HEALTH CARE \\
WEBCAST SERIES

SPRING 2021

RSM

DEMYSTIFYING DATA ANALYTICS FOR HEALTH CARE ORGANIZATIONS
APRIL 1, 2021




Agenda

“RSM | HEALTH CARE WEBCAST SERIES M\

Presenters and RSM 5

Past, Present and Future of Data 15 i

Analytics In Health Care Demystifying data analytics
Introduction and Concepts 10 for health care organizations
Use Cases 50 THURS., APRIL1 | 1-2:30 PM. EST

« Population Health

* |npatient Quality

« Utilization

« Capacity Management

« Perioperative and Procedural Areas

Review 5
Questions & Answers S N . —

RSM

© 2021 RSM US LLP. All Rights Reserved.



RSM Introductions

Jamie McGlothlin
Director | Dallas, Texas

National Healthcare Analytics Leader
|amie.mcglothlin@rsmus.com
+1 469 995 5171

Jamie provides health care analytics for health systems to
drive performance improvement in clinical quality, patient
safety, operational efficiency and cost reduction.

© 2021 RSM US LLP. All Rights Reserved.

PhD in computer science

30 years experience, ¢ )
10 years in health care analytics L,:\. P

consulting )k
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13 peer-reviewed research publications in
leading health care conferences

Millions of $ in ROI generated for health care
clients
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RSM Introductions

Matt Wolf
Director | Nashville, Tennessee

« Health care senior analyst

« Health care valuation practice lead
« matt.wolf@rsmus.com

« +1615 7629198

Matt helps health care organizations navigate the incredible
change and complexity facing the industry, particularly with
respect to inorganic growth strategies and solutions.

© 2021 RSM US LLP. All Rights Reserved.
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health care analytics from MIT

15 years health care and valuation
experience
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RSM Background

Fifth largest audit, tax and consulting firm in the U.S.
First Choice Advisor in the middle market
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RSM Background: Health Care Consulting

13

Modern Healthcare ranks RSM among the nation’s top largest

health care management consulting firms

|
<Al / 150
T / 400 RSM health care consulting

RSM health care professionals :
professionals

~3,000 1,440

Health care clients Physician clients

$100M

RSM U.S. health care industry revenues

; RSM
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RSM Background: Data Analytics and Example Solutions

Data Analytics >

DATANIIII\IC;I—FEAGEgLION & CORPORATE PERFORMANCE MANAGEMENT BUSINESS INTELLIGENCE

= ERP & System Migration = Account Reconciliations = Budget/Forecast Modeling = Data Warehousing = Predictive Analytics

= Data Mapping = Period-end Checklists = Scenario Planning = Master Data Management = Prescriptive Analytics
= Data Profiling = Variance Analysis = Financial Statements = Dashboards (advanced) = R & Python Scripting
= Systems Integration = Journal Entries = Management Reporting = Data Governance = Machine Learning

= Extract Transform Load (ETL) Intercompany Eliminations = Dashboards (basic) = Big Data/loT = Al/Neural Networks

= Financial Consolidation
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https://www.solverglobal.com/
https://brand.planful.com/d/3ruUyFP22HuQ

RSM Background: Health care analytics

We have solutions for all health care organizations: Highlights include:

» Adult » Physician Practices * ASCs  Physician Practices * Health Plans  Senior Living
* Children’s « Ambulatory * Periop Suites  Addiction * ASO plans * Clinical Research
« Academic Networks * Procedural Areas Treatment  CINs and ACOs - Life Sciences
« Community * Provider Groups « Anesthesia » Hospitals
Practices * Networks

Our solutions are not limited to finances and revenue cycle
« Focus is clinical and operational: Quality and efficiency

Our goal is performance improvement
* We do not just provide dashboards and data
« All of our analytics are designed to help organizations improve

Analytics provide high ROI

« We have demonstrated ROI including increasing revenue ($7million in one project) and reducing

cost ($11million in one project) N B —

? | RSM
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RSM Health Care Data Analytics: Approach

No new silos ENTERPRISE
ANALYTICS

Data-driven

Use data to choose opportunities Clients have too many tools and

too much data already
Augment not replace

_ Time to Value
Leverage EMR and existing data

warehouses and solutions Short term ROI, Long term
N sustainability
Use the client’s tools TARGETED
_ Solutions build on each other ANALYTICS
Tool agnostic
MULTI-PHASED AGILE LEVERAGE & AUGMENT INTEGRATE SOURCES & PROVIDE INTUITIVE &
APPROACH @ EXISTING SOLUTIONS ELIMINATE SILOS INTERACTIVE VISUALIZATIONS
v Deliver short term return on @ v" Utilize your data warehouse and v Join EMR data with other v" Consistent look and feel
investment business intelligence tools sources such as patient v Reduce learning curve
v' Design data solutions which v’ Leverage your EMR (Epic, ¢§0¢  experience, Cost, registries v Tool agnostic but we have deep
build a long-term foundation Cerner, Meditech) v’ Create a single version of the experience with Tableau, PowerBl
reusable for many analytics truth, an enterprise analytics and Qlik '

data source



PAST, PRESENT AND FUTURE OF
DATAANALYTICS

Fact vs. Fiction

RSM

10 © 2021 RSM US LLP. All Rights Reserved.



11 2021 RSM US

Data science [and analytics]
encompasses a set of principles,
problem definitions, algorithms, and
processes for extracting non-obvious
and useful patterns from large
datasets.

MIT

T

LLP. All Rights Reserved.
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Data analytics has its roots in data computation
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Evolution of digital

Development
Electronic
Computer

Arpanet

Expedia
Intel 4004:

First microprocessor

produced in series

Commercial
Internet

‘ R Cisco

Microsoft Salesforce

Windows 1.0 Ak LRy
SAP Faceboo

Oracle

About 40 Years

Cloud impact

Spotify Pinterest

WhatsApp

Netflix
(on Demand)

Uber
(Cloud)

Amazon Airbnb
Web

Services

HelloFresh

Instagram

Source: arago GmbH, 2017




Democratization of processing power and storage via cloud

Moore’s Law: The number of transistors on microchips doubles every two years
in Data

Moore's law describes the empirical regularity that the number of transistors on integrated circuits doubles approximately every two years.
P This advancement is important for other aspects of technological progress in computing - such as processing speed or the price of computers.
Kryder's Law - Data Storage Transistor count
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100,000,000
[=2] 50,000,000
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g 10,000,000
- 5,000,000
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1956

Source: Company data, Credit Suisse estimates
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Data source: Wikipedia (wikipedia.org/wiki/Transistor
QurWorldinData.org - Research and data to make f

d under CC-BY by the authors Hannah Ritchie and Max Roser.
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So how close are we to Al replacing humans?

w
| | | | | | | | |

SAVED BEDS

-
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0 3 6 9 12 15 18

ALLOWED CHANGES

© 2021 RSM US LLP. All Rights Reserved.

Spoiler: not very

General cognitive Al is
different

When people say Al they
generally mean ML

The real value is using Al (ML)
to augment human tasks

RSM



The pandemic has thrust analytics on health care

4 N - -
4 “We continue to believe the ) o000
consumer will be the single largest ' O000 ]
disrupter in health care” [H]
\_ - J.P. Morgan research Y,
- J

The path forward will require finding useful and non-obvious patterns in our data

RSM
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What we’re hearing

KEY FINDINGS FROM QUANTITATIVE SURVEY

Digital enables health care to scale,
iImprove process and connect the

organization.
Scalability, process efficiency and transparency
are top 3 benefits for health care

5G, Al, analytics and data technologies
are most important for health care.

5G, Al, Bl and cybersecurity were rated as most
iImportant by 42% or more; mobile was in the top 5

Aligning legacy systems to maximize
value and meet future needs are top 5
challenging prioritization considerations.
Compliance is also top 2 priorities among legacy
system alignment, value assessment and meeting
future needs/scalability

© 2019 RSM US LLP. All Rights Reserved.

KEY VERBATIMS FROM QUALITATIVE INTERVIEWS

“Making our care offerings available to the wider rural areas around
[our market] is a key focus.”- HC CFO

“We want to create a front door by which people can access us.
Once we get them inside digital housing, we can provide them
different features or solutions.”- HC CIO

“We are looking for a more robust, comprehensive system where
we can do data analytics on population health and integrate it into
budgeting, forecasting and capital needs.”- HC CFO

“We are leveraging Epic tools for business analytics, which applies
to business, especially when it comes to care coordination and
value-based care.”— HC CIO

“It’s hard to look into a crystal ball to know what the future looks
like.”— HC CFO

RSM



Health care has underinvested in disruption...

Investment activity post-financial crisis as a portion of sector revenue

18 ©2021 RSM US LLP. All Rights Reserved.



...which has attracted incredible investment in health technology solutions

$45.00B 1,400
$40.00B
1,200
$35.00B
1,000
$30.00B
$25.00B 800
$20.00B 600
$15.00B
400
$10.00B
200
$5.00B - e B B - - - e
$0.00M 0
2018 Q2 2018 Q3 2018 Q4 2019 Q1 2019 Q2 2019 Q3 2019 Q4 2020 Q1 2020 Q2 2020 Q3 2020 Q4 2021 Q1
mmmm Capital Invested Deal Count
I N

“ RSM
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INTRODUCTORY
CONCEPTS

RSM
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What is Analytics?

Analytics lets the user ask questions.

Analytics can identify problems but
can also evaluate SOLUTIONS

« What is happening?
 Why is it happening?
* How can it be fixed?

REPORTING ANALYTICS
g INFORMATION > INSIGHTS

RSM
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Goal and Potential of Health Care Analytics

QUALITY . Red cat
«  Decrease mortality : Eehuce con’;p |ctat|ons_
Avoid readmissions nhance patient experience

«  Avoid ER visits * Improve quality metrics scores

Reduce gaps in care

Improve preventive care
Manage chronic diseases
Increase medication adherence

Implement better care paths

COST

» Decrease length of stay
» Avoid unnecessary tests and treatments

» Optimize staffing levels
* Reduce supply costs

* Reduce clinical variation Reduce risk

REVENUE o

+ Treat more patients *+ Minimize denials + Streamline authorization process
» Perform more surgeries * Accept more transfers » Achieve financial incentives

«  Capture more revenue * Increase referrals

EFFICIENCY

* Avoid delays * Increase productivity * Accelerate availability

* Reduce wait times * Avoid empty beds * Reduce cancellations and bumps
» Accelerate throughput e Optimize utilization * Improve care coordination

RSM
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EMR Tools vs. Analytics

When Should You Use EMR Reporting Tools?

* Today’s advanced EMRs provide
reporting tools and dashboards

* These are great for operational reporting,
e.g., understanding what is going on now

« They are limited in regard to:

* Analyzing the past to find insights

* Forecasting the future

23  ©2021 RSM US LLP. All Rights Reserved.
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What Is a data warehouse?

Foundation for data analytics and data mining

*Consolidate date sources

Integrated

Time-Variant

*Well suited for historical information

Non-volatile

Subject-Oriented

*Defined based on business model not source details
*Used to measure business processes

Copy of Operational Data

*Separate research and decision support functions from the operational
systems

Value Added Data

*Focuses on aggregated transactions

Optimized for ad-hoc or unpredictable queries

24  © 2021 RSM US LLP. All Rights Reserved.

Operational
system

Operational N

system

Operational
system

Flat
files

Extraction,
Transformation,
Loading

ETL

N\
N

N

== ==
OLAP
analysis

Metadata

D0

Summary Raw

\, data data J

Data warehouse

== =
Reporting

——
Data
mining

“A data warehouse is a
copy of transaction
data specifically
structured for query
and analysis”

— Ralph Kimball

“A single, complete and
consistent store of data
obtained from a variety
of different sources
made available to end
users in a what they
can understand and
use in a business
context.”

RSM



Loading the Data

Source

25 ©2021 RSM US LLP. All Rights Reserved.

ETL Process

—

Data
Warehous

e
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Import
* Data N
Merge
e
Sets
Verify & Re.bmld
Enrich Missing
Data
De- Standardise
Duplicate Data
% Normalise
Data
N I
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Data Lakes

The Data Lake

Data

\ ._> st
\ [j‘ ‘

-~ di—ena

Data in Data Data ready for
Sources raw format Transforms each need

7 (8] (80 (&) ]
\
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Data Virtualization

REPORTING ANALYTICS

.O >
] U.' 34 Party Data

Web Services

Data Data from Apps, (1 1 |

Warehouse ERP Servers, Etc. RS h A

27 © 2021 RSM US LLP. All Rights Reserved.



Ambulatory quality and population health
Inpatient quality

USE CASES Utilization

Capacity management
Perioperative and procedural analytics

© 2018 RSM US LLP. All Rights Reserved.




AMBULATORY QUALITY AND
POPULATION HEALTH

RSM

© 2021 RSM US LLP. All Rights Reserved.



Ambulatory Quality Metrics

30

* Metrics about preventive care,
population health, chronic disease
management

e Qver 500 metrics defined

 Numerous standards: HEDIS, Pay for
Performance, Medicare Stars, MIPS,
ACO, PCMH, NCQA

« All metrics define a population
(denominator) and rules for
compliance (numerator)

© 2021 RSM US LLP. All Rights Reserved.

EXAMPLES

Colorectal Screening

Denominator:

Numerator:

Diabetes Foot Exam

Denominator:

Challenges:

Patients 50-75 years old EXCEPT Patients with
colectomy

Colonoscopy in last 10 years
OR flexible sigmoidoscopy in the past 5 years

OR stool DNA test in the past 3 years.

Patients 18-75 years old diagnosed with
type 1 or 2 diabetes

EXCEPT patient with gestational diabetes,
steroid induced diabetes, or bilateral foot
amputation

Numerator: Foot Exam in past 12 months

Provider Attribution, Measurement Year
Definition, Different standards and
documentation

RSM



Analytics for Ambulatory Quality Metrics

Generic Framework

. Patient
« Can consume any metric

Rolling 12 time periods
» Allows trending
« Earlier information, supports care gaps

Patient

Benchmarks

« Compare against any benchmark
« Compare against peers

Provider

Fact

Drill down

« Enables care management for care gaps
« Design includes reasons

RSM
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Care Gaps

A care gap is the discrepancy between recommended best practices and the care that is actually provided.

HOW TO CLOSE CARE GAPS

1. Analyze patient medical records (diagnoses, procedures, schedules,
surgeries, images, registries) identify patients with care gaps or in need ey
of follow-up

2. Engage patients and schedule assessments as needed

Advantages:

5

* Improve quality by closing care gaps and providing better preventive care
* Increase revenue by increasing office visits, procedures and surgeries

* Reducing cost by avoiding acute events and unnecessary emergency
encounters

RSM
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CASE STUDY:
COPD population health

PROBLEM GOAL APPROACH RESULTS

COPD patients frequent  Improve chronic disease 1. Combine EMR data with  Reduced avoidable ER
emergency room for management for COPD claims data from payors  vyisijts by 27%
asthma attacks or other ~ population to reduce 2. |dentity care gaps

 Medication
flare ups acute events adherence (inhalers)

* Regular wellness
visits
» Diagnostic tests
(spirometry)
3. Patient outreach

Can also be applied to any chronic disease with
preventive care recommendations, including:

v' Diabetes

v' Coronary Artery Disease

v' Depression

RSM
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CASE STUDY:
Congenital Heart Defects (CHD)

PROBLEM GOAL APPROACH RESULTS

Patients born with heart  Improve care and 1. Identify forgotten CHD > 14,000 patients
defects often do not increase revenue by patients mine data identified
follow-up after diagnosis  identifying CHD patients including STS Registry,

echocardiograms,

or surgical repair overdue for follow-up . : o > 1,000 follow-ups
diagnosis and billing
and reach out to them - scheduled
history
2. Classify CHD patients by _ _
diagnosis and repair > 300 Iinterventions
status and clinic/provider ordered
3. Prioritize
4. Enable FO”OW-Up > $7m||||0n revenue
PUBLISHED: Can also be applied to:
» A Data Mining Tool and Process for Congenital Heart Defect Management in American Medical Informatics * Any long-term chronic disease where patients may
Association be overdue for assessment
+ System to Identify, Classify and Manage Patients with Structural Heart Defects in Quality and Productivity * Adult structural heart defects

Research Conference 2019

RSM
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CASE STUDY:
Congenital Heart Defects (CHD)

Congenital Heart Disease Overview

Mumber of Patients Seen
in Last 12 Months

2,316

Number of Patients by Clinic

MNORTH CARDIOGY

Mumber of Patients Number of Patients

with Cardiologist with Scheduled Followup Needing Followup

1,606 1,256 1,864

Number of Patients by Age Patient Status
<1 122

Total Number of Patients Number of Patients

3,155

Number of Patients by Time Since

Last Encounter

1to3 i 2 2
Between 1 & 120 Days Alive 113 *Unknown
4to7
HEART INSTITUTE
Between 121 & 364 Days 8tol2
SOUTH PEDIATRIC CLINICAL 393
13017 Deceased 42
1¥ear+ >18 CARDIOLOGY CLINIC 99

CHD Population by Cardioclogist

] unassicnED | 549

CHD Population by Fundamental Diagnosis Group

ASD Null I a2z
ASD, Secundum - genSON, willian [ 153
vsD Null By Ners, Julie [ 161
LvoT Aorticinsufficiency D o2 HowarD, Jane [N 151
Aorticstenosis, Valvar Il 30 BENSON, Robert I 157
Subaortic stenosis l 17 TRENT, Howe - 143

CARTER, Patricia [ 144
LoPEZ, Jose I 142

Aortic stenosis, Supravalv. | 7

Null |3
Subaortic stenosis ‘ 3 HENRY, Thomas - 14z i
TOF Null I -4 GREENER, Sarah [N 135

0 100 200 300 400 500 0 200 400 600 800 1000 1200 1400 1600

Count of CHD Count of CHD

Number of Patients by Surgeon

+uninown, =unkov N | 7
LARSON, Maria [ 4
owens, stephen [ 55
kent, syvia [, /5=
pavis, Henry I 477
HoRTON, Jack |, =1

Unrepzired [ 1053
Repaired (2v), No residual lesion | I NNNEG_NG -5
Repaired (2v), Residual lesion | NG -+
Resolved without Intervention _ 247
Repaired (2v), Implant Requiring .. | NN 235
Palliated (SingleV), post Fortan [ 134

o] 100 200 300 400 500 600 700
N
Count of CHD _ Palliatec (2v) Il 46
Dalliztad (Cinalalll nnct20s Bl aa L]
o] 200 400 600 800 1000 1200

Count of CHD

35 ©2021 RSM US LLP. All Rights Reserved.

Repair Status

Transplanted - 77 i

Cardiologist Name
All

Surgeon Name
All

Adult/Child
All

Patient Age
All

Diagnosis Group
All

Diagnosis Subgroup
All

Repair Status
All

No Followup Flag
All

Apply Filters

View Contact List

RSM



Supervised Learning for CHD

Supervised learning is the process of teaching a model by feeding it correct labeled output data.

Supervised learning can be used to improve algorithms,
such as the CHD use case

1. Design workflows for following up identified patients

2. Allow providers to review the patient charts, prioritize and /\/\
assign follow-up dates

3. For patients who come to cardiology follow-ups, track
whether further intervention was ordered

4. Reprioritize identified patients based on learning feedback
from #2 (how soon the chosen follow-up date was) and #3

RSM
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Patient Engagement for care gaps

Lists of patients with care gaps o
can be mtegrated Into outreach v Patients who
gueues in CRMs, such as cancelled
SalesForce and Microsoft S CIRONAMIETIED BT [
_ clinic and were not

Dynamlcs rescheduled

v Patients with identified care

gaps
FOR EXAMPLE: S
Tableau can be used to filter the types of v Patients identified by CHD
encounters or patients you want to engage and analytics as recommended
then drive the engagement through SalesForce. for follow-up
N I

RSM
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INPATIENT QUALITY

RSM
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Choosing a Project

Readmission

Volume

Length of stay |

]
Date Hospital

Discharge Service

Overview e *] [en

Total Discharges Average Length of Stay in Days Number of Readmits

Readmit Percentage

Length of Stay

Number of Eligible Indexes

|
D

Number of Mortalities

@ Rsm

Mortalities Percentage

116,010 54 10,961 11% 7,394 6%
Identify
«Length of Stay Opportunity -Care Paths by DRG e [ -~
*Readmissions . *Processes by
eLocation Location i

*Mortality
*Patient Experience
*Cost

*DRG/ Diagnosis
*Service

*Surgical Procedure
\-Provider

— —

Evaluate Target ; -

55 54 57
23 56
a3 51 52 o1
“8 a0 iz 40 a0
0
e —
38 33 E) 39 33 39
Benchmark Length of Stay Average Length of Stay
L —————
Jsnusey  Februsey  Mareh April May une July August  September  October  November  December

Discharge Month [2020]

Length of Stay Opportunity by DRG

g ——————, . . . ... =

SESTICEMIA OR SEVERE SEPSIS W/O MV >96 HOURS W MCC
I, 073
e D)
————— -
|———————"

I, 123

I : 04

I : ccc

L E

I : 257
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July August  September  October  Movember December

Discharge Month [2020]

Average Total Length of Stay to Benchmark M Rate over Time

ortality

657% 6.57%
6.50% i 614% v 6.54%
6% 6.37%

613%

May

614% G02%

June ul August  September  October  Movember  December

Discharge Month [2020]

RSM



Target Analytics by Care Path

Sickle Cell

Heart Failure Anemia

A care path is a method for managing
patient care based on clinical practice

guidelines, with the main goals of Stroke Pneumonia COVID-19
improving quality of care, reducing

variation in clinical practice and increasing Acute

the efficient use of health care. Coronary Asthma

Syndrome

NICU Vent
Weaning

Colon

Surgery Preeclampsia

RSM
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CASE STUDY:
Congestive Heart Failure (CHF)

PROBLEM GOAL APPROACH RESULTS

CHF is a very common Improve care for CHF Choose best practice Reduced: LOS 1.5 days,

hospital diagnosis patients, reduce mortality, C_“nlcal pathways from Direct cost 16%,

associated with high LOS, readmissions and literature including: Readmission 22%,

mortality and cost % PEIISREIEN [l Mortality 60%

. most iImportant metrics . - .

readmissions 3. Build workflow and S|gn|f|cant_ improvement
analytics to track care was seen in second
path compliance Iteration

4. Track results and refine
(what metrics most
correlate to outcomes)

PUBLISHED: Can also be applied to:
Improving Patient Care Through Analytics in International Symposium on Computational and Business * Any disease with a treatment plan. There are more
Intelligence (ISCBI) than 100 identified in literature and we have

implemented 18 acute and 5 ambulatory

RSM
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Standardized Care Paths —_—

Decision made o treat patient for sepsis ‘

¥

» Best practice care pathways can be found as flow charts and i ooyt ey e———

o o - o o * Cardiac monitoring = mcg/min IV) for MAP > 65 mm Hg
decision points in literature. L e el

' Consider IV fluid bolus; assess

« Pathways are defined for both acute encounters and chronic Sl ———

Decrease oxygen demand

VS
disease treatment. oo — - \ - o
« Standardized analytics apply across all of the care pathways. " S s ' e i o o

i hieve MAP
(Class Ill) i oxygenation, acl
Urine output > 0.5 mL/kg/hr? > 65 mm Hg

; ‘, (Class lil)
* These processes can be implemented and tracked and measured - L-r ¥

lactate clearance > 10%? Remeasure lactate:

using standardized technology and process automation engines A P m
such as Abbyy Timeline. e ot Ha

+ Persistent lactate elevation? Initiate source identification and
Shock requiring vasopressors > 4 hr * Mechanical ventilation? eontrol:
and mechanical ventilation: + Multiorgan dysfunction? Establish early source control; evaluate
Consider hydrocortisone 200 mg/day = Transient hypotension? for bowel ischemia, necrotizing soft-
IV to shorten duration of shock and  Hypoxia/respiratory distress? tissue infection, abscess, empyema,
mechanical ventilation (Class I) (Class lll) occult sources of infection (consider
radiologic studies) (Class lll)
+ Consider alternate causes of lactate:
Liver/renal disease; DKA, metformin;
‘ Consider ICU admission (Class II) ‘ Consider appropriataness for non-ICU beta-agonists (Class Ill)

Complete physical examination:

f R B (et
PUBLISHED: Disposiion based on clinician judgmen, é oo, :;m:;“::,:::,:” "
Accelerating Analytics for Clinical Pathways to Drive Cost Reduction and Quality marpomee ovesimert | R Aeiews AP - 5 mm Hg;POOUS.
Improvement in IEEE International Conference on Information Reuse and e n Ererbirimbrsesnt
I nteg ra‘tl o n (I R I) Abbreviations: DKA, diabetic i ICU, i ive care unit; IV, intr IVC, inferior vena cava; MAP, mean arterial pressure; POCUS, point-

of-care ultrasound.

RSM
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Leveraging row level security

43

Row level security filters data based on values
within the data.

EXAMPLES

Show PHI only for patients who the provider discharged or
wrote an order for

Show only metrics for provider’s specialty

Show only DRGs treated by a provider

Benchmark a provider against others in their service only
Filter data based on user’s role

Anonymize data for other providers except for directors
Anonymize cost data for other services except for leadership

© 2021 RSM US LLP. All Rights Reserved.

USE CASE

We were able to create a
single Tableau dashboard,

which showed within Epic

and was available to >600 physicians
filtering based on physician role,
specialty and relationship to patient

PUBLISHED:
Developing Enterprise-wide Provider Analytics in 12th
International Conference on Health Informatics

RSM



UTILIZATION

RSM
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Clinical Variation

Clinical variation refers to medical practice pattern variation for
similar patients.

Unwarranted clinical variation refers to medical practice
pattern variation that cannot be explained by illness,
medical need, or the dictates of evidence-based medicine.
It is one of the causes of low value care often ignored by
health systems.

Our challenge is to identify clinical variation and analyze
if it is warranted.
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Analytics for Clinical Variation

Track all orders

Imaging, Labs, Medications, Electrophysiology, Procedures, etc. A

| . | M=
Stratify orders based on ordering information o —
Ordering provider, workflow, order set, service, location - _&y
Analyze orders based on patient k )

Diagnosis, DRG, comorbidity, age

Aggregate and quantify orders

« Antibiotics, opioids, x-rays, blood products, echocardiograms,
procedures

« Per encounter, per patient, per calendar day, per service day

RSM
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Cost Integration

PROBLEM APPROACH

47

Most EMRs include only limited
cost information.

While hospitals track costs, often
they are not tied back to orders and
they are not communicated to
providers.

© 2021 RSM US LLP. All Rights Reserved.

Integrate direct cost information - \
with the orders creating the cost —
Propagate costs from master
lists to all orders and /\T:I
transactions — D
Analyze cost of treatment by .
disease, service, day and clinical [
event

Add cost details to orders

analytics

-
I~
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CASE STUDY:
Congestive Heart Failure (CHF)

GOAL APPROACH RESULTS

Optimize CHF 1. Analyze all orders utilizing the As part of this analysis, we learned that a full
order set CHF order set narcotics screen was being ordered for 95% of CHF
2. Anquze all _orders for CI_—I_F patients.
gal_tl'lzer;trsd\évrhg;? S eIl Our data showed no clinical usage of the results of
this lab, and we then verified this with providers.
The cost of the narcotics screen was $309.

We removed the narcotics screen from the default
list of orders in the CHF order set.

Can also be applied to:
Any orders

RSM
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CASE STUDY:
POKE-R

PROBLEM GOAL APPROACH RESULTS

PICU patients receive Provide information 1. Define a poke 12.5% reduction in pokes
lots of “pokes,” increasing to providers to allow !dentify which orders count as 5 year savings
cost, reducing patient reduction of poke pokes” including blood labs, IV
experience and causing MERITEIE, [EeIelogy et $11,058,085 in 26 bed
: : invasive procedures.
.hospl’.tal acquired 2. Present poke information to PICU
infections providers — including:
a. Past pokes and
scheduled pokes
b. Costinformation
c. Insure data is available
during structured rounds
PUBLISHED: _ _ _ N o Can also be applied to other ICUs including:
* Avoiding Pain and Unnecessary Interventions and Reducing Cost in the PICU in Critical Care Medicine « NICU
+ Poke-R - Using Analytics to Reduce Patient Harm in 10th International Conference on Health Informatics .« SIicuU
MICU

RSM
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CASE STUDY:
Blood Utilization

PROBLEM GOAL APPROACH RESULTS

Patients sometimes Reduce 1. Evaluate the clinical necessity $3.3 million annual
receive blood unnecessary red of blood transfusions based on  savings
transfusions when not blood cell hemoglobin, base deficit, blood . 5304 fewer units
clinically required. This transfusions, Er::sgifésgégz’ EBEIE, ol 46% fewer non-
causes adverse improve outcomes, Analyze blood wastage and Indicated units
outcomes. reduce cost returns
3. Provide information for
provider evaluation
4. Use supervised learning to
adjust thresholds based on
provider evaluations
PUBLISHED: Can also be applied to other products including:
Reducing Red Blood Cell Transfusions in International Conference on Information Technology in Bio- and « Plasma
Medical Informatics (ITBAM) «  Platelets

RSM
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CAPACITY
MANAGEMENT

RSM

© 2021 RSM US LLP. All Rights Reserved.



Capacity Management and Patient Movement

« EMRSs contain record of every time a patient physically moves or changes service or level of care.
« Moves can be initiated from a physician order, a bed request or a clinical event.

By combining this information in the data warehouse we can create
analytics which show:

OCCUPAN(_:Y - uln [H] 0

« Not just midnight census but hourly occupancy

* Not just by unit but by level of care, patient class, and service

« Stratified by features, such as patient DRG or diagnoses, isolation,

etc.

PATIENT MOVEMENT

* In and out flow for each unit, service, hospital, level of care
PATIENT DELAYS

« Time from initiation to movement

I N

RSM
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Example Processes

Discharge

Hospital: EEAGE! Admission Departure

Order

: Patient
Perio p: Patient In Patient Out Recovered Patient Out

from of PACU
Anesthesia

Patient In v Bed Bed Patient
|C U . ICU Level Tgﬂegég‘ Stg[?gg\r/vn Request Assigned Out Of
- of Care Med/Surg Med/Surg ICU Bed
. Transfer Transfer Bed Bed Patient Patient in
Transfer - -
. Request Approval Request Assigned Admitted Bed I B

RSM

Room of Room
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Process Visualization with Abbyy Timeline

Supply Journey
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Visibity into your business process to
better understand process execution

ANALYSIS & OPTIMIZATION

Full transparency and actionable insight
for optimizing processes, making
decisions, and improving results
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Optimize business operations through
real-time monitoring to make
predictive actions
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Example Process Delays

Patient
ED ED Recovered Patient Out
Disposition Departures from of PACU
Anesthesia

Discharge
Order

Transfer
Request

IMPACT:

55 ©2021 RSM US LLP. All Rights Reserved.

Departure

Transfer =D
Approval Arrival

Patient In ICU
Level of Care

Higher Length of Stay

Reduced Occupancy

Longer Wait Times

Reduced Patient Experience

Higher Left Without Being Soon or Against Medical Advice

Cancelled Transfers

More Delays

Patient in ICU

Bed

RSM



Examples of How to Reduce Delays

Emergency Department

* |dentify faster

« More point of care testing

Treat faster

» Acute response teams for HF, Sepsis, Stroke

Separated long term observation (for example dehydration, overdose)
Faster consult process

Internal waiting rooms

» Preorder durable medical equipment
» Perform dialysis outside of inpatient bed

HENNES

* Pre-assign beds and services
* Improve engagement and communication
» Accelerated registration process

RSM
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What is predictive analytics

Predictive analytics is a broad term for many types of algorithms but the goal is always the same: to use
past data and events to predict future data and events.

Not all healthcare events are predictable and often predictive analytics algorithms fail. The most important
thing is to recognize if an algorithm works prior to relying on the results to make decisions.

Data, especially healthcare data, has many attributes and data points. The ones selected as “features” will
be used in the predictive algorithm. We then “train” and “test” the algorithm.

Data

4

( TeSting 1 [ To check the }

Data correctness of System

( Training W—»[ To Build System }

RSM
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CASE STUDY:
Predicting ED Arrivals and Occupancy

PROBLEM GOAL APPROACH RESULTS

Emergency Department Predict high Obtain historical data for emergency
room patlents
overfills causing long occupancy inthe Augment data with local weather,
delays and emergency emergency room holidays and events data
procedures to create to allow mitigation 3. Predict ED arrivals
* Eval dch f d algorithms, trai
OCCUpancy eﬂ:orts a;]/:;Jea;[f and choose features and algorithms, train

» Chosen features: day of week, time of day, date,
temperature, relationship to holidays

4. Predict ED length of stay for patients in
the ED using statistics
Based on partial information from: service,
date, time, diagnosis, ED events

5. Predict future occupancy
This is a calculation using predicted ED
arrivals, current occupancy and predicted ED
length of stay for current patients

Able to predict
overflow as Yellow,
Orange or Red
(previous was just red)
Alerts up to 96 hours
ahead

/8% accuracy at 72
hours

This can also be applied to: Urgent Care, Walk-In
Clinics and the OR

58 ©2021 RSM US LLP. All Rights Reserved.
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CASE STUDY:
Digital Twin

PROBLEM GOAL APPROACH

Adding resources or demand  Analyze resource 1. Map the resources (beds, imaging machines, etc.)
- . - i 2. Fill in what each resource can support (patient type,
in one area of a h0§p|tal Sl ConStra_‘mtS and W_hat i movement) through data profiling and manual review
cause bottlenecks in other scenarios to predict 3. Extract the clinical treatment plan from historical
areas. bottlenecks, occupancy and encounters
length of stay. Use this 4. Randomly push patients/treatment plans through the
. . hospital to test resource constraint usage, bottle
analysis to Optlmlze necks, throughput
resource allocation 5. Allow resources to be edited to test what if scenarios
This can also be applied to:
* Beds
Staffing
* Imaging resources
PUBLISHED: e  Clinics
Predicting Hospital Capacity and Efficiency in 11th International Conference on Health Informatics - Operating Rooms

RSM
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PERIOPERATIVE AND
PROCEDURAL
ANALYTICS

RSM
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Efficiency

61

The perioperative suite is one of the busiest areas of the hospital,
generates the most revenue and incurs the highest costs. Therefore,

throughput and efficiency are vitally important.

SOME OF THE IMPORTANT KPIS TO TRACK EFFICIENCY INCLUDE:

Through analytics we can monitor the efficiency and also looks

On-time starts

Cancellations

Add-ons

Turnover and turnaround times
PACU boarding times

Case duration accuracy

for causes of inefficiencies.

© 2021 RSM US LLP. All Rights Reserved.
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CASE STUDY:
Utilization

PROBLEM GOAL APPROACH RESULTS

Operating rooms are sometimes  Increase the amount of

empty and sometimes the operating room is full
overbooked and open after and decrease the amount
hours. Some surgeons do not of time the operating room 2.
have enough operating room Is staffed and empty.

time available and others need Optimize block allocations
more time. Disruption from to the changing needs of
COVID-19 has magnified these surgeon groups. 3.
issues

62 ©2021 RSM US LLP. All Rights Reserved.

Track room utilization by hour to

optimized staffed hours and
volume.

12% higher service block
utilization
«  29% fewer empty staffed

Analyze anesthesia usage and out- rooms

of-room staff utilization across

surgical and procedural suites to

monitor resource constraints.

 25% lower out of block
minutes

Analyze service and surgeon block

utilization, including:

block utilization, block releases,
overbooks, unblocked utilization,

scheduling patterns

Can also be applied to:

Endoscopy

Cath Lab
Electrophysiology
Interventional Radiology
Complex Imaging

RSM



OR Quality

Surgeries are both vital life saving interventions and
dangerous.

THERE ARE MANY QUALITY MEASURES VITAL
TO PERIOP, INCLUDING:

 Proper monitoring of Shock
b|00(_3| sugar and ms_ulln  Surgical site infections
for diabetics to avoid

complications while * Hemorrhage

under anesthesia « Deep vein thrombosis
e Pain management . Pulmonary embolism
« Blood loss « Urinary retention
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Analytics can monitor
these measures and
analyze causes when they
occur.

L0 HIN

| 5=

Best practice care paths
can be developed and
iImplemented using insight
from analytics combined
with clinical expertise.
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ERAS: Enhanced Recovery After Surgery

Pre-admission

nomamizaten on . ERAS COMPONENTS

Enhanced recovery after surgery, or ERAS, is a set Oral Supplements
of protocols used by the surgical team to help Ereoperaiive
ensure a patient has the best possible outcome from Piaparei sl s carbionl et osang
their surgery. Important components of -l L
these protocols occur before, during, and after a S e s ks
rocedure.
p Anesthesia
N thermi
Mid-thoraggrggidﬁ:::nalgesia
R ES U LTS Avoidance of fluid overload
° 0) i
25% shorter care_tlm_e surgical
o 50% fewer Comphcaﬂons Approach: laparoscopy or transverse incisions

Avoid surgical drains and nasogastric tubes

» 35% less opioids administered

Postoperative
Hydration
Active, multimodal and preventive pain control
Aggressive management of nausea and vomiting

Early oral feedings and mobilization
Nutrition support

Removed urinary catheters and drains
Discharge criteria

RSM
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REVIEW

RSM
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ROI Review
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QUALITY
Decrease mortality

Avoid readmissions

Avoid ER visits

Implement better care paths

COST

» Decrease length of stay

* Avoid unnecessary tests and treatments
* Reduce clinical variation

REVENUE

» Treat more patients

» Perform more surgeries
« Capture more revenue

EFFICIENCY

* Avoid delays

* Reduce wait times

* Accelerate throughput

Reduce gaps in care

Improve preventive care
Manage chronic diseases
Increase medication adherence

Reduce complications
Enhance patient experience
Improve quality metrics scores

Optimize staffing levels
Reduce supply costs

Reduce risk
Minimize denials + Streamline authorization process
Accept more transfers * Achieve financial incentives

Increase referrals

Increase productivity * Accelerate availability
Avoid empty beds * Reduce cancellations and bumps
Optimize utilization * Improve care coordination

RSM



Outside Sources Review

67

One of the advantages of a data warehouse and enterprise analytics approach is the ability to join
data sources which can augment each other.

The main data source is always the EMR for a health system.

Other valuable data sources discussed:
Patient Time and
Experience Attendance

 Cost
« Patient Experience

 Time and Attendance
 ERP

« Weather
 Local holidays
- CRM

« Benchmarks

Data

Warehouse

Marketing

RSM

© 2021 RSM US LLP. All Rights Reserved.



Advanced Analytics: Review

Supervised learning

» Using labels as feedback to improve classification algorithms
» Use Case: CHD

Row Level Security

* Filtering data and KPIs based on a user’s relationship to the data.
» Useful to allow dashboards to be rolled out to large numbers of providers

Predictive Analytics

» Choosing features and training predictive algorithms with data points and outcomes. Then using the algorithms to
predict future events.

« Use case: ED arrivals and occupancy

Discrete event modeling (digital twin)

« Modeling resources and flow and then using historical records to create digital simulations of patient treatment
« Useful to predict patient flow and bottlenecks and to evaluate what-if scenarios for resource allocation

RSM
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QUESTIONS
AND ANSWERS?

RSM
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THANK YOU FOR
YOUR TIME AND
ATTENTION
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