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Higher Quality and Lower Cost from Improving Hospital Discharge Decision Making

1. Introduction

In 2010 Americans spent 17.6 percent of GidFhealthcare, which was eight percentage points
above the OECD averad®rganization for Economic Cooperation and Development, 2012)
The objective of decreasing medical costs, or at least reducing their outsized rate of increase,
would seem to be well served by reducing hospital length of stay (LiD&)erage LOSvereto

be reduced byil0 percent, the savingsould approach$100 billion per year The research
guestionwe take ups how toassistphysicians in makingischarge decisions thdecrease LOS
andalsolower the likelihood ofunplannedreadmissionsan indicator ofow quality and acost
inflator. Physicians have rapidly increasing access to large amourdsvafata on each patient
they treat through electronic medical record systehine problem forimproving discharge
decision making is not shortage of data on the patient but, raibheence oktvidencebased
discharge criteria that can be effechivappliedat the point of care where théscharge decision

is made

Our centralactivity is a collaboration between physicians who make discharge decisions
and (experimental and behavioyadconomists- with expertise in research on decisions under
risk and mechanism desigr aimed atimproving hospital discharge decision making. The
objectives areto design experimentallytest,and disseminate clinical decision supporsystem
(CDSS)that can be used to lower costsby reducing average length of hospital stayhile
increasing quality of medical care by decreasindike#hood ofunplanned readmissions.

An outline of current practice in hospital discharge decision making sheds ligheon
nature of the problem and a possible solutimor to deciding whether to discharggeatient, a
physician examirgthe patientandreviews his or herelectronic medical records. Criteria applied
to making a discharge decision are derived from theyps i ci an’ s recal l of h
education and own previous practice and, perhrggsmmendations of one or marelleagues.

The evidence base of these typical dischazgteriais extremely limitedn comparison to the

!'Medicar e, Medi cai d, and CHI P spedding blahe made up2lHe al t h |
percent of the 2012 federal budget (Center on Budget and Policy Priorities, 2013). In addition, both

Medicaid and CHIP also require matching expenditures bgttites.

2 1n 2010,39 million patients spent on average 4.7 days in hospitals at a total cost in excess of $1.28
trillion (Agency for Healthcare Research and Quality, 2012).
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voluminousinformation thatcould be derived from the electronic medical records of the patient
populationof a hospital A typical hospitalwill serve many thousands phtients per yeaEach
surviving patient will be discharged from the hospital and it will subsequentigusaled, in
most cases, whether the discharge was successful or unsuccessfuédi.\a unplanned
readmission within 30 days)The centraljuestionaddressedh our researcls how to usethis
mass of data- from currentand formermpatient$ electronic medical recordmd outcomes from
previousdischarge of patients- in developng evidencebased discharge criteria that can be
effectively applied at the point of care where the discharge decision is made.

Our collaborative researdieganby analyzing a large sample of (dientified) patient
datato identify risk factors for unplanned hospital readmissina large southeastern teaching
hospital (Kassin, et al. 2012). We subsequently elicitethdispitaldischargecriteria reported by
physicians(Leeds, et al. 2013) and comparedstheelfreported criteria to (a) discharge criteria
that can statistically explaiactualdischarges and (b) patient clinical and demographic thata
predict successfudr unsuccessfullischargesl{eeds etal. 204). Although manyself-reported
criteria coincide with(statisticallyexplanatory) actual criteria, and mangrsficant predictorf
actual discharges coincide with significant predictors of successful dischargaeus
inconsistencies were idgfied which suggested the importance of researchcreating and
experimentally testing CDS$or improving discharge decision making. The present paper
reportsexperimental testingdf h e a CDS%0r s’

The research method for creating the CDSS proceeds as foldevdegin withthe
following question: Do the data profiles for patients who are successfully discharged differ in
identifiable ways from the data profiles for patients who are unsuccesdisdliyarged?f the
answer to this question is “yes”’ t ehdeaisiont h a t
supportmodelthat can inform discharge decisiofws individual patientswith the accumulated
experience from discharging thousands of otheiepts. That is at the heart of our research
agendaWe extracta large sample ofleidentifieddat a from t he ®“data war
electronic medical records of a large southeastern teaching hoBpéalata are used to build an
econometricmodel| which provides the foundation for a decision support model tbah be
instantiatedn software(i.e., the CDSSandapplied at the @int of care. TheCDSSpresents the
physician with a recommendedlischargedecision and with estimated daily readmission
probabilities &and &% confidence interva); in addition, it provides information on

dynamicallyselectedkey clinical variables for the individual patient in a user friendly format.
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Testing theCDSSfor efficacy in improvingdischarge decision makinigcludesboth
laboratory experimentand aplannedfield experiment, in the form cd hospital patient ward
intervention.Ethical and practical considerations call for laboratory evaluation of the efficacy of
the CDSSbeforeits use inclinical intervention.

Cox, et al. (2014) reports details of development of the CDSS and results from a
preliminary laboratory experiment with efficy. The present paper reports results framew
experimental treatmerthat mandates physiciaattentiveness to the CDSS by replacing the
default option of wuniversal “opt in” to patie

out from the CDSS recommendations to dischar
hospital stayWe also here report results from new experimental treatments that implement the
CDSS under varying conditions of time pressure on the subjébis. experimentsvere
conducted usingesident physicians and fousylear medical students at a universiyedica
school as subjects

The organization of the paper is as follows. The following section discusses related
literature section 3 describes tli#DSS and ctions 4 and 5 report on the experimental design
andresults from experimental tests @fficacy of theCDSS A summary of the main findings

and conclusions in section 6 comptettee paper.

2. Related Economic and Medical Journal Literature

Hospital readmissianhaverecentlybecome one of the critical healthcare quality metrics for
American hospitalsin 201Q 19.2 percenbf Medicare patients were readmitted within 30 days
of discharge, resulting in additionabspitalcharges totaling $17.5 billiofOffice of Information
Products and Data Analytics, 2Q1Hospitals and physicianare encountering increasing
pressure to reduce hospital readmission rates, both from reputation effects oflisaldgure of
performance and from pdgr-performance reimbursement schemes that refuse payment for

related readmissiors.

3 Beginning in October 2012, the Centers for Medicare and Medicaid Services began publishing
hospital s’ readmi ssion“eatess an dreagneissianfates filveag ” t h o s e
attack, heart failure and pneumonia patients. In 2012tah @b 2,217 hospitals were penalized; 307 of

them were assessed the maximum penalty of 1 percent of their total regular Medicare reimbursements
(Kaiser Health NewsOct 2, 2012 The scheduled penalties escalate in future years and apply to broader
classs of treatment diagnosis codes.
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The use of advanced information technology has beéencated as method to increase
healthcare quality and reduce costs (Cebul et al. 2008}.researclis part of a larger program
in economics that aims #te creation of information technology for mheal decision making
and its application in clinical environmentntended to improve quality and lower costs of
healthcare A seminal contributionby economsts to improving healthcares the mechanism
designincorporated into information technolodgr kidney exchangéy Roth, S6nmez, and
Unver (2004 2007)* Their work provided a foundatiofior the New England Program for
Kidney Exchange, and subsequent kidney exchange programs, which have led to increases in
guality and length dlife by matching patients with donors for transplant surgehnyte lowering
the informational costs associated with organ matcisegport for improving medical decision
making is needed in many additional areas. The present paper reports one such Qroject.
researcltargets improving physician discharge decision making through developmébS$
Thus itlies at the intersection diealthcare cost and quality issues

The topic of healthcare cost has been of considerable interest as the rate of growth in
hedthcare expenditusshasexceeded the annual growth in real Sper capitain the period
since World War l(Newhouse 1992) Newhouseadentified threedemandside and two supply
side factors that have influenced the cost of healtticahe supply side factors are physician
induced demand arldw increase irproductivity. To date little research has been conducted on
the physicianrinduced demand causes of the increase in heedttoosts However, it has been
arguedthat the advent of thé68 Diagnosis Related Group®RG) payment mechanism
implemented by Medicare in 198®&uld help to mitigate thancentive problems that arisehen
physiciansarecompensated based the level of healthcare providg@.g.,days in he hospitgl
rather tharthe health problem being addresgedy.,appendicitig; seePauly(1986. The recent
actions byMedicareto reduce compensation when a hosjstahte of readmissiorare above
referencdevels is another effort to reduce the suppireluced demand causes of the increase in
healthcarecosts This action ineffectlowers the effective DRG paymetfar treatng a patientoy

reducing the amount of compensation a hospatedivesf readmisson rates are too high

4 They developed a model of pairkidiney exchange for living donors and illustrated the benefits of two
way, threeway and higher level matches.

® The demand side factors influencing medical costs are the increasedaizeging population, the
spread of insurance and the increase in consumer income.



5

Our researclhbegins with the premisinat an integral componenf achieving these cost
reductions is the assimilation and dissemination of informatdmelp physiciansmake better
discharge decisi@f Our research is one difie first efforts to develop and test theiatty of
using information technology to address a suppfiduced increase in healthcare costs of
primary interestto Medicare high rates of hospital readmissio@ur research endeavors to
contribute todevebpment ® Comparative EffectiveessResearch as well as testing the efficacy

of its utilization’

One of the earliest investigations of the determinants of hospital readmission in the
medical literature was conductég Anderson and Steinberg (1985) whao und t hat a pa
di sease history and di agnosi s wer e I mportan
readmission.More recent research has further illustrated the role that these fsuteamific
factors have on the probability of readmissi@emir 2014) and that the use of electronic
medi cal record ( EMR)sigd antd Ebratoryteshrespltscani be nsed'tes v i t @
explainlikelihood of readmissios (Amarasinghamet al. 2010) Amarasignhame t al . " s (20
reported results areelevant to our researdhecause (1) they validate the use oélectronic
medical recordsdata in recovering readmission probabilitiesand (2) they highlight a
fundamental flaw with the currenMedicare regulations that genera expectations for
readmissin rateswith modelsthatdo not contain clinical informatiohe importance of using
clinical information to inform estimates of readmission rateslso supported by Lee et al.

(2012, who study return visits to a pediatric emergency roowithin 72-hous. Both
Amarasignhamet al. (2010) and Leest al. (2012)concludethat their research fportsthe
importance ofuturedevelopnent of CDSSto improve discharge decision making

In a recent revievof 148 studiesBright, et al. (2012)concludethat the current CDSSs
(mostly not for discharge decisiongre effective at improving healthcare when assisting with
physiciandecision makingt the point of careéNone of these studies, however, reports a test of
efficacy of dischargedecision supporsoftware that(a) applies at the point of care arfh)

mandates physician attentiveness by replacing the default optiomvefisal®* otcpn” t o pat i

® We are not the first to highlight the importance of information in lowering health care costs.etahul
(2008) show that increasing information flows will lowegahlkecare organizational costs whereas Phelps
(1992) argues that dissemination of the informatianreduce regional variation in care.

" For a detailed discussion of Comparative Effectiveness Research in the economics literature see the
discussion of Chandrat al. (2011).
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dischargewi t h t he al ternattovuet "deffraoum tt hoep tG NS orfe c“o
discharge o not to discharge the patient on each day of hospital S¥&ydevelop and test

decision support software that applies at the point of care and includes a version which requires
justification for overriding the software’s d

3. Features of the CDSS
Details of development of the CDSS are reported in Cox, et al. (2014). We here summarize its
features. The CDSS was developed from an econometric model that used data from (de
identified) electronic medical recorder 3,202surgerypatientswho had been discharged from a
large southeasterhospital and subsequently readmitted or netadmitted with the same
diagnosis code within 30 day3Ve uwsed probit regression to estimate probaiekt of
readmissiorwith datathat includedthe average valuesf clinical variablesduring a patiens
stay, the duration of time speatitside andwithin the normal range of values expected for a
particularclinical variable counts of medications, images and transfusions, as well as a full set
of interaction terms between tha&boratory test and vital sigyariables.We also used census
track data that could be linked to the patient charts in a procedure that conformed with HIPAA
privacy rules

The electronic medical record and census traftknmationwereused to construct a data
set that contained 48,889 unique pat@ay observations that correspondedthe observed
val ue of each patdureagthe hospital stalyThis data setvas @sedwithdhe y
estimated probit model to construct the CDSS that repooisability of readmission foeach
individual patient in a representative samplethé patientwere to bedischarged from the
hospital on that dayTime-varying pint estimates foreadmission probabilities an80%
confidence intervals wer@btained fromthe probitestimated parameter distributrand
displayed by the CDSS (see Figures 1, 3 drlgelow for examples) An 80% confidence
interval was selectetlecauseat captures a 0% onesided error on the decisiowmriterion to
dischargea patienton agivenday. These daily readmission probabilities are used with targeted
readmission rates that vary with patient diagnosis codes to determine the CDSSspatiiiat
daily discharge recommendations. The CDSS useget readmission ratethat are 0%

reductiors from historicalreadmission rates and are based ortdhges stated by the Center for

8 Qur procedures conformtoh e “ Saf e Har bor” Met hod as defined by
164.514 (B)(2).
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Medicare and Medicaid Services 201Q In addition to dischargerecommendationsand
readmission probabilitiegthe CDSS dynamically displayssix clinical variableghat he probit
model indicatesire mossignificantfor the discharge status of the individual patient on that day
of the hospitalktay. The clinical variables displayed in the six charts for a patientatenge

from one day to another dagflecingthemodd * s updated i mplications

patient statugsee Figures 1, 3 artbelow for examples)

4. Experimental Design and Protocol

In order to conduct our experiment we selecteddgddentified) patientchartsfrom the sample

of 3,202 patienelectronic medical records in our samplae entire sample was firgartitioned

into low, medium and high readmission risktegories We subsequentlgelected 10 patient

chars from each ofhe threeaisk categorieso provide a clear test tifie efficacy of thesoftware.

The experiment al design “crosses” the pres

number of “ e x p e alternagveinfoanationl ang default sonditibns. Inclusion of

the 45 day costraintincreases the opportunity cost of keeping a patient longer in the hospital;

this feature of the experiment is a stylized way of capturing the effechal s p i“dapadity s

on discharge decision makinghe alternative information and default anditions will be

explained below. We first explaifeaturesof the experimenthat are present in alireatment

cells.

4.a Common Features afll Treatments

The information provided to subjectsafi treatmentells includes clinical variables thaarethe

same astheywould getfronhao s pi t al ' s el e s({EMR)Notonlyisthesanea | rec

information pr ovi dEMR, we aalsoiuse gtaghieal intedasepthatisaal ’ s
facsimile of the EMR computer display screens.

° Target readmission rates that are 10% reductions fretorttally observed readmission rates for

patients with different diagnosis codes were used for this partitioing” | ow r i sk” pati ent
procedure with #éargetreadmission rate lessthan 10%, sne di um r i sk” pati ent was

17 %, and “high risk” patient was greater than 17%
surgery and the proceduseecific potential for infection and other complications; they are not patient
specific.



8

A subject begins each experimental day by selecting patients from a list on a screen that
displays summary information from each of three patient charts that includes patient age, sex,
and length of stay in the hospital (up to the current experimentaltalagh from electronic
medi cal records. After selecting a patient, a
chart information.

A subject Iin the experiment did not al ways
few calendardays thg were in the hospitaf there was no realistic prospect for considering
discharge during those days. The fireskperiment dy’ on which a subject was asked to review
a chart was randomly selected to be between one and four days before the dischatge mode
would first recommend that the patient be dischargbis one to four day period was
independently selected for each of the 30 patient cHawmtsng an experimental session, the 30
patient charts were presented in a random order that was indepewidawtiyfor each subject.

In orderto avoid leading the subjects towards making particular decidioasjats of
actualdischargeof the patientavereremoved from the patient chariVithin the experiment it
was, of coursepossible that a patiesbuldbe retained longer than the observed length ofistay
the EMR Therefore, we constructed continuation charts for all 30 patients that imputed an extra
five days ofpossiblestay® In all treatments, the subjects were informed that sheyldassume
that a patientwas being managed at the appropriate standard of care while in the haspital
that the subjects weret being askedo speculate abowtdditionaltestsor procedures thahey
might want to orderinstead,they were asked to make the hospitischarge decisi@on the
basis of the clinical information contained in the patient chart.

At the beginning of an experiment session, shbjects were welcomed to the decision
laboratory by one of the researchers who-ilhtified as a medical doctor and explained that
the research was supported by an NIH gtarEach subject was informebat they would make
a series ofchoices betweerthe two options “Discharge Patieht a Da NOT Discharge
Patient. Any patient not discharged would return for consideration on theaexgdriment dy
with updated chart information. Any patient whwas discharged could turn out to be

swccessfully discharged or, alternatively, could be readmittbd.likelihood of readmissiowas

10 The percentages of patients discharged in the experiment that occurred during the continuation chart
periods are 7.76, 8.77 and 7.48 in biaseline, information and default treatments.

11 The subjects read and signed the {&tproved consent form and subsequently began reading the
subject instructions on their computer monitors. Subject instructions for the experiment can be found at
http://excen.gsu.edu/jccox/subjects.html
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based on the estimated probit motfehny patient readmitted in the experimeatained in the
hospital for at least twexperimental day during which thesubjectcontinued to view the
updated chart.

Subjects were informed that they coultbke at most a total of 30 choicesf the
Discharge Patient optomPAn unsuccessfully discharged pat:.
feasible choicesA subject was paid $5 for each successful dischargend nothing for
unsuccessful dischargeSach experiment session could last no more thanhours.The two
hour time limit, however, was not a binding constraint for any subjethree treatment cells
there was an additional constraint that the subject couldpadicipate inmore than 45
experiment daysin contrast, there was no limit on the number of experiment days that a subject
could use to make up to 30 discharge decisiotisdrother three ¢tatment cellsThe purpose of
the 45 experiment day constraint wasirtgrease the opportunity cost abt discharging a
patient This 45 experiment day constraint was binding for some of the sulajethe three

treatment cells in which it applied

4 .bldiosyncratic Featuresf the Baselinglnformation,and Default Treatments

In the BaselineTreatmenta subject malsthe discharge decisionssingonly the informationin
the EMR The default optionn the Baseline Treatmentis the same as in current medical
practice: the patient remains in the hospital unless the physician with authibiates entry of
“di schar ge o r dieerlnsofmatiomrredtnieetpreEeltRll of the EMRfacsimile
screens used ithe Baseline Treament plus additionalCDSS screens with selected patient
information and a recommendation about the discharge decifSlmn.default option inan
Information Treatmenis the sameas in theBaselineTreatmentThe Default Treatmenfpreseng
all of the same informationas in the Information Treatment, includinga discharge

recommendation, butses a different default optiorin the Default Treatmenthe CDSS initiates

21n the case that a patient was readmitted after being discharged in the experiment the subject was
presented with a readmission chart for the patient. The readmission chart was based on the observed
complicatians following discharge within the population of patients served by the hospital. Subjects were
informed of the complication that required readmission and the patient chart data were altered to be
consistent with the presence of the complication as refléctthe empirical evidence reported in Kassin,

et al . (2012) . Each pat i ¢firstthree todiveadays of theirsstayaaftar e r e d
readmission and the remaining chart days conformed to their observed data prior to being discharged.
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discharge ordertn EMR when it makes a positive discharge recommenda@onattending
physician who did not accept the recommendation would have to enter reaso@EEMR for
overriding the recommended decisicfhen the CDSS makes a negative recommendation, a
physician would have to enter reasons for overriding the recodatien before entering

discharge orders in EME.

The subjects dar their decisions oscreens that differ across tBaselineand Default
TreatmentsThe decision screen for tidaselineTreatmenti ncl udes only the pat
age, and sex and twauttons to be clicked in order to record a decision whether to discharge the
patient on the experimental day recorded at the top of the sdrkege buttons are labeled
“DischargePatient a n do NOT Discharge Patient’lf the subject clicks on the Do NOT
Di scharge Patient button, the pattihentsurmgemaitns
of patients on the following experiment d#fythe subject clicks on the Discharge Patientdiut
the patient is dischargebh the event of auccessfutlischarge, the subject is paid five dolldrs.
the event of arunsuccessful discharge, the subject receives no payment and the patient is
readmitted and reappeats.s in the subject’s I|is

There arethreedecision screens for thBefault Treatmentthat will be described here
(and three slightly different screemfsr the Information Treatment that will be described in
footnotes) Which decision screensubjectencountersn the Default Treatmerdepends on the
recommendation of the decision support softwianmethe patient on that dayn case of a
negative recommendation tdecision maker encounters a decision screen like the one shown in
Figure 1 that reports the recommeaitbn “Do Not Discharge Patieitat the bottom left of the
screenThe left side of the decision screen shows probabilities of readmission if the patient were
to be discharged on any experiment day up to the present decision day (which is day 8, as shown
on the horizontal axis). The dots at kinks in the piecewise linegthgshow point estimates of
the probabilities of readmission on day8.1The vertical dashed lines that pass through the dots
(at kinks) correspond to the 80% confidence intervals of the readmission probability. The
horizontal line shows th&arget readnission probability for patients with the diagnosis code of

this patientFor the selected patie(itucy Doe) theleft part of the figure shows point estimates

3 Note that the change in default option wontd alter the fact that the attending physician has authority
and responsibility for discharging the patient. This change in default option would change the procedure
for entering discharge orders in the EMR.
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that lie entirely above the horizontal line showing the target readmissignhatas whythe
decision support software makes the negative recommendatiensix charts on the right two
thirds of the screeshow the days-8 values of clinical variables that are probabilistically most
important for the discharge decision for this specific patentthe present experiment day

(which is day 8, in this case).

& - oIEH
Experiment Day Number: 1 Number of Possible Discharges Left: 30 Earnings: $0
Patient ID: 28658537 Sex: Female .
Previous Ready
Name: Doe, Lucy Age: 73
Decision Support Software Information
o Bun - Diastolic BP . Respiratory rate
o= - Potassium - H-eart Rate - Systolic BP

§855ga3888

Target Probability of Readmission
= Estimated Probablity of Readmission
--80% Confidence Interval for Readmission | )+ 5 &+ &+« =

EESEEEGSRAGEEEE8RS

Overrule and Enter Reasons
Recommendation: Do Not Discharge Patient

Do NOT Discharge Patient

Figure 1. Default Treatment Decision Screen with Negative Recommendation

The subject enters her decision by clicking on one of the two buttons at the lower right of
the screenlf the subject accepts the recommendation she clicks on the Do NOT Discharge
Patient button. If the subject does not accept the negative recommendatiookbeorl the
Overrule and Enter @&sons buttotf This choice causes the decision support softw@apen
the screen shown in Figure 2 that requires the subject to enter her reasons for overruling the

CDSSrecommendatiof? The reasons for overruling the recommendation can be recorded by

14 The corresponding screen for the Informatisaakment is identical to the one in Figure 1 except that
the two buttons are labeled Discharge Patient and Do NOT Discharge Patient.
151n the Information Treatment there is no screen corresponding to the one in Figure 2.
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clicking on (square) radial buttons on the left side of the screen and entering text on the right side

of the screen.

e - o IEH
Experiment Day Number: 1 Number of Possible Discharges Left: 30 Earnings: $0 ‘
Patient ID: 28658537 Sex: Female Previ Read
revious
Name: Doe, Lucy Age: 73 o

Decision Support Software Information

Reasons to overrule

Acceptable Lab Values
Acceptable Vital Signs
Acceptable I and O
Acceptable Orders
Other

Submit Cancel

Figure 2. Reasons to Overrule a Negative Recommendation

Figure 3shows data for a day on which the decision suppdtivace does not make a
recommendation whether to discharge or not to dischaugy Doe; instead, it exhibits the
“recommendat asoPhysiciah dudgmda® h YYs i ¢ i a nrecbrandegdatem t
occurs when the target readmission rate falls between the point estimate appetmund on
the 80% confidence interval for the readmission probab#ithough therds no recommended
decision in this case, the software does provide decision suppibrthe information in the
readmission probabilities on the left side of the screen and the six dynarsialtyed clinical
variables on the right side of the scréénThe subject enters a decision on this screen by

clicking on one of the two buttors the bottom right corner of the screen shown in Figure 3.

16 The clinical variables exhilstl in Figure 1 and Figure&@e not all the same variables, which reflects

the dynamic updating of the decision support model as patient variables change from one day to another
in the electronic medical record for this patient.

7 The corresponding screéar the Information Treatment is identical to the one in Figure 3.
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B - oER
Experiment Day Number: 2 Number of Possible Discharges Left: 30 Earnings: $0
Patient ID: 28658537 Sex: Female =
Previous Ready
Name: Doe, Lucy Age: 73

Decision Support Software Information

o Bun Potassium Heart Rate

) -

ot WBC Diastolic BP Respiratory rate

Target Probability of Readmission
«Estimated Probablity of Readmission
--80% Confidence Interval for Readmission

Discharge Patient
Recommendation: Physician Judgment
Do NOT Discharge Patient

Figure 3. Default Treatment Decision Screen with Physician Judgment “Recommendation”

The CDSSfirst recommends thatucy Doe be discharged on the experiment day in
which the top of the 80% error bar dips below the target readmissiornT hegeconservative
criterion reflects choice o&n estimatedl0% error for the positive recommendatioim the
example shown ifrigure 4 the first day on which the top of the error bar drops below the target
readmi ssion rate is experiment day 11. The

Patient.The subject enters her decision by clickingome of the two buttonat the lover right

of the screer® If the subject accepts the recommendation she clicks on the Discharge Patient

button. If the subject does not accept the negative recommendagéaricks on the Overrule

and Enter Rasons button. This choice opehe screen shown in Figuiethat requires the

S

(0]

subjectto enterisr easons f or o v e positivéréacomgendatie® s of t war e’ s

18 The corresponding screen for the Information Treatment is identical to the one in Figure 4 except that
the two buttons are labeled Discharge Patient and Do NOT Discharge Patient.
1¥91n the Information Treatment there is no screen corresponding to the one in Figure 5.
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= - o IEH
Experiment Day Number: 4 Number of Possible Discharges Left: 30 Earnings: $0
Patient ID: 28658537 Sex: Female =
Previous Ready Next
Name: Doe, Lucy Age: 73
Decision Support Software Information
o Bun Potassium Heart Rate
oms| | o = .
s

omo| | o )
ogms| 1 =} o s
o8%0 | : 001 5% oo
062 | i e 528
P 4 = . s -
ogs| 44 i =
psm| ! s am . " s om o
oms| LR TR =t . )
ey T 100 a7 - =
0475 | (- 787 - o - -
o | | o folee o =
| \i | = °
oams | W 1 a0 2m e
LES] ¥ 22 i i) i i T = N I S
el | ' WBC Diastolic BP Respiratory rate
oz | ! 2 o] a
oxs | I s s
o200 | 1 150 -

I =
o .
ot | i
o1z et oo . = =T
0100 | - - 100 ET]
ooms | T84 - - - - . 2 - - - -
0050 | - - ™ - Y
oo | 50 = ? "
= ; . . . : i ; al

I N A N .

Target Probability of Readmission . ) .
- Estimated Probablity of Readmission - , H
--80% Confidence Interval for Readmission | o5+ 5+ 5 7 % % % w  « 7 3§ 3 % i s 7 v s e w e v s w v e 7 v i W w

) Discharge Patient
Recommendation: Discharge Patient

Overrule and Enter Reasons

Figure 4. Default Treatment Decision Screen with Positive Recommendation

& -oEA
Experiment Day Number: 4 Number of Possible Discharges Left: 30 Earnings: $0 ‘
Patient ID: 28658537 Sex: Female = 1
Previous | Ready Next
Name: Doe, Lucy Age: 73 !

Decision Support Software Information

Reasons to overrule
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Figure 5. Reasons to Overrule a Positive Recommendation



15

5. Results from the Experiment

A total of e hundred and twenfwe subjects participated itne experimens; twenty of these
subjects wereesident physicians and the rest were foydhr medical studesmtSubjects were
distributed almost equally acroske Baseline (43 subjects)nformation (42 subjects), and
Default (40 subjectsireatmentsThe overall number (64) of female participanigs similar to
the number (61) of male subjectswas the gender compositionrass treatmentg21F, 22M),
(20F, 22M) and (23F, 17M); Pearsonchi2(2)=0.95, pvalue=0.62. Academic performance of
subjectswvho participated in different treatmentas @ comparabldevels.?°

After making their dischargdecisions, subjects completed an online questionnaire that
was embedded in the experiment software. The questionnaire elicited demographic information
and also included hypothetical response questions about risk atfitusiiésr completing the
guestionnake, subjects exited the lab one at a time to be paid in cash in pAvatage subject

payoff was $131 for participation lasting, on average, 90 minutes.

We ran two designs that differ from each other only with respect to whether there was a
constraint(of 45 days) on the number of experimental dadyfty-four subjects (out of 125)
participated in the design witthe 45 experimental daysonstraint and/1 participated in the
design with no constraint on the number of experimental days.

Datafrom our experimenprovide support for efficacy of the decision support software
with respect tdour measures of performancgubject earninggquality of service (readmission
rate),hospital length of stay, artine efficiency (number of experimental daydiz¢d to make
a certain number of discharge¥ye report several ways afescribing thedataand statistical

analysis forisignificance otreatment effects.

5.aDecision Time Efficiencgnd DailyExperiment Earnings

In the treatment calwithout the 45 day constraintulgjects took on averadget experimental
days tofinish the experimenti.e. to make 30 discharges) the BaselineTreatmentout in the

Information andefault Treatmentghey were able to complete the task of making 30 discharges

20 Reported average gradas medical school of subjects ie Baseline,Information andDefault
Treatmentsvere3.59, 3.57 and 3.46 (Krusk#Vallis test: chi2= 3.32,p-value=0.19).
1 The questionnaire can be founchép://excen.gsu.edu/jccox/subjects.html
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within 47 and 2 experimental daysespectively, an improvement in time efficiency of 7 and 12
experimental daysThe null hypothesis oéqual time efficiencyacross treatments igjected
(chi2=6.42; pvalue=0.04 according to Krusk#allis test)>?> Data from treatments in which the
dischargedecisionsupport software is usedesignificantly more efficient than thBaseline but
the effect is stronger in tHeefault Treatment (one sidgatvalues reported by thetést are 0.043

or 0.004 respectively,when the Baseline is compared with thienformation or Default
Treatment Figure6 shows cumulative distributiorsf experimental days in thBaseline and
Default Treatmend.

T T T T

T
20 40 60 80 100
Number of Experimental Days

————— Default Baseline

Figure 6. Cumulative Distributions of Observed Experimental Days

Average subject earningsper experimental dayere £.83 $315 and $362 in the
Baseline,Information andDefault Treatments as reported in the top panel of Table 1 (with

standard deviations ibracesf*Subj ect s’ daily earnings are hi

22 Since in the 4%lay-constraildd e si gn subj ects couldn’t go above 45
the analysis of time efficiency in the main text because of potential bias. If we itichs#elata, the task

of 30 dischargetakes49, 44, and 40 experimental days, respectivielythe baseline, information, and

default treatments. According to the Kruskihllis test, the null hypothesis of equal distributions of
experimental days across treatments is rejected (cBi22; pvalue= 0.016).

BThese “exper i meountsaale awtrage amopnts\paidffdr thestime taken to review three
patient charts and consider making a discharge de
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and lowest in the Baseline Treatment. We ranwag analysis of variance by ranks (Kruskal
Wallis tests) to ascertain whether daily earnings across different treatments come fsamehe
distribution. The null hypothesis (of the same earnings) is rejected by this testjeined
statistic is 12.33, twsided pvalue is 0.002).

Next, we ask which treatments are responsible for this rejection. The means of the ranks
of daily earningof three treatments are shown in the lower panel of Table 1. -Vaties for
each pairwise comparison are shown in the bottom two roeg (Bonferroni) adjusted
values for multiple comparisons, we conclude that baseline and default data on gaeniap
are coming from different distributions; subjects in the Default Treatment are earning more per

experimental day than subjects in the Baseline Treatment.

Table 1. Comparisons of Daily Earnings across Treatments

Baseline Information Default
Number of Subjects 43 42 40
Mean $2.83 $3.15 $3.62
{st.dev.} {0.94} {0.94} {1.16}
KruskalWallis Test
RankMean 49.22 63.64 77.14
Information 0.033 --
Default 0.0002*** 0.046 --

(Rank Means and -palues correspond to Kruskalallis test the adjustedp-value for multiple
comparisonds 0.008in case of all pairwise comparisons and 0.0k28asethe baseline is treated as a
control group, i.e. comparing the baseline to the other two.)

We are also interested in other features of the experimental dasdynindividuals
characteristics that are correlated with higher daily earnBgsve ran linear regressiongwith
robust standard errgr®f daily earnings as a dependent variable Erfidrmation andDefault
Treatment dumimes, adummy for the 4&day constraint and subject demographic variables as

right-hand variablesThe parameteestimats are as followgstandard errors ibrace$:?*

day” ) . ndottheaverame aenount paid to subjects for participation in amiee@ session which,

as reported above,as $131

24 F(10,108)=2.94 (walue=0.003), 119 observations. Six observations were dropped during the
regression because of incomplete demographics responses. The estimates of the robust regression without
demogaphics for the information and default treatments are 0.3/&l(e = 0.10) and 0.65 {@lue =

0.001) and F(4,120)= 4.08-(@alue=0.004).
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Daily Earnings 3.63" -0.28" 3D, 046 Q.. 015> GRA,.. 0.15 + GRA

{1.424} {0.164} {0.231} {0.366} {0.142}

-0.09 D, 006 D8, 047 D3, 0.02+risk 6.72" 34D, 931 B

{0152} music 5h7yy o athlete oresy female 157043 {0186} {0180y  'nfo

Daily earnings are lower for residenbsyy@6 cents) and female physiciafy @7 cents); they
are also lowerl{y 28 cents) in the treatment with the-d&y constraint on the maximum number
of experimental dag/ There are insignificant effects of musical training and record of
competitive athletics (although such characteristics are selectedddmissions tahe surgical
specialty).With respect to treatment effects, consistent with findings at the aggregateof
data analysis, daily earnings aftgects in theDefaultandInformationTreatmenrs are20% and
9% higherthanin the Baseline(p-values are 0.000 and 0.087 Subjects are also making more
money perxperimentabay in theDefault Treatment thain the Information Treatmen£® We

conclude that:

Result 1. Use of theCDS$ with or withoutmaking theC D S Sec@mmendation the default

option, increases(a) decision timeefficiency and (b) daily earnings.

One may wonder whether tlecreaseddecision time efficiency that we observe in the
treatments haanegative effect on the quality of cafgiven the design of our experimelaywer
guality would be manifested in highezadmissions. Readmission rate is one of the factors that
affect the raking of a hospital and it is also one that has attracted increasing attention from
Medicare, including fines for excess readmissions beginning in October 2012. In the following
section we look closely at the interaction between different treatments aahdission rates

our experiment

5.b Readmission as an indicator of thquality of care

An earler dischargeis notan indicator of better discharge decisimakingif it decreases the
quality of care.An indicator of the quality of care is the readmission rate since a premature

discharge increases the likelihood ai unplanned but necessamadmssion Averages of

25 Note that 0.72/3.6% 0.20 and 0.31/3.68i 0.09 using the coefficient estimates.
26 Estimates for the information and default treatments are different from each other ( F(1,108)=4.80, p
value=0.031.)
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readmission ratesf all regular patien®$ observedacross treatmentsre 10.21%, 10.40%nd
9.84%, respectively, for thBaseline Information andDefault TreatmentsFor regular paents
with high leves of targetedreadmissiorprobabilities (at least7%) the mean readmission rates
are13.49%, 12.70% and 10.8084r the Baseline Information andDefault Treatment$® Means
tests implythat use of the CDSSombined with change in the default optisignificantly
reduce the overall mean of readmissions 3% and the rate for high risk patients B6. In
contrastthe means test iplies no significant difference between tBaselineand Information
Treatments

We ran probit regressions with binary dependent variable that takes value 1 if a regular
pati ent is readmitted. Covariates iimexPPude st
patients’ targeted readmission probabilities,
recommended discharge day (Understayl) or after that day (Overstay = 1), and the
recommended length of stay until first discharge recommendatien (FDS).Table 2 reports
the estimatd coefficients (and aluesof the probit regressions) with clusters at the subject
level using data for the high risk patients (columns (1) and (2)) and all patients (columns (3) and
(4)). The probit regressions reped in columns (2) and (4) include the Rec. LOS variable,

reported in the first row of the table, while regressions reported in the other columns exclude it.

A patient is called “regular” if he has not prev
20ne third” oifn “pat i expsri ments had a targeted pro
we call such patients “high risk” patients.

29 |n the hypothetical ten ordered taskghe postexperiment surveya risk neutral subject switches from

the safer option to #hriskier option in task 5. The risk index variatilat we constructeid the difference

between the number of the task that a subject switches (for the first time) from choosing the safer option

to choosing the riskier one and task five. Hence, themix is negative for a risk lover and positive for

a risk averse subject (the later the switchithrewer t he subj gct’'s tolerance t
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Table 2. Probit Regressions of Readmissions for Regular Patients
VARIABLES High Risk Patients All Patients

Rec.LOS 0.005 -0.009**
(0.185) (0.000)

Understay 0.004 0.000 0.016*** 0.025%**
(0.617) (0.976) (0.000) (0.000)

Overstay -0.005 -0.003 -0.004 -0.004
(0.498) (0.660) (0.311) (0.252)

Information -0.020 -0.019 -0.000 0.001
(0.386) (0.397) (0.972) (0.958)

Default -0.047* -0.045** -0.015 -0.015
(0.022) (0.027) (0.211) (0.190)

Female -0.013 -0.015 -0.006 -0.004
(0.492) (0.439) (0.570) (0.723)

Athlete 0.019 0.019 0.006 0.007
(0.384) (0.396) (0.592) (0.563)
Musical -0.034* -0.035* -0.023** -0.021*
(0.075) (0.066) (0.027) (0.040)

Medical GPA 0.013 0.013 0.006 0.007
(0.297) (0.314) (0.537) (0.508)

Undergrad GPA 0.003 0.004 -0.017 -0.021
(0.949) (0.929) (0.511) (0.431)

Risk Avers Index -0.017*** -0.01 7% -0.003 -0.003
(0.003) (0.002) (0.200) (0.262)

Resident -0.013 -0.016 0.010 0.014
(0.629) (0.563) (0.597) (0.446)
Target Probability 4.207*+* 4.480%** 0.762*** 0.954%+*
(0.000) (0.000) (0.000) (0.000)
45 Day Constrair 0.051* 0.050** 0.044%+* 0.043***
(0.030) (0.031) (0.000) (0.001)

Nobs 1,063 3,197

Results reported in Table 2 show treatment effects that are consistent with the aggregated

data figures reported above; the Default Treatment induces a significant redunctiba

readmissions of high risk patients. Probabilities of readmissions in the Default (holding all other
covariates at the means) are 4.5% to 4.7% lower than in the Baseline for the high risk$atients.

We conclude that:

%0 Probabilities of readmissions of regular patients in the informatnehdefaultreatmens (holding all

other cowariates at the means) are 1.7% and 0.57% lower than in the baseline, but these figures are not

statistically different from 0.
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Result 2. Use of theCDSSand making theC D S Srécemmendation the default option

reduces readmissions of high risk patients.

Referring to the estimates of Understay and Overstay in Table 2, we find that for data from
all patients (right two columns) the patient Understay variable ehgsositive effect on
readmission while the estimate of the Overstay variable is insignificant. This gives us the third

result:

Result 3. Discharging a patient earlier than recommendby the CDSSsignificantly
increasesthe likelihood of unplanned readmissiovhile later-thanrecommended discharge

does not significantly decrease it.

Readmissions are significantly higher in the design wittomstraint(of 45 days)on the
maximum number of experimental dagibjects withmusical training have lower readmissions
for all patients and high risk patients while those with a higher risk aversion index have lower
readmissionsvith high risk patientsThe recommendedhospital length of stagRec. LOS)also
has asignificantlynegative effect on readmissidhbut the effect disappears when only the high
risk patients are considered. We next turn our attention to hospital length gL &tayacross

treatments.

5.cHospitalLength of Stay

The average figures foobservedLOS of regular patientsre 7.72 7.15 and 6.64 for the
Baseline,Information andDefault Treatments$? The OLS estimates (and robust standard errors

in brace} of the hospital length of stay for regular patients%are

: *k *kkk 3 _ 3
LOS {7207535} -8:3232) D45day ggﬁ Dre3|dent {(()):52415;9}' Gpﬁldergrad 8%5’) Gpébd
+ ) * . ] ) ok k. 3 ) + . - ***3- ) *
90_‘212% Dmusm {90_20858} ID’z?*lthlete 8271-% Dfemale {00'826} rISk 8.39052} Ddefault -825750) Bmfo

31 The estimated marginal effect-i§.01 (std. error is 0.002) ftihe modelreported in the righinost

column ofTable 2.

321f we include days in the hospital after a patient is readmitted in LOS then we get the following average
hospital length of stayfor the baseline, information and default treatme®is80, 8.11 and 7.42.

%3 F(10,118)=6.35 (yvalue=0.00), nobs=3274, 119 clusters. If we include in LOS days in the hospital as a
readmitted patient we still get similar results; the estimates for the information and the default treatments
are-0.48 and1.05.
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Female subjectsand residentphysiciars kept their patients in the hospital longer but their
readmissionsvere not lower than othersaé shown inTable 2).The hospital length of stay of

regular patients is lower in bothe Information (by a half day) aridefaul (by almost one day)
treatments while there are no higher readmission rates in these treatments (see Table 2 estimates

for the Information andefaultdummy variable paramet@r®Ve conclude that:

Result 4. Use of theCDS$S with or withoutmaking theCDS® s ommeeadation the default

option, reduces hospital length of stay withmareasing readmissions

5.dValue of Decision Support Information

After completing all discharge decisignsubjects who participated in theDefault and
Information Treatmentswere asked (by the experiment softwate)report their ranking on a
five-point Likert scale(wherehigheris better) of the usefulness of being providefbrmation
onthe estimated readmission probabilities and the 80% confidence intervals. Half of the subjects
reported a score 3 bigherfor both the point estimate and the 80% confidence interval.

The difference between daily earnings of the subjects who gave ao$tbree or higher
for the usefulness of the point estimé&tall it group H and theaverage daily earnings of those
who reported a lower score thtree €all it group L) can be used as an economic measure of
theef f ects of subj eaue sfthereadnissign tprabaklignfoonktiont The
mean daily earnings af8.15 and$3.53 for groups L and H; the median figures $2e87 and
$3.42 for groups L and HThe Kolmogorow+Smirnov test rejects at 1% significance level (p
value is 0.001) thewull hypothesis of daily earnings of the two groups being drawn from the
same distributionSimilarly, the difference between days a patient is kept in the hogyital
subjects of groupL and H can be used as an indicator adceptance othe value of tb
information The mears are 3.43 and 2.8@aysfor groups L and HHence, in our experimenrd,
result fr om s ulejvaue ofshe inforrmatian @ neduztiomody length of stay of
0.61 days per patient, a decrease of 18Ple KolmogorovSmirnov test rejects at 1%
significancelevel (p-value is 0.000) the null hypotheglgat the distributions oftiservedength
of stay (from the first day the patient is seen by subjecesihe same for the L and H groups of

subjectsWe conclde that:
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Result 5. Subjects who aport they place relatively high value on usefulnesgepbrted
readmission probabilitiega) keep their patients significantly fewer days in the hospital;(@hd

earn significantlyhigher payoffper experimental day

We also looked at the economic significance of following a recommendatiove
excluderounds when the software repombysician Judgment, we find that the (average)
compliance rates are 80.78% and 81.4#%he Information andDefault Treatmentsin those
treatmentssubjects whalischar@d a patient when the recommendation was to discharge
earned $4.06or serving that patienvhereaghose subjects whdischargd a patient when the
recommendation was to discharge earned $4.75, an increase of TgB4 estimates othe
determinant otarnings ar&

Earnings=49.57 80.70 ‘complyRate18.17 1.0t D3 1859%  GPA,.

{23.73} {11.26} {4.00} {6.01}

- 0.469 Gp%ed 3:04 |:%usic 3.56 chl%te 3.91 - I:aemaleS 90?8?3 risk 8.31 Qefault

{1.98} {2.44} {2.73} {2.62} {0.20}

*
45day

wher e t hRateé” cvoampilaypl e i s t he r theénamberbitimestmapal i anc e
subject’s decisions were the sCGDBdivided bytthhe dec
total number othes u b j e ct ' ¥ The eoefiicierit estimmite for the comBlgtevariable is

positive and significantly different from O-{@lue is 0.08). We conclude that:

Result 6. Subjects whoeomply with theCDSSs recommendations hawggnificantly higher

earnings.

Together, Results and 6 inform us that subjects obtain higher earnings in the
experiment when theya) report that they placeslativelyhigh value orusefulness othe CDSS
readmission probability &mates or (b) comply with theCDSS secommendations to discharge

or not to discharge patienfBhese conclusions astrongeffor the Default Treatment.

34 Log-likelihood is -282, LR chi2(10) is 58.04, number of observations is 79. There areidive

censored observatiofsr subjectavho earned the maximum amount of money, $150. Three observations

were dropped because of incomplete demographic responses. Tobit estirhateahplyRate variable

when demographics are not included (all 82 observations included) is 35/4RBi¢x0.002).

% In the construction of the variable complyRaseibjects deci sions when the re
PhysicianJudgment are not included.
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These results suggest another question concerning the reasonBew@ipSSleads to
better discharge decisions in the experim@&ues this occur because a high proportion of
subjects are reluctant to overrUl®SSrecommendatios) most especially when they have to
enter reasons for doing soSome insight into this question is proseiby analyzing only that
subset of the data in which tl&DSS provides probability information and six dynamically
selected patient charts but doest provide a recommendation to discharge or not to discharge
the patient; these are the experimental dayspatient charts in which thec DS S’ s
“recommendati on” iVWe cohpyresthperformancelmeasyres eétisions
in the Baseline andefault Treatmentsising only the data frorexperimental dag/in which the
“recommendat i on ”ment and fhd yhati nceanatotal payofd & higher in the
Default Treatment; mean experimental days is lower in Befault Treatment;and mean
readmission rate for high risk patients is lower inBredault TreatmentFurthermore, payoff per
experimental day is significantly higher in ti@efault Treatment and the total number of
experimental days is significantly lowar the Default Treatment.In this way we find that the
information provided by th€DSSimproves disharge decisiomaking even in the absence of a
definitive recommendation about dischargeleast in the context of tli@efault TreatmentThis
suggests that thPefault Tr e at me n t may better focus decisio
information (shown n the decision screen chartgpvided by theCDSSeven whent does not

reporta recommended decision.

5.eEffects of Capacity Constraint

The probit regressionsn Table 2show higher readmission rates in the presendhe#5day
constraint. The OLS®egressiorshows, however, that LOS of regular patients is not affected by
the 45day constraint. But these figures are confounded with differences in numbers of patients
discharged between the -gonstraint and 48lay constraint treatments. We seek tdatothe

effects on readmissions per patient dischar§ed.each subject we constructed a new variable,
ReadmissionRatewhich is thenumber of patients readmittetivided bythe total number of
dischargesFigure 7 shows kernel densities of this varialbe both designs, with and without
the45-day constraint. It can be easily seen that the readmission rates are higher for subjects who
were making discharge decisions under thedd$ constraint. The mean readmission rates are

7.5% and 11.9%respectively in the noeconstraint and 48lay constraint treatments; the
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differences are statistically significant at Ipevalue reported by-test is 0.0001; nobs are 51
and 54)3°

T T T

T
0 .05 A .15 2 .25
Readmission Rate

no day constraint ———-—- 45-day constraint

kernel = epanechnikov, bandwidth = 0.0211

Figure 7. Kernel Densities for Readmissions/Discharges

5.f Reductionin Length of Stay

According to their electronic medical recorttse 30 patients whose -didentified charts are used

in our experiment were kept in the hospital an average of 9.37 days. BaselmeTreatment,

the average length of stay (LOS) was 8&/d This reduction may have resulted from the
exclusive focus on the discharge decision created by the experimental environment. The average
LOS in theDefault Treatment was 7.42 days, which is 14% lower tharBéseline number of

8.6 days. This redtion in LOS did not produce higher readmission rates since the rates for the

Baseline andefault Treatments were, respectively, 10.2% and 9.8%

% If we include residents (who participated only in theconstraints design), we still find that the mean
readmission rates are 7.8% and 11.9% respectively in Hoemgdraint and 48ay constraint treatments.
The ttest rejects the null hypothesis in favdrtioe alternative hypothesis of higher readmissions in the
presence of the 48ay constraint at 1% {ypalue is .0001). Numbers of observations are 71 and 54 in the
no-constraint and 48lay constraint treatments.
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6. Summary and Concluding Remarks

The hospital discharge decision plays a central ralehe increasinglyimportant interplay
between the quality of healthcare delivery and medical cBsésnature discharge can lead to
unplanned readmission with higher costs and questionable quality ofNesdlessly delayed
discharge wastes increasingly expensive heakh@sources.

Our research program hamalyzd patientdatato identify risk factors for unplanned

hospital readmission§Kassin, et al. 2012) el i ci ted physicians st a
decisions (Leeds, et al 2013), estimated predictorp bfy si ci ans’ actual di s
(Leeds, et al. 2014), and estimated clinical and demographic patient variables that predict
successful vs. unsuccessful discharges (Leeds, et al..20hdbnsistenciebetween stated
criteria, statisticallyexplanabry actual criteria, and predictors of successful discharge suggest
that discharge decision making might be improved by application of-samele, evidenced
based discharge criteria at the point of care where the discharge decision is made. Our approach
to providing a tool for improving discharge decision making is to develop and test a Clinical
Decision Support System (CDSS) for hospital discharges.

Cox, et al. (2014) reports development of the CDSS and a preliminary laboratory
experiment on its effiy. The present paper repoataboratory experiment with efficacy die
CDSS in a treatmerhat makesthe recommendation of the CDSS the default optigve also
report results from a treatment that places time pressure on decision makers and atalyze d
from all laboratory experiments with the CDSS to date.

Taken together, our laboratory experiments produce data for treatment celkshy 3
design that crossepresence or absence of a 45 experimental day constraintBagéline,
Information, andDefault Treatments. Th@aselineTreatment presestsubjects only with the
kind of information that they receive frogurrentlyusedelectronic medical records (EMR);
indeed,the subject screengsed in theBaselineTreatmentare facsimiles of EMR screens. The
Information Treatmentuses these same EMRcsimile screens plua new screen thateports
information providedby the decision support model. Theformation screen shows point
estimates ofmarginal readmission probabilities and thél® percent error bounds for
experimental days prior to and including the relevant experimental decisiohhdagformation
screendisplayssix charts ofdynamicallyselectedclinical variablesthat theprobit regression
model indicatehiave the highesharginal effects for predicting outcomes from discharge of that

patient on that dagiuringtheir hospitalstay. Finally, theinformationscreen shows one of three
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recommendationgdischarge, physician judgmerdr do not dischargethat are based on the
relationship betweerMe d i c &@anget readmission probabyliffor patients with the relevant
diagnosis code and the readmission probability point estimate and 80 wentksh¢nce interval
for the patient whose data are under considerafitve. Default Treatmentdiffers from the
InformationTreatment by changing the default option for patient dischangie Information
Treatment the default option is that thgatient remains in the hospital unless the responsible
decision maker initiates an affirmatidescharge ordeidn contrast, in thé®efault Treatmenthe
patient is discharged @t discharged according to the recommendation of the decision support
software unless the decision maker overrides that recommendatiopr@ndes reasons for
rejectingit.

Datafrom our experimenprovide support for efficacy of theDSSwith respect tadhe
two central performance measures for hospital discharge decision miakigg,readmission
rate andshorterlength of stay. The data also provide support for effectiveness @mESin
promoting time efficiency in making discharge decisions and for the traditexparimental
economicsperformancemeasure of subject earnings in the experimé&he CDSSis moe
effective in theDefault Treatment than in thieaformationTreatment; in other words, combining
the information provided by theDSSwith making the softwate recommendation the default
option is more effective in promoting better discharge decisioas #imply providing the
information. Superior outcomes with the Default Treatment occur even for the subset of
experimental days in whictihe CDSS doesot offer a recommended decisionence it is not
solely subjects’ c o n f o rcovantsdoe thettreatmerd effe@uleets d at i o
perform generally better in the absertbhan presencef a 46 éxperimental ddy onstraint
that puts them under time pressugibjectswho report they place relatively high value on
information provided by th€EDSSmake better discharge decisions.

Further research collaboration is in progrédse next stage afesearcton the hospital
discharge decision involves patient ward internvanti his requires development of a version of
the CDSSthat can interact witklectronicmedical records systems in real tiared development

of the protocol for the intervention
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