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ABSTRACT

Initially, computer aids simply automated the processes that humans had developed to complete
various tasks. Their primary contribution wisincrease efficiency by automating repetitive,
tedious tasks, both physical and cognitive. Many years later, sophisticated computer aids employ
a broadscale availability of large amounts of information, coupled with the ability to analyze
that informaton using statistical methods. Data analytics can provide more information than ever
before to those using computer based systems. Computer aids for engineering design are
typically used by engineers, who are dsé@vy, and are generally capable of ugimgresults of

data analytics directly incorporated into engineering design tools in an efficient manner.
However, data analytics results are becoming more widespread and available for users who are
not datasavvy. These systems must be designed with ithisind. This paper presents an
example of a computer aid for healthcare, a tool to aid in the patient discharge decision. The
motivating problem is the large number of patients who are readmitted to hospitals within 30
days of discharge. The design prabladdressed here includes identifying the decision process
the users should employ, as well as the computer/user interface that best uses the data analytics
results. Thiswork was carried out through collaboratiomith a healthcare provider. A
readmissionrisk tool was developed using data analytics to estimate the probability of
readmission based on a historical data set of 50 papetific factors. Preliminary work
indicated that the users did not fully accept or utilize daga analytics results, andlso
demonstrated their need to continue to rely in part on their own expert heuristic decision
processes. Thistudypresents a method for dealing with these issues. First, a normative decision

based approach to determining a multiattribute utility fimmcis formulated and assessed to



compare alternative computer/user interface designs. Then, the same approach is taken to assess
the healthcare workerdés willingness to make t
discharge decision. The resn§ interactive computer interface design coupled with the
normative healthcare decision process helps the user best exploit data analytics results while
simultaneously facilitating he user 6 s c¢ o rottheinowreedpertise.p | oy me n't
Currently, the RRTis being utilized for flagging the readmission risk prone patients and not for
making the main discharge decision regarding the patient. Its main use is to help the healthcare
workers focus their attention on these medhigh risk patient profiles. Furémmore, the RRT

result displayneeds tdbe made more actionable and relevant to the healthcare workers for the

efficient use of the RRT model. We will discuss this in detail in our study.
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CHAPTER 1

INTRODUCTION

The cost of readmission of patients within 30 desysow considered the responsibility of the
Accountable Care Organizations (ACO) under the Affordable Care Act (ACRPDD. This

makes up a cost of approximately $42 billion per year by roughly 20 to 25 percent of patients
discharged from primary medical facilities and igy@ble to insurance providers].[IThis

scenario arises due to different reasons in different c&sesetimes, the patient is discharged
earlier than needed, or provided unsuitable treatment. In other cases, the patient is unsuccessful
in understanding or following the post discharge precautions/ instructions recommended by their
healthcare worker or king appropriate timely medications.

The main objective is to empower the healthcare workers with the right technology to make
informed discharge decision for the betterment of the patient health outcome, readmission cost
reduction and efficient utilizatio of hospital resources. The first step to achieve this goal is
already underway because OSF has developed a new risk tool that estimates the prafbability
patientds readmission based on his/ her attri
The second step, which is what this thesis elaborates on, is the designing of a training system for
the healthcare workers on how to best utilize those results given from the risk tool and
incorporate them into making improved discharge decisions. We dttampted to study the
current steps taken by the healthcare workers while making discharge decisions and their
reliability and trust in the results of the risk todVe believe that the training of the healthcare
workers in using the risk tool plays a m@ajole in their dependency and understanding of the

ri sk t ooTh s dane lsyuahalyang the current training module of the healthcare



workers and thus creating a visual simulation tool that strategically integrates the risk tools
results intohe existing training module for better understanding.

Thus, the main aim is to develop a visual training simulation for the healtvoakers that aid
them in developing a better understanding anc
make inproved patient discharge decisions.

This will be an interactive tool that will treat each individual patient case uniquely by analyzing
the inputted patient information and important healthcare feedback. It will raise situation
awareness and analyze stgies for the best discharge plan for the respective patient by
gathering information, using multiattribute decision analysis and tradeoff decision making under
uncertaintyVisual input and feedback to the trainee will include graphical, text and quaetita
information.

The training system will simulate the patient discharge decision process. First, it will provide
visual input to the trainee regarding patient characteristics and their possible effects on likelihood
of readmission. The trainee will theeact to that input biejecting or accepting its results based

on their personal interaction with the patiehlhen, the system will provide customizedisual
feedback to si mul at e déeclsien Thedveopramary goald ave taadne t r a i
the trainee how to best integrate this new risk tool information into theexmséng cognitive
models, and to improve user acceptance of the tool.

Expected results are a reduction in the number unplanned readmissions and threidwosin

in the extended use of the Mdware facilities resources (including human resources and
machinesps well as improved overall health outcomes.

a. Definitions



1. 30 Day Readmission Risl8ection 3025 of the Affordable Care Act added section
1886(q) to the Social Seaty Act establishing the Hospital Readmissions Reduction
Program, which requires CMS to reduce payments to IPPS hospitals with excess
readmissions, effective for discharges beginning on October 1, ROd#e FY 2012
IPPS final rule, CMS finalized thetfowing policies with regard to the readmission
measures under the Hospital Readmissions Reduction Program. It defined
readmission as an admission to a subsection (d) hospital within 30 days of a discharge
from the same or another subsection (d) hosfiial

2. OSFO0s Readmi ssi onrheRisksgdadmiBsion tool &ssessé&d) for this
project was developed at the Order of St. Francis (OSF) Medical Center, a 600 bed
teaching hospital d in Peoria, IL. The readmission risk tool (RRT) provides an
estimate othe probability of a patient needing to be readmitted to the hospital within
30 days of discharge. The results are obtained through a multivariate regression
analysis of a large historical data set and are based on 50 saieeific factors|3]

3. Simulaton: According to theSociety for Simulation in Healthcgresimulation
training is Athe i1 mitation or representat
as Nna bridge bet ween-lfeclincdesx peomi[4 rrae .nd ng a

4. Mutliattribute Decision Making: Multiple-criteriadecisioamaking(MCDM) or
multiple-criteria decisionanalysis (MCDA) is a suliscipline of operations research
that explicitly evaluates multiple conflicting criteriadecision makingboth in daily

life andin professional settingg)s]


http://ssih.org/

b. Motivation: In an attempt to improve medical care while also reducing the overall costs
by integrating quality care processes, the legislative changes directed by the Affordable
Care Act (ACA) lead to the formation of the Accountable Care Organizations (fT.O)

As date, there exisB2 designated ACQmedical facilities and only ones in a rural
setting which islocated in Peoria, IL [[7 According to the Agency for Healthcare
Research and Quality (AHR@ver 1.8 million readmissions at a cost of almost $42
billion were served by hospitals in 20[4.

Due to severity of the correct diagnosis and its effect on readmissions, cogseasch

has beenconducted in these ared8], including other predictors of unplanned
readmissions like patient attributéseliminarypatient attributes, diagnoses, and surgical
proceduresiave been integrated by some online risk tools such as one from the American
College of Surgeons (ACH)to a risk score antherefore aecommended length of stay

at the hospita]9]. Someworks on the other hand, exploresthniquesuch asnedical
staff follow up, technology support and communication plans for preventing
readmissiong10]. Yet, for the problem of 30 day unplanned readmissiomsgeneral
systemexists.

The opportunity to raise situational awareness by integrapireexisting human
expertise,predictive statistics andsk tools, is found in normative decision systems.
Compared tahe expert heuristic, rilef-thumb modethat is presently begiused, \sual
simulation based training can aid in buildiag improved mental model in terms of
accuracy and precisioDespite of being useful, efficient amecessarythese heuristics

are sometimes limited daulty. To add valuefransparencytrust, reliabiliy and hence



increasedcceptance by the usetkere is a need to define and develop a holistic system

which includes decision systems and training.

Drivers: There are several drivers that might lead the healthcare facilities and their
respective worker to start incorporating the RRT results in their patient discharge
process. Generally, i1itdéds even a combinatio
1. Reduction in Readmission Costor the FY 2016, there were2,620 facilities are

being penalizedin FY 2015, he highest penbl for a single facility is over $3.6M

wherein 49 hospitals are beingepalized at least $1M Along with the penalty

percentage, the ane important drivers are the total volume of Medicare patients and

the caseamix index of the provider{11] Following is the formula laid out by CMS

[2]:

Excess readmission ratio Fisk-adjusted predicted readmissions/rakjusted

expected readmissions

2. Reduction in the Continued Care cost at the healthcare fatilig010, the aggregate
cost for all hospital stays was8#6.9 billion; the average cost per stay was $9,700.
[12] This considerable amount per stay, if controlled can result in saving the
healthcare facilities funds which can be put to use for other important purposes.

3. Improved patient health outcoméssser amounts of readmissions would be a direct
result of improved patient health outcomes. These results could save the patients and

hospitals a lot of time and money as well. Striving to achieve a better quality of



healthcare by making the right deoiss is one of the main drivers of this research

because it benefits both the healthcare giver and receiver.



CHAPTER 2

LITERATURE REVIEW

Electronic Health Records (EHRs adopted by appximately 80% of the healthcare
professionalsOut these, roughly half of them use the assistance of the EHR to patikat

related decisions [13]Yet, we have observed that the medical industry remains subjugated by

the expert based heuristic decisions making despite the discovery of EHR systms an
proprietary risk. Meaning, regarding complex systems and patibpetsealthcarece o mmu ni t y 6 s
0 c u | is hyrcendition, deeply grounded in expert heuristic based decision m&latprs

mostly depend on their professional expertise to convey qualigy Earther research 4]

found that reviewing and revising a clinical electronic health record system will cost 3 times
more than developing the original systdfence in transient environments, the heart of training

tools, intelligent behavior and dgs of decision support systems is represented by development

and the manipulation of moddlk5].

Prior to adopting these technologies, the healthcare indsktryld be aware and capable of
navigating the total patient discharge system. This is diraffibgcted by the both the design of

the technologies and the training provided to the healthcare workers. User interface design has
become an i mportant f act or cepthnae of thea infornmtioh e c t
displayed. This will in turn effect the efficiency with which these models can be used and reduce
the benefits they have to offer to the society. Among the software that is designed for the US
government, 98% is reportédo Wreu siab | e a s]. [WrjeProvideda tiseaod qultivhtdd 6
mindsets, specialized disciplinary skills and basic skills needed in hoemy@red design in

general. Furthermore, [1B described five user interface issues that should be considered in



system design, including data entry by professionals, information presentation, user
customizability, taskndependent user interface principles and evaluation of the user interface.
In order to train the healthcare workers to make full use of these teghesto assist them with
patient decisions we need to develop robust training systéense,[19] [20] acknowledged the

fact that all systems must be based on their respective domain experts and professionals and their
activities/ actions in actual relifle work scenariosFurthermore, they explained that then be
permissible by accating for cognitive engineeringprocesseswhich sustenancehuman
performance in compound systeribere some other methods related to patiestharge which

is not recognized in literature like theCognitive TaskAnalysis [21] Thus, there would be a
requirement of acceptance of most of these cognéingineering approaches presented in this
reseach into the healthcare culturglany engineering design resebers have begun to employ
computefbased, normative engineering approaches in the healthcare industry. Just a few
examples include motion capture experiments to identify differences between novice and
experienced nurses the task of moving patients [R2and activity modeling and cost indicators

to measure the effectiveness of telemedicineethnology for dermatology [23The problem of

how to gather and use medical domain expertise to facilitate engineering design of innovative
medcal devices is adéssed by [2ZU¥ They develop a method that gathers and links ontologies

from medical and engineering realms.

There is a need to define the term 6culturebo
this study, the healthcare industry culture Wil defined as the set of values that is shared by a

group of interactingnidividuals [25] There are a set of primary individuals who generally play a



role in making patient care and discharge decisions suah @ medical physiciangvolved
in the casgregistered and bedside nurses (palliative cassgmanagersthe patienand his/ her
family, primary care provider (PCP), occupational ghgsical therapists,harmaceutical team,
and residential health helpers as required. aligh, quite a fewsecondaryhelpersexist, but

generally, theyarenot direct participants thep a t i ietervierdian decision making.

Due to the unclear definition of the leading edge of cultural change, approdubasiepictthe
presentation oftie complete holistic system, recognizegnitive processes employeahdas a

result notify us of whether or natechnology and expejudgmentswork togethercanaid in
expandhg the body of knowledgeThe healthcare industry cultuseemsaccepting of emerging
technologies. This is a positive observation as we witness the developnmaw @iroprietary

risk and decision tools the market[26] Suggestedeveral distinct decision making modéds
system design. Others [2B] focused moeg on the requirement priority selection for each
system version release using strategic decision making. Other approaches emptyg surv
completed by the user [3&P)]. In the area of healthcare, researchers are seeking better ways to
design the healthcasystem While other papers focushdhe user interface design, [3gued

that more fundamental structures need to go into huossmered systems, such as users,
functiors and tasks. [J2Employed usercentered design together with thgile metha to
design software for orgatransplant nursing. The author spent several days with the nurse,
iteratively gaining feedback so the final design matched the user need. However, this took a
significant amount of time. []6Studiedthe redesign process aagplied several steps on the
redesign of family history software. The author revised the functions, usability, and user

interface to improve usdriendliness.



Any Kkind of (@®nostardardizedaodek that intiodica tlecigion or risk technajg

to define apatiend sttributesor process are in the danger of being viewed as flawed and
incompl ete by healthcare professional s. It
value to any patient care decisiofs] [34]. According to thisauthor, the fact that these
standardized models and d®on tools give less importande the impactof cultural beliefs
including family structuresuch as social economic status and family structukmesof the key
explanationsfor the uncertainimage of such standardizedhodels [25][35]. These patient
attributes details due to their social framework are generally capturiedatiyrcardacilities by
employing care management specialist#h the likes of social workers (SW) amdgistered
nurses(RN) or social workers (SW) in case i@ferals influenced by higher riggatients. The

main goal of coupling these care management specialists istthadge toolss to isolatethis

high risk

Patientsandhence concentratdischarge resources. Thignamon approachiminishessome of
theuncertaintywhich mightprevail indecisiontools such as RED and BOOSTo explain what
each of these decision tools is capable is that amongst the most advanced and cutting edge
methodologies for are transitionmprovement includes the Reengineerétbspital Disharge
Program (RED) [36] [34nd Project BOOST Better Outcomes for Older adultsritugh Safe
Transitions [38].In evaluating a patient up for discharg@pject REDanalysesl2 components

as apredischarge procedure. It then suggests variaugthods for postlischarge follow up.
Despite of being not prescriptive in nature, project RED utilizes process flow methods to guide
the effort of the user and depicts an adaptable methoddlogyapture the metitousness of the

discharge processes centered on patient dasepitoject presents a sequencdezhniques and

10



logical measuresProject BOOSTintroduces the usage of intervention tools to locate and
concentrate theesvices provided by healthcare professionalsmore complicated patient
scenarios and describes similar techniques to counter these situlatpmesents procedures to
diminish the risk of readmission by suggesting which specific patient attributes douhe
concentrated anSome setbacks to this project are that it does not possess any tools to explain
how the decision maki ng Hencedttusntresisaacldes this very | e v
same research gap of how technologies affect thetgoalpatient related discharge decisions.

The goal is to better utilize medical expertise in the creation of functional engineering design
models. The problem of developing models for healthcare that begin with a large set of historical
data, and yet cabe finetuned in response to patiespecific data is not a trivial one. Such a
model wasdeveloped by [3Pto aid in left heart diseagepair and treatment, and by |40 aid

in diagnosis and preperative planning for aortic disease. The problem thgierts can
sometimes underestimate certain failure events due to their lack of historszadent is
addressed by [41By guiding exploration of a solution space and providing simulated feedback,
they demonstrate that even rexpert humans can poteaity achieve results that are superior to

a normative stochastic algorithmic approach.

Technology support, improved communications plan and post discharge medicaluplivere

some methods suggested[88] proposes techniques for preventing readmissions,

To study technology support in the healthcare indu§i8), developed a 3tage iterative web
page design process for a health counseling
ADepl oy mesnThese stages resolved the quesifowhat functions the system should

include, and how the user interface should appear. Thagesstvere developed based on [43].

11



[44] Madea comparison between the aviation system and healthcare system, and dubgeste
the analogies discovered could helpiove the healthcare system. [45] and][#&/iewed
health information systems and desedtseveral challenges posed.][@&signedan emergency
medical information system using a participatory design prodéssauthor presented 2 designs

with the same information to medical staff and as a result iterated to a superior design.

To concludesince the institution of the Affordable Care Act (ACA) we have witnessed a rise in
the development of technologies and acceptance of models. Despite this positive change, we
have yet to witness a balanced pairing of normative models and expert heuhstitc@ntinue

to coexist in a culturacompetition.This thesisaddresses these issues by presenting a method
for designing a computarser interface in an area of healthcare decision making, and for
enabling the human expert user to simultaneously kenefin normative mathematical models

while continuing to rely on their own judgment and experience with an individual patient.

12



CHAPTER 3

METHODOLOGY

As we already know, improvement and development of the healthcare workers ability and
willingness to use the risk tools to assess discharge decisions for a patient depend on their
understanding and trust on the risk technology which in turn depends waitieg provided to

these healthcare workers on the usage of the EMR and risk Tt@sbenefits that will arise

from achieving this balance of technology and expert heuristics are increased accuracy in
defining what patient attributes are responsible riesk of readmission for individual cases,
increased confidence in proposing the most suitable interventions to mitigate readmission risk
and reduced inconsistency in defining the features of these interventions such as number of days
in the hospital, nuimer of follow up calls, post discharge care suggestions, educating the patient
on dos and dondts and so on.

Hence wo majorhypotheses will be tested. Firstlyroviding apt training to healthcare workers
should integrate the value that the normative siecimaking model brings. Wanticipatethat

this step increase the acceptability if the decision making tools among the healthcare workers and
will develop thepredictive abilitief these healthcare workersassessg patient risk.

There will be wo primary hypotheses to be examined:

H1: Differently trainedhealthcare professionalend todifferently accepting newtechnologies

aimed towards improvingatientdischargedecisionsDifferently trained isdefined by:

O Little or no training

O PowerPoinPresentatiof raining

O Interactive Onboarding Process Training

13



H2: Improved user interface design of thekrtechnologies can be used to positively impact the
use of expert heuristics by trainbdalthcare professionails judgmentsused to assess paits

for discharge

0] Design 1
@) Design 2
O Design 3

The primary objectiveof testing the first hypothesis focused at providing awareness to
healthcare professionals about discharge design models and that can be facilitated by innovating
simulation tramning techniques that can utilize the potential of the facilities available by the OSF
Medical Group such as the JUMP Training Simulation Centre and the Education Centre which
will in turn aid in mitigating the unplanned patient-88y readmissiong.here s an emphasis on

the innovation of strategies and techniques that can check the way risk tools can improve
understanding of patient attributes and there effect on the risk of readmissowder to evade

the stove piped system, we need to concentrate on training and techniques that aid in the
innovation and involvement of new advanced technologieshniques that introduce a harmony

of these normative risk approaches coupled with expartistics will be discussed and a study

will be done to test the effect of different types of training given to healthcare workers and their
corresponding levels of acceptance of these decision tools in the real life medical Bettirgy.

work can leado these technologies being widely used in the entire patient care spectrum and not
just the discharge decision sectido help in the development of the medical industry, exploring

the mutually beneficial relationship between risk technologies and tivenapproaches in the

14



presence of the dominating expert heuristic opinion will help us gain a better understanding of

the advantages and disadvantages it presents.

The second hypothesis to test the effect of an improved user interface design totliespBRY

results in such a way that it aids the healthcare workers in using the tool efficiently and to its
most potential. Much has been written about the use of data analytics in computer aids used by
engineers during the product design process, but dessit designing the computer aids
themselves for others so they can benefit the most from data analytics results. One example is a
tool used by healthcare providers to make patient discharge decisions. The patient discharge
decision, like many irmealthcae, has traditionally been made by collaborati#gamsof human

experts. Such teams typically include doctors, nurses, social workers and others who rely in their
own expertise to estimate the risk of patient readmission. These estimates may differ among
team members, who must acknowledge such differences while still working to develop a
collaborative discharge plan. The use of a computer aid that incorporates data analytics to

improve estimates of readmission risk is the topic of this paper.

Current Readmission Risk Tool:

The risk readmission tool assessed for this project was developed at the Order of St. Francis
(OSF) Medical Center, a 600 bed teaching hospital d in Peoria, IL. The readmission risk tool
(RRT) provides an estimate of the probabildaf a patient needing to be readmitted to the
hospital within 30 days of discharge. The results are obtained through a multivariate regression
analysis of a large historical data set and are based on 50 {saigeific factors. The tool results
areembeded in a | arger screen found in EPI C, t he

Figures 1 and 2 show the user information provided by the RRT and a typical Epic screen. In

15



Figure 1, the green color indicates to the user that the RRT estimatesiskl@fvreadmission,

red indicates a high risk and yellow indicates a medium risk. The primary users of the tool are
registered nurses (RN). If the RN moves her or his mouse over the color, the system will display
the estimated probability of readmissioor fthat patient. However, there is no further
information shown, and the RN is not able to interact with the risk tool. This results in a low
level of trust by RN. Frequently the RN does not even consider the RRT results, and estimates
the readmission pralbility on the basis of their own experience with sl previous similar

patients.

L HON

Figure 1. RRT Results shown in Epic screen: Red, yellow and green indicate high, medium and

low risk of readmission, respectively

16
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Figure 2. Epic screenshot [27]

In order to encourage the nurses to use the RRT more often, three alternative casguter
interface designs were considered, shown in Figure 3. Design 1 displays the RRT results in the
redyellow-green (RYG) format as shown in Figure 1 in a smahaof the upper left corner of
the screen. Design 2 displays the RYG results along with a listing of the top 10 factors
correlatedwith readmission risk for that patient in a larger portion of the screen. The nurse can
than examine these top 10 explanat@asons. Design 3 adds more information by displaying a
graphical depiction of the confidence interval in addition to the RYG display and the top 10
factors. Adding graphical information derived from a mathematical model has been

demonstrated to be uséf{48]. If the patientspecific parameter under consideration is in a

17



region where the range on the confidence interval is very large, the nurse can take this into

consideration in adjusting the estimate of the probability of readmission.

Design 1 Design 2 Design 3
. . F;a:'.ars . :a::ms.

EPIC DISPLAY 10 10

EPIC DISPLAY EPIC DISPLAY

Figure 3.Three computeuser interface design options

Normative decision based methods were employed to assess multiattribute utility functions for
both design decisions regarding the -urgerface screen and also for the decisions that the
healthcare worker makewhen using the results of the RRT. The decision maker was Ann
WillemsenDunlap, PhD, who is a certified registered nurse anesthetist (CRNA). Dr. Dunlap has
over 20 years of experience at OSF, and is a frequent user of the RRT. In this paper, we use her
expressed preferences as representative of the commaey preferences in general.  Previous
results indicated that the users were influenced by, but diflilpaccept the RRT results ¢4
Reasons for this include lack of trust and/or lack of mstdading of how the tool came to its
conclusions, as well as the user possessinghanst knowledge of the individual patient that is

not reflected in the tool results. A new compuuser interface and decision procedure was
developed to facilitate ker use of the tool. The decision tree shown in Figure 4 illustrates the
series of decision and chance events that a user will encounter when using the tool. Several

researchers have emphasized the need for the designs to be morechaotessd in the

18



bioinformatics arena [33], [32 The new system provides the user the opportunity to interact

with the RRT seek more information than is displayed in the RYG display.

Discharge the patient

Accept 2-3 days of observation period,
Design 1 £ followed by re-evaluation of
discharge
Design 2 Accept * Do more tests
(Include Accant =
Top 10 ® Customize P
RRT Reject 10
) Factors) top RRT o
More info o factors
in Design 2 Consult s
0 experts *
Design 3 Accept *
(Include Top e ) Accept *
10 factors Reject Customize top
and Cl) 10 factors  RRT
in Design 3
RRT Consult
Self Assessment * experts *

Discharge the patient

Note: The star decision node 2:3 days of observation period,
denotes the final discharge B oae e aiaton s

discharge
decisions

Do more tests

Figure 4. Decision tree for patient discharge procedure

The steps carried out in the decision tree shown in Figure 4 are as follows:

1. The user decides whether to consult the RRT or not. If not (taking the batistrbranch)
the user does a selfsessment of the patient, and then must make a decigiccaigd by the
star symbol) about whether the patient should be discharged, observeti fuor2 days then +e

evaluated, or kept in the hospital for more tests. If the user decides to consult the RRT, she or he

19



views the RRT results from Figure 1 embedide the Epic screen as in Design 1 shown in

Figure 3.

2. After viewing this screen, the user must decide whether to accept the RRT estimate or not. If
the user accepts the estimate (taking themtogt branch), then the user must make the same
dischage/observe and fevaluate/keep in hospital decision as described earlier. It is important to
note that for this system, even when users accept the RRT result, they still consider their own
estimate of readmission on the basis or their expertise andctidesawith that individual

patient.

3. If the user rejects the RRT results and seeks more information about the RRT analysis, they
can choose between Design 2 and Design 3, as shown in Figure 4. Design 2 includes the original
RRT output plus a ligtg of the top 10 predictive factors, displayed in a larger portion of the
screen. Design 3 includes thwiginal RRT output, the top 10 factors and a graphical

representation of the confidence intervals displayed in an even larger portion of the screen.

4. After viewing either Design 2 or Design 3, the user can again either accept or reject the RRT
results. If they are accepted, the user is now ready to make the same discharge/observe and
reevaluate/keep in hospital decision as described earliee ifsér rejects the RRT results, then

they can request more information by customizing which predictive factors are displayed.

The three different designs enable the user to interact with the RRT and integrate its results with

their own expertise and @ict contact with the patient. This ability to incorporate and utilize their
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experience with the patient by customizing the usterface screens inculcates more trust in on

the RRT analysis by the healthcare workers.

Utility Functions:

Two separate mttattribute utility functions were assessed, one for the design decision
regardinguserinterface screen design, and another for the decision regarding patient discharge.
The standard lottery method debewl for engineering design inJpwas employed to assess the
multiattibute utility functions (including definition of the design attributes and their negotiable
ranges), tests for preferential and utility independence, single attribute utility functions for each
attribute U(x;) and schng constants Kk

When the design attributes are defined in such a way that both preferential and utility
indepenénce conditions are satisfied [50] andL]j5then the multiplicative form shown in

equation 1 is correct form of the multiattribute utilitjmction.

i=1

U(x) = %Hﬁ[m@.a (x,) +1]} —1}

(1)

When we have 3 attributes, it becomes,

U == [(KkyUy, + 1) (KkpUy, + 1) (Kk3U + 1) = 1]

K2k kyks + K(kiky + kokg + kiks) + ky + ky + kg =1
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Ifthki+k,+k;>1,-1<K<O0

User-Interface Screen Design Decision:

For the usemterface screen design decision, the three attributes and their ranges of negotiability
are shown in Table 1, and include time required using device before giving feedback to the
patient (in minutes) ), screen sizec$) and time to trai the use (in hours)af). The
negotiable range ah is 15 to 60 min, the range a§ is 1/4 to 34, and the range @l is 1 to 4

hours. Wheruy equals 1/4this refers that a design where the risk tool results apagled in

screen area that i34 width and 4 height of the Epic tool screen.

These attributes reflect the unavoidable traffe faced by the designer. If the RRT screen size

is smaller, then less information can be displayed, but the advantage is that both the time spent
using he device and the training time required to learn how to interpret the results is lower. On
the other hand, if the RRT screen display size is larger, then more information can be displayed,
but the drawback is an increase in both time spent using theedmwktraining time. The user

must consider whether obtaining and interpreting more information is appropriate for each
patient. Also, since RRT results are included in the Epic screen, some information in the Epic

tool will be temporarily out of view.
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X1 X2 X3
Time using RRT screen Time to Information
device(min) display size train(h) Provided
20 Small(0.25) 1 Risk score
30 Medium(0.5) 2 Risk score +
top 10 factor
40 Large(0.75) 3 Risk score +

top 10 factor +
Confidence
interval

Table 1 Threeattributes of thescreen desigdecisionand ranges

The wuser 6s

responses

t o

t

he assessment

reveal

conditions were satisfied. Then, several data points were assessed across each singe attribu

range. A third order function was employed to fit curves for each function, shown in equations 2

4. All three are monotonic functions. The single attribute utilities decrease as the feedback and

training time increase, and increase as RRT screen dspkincreases.

U(x,) = —.00004x3 +0.0037 * x2 — 0.1294 *x; + 2.2352 (2)

U(x,) =32.801 + x3 — 53229« x2 + 28558+ x, — 4.3138

U(x3) =—0.1167 *x3 + 0.8+ x5 — 1.8833*x3 + 2.2
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X1
1.2
1
0.8
2
= 0.6
-}
0.4
0.2
0 y =-4E05% + 0.0037%-0.1294x + 2.235
10 20 30 40 50 60 70
feedback time (min)
Figure 5:Utility vs @
X2
1.2
1 y =32.801%-53.229% + 28.558x% 4.3138.
0.8
2
= 06
S
0.4
0.2
0
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
scale

Figure 6:Utility vs @
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1.2

0.8

0.6

Utility

0.4

0.2
y =-0.1167% + 0.8% - 1.8833x + 2)2

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5
Training Time (hr)

Figure 7:Utility vs @

The scaling constants were assessed atk8, k = 0.8 and k= 0.8 After using RRT analysis,
we calculated the utility functions for each designs as shown in the above equations.
Patient Discharge Decision
So to define the design attributes and their negotiable ranges:
1 Readmission cost (RC)
1 Continued Care (CC): Time, space and resources used in the hospital
1 Health Impact (HS): Health Adjusted Quality of Life (HAQOL) Survey which would be
measured twice, once at some-getermined point in the discharge planning process and
again at 30 days following dischargeorh the hospitalization during which the first

survey was done.
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Attributes Best Average Worst

Readmission Cost (In

millions) $1.3 S2.7 $5.4
Continued Care Cost | S 4850 $9700 $19,400
Health Score (0-10) 8 5.5 2

Table 2 Threeattributes of the patient discharge deaisamd their ranges

Conducting the Preferential Independence Tests for all three attributes:

X1 = Readmission Cost; »& Continued Care Cost; 3X Health Score

a) Between X and X%

(High X3, High X;) ~ (Low X1, High X))

(High X3, Low X3) ~ (Low X4, Low X5)

Conclusion: In both the cases above, the decision maker chose the right hand side. This shows
that the decision maker is preferential independent towards getting a jlowhih means

obtaining a low readmission cost regardless of any changes in the other attributes.

b) Between % and X

(High X3, High X3) ~ (Low X5, High X3)

(High X3, Low X3) ~ (Low X5, Low X5)
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Conclusion: In both the cases above, the decision maker chose the right hand side. This shows
that the decision maker is preferential independent towards getting a Jowhith means

obtaining a low continued care cost regardless of any changes in the otheleattribut

c) Between X% and X

(High X3, High X;) ~ (Low Xs, High X;)

(High X3, High X;) ~ (Low X3, Low Xj)

Conclusion: In both the cases above, the decision maker chose the left hand side. This shows
that the decision maker is preferential independent towards getting a kighhXh means

obtaining a high health score regardless of any changes in the other attributes.

Conducting the Utility IndependenceTests for all three attributes:

To check if the decision maker is indifferent between the certainty equivalent and lottery at the

same value of 6P6 in both scenarios for each

a) For the Readmission Cost:
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Certainty Equivalent Lottery

(Readmission cost
of $5.4 million ,
Health score of 3)

(Readmission cost of 033
$2.7 million , Health /
score of 3) VS
(Readmission cost of
0.67 $1.36 million , Health
score of 3)

Figure 8: Lottery question for testing the Utility Independence of the decrsager for the
readmission cost
Deci sion MakESsr 6s Answer :

Certainty Equivalent Lottery

(Readmission cost
of $5.4 million ,
Health score of 8)

/

0.33

(Readmission cost of
$2.7 million , Health

score of 8) VS <

(Readmission cost
0.67 \ of $1.36 million ,
Healthscore of 8)

Figure 9: Lottery question for testing the Utility Independence of the decision for the

readmission cost
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Deci si on MakkESr 6s Answer :

Conclusion: For the decision maker, the readmission cost attribute is utility independent of

the other attributes.

b) For the Continued Care Cost:

Certainty Equivalent Lottery

(Continued Care
cost of $19,400 ,
Health score of 3)

/

(Continued Care cos O . 20
of $9,700 , Health /

score of 3) VS

O 80 (Continued Care
. cost of $4850,
Health score of 3)

Figure 10: Lottery questioior testing the Utility Independence of the decisiakerfor the

continued care cost

Deci sion MakESr 6s Answer :
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Certainty Equivalent Lottery

(Continued Care
cost of $19,400
Health score of 8)

/

(Continued Care cosl O . 20

of $9,700 , Health -
score of 8) VS

(Continued Care
O . 80 cost of $4850 ,

Health score of 8)

Figure 11: Lottery question for testing the Utility Independence of the decmakarfor the

continued care cost

Deci si on MakkESr 6s Answer :

Conclusion: For the decision maker, continued care cost attribute is utility independent of

the other attributes.

30



c) For the Health Score:

Certainty Equivalent Lottery

/

(Health score of 5.5, O 70
Low readmission ang
continued care cost) VS /

(Health score of 8,
Low readmission
and continued
care cost)

0.30

(Health score of 2,
Low readmission
and continued care
cost)

Figure 12:Lottery question for testindieé Utility Independence dhe decisiormakerfor the

health score

Deci sion MakESr 6s Answer :
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Certainty Equivalent Lottery

(Health score of 8,
High readmission
and continued

care cost)
(Health score of 5.5, O . 70
High readmission
and continued care VS ~
cost)
O 30 (Health score of 2,

High readmission
and continued care
cost)

Figure 13:Lottery questiorfor testing the Utilityindependence of the decisiorakerfor the

health score

Deci sion MakESr 6s Answer :
Conclusion: For the decision maker, the health score attribute is utility indepndent of the

other attributes.

The next step is for the healthcare worker to use the RRT information in order to make an

informed decision regarding the patient's discharge. For this task, a second multiattribute utility
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function was formulated and assessed using the same methodbetksdrove. The attributes

definitions and the assessed utility functions are described below.

X1 - Readmission Cost (RC), which is estimated using the result from the RRT anglsisesam

on each design. Figure s#iows that the decision maker is Btig risk seeking over the range of

negotiability.
r Table 1.2:

X1 (Readmission Cost in
millions) Utilities
5.54 0
4 0.3
2.72 0.45
1.7 0.6
1.36 1

Table 3 Tabular formof single attribute utility W(x;) values for Readmission Cost

Utilities

12

-
08 ki

06 ;\\ ¢ Utilities

0.4 Log. (Utilities)

02 e

' v:-ﬂ.EllInl:xH;ﬁ?E&“
T T -

0 2 4 2

Figure 14 Graphical representation of single attribute utilityX4d) for Readmission Cost
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X, - Continued Care Cost (CC) reflects the time, space and resources used in the hospital to
provide continued car Figure 15hows that the decision maker is slightly risk seeking over the

range of negotiability.

Table 1.3:

X2 (Continued Care Costin

dollars ) Utilities
19400 0
12000 0.3
9700 0.8
6000 0.9
4350 1

Table 4: Tabular fornof single attribute utility J(x,) values for Continued Care Cost

Utilities

12
A
0.8 =
0.6 \\ # Utilities
04 \
+\
0.2

\f:-D.EBEIn[x]-f-E.B?\IE\’:
: : 7 .

Log. [Utilities)

o 5000 10000 15000 20000 25000

Figure 15 Graphical representation of single attribute utiligfxXJ) for Continued Care Cost

X3 - Health Impact Score (HS) is measured by the Health Adjusted Quality of Life (HAQOL)

survey, which would be measured twice, once at som&gisggmined point in the discharge
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planning process and again at 30 days following diggh from the hospital. Rige 16shows

that the decision maker is slightly risk averse over the range of negotiability.

Table 1.4:

X3 (Health Score out of 10 ) Utilities
2 0

3.5 0.5

5.5 0.8

6.5 0.85

8 1

Table 5 Tabular formof single attribute utility lJ(xs) values for Health Score

Utilities

1.2

1 -W
0.8 #
0.6 / + Utilities
04 ’// — Log. [uUtilities)
02 /
{

Figure 16 Graphical representation of single attribute utiligf®d) for Health Score
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Determining sciakhbksbgotoeathnat Oki but e:

a) For Readmission Cost (RC):

Certainty Equivalent Lottery

Bestin all
attributes:
(Readmission
Cost: $1.36

/ million,
Continued Care
(Lowreadmission P ﬁg:ﬁgii?é- .
cost,HighContinued / :
Care costlow health VS
score)

Worstin all
attributes:

1-P (Readmission Cost:
$5.45 million,
Continued Care
Cost: $19,400,
Health Score: 2)

Figure 17:Lotteryquestion for determining the scaling constant for the readmission cost

Hence, the equation:
U (Certainty Equivalent) £.U (Best in all attributes) #1-P)U (Worst in all attributes)
And, we know that U (Best in all attributes) = 1 so similarly U (Worstll attributes) = 0

Thus, according to theéecision maker:

U (Certainty Equivalent) £ = K; = 0.65
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b) Continued Care Cost (RC):

Certainty Equivalent Lottery

Bestin all
attributes:
(Readmission Cost

$1.36 million,
Continued Care

F) Cost: $4850,
(Highreadmission Health Score: 8)
cost,low Continued /
Care costlow health VS
score)
1-P Worstin all
attributes:
(Readmission Cost:
$5.45 million,

Continued Care
Cost: $19,400,
Health Score: 2)

Figure 18 Lottery question for determining the scaling constant for the continued care cost

Hence, the equation:
U (Certainty Equivalent) £.U (Best in all attributes) #1-P)U (Worst in all attributes)
And, we know that U (Best in all attributes) = 1 so similarljM/brst in all attributes) =0

Thus, according to theéecision maker:

U (Certainty Equivalent) £ = K, = 0.65
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c) Health Score (HS):

Certainty Equivalent

(Highreadmission
cost,highContinued
Care costhigh
health score)

VS

/

1-P

Lottery

Bestin all

attributes:

(Readmission Cost:
$1.36 million,

/ Continued Care

Cost: $4850, Health

Score: 8)

Worstin all attributes:
(Readmission Cost:
$5.45 million,
Continued Care Cost:
$19,400, Health Score
2)

Figure 19: Lottery question for determining the scaling constant fdraethkh score

Hence, the equation:

U (Certainty Equivalent) £.U (Best in all attributes) #1-P)U (Worst in all attributes)

And, we know that U (Best in all attributes) = 1 soikany U (Worst in all attributes) =0

Thus, according to theéecision maker:

U (Certainty Equivalent) £ = K3=0.3
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Determining the Normalizing Parameter (K):

K = (Kky + 1) (Kko + 1) (Kks + 1)-1
(Kki+ 1) (Kkp+ 1) (Kks+ 1)T 17T K=0
(K(0.65) +1) (K(0.65) + 1) (K(0.3) + 1J 11 K =0

Solving the cubic equation to get the value of K :

Root plot:

Solutions:

x = —5.554

x = —0.852309

Figure 20:Graphical representation of the normalizing pasiam
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Hence, we choose K =0.85.

The scaling constants were assessed; at 8.65, k = 0.65 and k= 0.3. The three possible

di scharge decisions as shown in the fAstaro se

Alternative 1: Discharge the patient. This decision minimizes continued care cost, but increases

the risk of readmission cost and lower healibrss.

Alternative 2: Twethree days of observation period, followed byewaluation of discharge.
This compromise decision incurs continued care costs, but seeks to diminish the risk or

readmission cost and improve health score results.

Alternative 3: Do more tests. This decision increases continued care costs, but decreases the

risk of higher readmission costs and lower health score results.

Results:
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Figure 21shows the decision tree results of the utility assessment to determine whether it is
better to use the RRT combined with expert-asessment on the part of the healthcare worker,
ortord y exclusively tdssssmentrTher 6s expert self
Probabiities of acceptance were estimated based on experience. The final result indicates that
the utility of using the RRT is 0.94, whereas the utility of not using the RRT is 0.49. Hence, the

health worker will choose to use the RRT.

Accept 0.94
Design 1
Design 2:
Include Top Accept Design 2
10 factors 0.5
0.84 ® Customize
RRT a ' Reject top 10
0.94 More info a s
] in Design 2
Design 3:
DR A Accept Design 3
factors and CI
0.7
® Reject Customize top
W% 10 factors
in Design 3
RRT
0.492 Self Assessment

Figure 21:Decision tree for using the RRT or not

After demonstrating that deciding to use the RRT is better than not, the discharge decision

process followed by the healthcare worker for three hypothetical patient profiles are analyzed

below.
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Model Patient A: Patient A has had invasive abdominal surgery. Infectious complications are
the main causes of postoperative morbidity in abdominal surgery. The healthcare workers used
following steps to determine the best sequenageoisions, as shown in Figure:22 Choose to

use the RRT (due to higher utility)

b. Decide to get more information on the RRT result by choosing Design 2 display (chosen based

on severity of medical case)

c. View the RRT results in Design 2 format, but then chooses to customizeptthé tactors

displayed based on their experience

d. Accept the new RRT results, then estimate values for the attributes for each of the three

alternative discarge decisions, shown in Table 6

Continued Care Health Score (1-
Alternatives Readmission Cost (In millions) Cost 10)
Discharge $5.4 $4850 2
2-3 days continued
| care $2.7 59700
| More Tests $1.3 $19,400 5.5)

Table 6 Estimates for each alternative for Patient A

e. Make the discharge decision that maximizes utility. At this point, the results from employing

equation 1 indicate that:
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Alternative 1: Discharge the patief¥;(ca, 6> 63) = 0.65
Alternative 2: 2 to 3 days of observation period followed by reevaluation and dischéf@e;
62 ,63)= 0.8089

Alternative 3: More tests while continuing to stay in hosphta , ¢» ,63)= 0.7574

For Patient A, the best alternative (with the highest utility) is to keep the patienBfdags

of observation period followed by-evaluation of discharge.

Accept
Design 1

Discharge the patient

Design 2 Accept 23 days of ohservation period
Include Accept ] s f00Wed by o evaluaticn of
Top 10 ® Customize discharge
Factors) S top10 _RRT
More info ctors T 0o mcre tests
in Design 2 Consult & *
. experts
Design 3 Accept *
(Include Top ® ) Accept =
10 factors Reject Customize top *
and C1) 10 factors  RRT ®

in Design 3

RRT Consult
Self Assessment * experts *

Note: The star decision node
denotes the final discharge
decisions

Figure 22 Best decision path for patient A

Model Patient B: Patient B has had a recent fracture. A fracture normally consolidates within an
expected timeframe. The actual time varies with the site and nature of the fracture, and with
patientspecific factors such as age. The healing process takes time. Thedrealtbrker used

the following steps to determine the best sequende@s$ions, as shown in Figure:28 Choose

to use the RRT tool (due to higher utility as shown above)
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b. Accept the RRT results by choosing Design 1 display (design chosen basedimal

severity of medical case)

c. Estimate attribute values for each of the three alternativeadgeldecisions, shown in Table

7
Continued Care Health Score (1-
Alternatives Readmission Caost (In millions) | Cost 10]
Discharge $1.3 54850 &
2-3 days continued
care 527 59700 5.5
Mare Tests 554 519,400 2

Table 7 Estimates for each alternative for Patient B

d. Make the discharge decision that maximizes utility. Témilts of employing equation 1
indicate that:

Alternative 1: Discharge the patien¥i(ca, 62 ) = 1.0

Alternative 2: 2 to 3 days of observation period followed by reevaluation and dischéf@e;
62 ,03)=0.7838

Alternative 3: More tests while continuing to stay in hosphta , ¢» ,63)= 0.0

For patient B, the best alternative is to discharge the patient.
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Accept

More info

RRT

Note: The star decision node
denotes the final discharge

decisions

based on their experience

Design 2
(Include
Top 10

Factors)

Design 3
(Include Top
10 factors
and CI)

Y -

beg decision as shown in Figure:24

based on severity of medical case)

Design 1

Accept *

Customize
Reject top 10 RRT

factors

in Design 2

Accept *

Reject Customize top

10 factors  RRT I

in Design 3

Self Assessment
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Accept

Consult
experts

Accept

Consult
experts

Figure 23 Best decision path for patient B

a. Choose to use the RRT tool (due to higher utility as shown above)

* % % %

Model Patient C: Patient C is an elderly mafiéh congestive heart failure. Other health issues

may also factor in because of age. The healthcare worker used following steps to determine the

b. Decide to get more information on the RRT result by choosing the Design 3 display (chosen

c. View the RRT results in Design 3 format, but then decide to customize the factors displayed



d. Accept the RRT results and then estimate values for the attributes for each of the three

alternative discarge decisions, shown in Table 8

Continued Care Health Score (1-
Alternatives . Readmission Cost (In milliens) | Cost 10)
Discharge | 55.4 519,400 2
2-3 days continued
care 5 2.7 54850 5.5
Mare Tests 1513 | $9700 | B

Table 8.Estimates for each alternative for Patient C

e. Make the discharge decision that maximizebtyutiThe results of employing equation 1
indicate that:

Alternative 1: Discharge the patief¥(aa , » .63) = 0.0

Alternative 2: 2 to 3 days of observation period followed by reevaluation and dischéf@e;
a2 ,03)=0.8616

Alternative 3: More tests while continuing to stay in hospitgta , 6» .63)= 0.9576 For patient

C, the best decision is to conduct more tests.
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Accept
Design 1- o
Design 2 Accept *

{Include @
Top 10 Customize

RRT Reject py
p10  RRT
More info Factors) s [>]
. in Design 2 Consult
experts

Accept *
Reject Customize top ./
and C1) 10 factors _RRT

in Design 3
RRT Consult

* exparts

Accept

Accept

Self Assessment

Note: The star decision node
denotes the final discharge
decisions

Figure 24 Best decision path for patient C

Sensitivity Analysis

Sensitivity analysis igmportant in order to test the robustness of many types of asaly
healthcare in particular . The results of sensitivity analysis on the scaling constant k
(originally assessed as 0.65), performed for eatiergaare shown in Figures 2. Figure25
shows that for patient A, whem ks between 0 and 0.8 approximately, the best choice is
Alternative 2, and when;ks between 0.8 and 1, the best choice is Alternative 3. The assessed k
value was 0.65, thus the recommended alternative is reasonbbst emainst small changes in

Ki.
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Patient A
Scaling Alternative |Alternative |Alternative
Constant 1 2 3
(k1)
0.2 0.65 0.7248 0.3992
0.65 0.65 0.8089 0.7574
0 0.65 0.6874 0.24
1 0.65| 0.87446 1

Table9: Patient A

Optimzl outcome
is Alternative 3

Optimal outtome
s Alternative 2 L k

— A RETNACNE 1

533 i s e rnative 2
Utility
U()(] Alernative 3

— Linear (ARternat ive 1)
— Linear (ARernat ve 2)

—— Linear (ARernative 3)
0.2

Scaling
constant K1

Figure 25 Patient A's Sensitivity Analysis

Figure 26shows that for patient B, the results are much more robust. Alternative 1 remains the

best choice over the full rga of k, from 0 to 1.Figure 27shows that for patient C, the results
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would change from Alternative 3 to Alternative 2.

are also robust. The value of; Wwould have to fall from 0.65 to 0.275 before the besisi@t

Patient B
Scaling Alternative |Alternative |Alternative
Constant 1 2 3
(k1)
0.2 0.8509 0.6938 0
0.65 1 0.7838 0
0 0.7842 0.654 0
1 1.117 0.864 0
Table10: Patient B

Optimal outcome
is Alternative 1

Utility
Uix)

06

=8~ Alke rnative 1

——ARerndtive 2

ARernative 3

Linear

Aternative 1)

—— Linear (Aernative 2)

Scaling constant K1

Figure 26 Patient B'Sensitivity Analysis
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Litility

Patient C
Scaling Alternative |Alternative |Alternative
Constant 1 2 3
(k1)
0.2 0 0.7894 0.7705
0.65 0 0.8616 0.9576
0 0 0.7574 0.6874
1 0 0.9176 1.103
Tablell: Patient C
Optimal outcome
Optimal is Alternative 3
outcome is
Alternative 2
U EK:' i3 - nat
0 & Scaling constant K1

Figure 27 Patient C's Sensitivity Analysis
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CHAPTER 4

DISCUSSIONS

We met with Erin Bosch (Director of Central Region Care Management), Leslie Foti
(Knowledge Experti CM Center of Expertise), Constand&issner (Clnical Education
Specialist),Hoa Cooper(Vice-President, Care Management for OSF Minisepd Ann. M.
WillemsenDunlap (Director of Interprofessional Education, Jump Education and Simulation
Center)in the OSF Healthcare facility in Peorian the 2% of March, 2017[7]. We started off

the meeting by a detailed explanation of the 8 weeks of the onboarding process by Leslie. She
went overtheir week to week schedule and covered all the activities that were a part of the
training. We then wdnnto a Q&A with Leslie, Erin and Constance on how the RRT tool was
being utilized at the practitioner level currently. After that we were joined by Hoa Cooper who
gave us an understanding of the RRT atght he ma
our findings with Ann and getting her input on our suggestions.

Since the RRT has been employed in the OSF hospit@y, have managed to avoid the
predicted rate of readmissions and hence their actual rate of readmission ifbRjs$eefer to

Figure 28 below for the numberddence the OSF healthcare professionals consttat this

tool, despite being instinitial stages, has benefited itheealthcardacility.
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Figure 28 Readmission Trenllonthly: Actual vs Predicted [33

After reviewingour findings and suggestiortgre are some insights that we received from them
[7]:
1. The red dot from the RRT result only tells them to pay special attention to these high and
mediunthigh risk patients. It does not, in any way, affect theirahifiecision of whether
to discharge the patient or not.
2. The special attentiogiven to such patients after identifying theas high riskis by
actively following them;
a. Sign onto treatment team

b. Daily chart review
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