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Caveats

* My clinical franslational research focuses on sepsis

« | spend more time thinking about biomarkers than
bioinformatics

« And yet...
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But I'm not alone

Worldwide = Canada

Google trends search:
HEHR”
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Connecting America

( for Better Health

INCEMNTIVE PROGRAM

« Health Information Technology for Economic and Clinical
Health (HITECH) Act, enacted as part of the American
Recovery and Reinvestment Act of 2009

« Goal to promote the adoption and meaningful use of health
information fechnology

« $6.5 billion investment in adoption of EHRS
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“No other industry, to our knowledge,
has been under a universal mandate o
adopt a new technology betore its
effects are fully understood, and before
the tfechnology has reached a level of
usabillity that is acceptable to its core
users.”

RAND, Friedberg et al., Health Affairs, 2014
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But there are redeeming features?

I Royol College
of Physicians Setting higher standards

Integration of EHR data in National Early Warning
prediction tools Score (NEWS)

Standardising the assessment of
acute-illness severity in the NHS

Clinical decision support and
minimizing errors

Report of a working party July 2012

Royal College of Physicians, accessed 2015
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Objectives

« Briefly address epidemiology if EHRS

« Explore the tension of EHR adoption in the ICU

— Potential benefit
— Perceived threats to care

e |llustrative case studies
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Adoption and spending is Increasing

Exhibit 2: Infoway's expenditures and commitments to electronic health records—
as of 31 March 2009

Expenditures Commitments Total

Jurisdiction (% millioms) (% millions) (% millions)
Albarta BT 6 123
British Columibia B4 73 163
Manitoba 21 iz 53
Maw Brunswick 18 i 3B
mewfoundland and Labradaor 37 28 65
Morthvweast Temitonies [ [ ] 12
Mowa Sootia 26 20 46
Nunasat 2 5 7
Omtano 132 171 303
Prince Edward Island 11 o 11
Quebec o7 168 295
Saskatchewan 42 5 &7
‘Yukon 1 1 z
Pan-Canadian 41 3 a4
Total 615 614 1229

Office of the Auditor General Canada, 2013
ONC Data Brief No. 23 April 2015, accessed
HealthIT.gov
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Perceived benefits of the EHR

« Overcome bad hand writing

* Provide platform for quality care and clinical
decision support

* Promotes billing practice

« Gather and trend patient, unit, hospital data
» |nteroperability of patient data

« Improve efficiencies

« Secure private patient information

Thakker et al., 2006 Perspect Health Inf Manag
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Perceived barriers

EHR usability that did not match clinical workflows
Time-consuming data enftry

Interference with face-to-face patient care
Overwhelming numbers of electronic messages
and alerts

A deisgn to optimize billing — through quality

« Only as good as the quality metrics the measure

RAND, Friedberg et al., Health Affairs, 2014
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Lack of data@¢

Total Number And Percentage Of Analyses That Found A Beneficial Effect OFf Hedth
Information Exchange, By Outcome Type And Study Design

Percent finding a beneficial effect Beneficial relationship
Obserational i tal® .
Qutcome type studies mﬂl N o P
T Heslth care wtizati b= 67) Uye 0 508vs 74l 0040
. s = care 1 an = WA w5

:"SF'!“‘: adisions {n = '45} Igﬂ-ﬂ g-g Health care costs [n = 11) 7ve 47  636va 566 0750
H”EF'I:“‘ ;fﬂad'_ nissions jn =5 - e - Quality of care (n= 6) 4vs50  667vaSG8 1000

umber of imaging tests (n =12} / Coordination of care (n =6) 5 vs. 49 833 vs 557 0240
Repeat imaging tests [n =8) 833 00 Patient experience fn = 2) 2vs.52 1000+ 55 0510
E“;:flﬂ; 'a:daéjd "E"T;‘Ej“ 1*35 J|= 10) Ei—j*; ﬁ'ﬂ Disease surveillance (n = 2) 2vs.52 1000 v. 565 0510

1= a0 o l@'l'l IC SN = N 1
Number of ED visits (n = 4) 50.0 0.0 T
Repeat ED visits (n = 1) . 0.0 United States vs. other vz 15 661 va 429 0030
Length of hospital stay (n = 2) —F 0.0 I ——
Outpatient visits (n = 2) - 00 Cohart study | = D) 45y 9  750vs 265 <0001
Mumber of appointments (n = 1) 100.0 —c Randomized controlled trial {n = 17) Fvs 51 177 va 662 < 0,001
Number of referals (n = 1) 0.0 —_ (uasi-experimental study (n= 13 2vs. 52 16.7 vs 634 0004
REFEET spedaﬂ':.rcu'rsultaﬁms1n= ” —F 0.0 Cross-sectional studv (n =51 4 ys_ 50 80.0 vs 562 0390
Ambulatory care-sensitive hospitalizations

=1 oo - 17% of all RCTs with

benefit

Rahurkar et al., Health Affairs, 2014
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Example of workflow changes
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Carayon et al., Int J Med Informatics, 2015
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Meaningful use<¢

Interoperable

Clinical decision _
patient data

support

Alerts for sick

patients Reduce
costs
Quality of
care
Accuracy of
Medication orders (CPOE)
errors

Enrollment in
randomized
trials

Smart
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Can EHR help with RCTse

VIEWPOINT

Btragh, Pastarg
Pennsytvani and
Asscoate Eetor, JAMA

Scale Hall Pittsburgh
PA 15261 (angusde
e o)

Fusing Randomized Trials With Big Data
The Key to Self-learning Health Care Systems?

Randomized clinical trials (RCTe) have revolutionized
medicine by providing evidence on the efficacy and
safety of drugs. devices, and procedures. Today, more
than 40 000 RCTs are reported annually, ther quality
continues to increase, and oversight mechanisms en-

sure adequate protection of participants. However, RCTs
have at least 4 related probilems: (1) they are too expen
sive and dfficult, (2) thedr
age
ven individual) and too narrow (tral population and set
ting not representative of general practice); (3) random

indings are too broad (aver

eatment effoct not repressentative of benefit far any

izing patients can make patients and physicians uncom
fortable, especially when comparing different types of
existing care; and (4) there are often long delays before
RCT results diffuse Into practice.

The new alternative is “big data.” Because medical
care ks Increasingly digitized in edectronic health record
(FHR) clata sets and linked biological and genetic data

banks, proponents suggest that heaith care systems
are at the dawn of an era in which 3 patient's prognoss
and optimal therapy will be generated from ra

analy
sis of these data sets using sophisticated machine
learning strategies. The infocmation is relatively inex
pensive, generated as a by-product of patient care
vercoming the cost problem). and both specific to
individuals (le. adequately narrow) and, en masse.

descriptive of the entire debvery system (ie, adequately
broad). No individuals are randomized, so the ethical
issues appear less complex. The richness and imme-
diacy of these new data could allow tailored treatment
decisions in real time, overcoming delays n knowdadge
tranglation. As such, although the RCT remains the gold
standard for evaluation of experimental tharapies, blg

data is proposed as a better approach for the broad
swath of comparative effectiveness questions that
ice. Indeed, the Institute of Medi

arise i chinical pr
cine enwisions big data as the engne for so-called leam
ing health care

Yet big data

o'

w0t a replacement for the RCT. The

singular beauty of the RCT is the strength of causal
Al
known and unknown factors that can influence out

inference that arises from random assignme:

corme, other than the reatment assignment, are dis-
tributed randomiy—and, If randomization is effective,
evenly—among the groups. This, any statistical differ

ence in outcome between groups can be attributed to
the assigned int ns. In contrast, big data
exploits varkaticn that may appear random but s not in
fact randomized. For example, big data may compare
patients who did or did not receéve a particular drug
and then attempt to detesmine the extent to which any

venti

difference n patient outcome may be related to recen-
ing the drug. However. for a¥ the allure of inexpensive

access 1o massive amounts of data, the Achifles’ heel is
lack of causal inference. No matter how detaded the

measurement and how soph

ticated the adjustment
for all known vaniables, big data cannot eliminate
unmeasured factors colncident with a particular treat

ment assignment that could e

ain an apparent
change n outcome.”

Thus, each approach has complementary strengths
RCTs offer causal inference, and big data offers the po
tential for kow-cost. high-volume, nuanced answers with
ebate which is bet
fusing them

ter, the greatest promise may come fror

Fixing Problem 1—Cost and Difficulty
Conducting RCTs as freestanding enterprises requires
considerable infrastructure, much of which is dupiic
tive with cinical care. Many argue better integration
with the FHR could reduce RCT costs and ow

me
some logistic difficulties. For example. EHR screening
tools are often used to identify potential patient

For
patients ervolied in RCTS, the burden of data coliection
is frequently eased by automated downiad from the
EHR. The interventions being tested also could
nested in the EHR. inclt

¢ both the order

the intervention and the recording of
delkvery. There are also examples of RCTs of diagnastic
whereby patiertts are randomly as
test results presented in the EHR 1o their physi
(NCTO2120986). One simple ntegration is ta randaem.
ize by cluster (eg. a hospital ward) a
from the EHR.”

However, Ul integrat

ntervention

d capture all data

3n of patient-level random

ization has remained refatively ehssive. Fiore ot al* re
ported one of the first examples of so-called point-of
care diinical triaks. Although modest in scale, this study
ated physicians could be prompted by the EHR
to consider envolling thes patients in an RCT. If the phy
and patient agreed, the EHR contained the struc
ture both to record enrollm

dema

at and to generate rar

omtreatment assignment Thare s desr clerate

toac

this Integration, especially in federaty funded efforts,
stes of Heaith Clinical and

such as the National in:

Translational Scence Awards, . Nonetheless, the
barriers are not trwvial and nclude data system integra

tion and security, protections for r
and adequate oversight. Perhaps the most important
challenge s that the individuals providing care at the bed
sible for maintaining an EHR that
supports dinical care, are neither compensated for nor
comfortable with participation in cinical resasrch. Thus,
tr ne when health care deln

arch participants

© RICCesS

y only ¢o

ly mota

systems are adequat
questions

JAMA Augst 25,2015 Vokane JW, Saurviber 8
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Screening for eligible patients

Nest inferventions in the
computerized order sets

Record compliance with
inferventions

Ease of platform trials

Follow up / outcomes already
tracked as part of clinical

Angus DC, JAMA, 2015
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Case study: POC trial of insulin

Response to consult q
Patient Seen
s bl o (study team)
X
By

/// Patient ™.

Generate progress note

" and provider Continue
<_ @gree to consider )‘—Nn—b (documant that patient was > conventional
i ization? .~ considerad and that enrolmant
template “Jendomization? management

was nof elected)

I

Manual
process

= CPRS alert for

Yes Randomize
Ganeris progresanote ; to S5 or WB protocol Prompl provider 1o sign
{document consent far Generate orders orders
randomization)

based on assignad protocol

Record review only
(no randomization)

Computed finding

({mumps randomization) Capture
o order data
Order set
Generate progress note Continue
> consant far record »{  conventional
raview no randomization) management

HF = HEALTH FACTOR forconsent, record review only, dec other oplion not ¢
shown here, include not ehgible, not enralled for other reasons, withd rawn,
study terminated) Faollow-up

data collection

Fiore et al, Clin Trials, 2011
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Case study: smart alerts

« “To Erris Human™

« Current abllity to detect unusual patient
management are knowledge based - rely on prior
knowledge input info the system

 EHR could learn typical care of ICU patients
« Leverage updating statistics on anomalies in care

 Create alerts for clinical care outliers, conditional on
usual practice patterns
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Case study: smart alerts for
outlier care
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Case study: smart alerts for
outlier care

« Require balance
* Low frequency
« High quality
 Low override rate

* Independent and self learning

« Don't require outside “expert” input
« Directly informed by concurrent and past practice in the
EHR
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Perspective
Use of Health IT for Higher-Value Critical Care

Lena M. Chen, M.D., Edward H. Kennedy, M.3., Anne Sales, Ph.D., R.N., and Timothy P. Hofer, M.D.
N Engl J Med 2013; 368:594-597 | February 14, 2013 | DOI: 10.1056/NEJMp1213273

Adjusted ICU Admission Rate, %

0.1 1 10 50 90
Predicted 30-d Mortality at Admission, %
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Case study: smart alerts for
ICU triage

Admissions , Admissions
A rdi i . B Cardiac Di
Noncardiac P ralated to illness PR unrelated to
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Chen et al., N Engl J Med, 2013
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Case study: smart alerts for
ICU triage

* Mutiple prognostic tools exist (e.g. LAPS2 from
Kaiser, among others)

« Deploy real time, use admission and physiologic
data in the EHR

« Appropriately target the “sick” for ICU admission

« Need RCTs
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Conclusions

« Adoption of the EHR is rapidly expanding in the US and
Canada

« We spend A LOT of fime with it

« Despite absence of controlled trials, the use of EHR will
increase in the ICU

» Think creaftively about efficient uses in the ICU — not just for Ql
or billing agendas

« Promote trial enrollment (research)
« “Smart” alerts (adjuncts to our clinical practice)
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Visit us aft
www.ccm.piff.edu/crisma
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