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Review Methodology

Hmmm. What cool
things did | read this (unChanged)

year? What helps me

fall asleep. Where can

| find my jokes.

|l dondét hav
do being a

/

PubMed weekly hits on CDS, MU, Longhdirstetc. |l &6m bored, l nterested
Table of contents emails from journals unnecessarily complex

When you guys start going nuts on the listserv

Twitter (follow me to follow the people | follow
@colinbanas_VQU

Other randomness

My focus tends to settle on systematic reviews and big
themes of the year, not always pure research

methodology
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So I o6m flying Sol oe.

o Clinical Decision Support o0 Articles about Meaningful Use T just the
o Update on cool tech really positive onesé . .
0 Machine Learning / Al o Hot Topics in the News
o APIs o Ransomware
0 Wearables o0 Students and the EMR
o Patient Reported Outcomes and o CMS
Engagement o And much more!

o The evils of the EMR and why they are the
cause of physician burnout

Basically | want to be able look
back at this deck and see what was
Health. going on in our field in 2017-2018




Interventions to Reduce the Overuse of Imaging for Pulmonary Embolism:
A Systematic Review

Simon Deblois, MA, MSc™, Carl Chartrand-Lefebvre, MD, MSc, FRCP?3, Kevin Toparowicz, MD?
Zhangyi Chen?, Luigi Lepanto, MD, MS¢, FRCP'

A Systematic review aims to summarize
evidence associated with interventions

designed to reduce the overuse of imaging
in the ED and hospital wards

A Literature review: 2814 articles initially
chosen, and narrowed down to 17 studies

O«

O«

O«

8 of the studies assessed CDS interventions,
including CPOE prompts
3 They show use of electronic CDS is
associated with between 8.3 and
25.4% reduction in imaging following
intervention
3 Rise in diagnostic yield ranged from
3.4 to 4.4%, with appropriate rise in
ordering ranging from 18-19%
7 studies included education, policies, and
training
3 3 showed impact on compliance with
guidelines, 2 showed a decrease in
imaging use, one showed a significant
Impact on radiation exposure
2 studies focused on patient safety
3 Neither showed a statistically
significant reduction in mortality,
complications from thromboembolism
or bleeding events, or any adverse
events at 3 months follow-up

Journal of Hospital Medicine
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The road to

Results APPROPRIATE USE

Significant decrease in charges and
estimated costs of medical care within 90

CRITERIA
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Hot off the Press: Embedded Clinical Decision Support in Electronic Health Record
Decreases Use of High-cost Imaging in the Emergency Department: EmbED study.

Discussing: Bookman K, West D, Ginde A, et al. Embedded Clinical Decision Support
in Electronic Health Record Decreases Use of High-cost Imaging in the Emergency
Department: EmbED study. Academic Emergency Medicine. 2017;24:839-845.

A I think this is
what PAMA
legislation was
trying to achieve
but the solutions
| 6ve seen do
really do this
wel | é.

A Also not quite as
impressive as
would have
been hoped

@ 'Health.



Part 1:

Information provided if result within the last 28 days:

NAAT Result (postive/negative) | Date ‘ Ordering Provider

What would you like to do?

I

l

]

Continue placing duplicate order.

Stop placing duplicate order.

If no result available within 28 days, skip to Part 2 +

Part 2:

Yes ]

Has the patient had >= 3 liquid
stools in 24 hours without
another source?

No

'

Does the patient have other
signs or symptoms of C. diff
infection?

Yes No

I

Yes (fever, elevated WBC, or
abdominal discomfort)

Does the patient have risk
factors for C. diff infection?

Yes (recent antibiotic, intra-
abdominal surgery, or over age 60) No

'

C. diff NAAT not indicated.
PLEASE CANCEL. Formed
Stool specimens will be
rejected.

Continue with order. ‘ Will cancel order.

I

Pretest probability and PPV are
low. Testing likely unhelpful.

N

No further prompts. ‘

PLEASE CANCEL.

Infect Control Hosp Epidemiol 2018;1i 4

Reduced Clostridium difficile Tests and
Laboratory-Identified Events With a
Computerized Clinical Decision Support
Tool and Financial Incentive

Gregory R. Madden, MD;' Ian German Mesner, MS;”
Heather L. Cox, PharmD, BCPS-AQID; "

Amy J. Mathers, MD;"4 Jason A. Lyman, MD, MS;s
Costi D. Sifri, MD;"® Kyle B. Enfield, MD”**

A UVA intervention using Epic

and logic branching during
the time of ordering




C. DIFFICILE TEST COMPUTER DECISION SUPPORT TOOL 3
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FIGURE 2. Monthly C. difficile tests and hospital-onset C. difficile infection (HO-CDI) laboratory-identified (LablD) events detected with
CCDS tool pre- and postintervention. (a) Monthly rates of test results. (b) Trends of monthly HO-CDI rates over the same period.
The dotted line depicts predicted values using the quasi- Poisson model.

A 41 % fewer tests ordered
A 31% fewer HealthCare onset C. Diff

H ea |t h ™ Infect Control Hosp Epidemiol 2018;1i 4
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The VCU Experience el IC-Diff Order Alert
(Wh at hap pens when you This patient has not met the criteria of having 3 liquid stools
. . . within 24 hours to order this test.
abdicate chairing the
committee d & -
) < C-Diff Order Alert
Al erner
s, ) This patient has not met the criteria of having
eﬁer' |C—D|ff Order Alert watery/Loose/Liquid/unformed stool on day 1-3 of IP stay.
Please verify if the patient had at least one of the following: Disc (5 of 5)
. ) . s
> Antibiotics within 30 days Are you sur ‘:: p—dlﬁ order ‘Alert
. erner
>Fever>100.41n 48 hours Alert Action An order for an enema has been added within the past 24 hours
>Abdominal Pain/ tenderness —
WBC 15.000 4.000 within 48 h - - & »
’ or = TR AR RO s M IC-diff order ‘Alert
> or Known discharge from a Health Care facility in the past 30 erner
days IThis patient has been administered (senna) within the last 24
hours._

Would you like to continue placing the order?

Alert Action
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JAMA April 3, 2018 Volume 319, Number 13

VIEWPOINT

- Big Data and Machine Learning in Health Care

Opinion

Andrew L. Beam, PhD I\IlearIyEfIII alsPeclts of mloderpllifelare i|?| SOI'.I"Ie \xa){being spfe.ctruml(#IQ |r| t.he. Figur.e and %uppllement_)..!\ﬂ.;fn\{

JAMA

Great perspective on the
progression of decision
making i man, man +
computer, computer only

Health.

Figure. The Axes of Machine Learning and Big Data
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Deep learning
@ Generative adversarial networks (2014)

(2) Google AlphaGo Zero (2017)

(3) ATM check readers (1998)

@ Google diabetic retinopathy (2016)

@ ImageNet computer vision models (2012-2017)
(&) Google AlphaGo (2015)

(7) Facebook Photo Tagger (2015)

Prediction of 1-y all-cause mortality (2017)

@ Diffuse large B-cell lymphoma outcome
prediction by gene-expression profiling (2002)

(@D EHR-based CV risk prediction (2017)

@ Netflix Prize winner (2006)

@ Google Search (1998)

(@ Amazon product recommendation (2003)

Expert Al systems
@ MYCIN (1975)
{5 CASNET (1982)
(® Dxplain (1986)

Risk calculators

. CHAEDS[VAS( Score for atrial fibrillation stroke risk (2017)
. MELD end-stage liver disease risk score (2001)

@ Framingham CV risk score (1998)

Randomized Clinical Trials

@ Celecoxib vs nonsteroidal anti-inflammatory drugs for osteoarthritis
and rheumatoid arthritis (2002)

@ Use of estrogen plus progestin in healthy postmenopausal women (2002)

Other
@ Clinical wisdom

@ Mortality rate estimates from US Census (2010)




an Dlg\’[a| Mediciﬂe www.nature.com/npjdigitalmed

ARTICLE
Scalable and accurate deep learning with electronic health G O gle

records
Alvin Rajkomar (', Eyal Oren’, Kai Chen', Andrew M. Dai', Nissan Hajaj', Michaela Hardt', Peter J. Liu', Xiaobing Liu', Jake Marcus',
Mimi Sun’, Patrik Sundberg', Hector Yee', Kun Zhang', Yi Zhang', Gerardo Flores', Gavin E. Duggan', Jamie Irvine', Quoc Le', Why?

Kurt Litsch’, Alexander Mossin', Justin Tansuwan', De Wang', James Wexler', Jimbo Wilson', Dana Ludwig?, Samuel L. Volchenboum?,
Katherine Chou', Michael Pearson', Srinivasan Madabushi’, Nigam H. Shah?® Atul J. Butte?, Michael D. Howell', Claire Cui', 8

Greg 5. Comad 3 ey Dean Traditional methods require highly curated
A UCSF and UCM 4 years worth of patient datasetsa n d é .

records in a linear raw formatusinga FHIR & 5 r datasets are rarely highly curated

standard . R
Deep |l earning doesnot

A Applied deep learning / neural networks to Aipmwerko, the neural ne
fly

the raw record to compare predictions
against traditional methods

A 47 Billion data points considered
A Included free-text 1 <O

npj Digital Medicine (2018) 1:18 ; doi:10.1038/s41746-018-
Health.



Patient Timeline
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Medication  PamHofm atic b Radiology Report - CT CHEST ABDOMEN PELVIS Pulmonary Consult Note
Vancomycin, cancer, R lung malignant “... FINDINGS : CHEST LUNGS AND PLEURA: *.. has a complicated pleural
Metronidazole effusion, and R lung empyema d of a moderate left pleural space that requires IR guidance.
who presents with increased effusion. interval removal of a right chest CT scan showing increased
drainage from tube within a loculated right pleural effusion loculted effusion on R compared
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NUR RS BRADEN lymphadenopathy, pleural/p hymal
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hepatic metastases and subcutaneous nodule
within the thorax [.J*
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ORDERs: MEpg ORDegg aicro
. NOTES i "OLogy
€
o' MED
.=
VITALS MEDs
wceo
20L06Y | LABS
‘ JOHN DOE
12:40 PM - Notes 4:21 PM - Order 6:50 PM - Test Result
Hospitalist History CBC Ordered Hemoglobin
and Physical: This result; 6.5 gldL
isa..
PATIENT TIMELINE
ED Visit Starts Physical therapy
ordered
® L] L 1] «w L] ®
1 unit of packet Pantoprazole 40mg Discharge
RBC given administered orally
Readmission Inpatient Any
Risk Mortality prediction

1

Health systems collect and store
electronic health records in various
formats in databases.

All available data for each patient is
converted to events recorded in
containers based on the Fast
Healthcare Interoperability Resource
(FHIR) specification.

The FHIR resources are placed in
temporal order, depicting all events
recorded in the EHR (i.e. timeline).
The deep learning model uses this

full history to make each prediction.

Results

A Outperformed traditional modeling methods
across the board

In-hospital mortality

30 day readmission
Prolonged LOS

Final discharge diagnoses

To Io Do Do

npj Digital Medicine (2018) 1:18 ;
doi:10.1038/s41746-018-0029-1



Natural Language—based
Machine Learning Models for the

Annotation of Clinical Radiology _ _ _
6 Labels to be studied required an interrater

’

Reports agreement of 0.60 or greater; ultimately
A Journal of Radiology 55 were selected, with 20 of those being
A Focuses on generating clinical labels for a categorized as critical findings

large fund of radiology reports with an
emphasis on scalability and generalizability

(@

Several non-radiology texts used to

A Mount Sinai rad reports 2010-2016 for characterize the lexical and semantic
96.000 Head CTs structure of radiology reports prior to
analysis

This is the use of NLP to help
create the dataset which would
then be used to teach the image
interpretation

Health. https://doi.org/10.1148/radiol 2018171093
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Figure 4:  The Latent Dirichlet allocation topic
models provide a highly transparent means of
document classification. () Each topic is illustrated
in red text, and lines are drawn to each of the five
words most commonly associated with that topic.
Certain common words were shared by multiple
topics (eg, “acute”), and these words appear more
centrally on the diagram. (b) Each box represents

the average relative weight of a topic (bottom axis) in
reports that were positive for a given label (right axis);
red = relatively high weight, and blue = relatively

low weight. Labels are sorted vertically so that labels
with more similar topic weight distributions appear

in proximity to each other. When used to assign
average topic weights to reports, topics can be readily
demonstrated to have captured the underlying clinical
semantics both broadly and in specific cases.
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centrally on the diagram. (b) Each box represents

the average relative weight of a topic (bottom axis) in
reports that were positive for a given label (right axis);
red = relatively high weight, and blue = relatively

low weight. Labels are sorted vertically so that labels
with more similar topic weight distributions appear

in proximity to each other. When used to assign
average topic weights to reports, topics can be readily
demonstrated to have captured the underlying clinical
semantics both broadly and in specific cases.
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ARTICLE OPEN
Advanced machine learning in action: identification of

intracranial hemorrhage on computed tomography scans of the
head with clinical workflow integration

Mohammad R. Arbabshirani', Brandon K. Fomwalt(®'?, Gino J. Mongelluzzo', Jonathan D. Suever'?, Brandon D. Geise',
Aalpen A. Patel'? and Gregory J. Moore'

Digital Medicine

A
A Geisengeri 50,000 head CTs used for
neural network training
A ( Picture Archiving and ()
A

Communication System

Against 10,000 validation set
Used the output to prioritize the queue

SRS D

Radiology Reading List db u Dan i&‘ﬁ;‘ﬁ,"g;

Stat

A

.

< ACC#: 123456 }

Clinical implementation of the ICH detection algorithm as a radiology workflow optimization tool

Negative

Positive | [CH Detection
Algorithm

Automatic Workflow Optimization

Non-Stat

npj Digital Medicine (2018) 1:9 ; doi:10.1038/s41746-017-
0015-z




Stanford ‘ NEWS Search Stanford news. ..

Home

Find Stories For Journalists Contact

NOVEMBER 15,2017

Stanford algorithm can diagnose pneumonia
better than radiologists

Stanford researchers have developed a deep learning algorithm that evaluates chest X-rays for signs of disease. In just
over a month of development, their algorithin outperformed expert radiologists at diagnosing pneumonia.

n BY TAYLOR KUBOTA
Stanford researchers have developed an algorithm that offers diagnoses based off chest X-ray images.
It can diagnose up to 14 types of medical conditions and is able to diagnose pneumonia better than
a expert radiologists working alone. A paper about the algorithm, called CheXNet, was published Nov.

14 on the open-access, scientific preprint website arXiv.

arXiv.org > cs > arXiv:1711.05225 Search or Article

(Help | Advanced seard

Computer Science > Computer Vision and Pattern Recognition

CheXNet: Radiologist-Level Pneumonia Detection on Chest X-Rays with Deep Learning

Pranav Rajpurkar, Jeremy Irvin, Kaylie Zhu, Brandon Yang, Hershel Mehta, Tony Duan, Daisy Ding, Aarti Bagul, Curtis Langlotz, Katie Shpanskaya, Matthew P. Lungren,
Andrew Y. Ng
(Submitted on 14 Nov 2017 (v1), last revised 25 Dec 2017 (this version, v3))
We develop an algorithm that can detect pneumonia from chest X-rays at a level exceeding practicing radiologists. Our algorithm, CheXNet, is a 121-layer convolutional neural network
trained on ChestX-ray14, currently the largest publicly available chest X-ray dataset, containing over 100,000 frontal-view X-ray images with 14 diseases. Four practicing academic

radiologists annotate a test set, on which we compare the performance of CheXNet to that of radiologists. We find that CheXNet exceeds average radiologist performance on the F1 metric.
We extend CheXNet to detect all 14 diseases in ChestX-ray14 and achieve state of the art results on all 14 diseases.

Subjects: Computer Vision and Pattern Recognition (cs.CV); Learning (cs.LG), Machine Learning (stat. ML)
Citeas:  arXiv:1711.05225 [cs.CV]
(or arXiv:1711.05225v3 [cs.CV] for this version)

I I | I Submission history
e a -t ™ From: Pranav Rajpurkar [view email]
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INNOVATION Artificial Intelligence and Machine Learning

AI Will Change Radi0l0gy, in Radiology: Opportunities, Challenges,

Pitfalls, and Criteria for Success

9
b ut It Wo n t Re ace James H. Thrall, MD, Xiang Li, PhD, Quanzheng Li, PhD, Cinthia Cruz, MD, Synho Do, PhD,
Keith Dreyer, DO, PhD, James Brink, MD
Radiologists

by Thomas H. Davenport and Keith J. Dreyer, DO

MARCH 27, 2018

We | | damnéeéeé

Turns out Radiologists actually do a lot
more than simply read films

ARnAl Augmentedo wor kf
studies

Let the doctors be doctors

https://hbr.org/2018/03/ai-will-change-radiology-but-it-wont-
replace-radiologists




Apple CEO Tim Cook gave a shout-out to a $100-per-year
app for doctors — here's what it does

KifLeswing &= ¥
Nov. 19,2017, 8:30 AM @A 87,722

RECOMMENDED FOR YOU

'/ This map shows the US really
i has 11 separate 'nations' with

- entirely different cultures

Citigold” sTAY GoLD"

FINANCIAL
GUIDANCE FROM
CITI PERSONAL
WEALTH
MANAGEMENT.

Explore Citigold

Visual Dx

http://mww.businessinsider.com/visualdx-machine-learning-
app-for-skin-diagnosis-ceo-interview-2017-11



Smart detection of atrial fibrillation® .
A Uses the camera to obtain a pleth
Lian Krivoshei'4f, Stefan Weber2, Thilo Burkard?, Anna Maseli!, Noe Brasier!,

Michael Kiihne®, David Conen!, Thomas Huebner?, Andrea Seeck®, and Jens Eckstein'* A 95% SenSItIVIty and SpGCIfIClty in Identlfylng
A-fib from Sinus

A Finallyé.. Now whatos
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Join the Apple Heart Study.

Figure | iPhone on index finger tip with resulting pulse wave signal of a patient with AF. nparnershipwitn @) Stanford mepicin

Apple has created an innovative research study using data from
Apple Watch to accelerate discovery in heart science. Its goal is to
improve the technology used to identify an irregular heart rhythm,

known as arrhythmia. The more people who get involved,
the greater the potential benefit.

Join the study

Learn more »

H ea |t hm EP Eurospace




| tried Apple's improved Health app. Here's what | found

Edward C. Baig, USA TODAY  Fublished 6:00 a.m. ET Jan. 26, 2018 | Updated 2:21 p.m. ET Jan. 29, 2018
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Access Your Health Records
(Beta)

AGS online accounts 1oe participating health
networks and hospitals. You can manage clinical
heath records from muitiple sources right on your
iPhone, and new records are automatically
updated,

About Heaith Records

Get Started



Apple adds movement disorder API,
plus speech, hearing, and vision tests,
to ResearchKit framework

API Features

Implications for
All-day monitoring P a r k | n S O n 6 S 7

Relevant to Parkinson’s Disease

Code signing entitlement monitoring... | p atl e nts etC .

—

b |

Also ENT implications

H | h https://www.programmableweb.com/news/apples-new-
ea t ™ researchkit-movement-disorder-api-can-be-used-to-monitor-

parkinsons-symptoms/brief/2018/06/06




Accuracy of Heart Rate Monitoring by Some Wrist-Worn
Activity Trackers

TO THE EDITOR: Cadmus-Bertram and colleagues' study (1)
suggests that some wrist-worn activity trackers perform simi-
larly to electrocardiography at rest but that none was as accu-
rate as electrocardiography during moderate exercise (1). We
agree that additional research is needed before these moni-
toring devices can be deemed useful for clinical advice or
trials. In fact, most consumers are probably unaware of poten-
tial inaccuracies and may experience health risks related to

Annals of Internal Medicine

Not so fast ?

High School project that partnered with
Dean Sittig

Still often up to 5% difference in manual vs
Fitbit recorded values

Do we need tighter standards ? More
transparency to patients?

Or I s It i ndeed dncl
use?

H ea |t h ™ doi:10.7326/L17-0379

O0s e



Transition Comedy Slide

Inappropriate: Radiologists Keep Talking About
Over/Underpenetration
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A national survey assessing the number of records
allowed open in electronic health records at hospitals and
ambulatory sites

Jason S Adelman,’?? Matthew A Berger,* Amisha Rai,? William L Galanter,®
Bruce L Lambert,® Gordon D Schiff,” David K Vawdrey,?? Robert A Green,?3
Hojjat Salmasian,?? Ross Koppel,® Clyde B Schechter,? Jo R Applebaum,® and
William N Southern™

Allergies: penicillin
Discharged - VCUHS OP [01/3/2018 8:48 - 01/3/2018

Loc:Ortho Surg Prac Dose Wt=

A JAMIA

- |# Summary QuickViews

A Survey of 167 inpatient and outpatient e e e N s
facilities designed to allow multiple patient &8
records to be open at once E— I —

A 3 buckets of use
A Restricted = 1 record open

BT 55T PHARMACYBCMA 0

A Hedged = 2 records open D e Rt e O
™ i — 2391k e

A Unrestricted = 3 or more records open

~ |# Summary QuickViews

ry QuickViews AR AR _E 1005 - OOQ

Ambulatory QuickView X Inpatient QuickView X ICU Summary X ED QuickView

o Emergency Department Timeline Rendering...

Triage Information =~ (o)
Selected visit Selected visit w

A lot of us assisted on this via ListServ |

H | h Journal of the American Medical Informatics Association,
ea t - 24(5), 2017, 9921 995
doi: 10.1093/jamia/ocx034




Table 1. Organization-configured number of records allowed open in EHR systems vendor-designed to open multiple records at once

Study facilities Unrestricted (>3 records) (%) Restricted (1 record) (%) Hedged (2 records) (%) Total EHRs
Inpatient 38 (41.8) 37 (40.7) 16 (17.6) 91
Outpatient 36 (47.4) 27 (35.5) 13 (17.1) 76

Overall 74 (44.3) 64 (38.3) 29 (17.4) 167

A T HO#ice of the National Coordinator for
Health Information Technology states that data
can be enodrectly@i thé electronic
record due to multiple records being open. 0

This recommendation also appears in a Joint
Commission Sentinel

Event Alert, Safe Use of Health Information

Aln its Patient | denti flachmaelagy. on SAFER Gui de,

the agency recommends
number of patient records that can be
displayed on the same computer at the same
time to one, unless other patient records are
opened as ORead Onl yao
di fferentiated. 0O

restricting At he

and are clearly

Journal of the American Medical Informatics Association,

H ea |t h - 24(5), 2017, 9921 995

doi: 10.1093/jamia/ocx034

11



Brief Communication

Effect of number of open charts on intercepted wrong-patient
medication orders in an emergency department

omas annampallil,” John anning,”” Davi estek,”” Jason Adelman,
Th GK llil," John D Manning,?? David W Chestek,?* J Adel 4
Hojjat Salmasian,”® Bruce L Lambert,® and William L Galanter*>®

A JAMIA A Using retract and reorder as a methodology

A UIC, interrupted time series analysis of (RAR)
wrong patient medication orders in an ED A Clinician orders something and within 10
from 2010-2016 (~50Kk visits per year) minutes cancels it and orders the exact

A This is a retrospective analysis of a natural same thing on a different patient
experiment A Also followed up with an interview and

A Measured going from 4 charts to 2 charts chart reviews

and then back to 4 charts

H | h Journal of the American Medical Informatics Association,
ea t - 0(0), 2017, 1i5
doi: 10.1093/jamia/ocx099




Rate of RAR Events X 10*5

2 Charts
Nov 2012-Sep 2014
Non-significant decrease in

4 Charts

Nov 2010-Nov 2012

4 Charts

Sep 2014-Aug 2016

Non-significant increase in

number of RAR events and no number of RAR events and no
2 . change in trend (p>0.05) change in trend (p>0.05)
- - .
.
-
-
-
8 2 . . . ni ek L)
- . . -1 ., -
- - - -
R “b=—o.19, p=0.33
. -
,,,, : .- . Vo ms s me s MR
P =~ -
- . - >
- - . -
8 - . -5
-
.
-
-
o
T Ll 1 T ' ]
2010 2012 2013 2014 2016

Year

@ Health.

Journal of the American Medical Informatics Association,

0(0), 2017, 1i 5
doi: 10.1093/jamia/ocx099

BA's y.oul Wish)

A Statistically
difference

A Buté. They
way down to 1 chart

A So use this data as you wish

di

di

dno




Outpatient CPOE orders
discontinued due to ‘erroneous

entry’: prospective survey of B Med D/C -- Webpage Dialog X

prescribers’ explanations for errors Select a reason to discontinue Amoxicillin
" No Longer Necessary

Thu-Trang T Hickman,” Arbor Jessica Lauren Quist,"? Alejandra Salazar,’ - :
Mary G Amato,"? Adam Wright,*° Lynn A Volk,” David W Bates, ""** Ineffective

Gordon Schiff'* X
¢ Adverse reaction

A 4 months of medication orders, 2 million O Rejectad by paient

A 1100 cancellations during that time ¢ Discontinued by another provider
. . (" 2
A Cancelling provider was then surveyed Toaapenchs
A

¢ Change requested by insurance

when they had selected

In the vein of RAR methodology, teChnica”y € Inadequately covered by insurance (Tier 2 or 3)
this is jJust the fAretr a comne
End Date: T [12/18/2015 3 42
g_l Cancel
resssesl

H ea |-t hm Hickman T-TT, et al. BMJ Qual Saf 2017;0:1i 6.

doi:10.1136/bmjgs-2017-006597




Table 2 Top reasons provided by survey responders for
discontinuing medications with the reason 'Error (erroneous

entry)’

Category N (% of errors)
Patient: medication ordered for wrong patient 60 (27.8)

Drug: ordered wrong drug 40 (18.5)

Drug: duplicate order 31(14.4)

Drug: ordered wrong formulation or dosage form  25(11.6)
(extended release, and so on)

Dose: ordered wrong dose or strength 22(10.2)

Drug: ordered drug that was inappropriate or 8 (3.7)

contraindicated (by lab, disease, age or pregnancy)

Dose: dose or strength not included or missing on 8(3.7)
medication order

Other 31(10.1)

Wrong patient ~30% !!!!
Wrong drug - 19%
Duplicate Order i 14%

To To Po

A Oxycodone was top drug for formulation
problems (SR vs IR) postulated as the
reason

Usability and Human Interface opportunities
abound

? How many charts do they allow

Further studies not possible i Epic conversion
since then

Hickman T-TT, et al. BMJ Qual Saf 2017;0:1i 6.
H ea |t h - doi:10.1136/bmjgs-2017-006597



Reasons for computerised provider
order entry (CPOE)-based inpatient
medication ordering errors: an
observational study of voided orders

Joanna Abraham,' Thomas G Kannampallil,? Alan Jarman,’
Shivy Sharma,’ Christine Rash,”? Gordon Schiff,” William Galanter®>*

A
A

BMJ

Void an INPATIENT
order and you need to
declare a reason (and
get an interview and a
chart review)

Nice buckets of
rationale for
medication voiding

What are the
underlying causes of
voiding?

Health.

i Inpatient Medication
K Order Entry

1 Time, t1 |

-
npatient Medication |i_

| n, M |
| Order Voiding I:'_\.'rcifd_ Clinician, C2*}

| Time, t2 (¢2>11) |

n=377,480
inpatient orders

lage>18) Triggers
Void Alert Teol 99
(VAT)

y
| Generates report with details

— of original and voided orders
(1,12, C1,C2, A M)

n=101 follow-up interviews

Clinician-reported reasons
for voiding (interview)

Factors contributing to
aerrors and suggestions for | _

n=787 voided .
orders

medication ordering error |
reduction

*In certain cases clinicians C1 & C2 can be the same person (i.e., the order creator voiding his/fher own order)

Abraham J, et al.

BMJ Qual Saf 2017;0:1i 9.

doi:10.1136/bmjgs-2017-006606

Chart review of all voided
medication orders with
interview follow up (n=101)

n=94 medication |
H
ordering errors

Accuracy of voided orders (i.e.,
were the voided orders

medication ordering errors?)

Accuracy of clinician-selected | |
and clinician-reported :

(interview) reasons for voiding | |




= Clinician-reported (interview) Clinician-CPOE-selected Chart Review

Dup Order, Improper Composed, Wrong Doc,
Wrong Drug, Wrong Encounter, Wrong
Patient, etc

doi:10.1136/bmjgs-2017-006606

|—| ea |-t h . Abraham J, et al. BMJ Qual Saf 2017:0:1i 9.

The reason selected is only
~50% accurate when
confirmed i not surprised

Duplicate orders lead the
pack

Improperly composed orders
(points to usability, ordersets,
sentences, the basics)

The notion of t |
vi ol ationo was

Should institutions be
studying this type of data as
means of self improvement

Shoul d t heodegeti d i
be standardized across

vendors / industry 1 although
would it mater ?



<] m |

¥ Details for nitrofurantoin [nitrofurantoin macro-mono (Macrobid])

(&' Details ] [35 Order Comments I # Diagnosu]

-
Order details B Detail values
[B -
Discontinue reason (type-in) Cancelled by provider K
Discontinue Date and Time [06/19/2018 20:47 EDT] E] o ) . 3
Medication side effect/intolerance
' Replaced by current order
| | Change IV product form

Change product or dosage form

Bar code scan requires order re-entry

Therapeutic interchange Detail values

Bag expired Cancelled in IDX ~
Cancelled by speech Clerical error

Cancelled in IDX
<[

Conflicting order
Conflicting schedule E|
Contraindication for MRI
Correct ambiguous order

LOOkS Il ke I have Dose changed to Ped standard dose

« || 4= [L]u

Detail values Duplicate order
Entered on wrong patient
a codeset to [+] [improperty ordered - _
Incomplete study Equipment problems
Clean u p B Incorrect or insufficient information f‘xrm not performed " o ¥,
¥ | Lost specimen pickup sheet
? No preauthorization
" | No referral £
No show

Mo transportation available

Order charted/resulted manually

Order entered for wrong study

Order has been completed

ol mn ] »

@ Health.




Jonathan D. Burlison' ~ Robert B. McDaniel' Donald K. Baker? Murad Hasan'  Jennifer |. Robertson’
Scott C. Howard® James M. Hoffman'+4

A Duplicate orders most common
A ACI Study A Trainees (residents) had highest rate of

A St. Judeds data of 30 d®y'sOlwosth? offhe July ef
cancelled medication orders within 120

minutes of initially being placed, inpatient Error type n %
and Outpatient Duplicate order 45 31
. . . , Wrong route 22 15
ADid it in Julyé.. (new [wosda — -
A Off 305 of these orders, 147 errors Ordered incorrectly 14 10
identified 1! Wrong dosage form 9 6
Underdose 8 5

Overdose 5 3

Wrong frequency 4 3

Wrong patient 1 1

Other 138 12

Applied Clinical Informatics Vol. 9 No. 1/2018

Using EHR 84 Data to Detect Prescribing Errors Burlison et
Health.




Retract and Re-order / Voiding / Cancelling

A Interesting new metric in EHR usability and
errors

A What the heck is going on with all of the
duplicates? Did we all turn off Dup
Checking for a bunch of
because 1 tds obnoxi ous)

A Standardization in the industry? (the
codeset, VCU clearly leads the way)

A Managing this metric? (much like we
A ma n angukum ?)

Health.
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EHRSs are Evil and are causing you to burnout

10/24/2017

Medical EconomicsEHR

Why are EHREs still so terrible?

October 23, 2017
By Keith Aldinger. MD
Editor's Note: Welcome to Medical Economics' blog section which features contributions from

=
3
I
3
&
n
5




New York Times May 16, 2018 i Abraham Verghese

€he New Pork Eimes Magazine THE HEALTH I1S8UE




n E v ikthe E.H.R. is not the sole
cause of what ails us, believe me, it
has become the symbol

Pretty harsh indictment of the EHR, not sure it
was entirely fair, but it sure was colorful

Health.




EEEEEEEEEE

To Combat Physician Burnout and
Improve Care, Fix the Electronic

Health Record Comment from our own Joe Schneider:

by Robert Wachter and Jeff Goldsmith

A Harvard Business Review
Take Back the Record
A Paint a picture of the patient
A Typing and pointing and clicking must go
A Nods to usability and subtlety to clinical
decision support

A Al must make the clinical systems smarter
A Turn us from prisoners into advocates

Health. HER



@ CrossMark

Electronic Health Records: a “Quadruple Win,” a “Quadruple
Failure,” or Simply Time for a Reboot?

Michael Hochman, MD, MPH

The Gehr Family Center for Implementation Science, Keck School of Medicine, University of Soutnem Cdlifomia, Los Angeles, CA, USA.

Journal General Internal Medicine

Video recordings of 217 encounters A Retain the good 1 legibility, remote access,
Average visit 20 minutes patient access, e-prescribing, certain

. . reminder functions
Clicked mouse 216 times
. A Re-master the rest around the needs of the
746 keyboard clicks

) _ clinicians not the billers and administrators
8.9 minutes of gazing at the screen

A
A
A
A
A
A

Health.



Brief Communication

Changes in hospital bond ratings after the transition to a
new electronic health record

Dustin McEvoy," Michael L Barnett,”* Dean F Sittig,® Skye Aaron,® Ateev Mehrotra,’

and Adam Wright*®
A Good news ! | f youbére thinking of switching
wonot be affected !

SILVER LINING

"Good catch, son!"

Health. e




Annals of Internal Medicine IDEAS AND OPINIONS

Physician Burnout in the Electronic Health Record Era: Are We
Ignoring the Real Cause?

N. Lance Downing, MD; David W, Bates, MD, M5c; and Christopher A, Longhurst, MD, MS

A Annals of Internal Medicine

A Are U.S. documentation requirements a
driver of the national dissatisfaction with the
EHR ?

A Can we compare ourselves with some
international colleagues?

A Is it simply the easiest to label the EHR as
the cause of the burnout?

Health.




Figure. Average characters per ambulatory progress note in U.S. and international health systems.

18 7
Ou.s.

16 nEEE M International

14 7

Institutions, n
]
[

6 -

o |
SIS ISETST S EFTTITE S SIS ST FIF S ST F S

L

Average Characters per Ambulatory Note, n

A Since HITECH was enacted the length of US notes have DOUBLED
A In the same EMR (Epic) US notes are 4x the length of international counterparts

Health.




Indeed, the EHR vendors that
benefited from the federal
stimulus have
disproportionately focused

on developing robust financial
and compliance features,

perhaps at the price of
usability. However, U.S.
hospitals demanded these
features in search of financial
sustainability in a market with
seemingly insatiable

needs for documentation.




RESEARCH LETTER

PHYSICIAN WORK ENVIRONMENT AND WELL-BEING

Characterizing the Source of Text
in Electronic Health Record Progress Notes

Figure. Number of Progress Notes With a Given Percentage
of Manually Entered Text

A Used a new EHR tool that
distinguishes manual, imported, and copied —
text in hospital progress notes with

character-by-character granularity 3 00—
= 30004 |
@
A Lessthan1/5"of t he note i s*™fAmanually
enterEd(\) 1000
0 , -

0 20 40 60 B0 100

A Surprlsed') Manually Entered Text, %

Distribution of progress notes for all clinician types with a given percentage of
manually entered text.

Annals



HIMSS-AMDIS Joint Letter on Clinician Burden

Ms. Seema Verma

Administrator

Centers for Medicare & Medicaid Services
US Department of Health and Human Services
Baltimore, MD 21244-1850

Donald Rucker, MD

National Coordinator for Health Information Technology
US Department of Health and Human Services
Washington, DC 20201

Dear Administrator Verma and Dr. Rucker:

On behalf of the Healthcare Information and Management Systems Society (HIMSS) and the
Association of Medical Directors of Information Systems (AMDIS), we are pleased to provide written
comments on the Patients Over Paperwork Initiative, specifically focused on ideas to help reduce the
burdens placed on clinicians. We look forward to initiating a dialogue with the Centers for Medicare
and Medicaid Services (CMS) on how our organizations can contribute to the discussion around
alleviating clinician burden and advancing our healthcare system towards the goal of value-based care

system. Lt
mee {m}
HIMSS s’




HIMSS-AMDIS Joint Letter: sections M

A Leverage Information and Technology, Now and in the Future

A Addressing Burden Issues Strengthens the Push Toward a Learning Health
System

A Build Momentum Toward Team-Based Care by Placing a Greater Emphasis
on Reporting from the Entire Clinical Staff

A Proposed Changes in Quality Reporting and the Promoting Interoperability
Program are a Step in the Right Direction

A Reuse and Repurpose Data from Other Sources to Minimize Reporting
Requirements

A Simplify E/M Coding and Documentation Requirements

f M%%”"'a
Health. HlI“SS QMDI?
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Transition Comedy Slide

@ Health.

Pathology and Radiology
Reports Recommend
Correlation with Each Other,
Endless Loop Ensues

BOSTON, MA - The ICU team of a local
area hospital had struggled for ...



Framework To Guide The Collection And Use

Of Patient-Reported Outcome Measures In The
Learning Healthcare System

A 38 organizations successful with Patient
Reported Outcomes, interviewed and
aggregated to distill best practice

A PROM supports

A Patient Care Decisions

A Quality Improvement Initiatives
A Payer mandates

A Population Health

Health.

A Nods to interoperability needs
A Standardization needs

A PROMs become standard and shared
data elements

| gQguarantee youobre al/l
this, this is an excellent framework to
organize the process and structure




- Individualized scored, trended PROM reports

Ql Aggregate risk adjusted PROMs compared to benchmarks

Aggregate pre- and post-TJR scores within acceptable PROM ranges

Aggregate physical & emotional health with aging; population research

- Web or EMR portal for PROM capture; real-time scoring system; stored in EMR

al - Web or EMR portal PROM capture; reminder systems; stored in EMR
Web or EMR portal PROM capture; reminder systems; stored in EMR; export to payer

Web or EMR portal capture; reminder systems; stored in EMR, PHR, or research data

- Condition-specific PROMSs at office visits to monitor symptoms and health

al Condition-specific and/or global health PROMs; risk factors; national benchmarks
Condition-specific and/or global health PROMs; risk factors; national benchmarks

- Global health PROMs +/- specific condition PROMs; risk factors; national benchmarks

- PROMSs at every office visit to monitor changes over time

al Pre-PROMs in office; post-PROMSs at uniform intervals to monitor improvement after treatments (office
or home)

Pre-PROM s in office; post-PROMSs at uniform intervals to monitor improvement after treatments (office

or home)

PROMs collected at uniform intervals; annual health assessment and/or to meet CER goals

- Individual patients with active condition to refine/monitor treatments
(o] ~ Cohort of patients with specific chronic condition to assess treatment outcomes; national benchmarks
Cohort of patients with specific chronic condition to assess treatment outcomes; national benchmarks

Cohort of people with specific chronic condition to assess treatment outcomes; national benchmarks

Goals Primary Stakeholders

Patients + Clinicians

Quality Improvement Hospital Leaders + Clinicians

Payer Mandates Insurer + Hospital Leaders

He:

CER: Population Health & Research Researchers and Primary Care Clinicians




RESEARCH LETTER

Overall Survival Results of a Trial Assessing
Patient-Reported Outcomes for Symptom
Monitoring During Routine Cancer Treatment
Symptoms are common among patients receiving treatment
for advanced cancers,! yet are undetected by clinicians up to
half the time.? There is growing interest in integrating elec-
tronic patient-reported outcomes (PROs) into routine oncol-
ogy practice for symptom monitoring, but evidence demon-
strating clinical benefit has been limited.?

Figure, Overall Survival Among Patients With Metastatic Cancer Assigned to Electronic Patient-Reported
Symptom Monitoring During Routine Chemotherapy vs Usual Care

100 Crosses indicate censored
observations. Enrollment in the
patient-reported symptom
monitoring group was enriched for a
preplanned subgroup with low
baseline computer experience as part
of a feasibility substudy with a 2:1

Patient-reported symptom monitoring randomization ratio in that subgroup

(N =227)and a 1:1ratio in the

computer-experienced subgroup

Usual care (N = 539), yielding 441 participants in

20+ the patient-reported symptom

reported symptoms
against usual care in .
metastatic solid tumor T R o sy 134yt o

Years From Enrollment follow-up was 6.9 years(lnterguartlle
. No. at risk range, 6.5-7.7) for the electronic
0. at ris! o
p atl e n tS Patient-reported 441 331 244 207 190 181 148 65 33 patient-reported symptom
symptom monitoring monitoring group and 7 years
Usual care 325 223 171 137 118 107 89 50 27 (interquartile range, 6.6-8.1) for the

usual care group.

A JAMA
A RCT assessing patient

80+

60

40

Overall Survival Probability, %

jama.com JAMA  July 11,2017 Volume 318, Number 2 197



Patient portal use and hospital outcomes

Adrian G Dumitrascu,’ M Caroline Burton,? Nancy L Dawson,? Colleen S Thomas,*
Lisa M Nordan,® Hope E Greig,® Duaa | Aljabri,” and James M Naessens®’

A 20% of their patients with accounts did
access the portal during their stay

A AMIA A Those that acces typically younger (58 vs
A 2 years worth of data from Mayo 62); more often on a medical service, more
Jacksonville; measuring patient portal liver disease (?), and higher severity of

utilization DURING the hospitalization iliness
A Looking for effect on Outcomes, Mortality,
Readmission ANDE .

A OpenNotes institution i patients can see
inpatient and outpatient notes at Mayo as
well as usual things such as lab results

No difference. Surprised?

H | h Journal of the American Medical Informatics Association,
ea t ™ 0(0), 2017,1i 7

doi: 10.1093/jamia/ocx149




Recalibrating Privacy Protections to Promote Patient

Engagement
Ameet Sarpatwari, ].D., Ph.D., and Niteesh K. Choudhry, M.D., Ph.D.

A Existing HIPPA and security requirements
hinder personalization and engagement

A Some health systems have gone as far as
to have their own form waiving the
strictness

A Maybe all ow piand etnd st h ®
strictness; similar to how we are doing
health information exchanges

A Dicey territory but a needed national

conversation N EJ M

H ea |t h ™ n englj med 377;16 nejm.org October 19, 2017
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