impression: 1. right breast: bi-rads 1, negative. left breast: bi-rads 1,
Artery Disease 022002  Ongoing negative. recommend the finding prompting ultrasound should be
;astin_g Ii;:ids st :/zzfzoggs followed on a clinical basis alone. assuming clinical stability,
xercise stress tes il
Coronasy anglograi/ recommend annual screening mammography. < Features >
Cellulitis 02/2005  Resolved
Cholecystectomy 05/1981  Resolved
Cesarian section 01/1967 Resolved Ta 041990 1 urine
Microalb ~ 0.02 08/2005
Eye Exam 05/2005
Home Gluc
(average) 7.4 01/2006

Decisions made:

« About source and choice of features

* About how much to agonize over textual data
« About handling of time

» About defining an electronic phenotype

* About building a cohort



Lessons in finding the right problems

Finding subtypes of .
& . P . Who might be at
5 heart failure with . . .
CIaSS|f - high risk for a Who is burnt out?
preserved ejection .
. thromboembolism?
fraction
Increased Monocyte
. y Which patients are .
. Count is marker for . L Who will be a no
Predict . likely to die in the
bad prognosis in show?
. Lo next 3-12 months?
fibrotic diseases
Colon tumors can be What is a good
treated by allogeneic second line drug to Request four back up
ACt/Treat €a by allog - arue nurses on Wed, for
chimeric antigen manage diabetes
. the Ortho OR.
receptor T-cell Rx after metformin?
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The Green Button project

What happened to

Given a specific case, provides a report
summarizing similar patients in

other patients like Stanford’s clinical data warehouse, the

mine?
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common treatment choices made, and
the observed outcomes.

An institutional review board approved
study (IRB # 39709).

http://greenbutton.stanford.edu




Pilot phase completed, August 2019
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How ‘reliable’ are the results?

1. Comparing with two reference sets

- Applies to the treatment effect estimation consults
. 13-22% were “false discoveries”

2. Comparing across datasets (Truven, Optum)

- Agreed 68-74% of the time
- About the same rate as how often RCTs agree with each other

3. Comparing patient matching strategies
- Agreed 79% of the time
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Green button —Informatics Consult

Point of care randomization /
large simple trial

Queue / Consider
for randomization at
point of care

High
priority

Increment
priority

Clinical situation

Guideline available?

No

Useful byproduct Consult

Service

Priority list of
clinical situations

No

Yes

Yes

Use level A
guideline

Analysis + Report

*  The question as posed

*  How we asked the question
*  Our interpretation

*  Research walkthrough

Use professional
judgment



Stanford Medicine Program for Al in Healthcare

1. Implementation Compassionate
intelligence

Can machine learning bring more
humanity to health care?

2. Rethinking utility

3. Safety, ethics, and system effects

Alidentifies risk of cholesterol-raising genetic disease

4- T ra | n | n g a n d p a rt n e rS h | pS Stanford scientists and their collaborators have devised an algorithm to predict

the risk of a disease that, untreated, can lead to heart attack or stroke.
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Example research and perspectives

What is the individual level “cost” of group
level algorithmic fairness?

Can we learn accurate ASCVD risk models
for populations not covered by the current
cohorts?

Can we learn generically useful and
reusable patient representations?

The ‘best” model isn’t always the most
useful. (JAMA)

Machine-learning systems should reflect
the ethical standards that guide other
actors in health care. (NEJM)

Deployment cost—or the organizational
effort required to integrate the output of a
model into clinical workflow—should be a
metric of evaluation. (Nature Medicine)

SHC &2 DIGITAL SOLUTIONS




Palliative care and ACP: too little, too late

- 3.5-8% of inpatients are estimated
to benefit from palliative care and

advance care planning,
« lessthan 50% are offered these options.

« Almost none (0.08%) are offered
these options > 6 months before

death.

« most ACP notes written within one
month of death

SHC &2 DIGITAL SOLUTIONS

0.10 -

0.08 -

0.06 -

0.04 -

0.02 +

0.00 -

50

75 100

# days before death

125

150

175




ACP Workflow: 21 steps, 7 handoffs, 48 hrs

Viould you be »
surprised if this

patient died in the
ext 3 month:

w No Discuss with
= Start 1 ¥ Primary Medicine
O L/ No Team

Would you be

surprised if this

»_ patient readmitted
in the next 30 da
) 4

Summary Stats

Total Steps: 21
Level 1:7
Level 2:7
Level3:7

Handoffs: 7

Total Cycle Time: 48 hours

Would you be
L surprised if this
patient died in the v
ext 3 month:
ne || Coreprovider
are Provider,
K = / : No [ Caregiver, and/or
Would you be Family member
surprised if this
patient readmitted

Hospital Med Attending
Y

\k’*?/

Have Goals of Care Consult Case

Consult discussion with b Place on Comfort Management for (
> ! !
Palliative? e patient including " ISP Yes—¥] Care Measures. | placement ’\ = )
care giver or family coordination
T 3 3

1
No {C} Hand off
\ 4

5k

Palliative Medicine

Reliability Level:

(1) Individuals: Feedback, checklists, training, basic standards

(2) Procedures: Embedded standard work, reminders, constraints

(3) Systems: fail safes, physical layout, built-in feedback, automated
.4 systems, concentration of responsibility

S g

v
) Consult Case
Patient Advance Care e
Visit patient yes—»  Planning NolPinarN ) ”"‘l‘ﬂ‘-:’m":'r“:"" t { end )
Discussion :ooqdp lination

ice?
2 2 2
No {C} Hand off

\ 4
5 Notify the Primary End ) Notify Primary (NNERTN
Team K / Team \ /
3 2 2

Margaret Smith, MBA, Value Improvement, SHC




Label choice: Predicting a surrogate event

Prediction date

Time of death
Patient’s ' ’ 3-12 months *
Medical Record

Observation
Window

We built models to predict: Fvaluation using held out test-sets
® 3-12 month mortality. * AUC=0.85|AUPRC=0.41
* Probabilistic forecasts of time to event. * AUC=0.81|AUPRC=0.39
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Before deploying

- Validity of the surrogate label

- 235 patients in a blinded prospective
study.

- Model’s predictions agree with
experts’ prognosis judgments for
both 0-3, and 0-12 months.

SHC 2 DIGITAL SOLUTIONS

Ensure that the increased workload is

manageable
Current Future %
INncrease
General 343 583 69%
Medicine
Total 1272 1512 19%




Before deploying

Establishing a baseline

A heuristic of “3 or more admissions”, flags
21% of cases that are in need for advanced
care planning at a cost of screening 2.46
cases to find one true case.

SHC &2 DIGITAL SOLUTIONS

Quantifying improvement

« At 21% recall, the model prompts for

screening of 1.08 admissions (cuts work
into less than half).

- Fixing the number needed to screen at 2

admissions, the model has 85% recall (i.e.
finds 4x cases).

« The model finds cases 58 days earlier than

the “3 or more admissions” heuristic.



s there utility, given cost and benefit of actions?

Utility | Desc Value | Source
ute Utility for true positives -28,613 | Gadeetal. Netsavings of
(ACP is appropriate and provided) 4855 * inflation multipler,
subtracted from Ufn
Ufn Utility for false negatives -37,085 | Gadeetal. original value of
(ACP is appropriate but not provided) 21252 * inflation multiplier
of 1.745
ufe Utility for false positives -14,970 [ Utnplus inflation adjusted
(ACP is not appropriate but provided) cost of intervention.
umn Utility for true negatives -11,646 | Percapitaspendin US,

(ACP is not appropriate and not provided)

2018, Peterson-Kaiser
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Realized utility, given work capacity constraints
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Work (number of positives)

Best case trade off

274 =16
possible
combinations

Worst case trade off



Bottom line: is my model useful?

100~ 100-
S S
t; A L 75-
5" %
E £
B °
& o
1
2 50- > 50-
z z
5 3
el
8 e
3 25- o 25-
5 S
£ <
0- - 0- -
Treatall  30% 20% 10%  Optimistic Treatall 1 2 3 4 5 Optimistic
Rejection rate Daily capacity
100~ 100-
S S
2 75- LS 75-
2 2
£ E
a a
) O
2 50- 2 50-
5 5
el el
g ¢
& 25- 3 -
S S
< <
o 1
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Mean time to complete ACP (days) Rescue rate
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We need a “delivery science” for Al/ML solutions
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Methods development + COVID-19

--------------------

Entity Domain Rule F1 Inkfish F1

Weak Supervision

Use cheaper label sources to build
training sets

Unified Medical

Language System Disorder EHR 724  76.6

Drug EHR 82.8 86.9

- mEm e EE ===

)
s
0
—
o

ChEBI Disease Literature 75.7 79.7
No hand-labeled tralnlng data Temmmmees + """" : Chemical Literature 79.8 89.4
, more weak supervision info Transform off-the-shelf +4.1 to 9.6 F1 Improvement
Ca) ontologies, etc. into
S snorkel o9 _ Inkfish: Weakly Supervised
https://www.snorkel.org/ labeling functions Biomedical Entity Tagging
She reports that she had contact Rules
with +COVID patient on Feb 8 Precision 82.6 Recall 69.1 F175.2
Weakly Supervised
I am testing for COVID-19. Precision 87.2 Recall 74.5 F180.4
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www.tinyurl.com/symptom-profile

Profiling presenting symptoms of s 2 1 T 3 3 =

2 2 2 - z 2 S

. ® © © —_ — —_ 5 =4

atients screened for SARS-CoV-2 : ¢ : ® : : & ¢

e & = 2 £ z s 3

€ € & 2 4 % o >

Nigam Shah - X 3 3 3 S S 3 z g

Apr3 - 2 min read W B B [ o Clinical observation S 3 S = = = e o
cough 577 51 526 0645 0797 0.633 0088 0.912
dyspnea 526 41 485 0588 0641 0.584 0078 0.922
. . .. . febrile 396 44 352 0442 0688 0.424 0.111  0.889
Alison Callahan*, Jason A. Fries*, Saurabh Gombar, Birju Patel, and Nigam sore throat 24a | 13 | 231 0273 | 0.203 | 0.278 0.053 | 0.947
H. Shah (*equal contributors) chest pain 129 11 118 0.144 0.172 0.142 0.085 0.915
congestion 124 7 117 0.139 0.109 0.141 0.056 0.944
rash 109 6 103 0122 0.094 0.124 0.055 0.945

There is high interest in characterizing the presenting symptoms of nausea and vomiting 101 8 93 0.113 04125 0.112 0.079 0.921
individuals with COVID-19 to inform diagnosis and triage decisions as well fatigue 29 B | &y TN NC:1SBY 0105 W] || (TR
myalgia 98 10 88 0.109 0.156 0.106 0.102 0.898
as identify patients at risk of serious complications. As one of the many influenza 92 7 85 0.103 0.109 0.102 0.076 0.924
efforts in Stanford Medicine’s data science response to the current tachycardia o 8 83 0.102 | 0.125  0.100 0.088 | 0.912
] ] ) ; . acetaminophen 81 10 71 0.091 0.156 0.085 0123 0877
pandemic, we developed a text processing system to identify clinical pan 81 5 76 0091 0078 0.091 0062 0.938
observations in the notes written by care providers when screening patients chills 80 14 66 0.089 0.219 0.079 0.175 0.825
. hypertension 77 5 72 0.086 0.078 0.087 0.065 0.935
or COVID-19. malaise 77 12 65 0.086 0.188 0078  0.156 0.844
headache 76 9 67 0.085 0.141 0.081 0.118 0.882

We’d need about 20 symptoms to get P(+ve | symptoms) > 0.8
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Viral RNA detected for up to 30 days
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sHC *% picitaLs Gombar et al, Persistent detection of SARS-CoV-2 RNA in patients and healthcare workers with COVID-19 2o
accepted in the Journal of Clinical Virology



More at

1. http://shahlab.stanford.edu/greenbutton
2. http://shahlab.stanford.edu/paihc
3. http://shahlab.stanford.edu/covid19

email: nigam@stanford.edu
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