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L
Why Real-World Evidence (RWE)?

Real-World Evidence — What Is It and What Can It Tell Us?

Rachel E. Sherman, M.D., M.P.H., Steven A. Anderson, Ph.D., M.P.P,, Gerald ]. Dal Pan, M.D., M.H.S., Gerry W. Gray, Ph.D., Thomas Gross, M.D., M.P.H., Nina L. Hunter,
Ph.D., Lisa LaVange, Ph.D., Danica Marinac-Dabic, M.D., Ph.D., Peter W. Marks, M.D., Ph.D., Melissa A. Robb, B.S.N., M.S., Jeffrey Shuren, M.D., ].D., Robert Temple, M.D.,

Trials are not enough:

- limited generalizability

- unknown interactions

- expensive
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Janet Woodcock, M.D,, Lilly Q. Yue, Ph.D., and Robert M. Califf, M.D.

These trials are often needed because
they are designed to provide an essential ele-
ment of the premarket evaluation of a medical
product — namely, robust evidence that a treat-
ment may “work.” However, the internal validity
attained in these trials is often achieved at the
expense of uncertainty about generalizability,
especially since the populations enrolled in such
studies may differ in significant ways from
those seen in practice. In addition, there may be
few data on interactions with concomitant ill-
nesses and treatment, and adherence to thera-
pies may be supported by intensive efforts that
are infeasible in practice. Moreover, the expense
of conducting large traditional trials has been
growing steadily for years,® and recent estimates
suggest that the cost trajectory may be steepen-
ing,” without any indication of a commensurate
increase in the quantity of evidence produced to
support decisions about health care.

The NEW ENGLAND
JOURNAL of MEDICINE
December 8, 2016

N Engl | Med 2016; 375:2293-2297
DOI: 10.1056/NEJMsb1609216
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What is Real-World Evidence (RWE)?

FRAMEWORK FOR FDA'S

Real-World Data (RWD) are data relating to patient health status REAL-WORLD
and/or the delivery of health care routinely collected from a variety EVIDENCE

of sources. PROGRAM

Real-World Evidence (RWE) is the clinical evidence about the usage December 2018
and potential benefits or risks of a medical product derived from www.fda.gov

analysis of RWD.
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Outline

|.  Converting data to evidence: RWD to RWE
Contrast with associative analysis best practices
Machine learning tools for RWE (1) visualization and clustering

II.  Machine learning tools for RWE (2) risk characterization
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Part |: Visualizing and design choices for RWD

The promise of Real-World Data (RWD)
+ Scale

+ Representative populations

— Non-interventional means that causal questions are hard
— Uncontrolled

1. non-uniform data collection, follow-up
2. making the closed-world assumption

Impractical

Evidence where trials are Infeasible
Impossible

Unethical
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RWD and Machine Learning (ML)

Machine learning to augment the clinical process
* Clinical decision support: risk scores
* Public health: risk stratification

* Radiology and pathology: image segmentation/annotation

|| Database ll

- - CHART:PEEP set:cmH20
Y Xq: Age Xo: pH i
5 104 L .-
1 55 7.36 2 9 e
0 60 N/A
Label column + feature matrix Care trajectory
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I
What should RWD include? [=%

September - December

Research Reports - Research Article

Metadata Concepts for Advancing the
Use of Digital Health Technologies in
Clinical Research

Reham Badawy® Farhan Hameed® ¢ Lauren Bataille® Max A. Little? !
Kasper Claes?  Suchi Saria" Jesse M. Cedarbaum' Diane Stephenson’

On the reliability of measurement

observation

[Technology—reported

[ Human-reported

observation Digital health
technology —[ Study protocol ]
[Tlme attributes metadata _-
[ Technology Time J— _[ : -
Si Protocol violation ]
[ Personnel

—[ Non-protocol—directed]

Fig. 1. Overview of the four fundamental concepts of the proposed digital health technology metadata set.

Not just outcomes (y) and features (x), with text descriptions in the manuscript
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Challenges of health records: non-uniform measurement collection

Cohort
100 0—r—
% o Data: Marshfield Clinic Electronic Health Record
1 —— Ketoacidosis . . .
e p— Inclusion criteria:
— Retinopathy Medical event 1960-2005, AND,
- — TiDM (medical event >2010, OR, death record >2005)
| Population (n): 1.2 million patients
&
W
£ 050+
g Choices:
o - Find subgroups with low levels of missingness
0.95+ - Analyze amidst missingness
How can we utilize the tail? With machine learning?
0.00 +

10 1000
Rank (Diabetes Event Types)
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Simulations

Find subgroups with low levels of missingness

Algorithmic translation: Clustering on counts or binary indicators

Problem: Majority of clustering methods rely heavily on distance measures
(and usually Euclidean distance). Distance breaks down in high dimensions.

Revised problem: How to cluster high-dimensional sparse count data?

Solution: Hyperspherical cIustering (Fillmore, Mehta, and Weiss, AMIA Annual Symposium 2019)

Background: variational autoencoders are used to
disentangle latent features, assigning each an

independent latent dimension of a multivariate normal
(MVN) with k dimensions

Geometry: all density of a MVN is on the surface as k — oo
Result:

angle principally determines location, and,

angle admits a cluster probability: [0.5, 0.866]2 =[0.25, 0.75]
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Find subgroups with low levels of missingness

Bicluster result on MIMIC Ill v1.4 dataset
Patients with ICD-9 code for pneumonia

1000

Interpretation: £ 2000
: : @

Multiple clusters of patients (7) and 5

features (8)

Two primary sources of collected data: 3000

- CareVue

- Metavision

In addition to these measurements are
variably-measured features that cluster
but demonstrate irregular patterns of

collection 0 1000
Feature missingness

4000
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How well can we predict if we ignore the tail?

B PREPARTICIPATION PHYSICAL EVALUATION B PREPARTICIPATION PHYSICAL EVALUATION 1/
(Mote: Tnis form i to be: il out by the patient and parent prior to-seeing the physician, The physician should keep this form n the chart) — T
Date of Exam PHYSICIAN REMINDERS
1. Consier acbonal questions o0 more senstve fssues
N Do (el » Do you el siressed outor under a o o pressure?
~ D0 you ever fee sad, hopefess, Gepregsed. o anwous?
S Ae . Grae ) Sportly » D5 you eelsafe at yourhome o residence?
» Have you ever ried cigaretes, chewing labasc, snufl, o dg?
Medicines and Allergles: Ploase list all of the prescription and over-the-counter medicines and supplements (herbal and nutritional) that you are currently taking = During the past 30 6ays, i you use chewing tobacca, snull, o g
= D0 you drink alohl o Lse any ather Bugs’
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ey s aken s it 17 g s weGh o Iptoeou e
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4. Have you ever had surgery? [EXTT hermia i he g0 rea? Heat® P M H
T TN S WD ~ Mormurs (auscultabion tanding,Sugine, +- Valsabval
| . maial imgulse (PMI
5. Have you ever passad oul or nealy passed out DURING or 32 Da you have any rashes, ressure sores o oibr skin problems” e
e z T — PS
. Have you ever had discomior, pain, Bghiness,or pessure n your | beadi 3 |
— e " . il o bl 10 he head {hal caused cdefusion,
T Does Yo et er o oS53 D6 TS0 DO O e [ s e e
8 o 7
4 E3 Dammmams\wmumrcdwnh Sin
Chesk all hat 5 s
ogrinbicinyo AN [ 37. D0 you have hesdaches with exerose? SV, fesons suggestie of MASA tinea corparis | |
O togn chotesterot D A neant infection 3. Have you ever had numbness, Gnghng, or weakness n your arms or Neurdoge i
i USCULOSKELETAL
D) Kawasakl disease Over legs afer besng ' o Faling? P
o He Tor your nple, EC/EKG, . r«awwumwewuwemmmww:anegsmyne..w | Meck: I |
echocadogram) o fllng Bock
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solymorphic veniricaar tachycarda? e P RO S
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I heroby stat that,tothe best of my answers iiieon e
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Either we limit our predictiveness and generalizability (narrow cohort), or we accept missingness.
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The dilemma of missingness indicators

Data from
ROC: icu Seymour et al,
JAMA 2019
= -
« _|
o
Survey: dyspnea (x)  Admit to ICU (y) R[Survey] ol
©
S ©
N/A 1 1 Q o
1 0 0 [
ST
0 0 0 2 o |
=
0 0 0
o
(e}
— With missing indicators: AUC 0.94
o | —— Without missing indicators: AUC 0.89
o

I [ I I I I
0.0 0.2 0.4 0.6 0.8 1.0

False positive rate

Missingness indicators describe variation possibly distant from the patient:
data collection protocol, hospital protocol, etc.
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Missingness indicators are artifacts of passive collection

Missingness indicators are predictive, but lossy representations of sequential data

|Da‘abase| Longitudinal methods can be lossless,
Y v and therefore potentially more
v X1: Age Xo pH ' CHART:Pl‘ElejffcmHzo _ predictive,
1 55 7.36 E . —'7'—"'.'
. - — but are unwieldly to work with.
Care trajectory

Label column + feature matrix
Our solution: tools to simultaneously

visualize and represent:
https://www.andrew.cmu.edu/user/jweiss2/viz.html
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Part Il: the inattention to low-risk individuals

* Problem: overlooking those at low risk
* Default approach and problems
e Qur solution

* w.r.t. risk prediction

e w.r.t. risk factors

* C(Case:
Changes in obtundation in intracerebral hemorrhage patients
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Risk stratification, example 1: opioid overdose

Original Investigation | Substance Use and Addiction

Evaluation of Machine-Learning Algorithms for Predicting
Opioid Overdose Risk Among Medicare Beneficiaries
With Opioid PI’ESCI’iptiOnS JAMA Network Open. 2019;2(3):190968. doi:10.1001/jamanetworkopen.2019.0968

Figure 3. Top 50 Important Predictors for Opioid Overdose Selected by Gradient Boosting Machine

Total MME
History of any SUD/AUD

Average daily MME
Age

. 7 —_—
Disability status |GGG
No. opioid filts. |
[
| E——
I
[E—
[

Beneficiaries' resided state
Type of opioid

—_— No. benzodiazepine fils

Cumulative days of early refils
Drug use disorders
Rural vs urban areas.

0.554
0.50+
0.45+
0.40+
0.354
0.30+
0.25+
0.20+
0.15+
0.10+

R

Recalving low-Income subsid

Mood disorders

Average No. monthly nonopioid prescriptions |l

Cumulative days of gabapentinoid use I

Anxiety disorders |

Falls, fractures, and other injuries | ]

Psychoses |

Avea-level percentage of mammography screening
Area-level percentage of violence/crime |

Area-level percentage of unemployment [

‘Area-level percentage of physical Inactivity |

Days from last overdose event |

Area-level hospital readmission rate (FFS Medicare) [N

Area-level preventive hospital stay rate (FFS Medicare) |

Area-level homicide rat

Area-level percentage of not proficient in Englis

Preventable hospita rate

Having urine drug test

Area-level percentage of children i poverty
Area-lovel No. ED visits per 1000 FFS Medicare beneficirie

Area-level percentage of excessive drnking

Area-lovel Medicare advantage penetration %

Aea-level teen birth rate

Race IR

Area-level No. mental health provider

Days of concurrent opioid and benzodiazepine uss

Area-level HIV rate [

Area-level percentage of poor to air heatth |

Area-level percentage of women n FFS Medicar

Area-level vehicle/crash-related deaths rat

Area-level mentally unheaithy days

—
Cumulative daysof short-acting opioid use [ EEE]
d18-64 —

Observed Overdose Rate, %

SUCNPIPRIS— Area-lovel of
Area-level No. disabled enrolle

Area-level low birth weight percentag
Continuous duration of long-acting opioid use |
Area-level sexual transmission infection rate. [N
[

No. antidepressant fills

0 I
Low Risk Medium Risk

Importance Factor, %
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Risk stratification, example 2: sepsis

JAMA | Original Investigation | CARING FOR THE CRITICALLY ILL PATIENT
Derivation, Validation, and Potential Treatment Implications
of Novel Clinical Phenotypes for Sepsis 2019 American Medical Association

Table 2. Characteristics of the 4 Phenotypes (continued)

Phenotype
Characteristic® Total a B Y 0
Outcomes
Mechanical ventilation, median (IQR), d¢ 5(2-10) 4(2-9) 4(2-9) 6(3-13) 4(2-9)
Administration of a vasopressor, median (IQR), d? 3(2-5) 2(2-4) 3(2-4) 3(2-5) 3(2-5)
Admitted to intensive care unit, No. (%) 9063 (45) 1644 (25) 1778 (32) 3381 (63) 2260 (85)
In-hospital mortality, No. (%) 2082 (10) 126 (2) 286 (5) 818 (15) 852 (32)
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Risk stratification in the general population

Risk ratios are likely even larger in the general population
e.g. competing risk analyses omit individuals by setting rate =0

Lower risk individuals are not well characterized
E.g. risk factors for heart attack: based on those at high risk
at-risk women (albeit lower than men) commonly present w/
“atypical” symptoms
Naive approach: subgroup exploration
Risk factors from linear models for filtration then subsequent optimization

make subgroup characterization hard to interpret

How do we build models that produce risk that count individuals equally?
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Thought experiment

Two individuals

(1) Risk: 0.2 per year

(2) Risk: 0.02 per year
Absolute change in risk: 0.02
(1) 10% proportional change
(2) 100% proportional change

Survival log likelihood difference:
Near O, i.e. indifferent to error

on each individual

Implication:
Likelihood-based optimization attends to high risk individuals

When model fails to model risk perfectly (due to limited sample size), it models high risk
better, and trains on noise on high risk individuals rather than signal on low risk.
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Our approach

Examine the objective function: survival likelihood
Develop a principled alternative

Demonstrate the alternative
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Point process likelihood(A)

Point processes: event rate modeling with rate function A;
Data: patient := tuples of [t time, x (event, value)]

A B A BBBB B CCA L

A 4

Define pdf f, conditioned on eventsup to t, ;.
For one trajectory (patient) with k target events in time [0, t,]:

k ; 3 .
1;[ H A(t;) exp ( / (u) (Iu) [1:[ ] exp ( fo )\(-u)du)

1_

J

Y Y
survival term This quantity is more sensitive to high rates!
(large k w.r.t. t)
f)  f(t)
1-F(t) S(@)

Recall: \(t) =

dlogS  0S/ot  —f(t)
ot S@t)  S(t)

Survival term comes from integrating: = —A(1)
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Time rescaling theorem (veyer 1971, ogata 1981)

Given A* the CDF of A*, events distributed
A according to A* will be distributed according to
.. Poisson(1) in rescaled time

Example (left):

) i T TimeO-1:rate=1
0 Time 1-2: rate = 3

Rescaled time

equivalent to

Rescaled time 0-4: rate=1

Time Implication: attention to high risk
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Method

Log likelihood (LL)

N

Th T
LL(X|) = 3 (3 log Mu(tinl) - /D A(t])dt)

n=1 t=1

Proposed method: adjusted log likelihood (ALL)

N T _ .
ALLX|0) =Y (Y log/\i‘gi:g@) . /0 )‘/\(fg) dt)

n=I g—=]

Rescaled time

We don’t have access to the oracle A*, so we plug-in our predictor,
or a lower-variance predictor (avoid dividing by numbers close to 0).
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Algorithm 1: Harmonic Mean Point Processes

Result: ALL-trained model
Temporal network F' : X +— [0, 00) ;
Attention coefficient ~, stability factor € ;

Whilf: training do - while learning a rate model
)\(t;,k—l) ey F(XJ) piecewise on -- compute the rate function
[tg,k—lat;,k) Vk e K
Copy then detach j\(f;k_l) Vi, k -- reweight by the predicted rate, but

L . oy logqg Y . don’tinclude the weights in the
ALL; . = LLJ»*‘*}/(A(tj,k—l) L E)’ computation graph
ALL.sum().backward();
optimizer.step(); -- update the model

end
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Weight ratio and effective sample size

i L k> ¢ 107 FEEEENIGEEES  Attention Coefficient
e’ /7 Attention Coefficient ~ _ [ " l_l[;."?- 4
% Yy o ) % —8-
. .’ 7/ _—1 o F il .
m o ’ y F il : w D 3 - .."l ,"I "5:" - 1[}
= o’ d ,f-'?j’ — 10 o F 3
L te-02-F ;«“’ E o | A
® 2L S . 9 [ Distribution
@ ;"’ Epsilon b= ol : o Lognormal(sd),
@ 1e-03- / — = & sd on [1e-1,1e1]
/ 0 o Truncated Exp([ib, 1], base 10),
/ == 001 i Ib on [1e-4,1]
V4 ; " - Truncated Weibull{[lb, Inf}),
1e-04 / e shape on [1,1e1]
le-04 1e-03 1e-02 1e-01 1e+00 i 10 100
Proportional Rate Precision (1/variance)
o" H H o" H
Without adjustment, low rates are Heavy adjustment leads to very
nearly ignored” small effective sample sizes”
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Simulation

Sample rates A* from u ~ Uniform([-2, 1], A*=10Y
Sample trajectories for 10 time units,

with features: (A%, t,), (NA, t) otherwise

Train size: 10,000

] ."'ll T
Test size: 10,000 1 e mLpp R s
Model: LSTM 1073 e HMPP ﬁ,.-
L9 ',"
= a o ,f"‘, & =
m 10" 7 s e
N E . -
g : .
E J" . "
:E f’f‘
g_ 101 4 ”#‘, ‘
L 3 ,ff @';_,..
e
o 0 e
i | ‘.." ” R ¥
0 | .r’# o $' L
1 .-
] {a”

1072 107 10° 10*
Predicted hazard, by group
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MIMIC Il - Prediction of decreasing GCS among ICH patients

ICH: Intracerebral hemorrhage
GCS: Glasgow coma scale (3-15), measure of mental status

MIMIC-III Clinical Database

Alistair Johnson @, Tom Pollard @, Roger Mark @

Published: Sept. 4, 2016. Version: 1.4

g g h # event types = 3810
All critical care encounters Four column extraction:
(n ~ 40,000) ID, TIME, EVENT, VALUE
k. ,L L .L o Feature n=1,010
fp_ s _ (" ) Age 72 [59, 81]
nmary agamission diagnosis: 4 5
intracerebral hemorrhage R feal;irsecshgfgt; R Gender
X =10 \ ] . Female 466 (0.46)
; v ) . Male 544 (0.54)
O S W - deeJ (HMPP o Ventricular shunt 132 (0.135)
(n =505 /101 / 404) > GCS 10 [7. 14]
b T P
¢ ¢ Decreased GCS. count 3.119
( ) Decreased GCS, rate 1 event/ 1.5 days
Calibration plots,
Variable importances
A "

Use the Wavelet Reconstruction Network
architecture from [Weiss 2018]

Carnegie Mellon University

HemnzCollege

INFORMATION SYSTEMS = PUBLIC POLICY = MANAGEMENT




|
MIMIC - Prediction of decreasing GCS - Results

® MLPP

10-1 - HMPP
] HMPP better isolates

® low risk subgroups

Despite apparent
miscalibration, the
absolute error is small
(0.02 —0.005 =0.015)

Empirical hazard

1072 -

1072 1071
Predicted hazard, by hazard group
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Prediction of decreasing GCS: variable importance

Importance via regularization (L1) loss
Variables deemed important vary by method

IV solution

Orogastric fluid
Osmolality: blood
Vancomycin level: blood
IV dextrose in water; D5W
Total cholesterol
Lymphocyte count: csf
Urine sodium

IV normal saline

0.000 -

0.002

0.006

Nasogastric fluid

Functional fibrinogen: blood
Urine white blood cell count
Osmolality: blood

IV drip labetalol
Vancomycin level: blood
Urine red blood cells
Basophil count: blood

Urine ketones

0.000 -

—

© 0.005

0.010 -

Foley catheter

Osmolality: blood
Temperature

Functional fibrinogen: blood
IV phenytoin

Phenytoin: blood

IV normal saline

IV sterile water added

PO metoprolol

0.000 -
0.002 -
0.004

Loss

Low risk (HMPP) Max. likelihood

using HMPP
hyperparameters

Max. likelihood (MLPP)
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L ———
Conclusions: ML on real-world data (RWD)

RWD is not clean and possibly ill-measured, yet it is more representative
The game is to extract the variation useful for your task

while focusing on use cases where the limitations are not prohibitive

RWD - prediction 2>

RWD-> accept missingness 2>
RWD -> reject missingness = +/-

RWD and fixed length = lossy representation = limited performance
RWD and fixed length = lossy representation = limited use cases

RWD and fixed length = reject missingness/MAR imputation =
Up against fine-tuning models site-to-site
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