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I. Background:

Stoechastic demandtis al key: eature off hospital
OPErations.

Implications fior costs) capacity. reduirements.

Examples: Cost off empty. beds, Impact of
Variance in  demand/eccupancy. on’ Nospitall Costs.

Anti-trust Framework: Implications' for hespital
competition), mergers, acguisitions, closukes,
ExXpPansions.

[Forecasting hospitall demand:




Motivation: Fluctuations in demand may: have
direct implications; fior:hospital benavior.

IHospitall may’ have; to be selective infWhich
patients it will admit, and WhICh current
iInpatients it will retain.  A'large OR literature
examines strategies for optimalfuse oif hospital
capacity’ In therfiace of excessi demands

EXIsting economic literatire focuses on Iong-
term ISsUes.
=QCUS 0N capacity’ constraints: Compare

DENaVvIor Whenr capacity: constraints binate
penavior whenrhospital has ample capacity.




II. Key Results:

Develops a new! test for discrimination based on
diffierences in hoespital benavior onrdays with and
witheut binding capacity: consthaints:

Shows, that' regression; or other analyses: of
differences; in mean: effects may: be ill-suited to

detect discrimination,

Develops’ a simple; proxy: measure for the
expected additionall stay off cUrrent Inpatients:

FinAs discharge Bemavior consistent: with
discriimination against ©HP/Medicaid patients.




[II. Elements of model: Patients

Patients seeking care, differ inj expected resource
requirementss in treatment: (120S and intensity: of
treatment). E.g., Medicare's Diaghoesis-Related
Group (DRG) system. te |t ., (.. ]

Current inpatients differ in the manginal benefit

they willfderive firom amn additional day: inrthe
hospital. velv, ., v .1

Patients beleng tortwe plans: Plan X pays more
than plam Y, both plans: pay: prespectively.
(lumpsum; propertienate to expected resource
reguirement).




Elements off model: Hospital

IHospitall prefers toradmit plan X patients, and
patients with higher expected resource
requirement. Prefers to) retain plan X patients,
and patients withrhigher marginal Benefit of
additional hespital day.

Timing: At the beginning off each day, hospital
learnsi the number and distribution off current
iInpatients;, as well'as of patients seeking care that
day. Then, It simultaneously: decides which
patientsi it will admit, and WhICh Current Inpatients
it will- discharge.




Elements of model: Discrimination

Admission behavier discrminatory. i there exists
¢ such thatt hospital'admits plank X patients with
ieseurce requirement ¢, but notplan: Y. patients

WIth' the same; reseurce; reguirement.

Discharge Bbehavior discrminatory. I there exists
V' suchithiat therhoespital dischardes plan: Y
patients wherderive marginall Benefit v firomi an
additional inpatient: day;, but retains plan X
patientsiwho derive the same mardinal benetfit.




[Hospital’s ebjective function:

_max s, j [a(r, —O)t+(1-@) BBO)]f (t)dt+s, j [ar, —C)t+(1-a) B,B(D)]f, (L)t
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Capacity constraint:

fo tmax Vinax Vinax
C—(s, [ fu(dt+s, [ f,Odt+n, [h,Mdv+n, [h(vdy) =0
ti Ly Vix Viy




Lagrangian fer hospitalfsi preblem:
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IV. Results from the model: Proposition 1.

tmax tmax Vimax Vimax

Suppose C — (s, | f, (Ddt+s, [ f, (dt+n, [h,()dv+n, [h (v)dv)<0
t;( t;; Vix Viy

where t, =t andt, >t .. Then:
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(i) if A>a(r, —o)t. +(1-a)B.B(t

(iii) & >t
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wn)thents >t >t . andt, >t =t ;and




Predictions from the model:

When admissions! are; affected by: binding capacity.
constraint, hespital willfrestrict admissions to
patients WhHose resource; reduirements exceed! a
certaln threshold.

When' discharges are affiected, the hospital will

only: retain current iInpatients Whnose; marginal
penefit: off adaitional stay ExXceeds: a certaln
threshold.

Discrimination=> thresholds higher & impact of
constraints fielt first for plant Y. patients.

Binding censtraint=> admissions and discharges
with higher £and Vv in the sense off FOSD.




Results from the model: Corollary 2 (part 1).

Let D, (t) =G, (t) - G; (t) for je{x, y}andallt e[t

min? tmax]

(i) 1f0<A<a(r,—c)t . +(1-a)BB(t
(i-a) G, ()=GS(t)foralltelt

), then

], D, (t)=0 forallte[t ],and

min ! tmax min? 1:ma\x

tmax tmax
j tg, (t)dt = j tgS (t)dt. And,
tmin tmin

(i-b) G, (t)>GS(t)forallte(t ), D, () >0forall t et ), and

min? 1:max min? 1:max

tmax tmax
j tg,, (D)t < j tg¢ (t)dt.
tmin tmin




Results from the model: Coroellary 2 (part 2).

(i) 1fA>a(r, —c)t.. +(1-a)B.B(t ), then

(ii-a) for je{x v}, G,(t)>G(t)forallte(t ), D, (t) forallt et

min? max min? max)’

tmax
and j tg; (H)dt < j tge (t)dt. And,

(i1-b) Dy(t)is maX|m|zedwhent =t for je{x, y}. If the hospitaldiscriminates
against patientsfrom plan y in admissions then the value of t that maximizes
D,, (t) will be greater than the value of t that maximizesD, (t).




Tiest: off Discriminatory: behavior:

When marginal Impact ol capacity: constraint Is
small, only: plani Y patients are affiected (igher
¢ and viini the sense; off FOSD).

When marginal Impact off capacity: constraint IS
large; patients fox bothrplans are affiected
(higher tand Vin the sense of FOSD). Plan Y
patients aifiected over larger rande off and V.
=> \When distributions of: admissions and
discharges without anaiwithr capacity.
constraints are compared, maximum' diifierence
iIn CDFs will arise at higher and vior plam Y
patients than for plan X patients.




Key features of test:

Basis of comparison: behavior without and
With! BINAING| capacity, constraint: 6n otherwise
similar days; Mo direct comparisen off patients
from diffierent plans. =>nor need to controlf for
diffierences across! patient groups:

Difference observable In aamiitted patients:

Becalise characteristics off days (day: oiF Weeks;
monthe holiday; beginning, end or middle of
month) are much easier terobserve than
patient characteristics (healthr status, health
Seeking vehavior), they: are easier to account
for In analysis.




Causes off daily variance in hospital demand:

Patient/stafiiF preferences in' scheduling.

Schedules off paysiCians” offices/outpatient
clinics.

Variance In INCIdence/severity. off diSease.
Variance In: care seeking Dehavior.

Beginning, middle, endl el menth alse; potential
factors.

Random Variance.




V. Empiricall Approachs

Data on 361,499 patients discharded firom
Oregoen hospitals between 12/1/97: and
11/50/98;

Medicare; DRG relative; weight Used as proxy. for
fesouUrce; requirement IR treatment.

Expected remaining length off stay’ (ERLOS) Used
as proxy. for marginal bengefit offadditional day:in
the hoespital.

Compare admissions and discharges of Medicaid
patients to those off Medicare and privately
INsured patients.




Detour: Defining ERLOS

Expectedl additional hospital stay will Increase
with the marginal benefit: the patient: derives
from adaitional stay.

Measure must account fior type of Iliness
necessitating hespitalization, and progression of
liness and treatment since admission. We use
DRGI and nUMmMBEr ol days al patient has already
peen ini the hoespital.

Measure; based on state-Wide experience
(excluding| transfers).

ERLOS,,, = zn:a - k){

NDY, , — NDY,
NDY,




ERLOS for patients admitted for' criculatory
disorders with acute myocardiall infarction with
(121) and witheut (122) major complications.

Figure 3: ERLOS for Patients from
DRGs 121 and 122
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Empirical Approach: Discrimination and
analyses of differences in mean effiects

Resource Scenarior 1 SCENAKIo 2

fequirement 70, ’W) £(D ’W)
0.1 0.2 | 0.1 | 0.05
0% 0.3 | 0.1 | 0.05
0.4 0.3 | 0.2 | 045

4 OL1 0.2 | 0.6 | 0.45

Scenario 1: Mean, W/o const=2.5; Scenario 2: Mean, W/o const=3.3;
Mean, W/o const=2.5; Mean, W/o const=3.3;

Mean, W/const=2.67; Mean, Mean, W/const=3.56; Mean,
W/const=2.88; W/const=3.5;




Accounting fior differences between days

Analyze; Tihursdays only:

Adjust: ERLOS at discharge for month of Year
and week off month.

Drop! Thanksgiving), Christmas, New: Years; [Day.

Shoertcoming—Norwithin DRGVariance; inf DRG
ielative weights: => Unable te account: fior
seasonal, Week: off month effiects in analysis ofi
AdmISSIonS,




Some, other empiricall issues:

IHow! dor werdetect times When hospitals
ave INSUlfiCIERt capacity?

Capacity: constraints apply: WAenever the
guantity off any INpUt nNecessary. in

treatment s Insulficient for the patients
the hoespital ' weuld like to) treat:

IS capacity’ a hoespital-wide, chaln-Wide, or
Market-wide phenomenen?




Our solution: Multiple approaches to) identifiying
days wihen hoespitals may: have inadequate

capaciby.

We report results that: arise When:

~-Assume t
allFhoespita

nat each nespital serves a market comprising
S within: a; 15 mile radius.

-ldentiiy: the 20% ) off Wednesdays with highest and

lowest cumulative; DRGI relative weight cotints in a
noespital’s market as, respectively, preceding high and
low! demand itrsdays o) that hespital.

-Assume that hospital has suificient capacity. on lew.
demand days, but may’ face capacity, constraints onrnigh
demand days.




Statistical Analysis

Since our test fior discrimination: Implies changes
N both means and CDES;, we; conduct: E-tests or
differences; in means, and! Kolmogoeroy-SmirnoV
(KS) tests, ofi diffierences in distributions toe
compare the impact that Righ' demanadlhas on
admissions and discharges, ofi patients with
different types off InSUrance.

E.?., Hp:Ihe meaniand distribution over DRG

elative weights (Adj ERLOS at discharde) of

Vedicare; patientsiadmitted (discharged) en high

gllemand ay/s [S|the; same;asi on' lew demand
ay/s.




VI. Results: CDFs of admissions on low demand
Thursdays.

Figure 1A: Distribution of Admissions on Low Demand Thursdays

Cumulative Distribution Function

— Privately Insured (N=3,299) ||
—— OHP (N=1,861)
— Medicare (N=3,176)

DRG Relative Weight (Log scale)




Results: Difference between low: and high
demand Thursdaysi (Medicare and OHP).

Figure 2A: Difference in Distributions of Admitted Medicare and OHP
Patients on Low and High demand Thursdays

—— Medicaid/OHP
— Medicare

Distribution Functions

Difference between Cumulative

M% ‘-

DRG Relative Weight (Log scale)




Results: Difference between low andi high
demand! Fhursdays (Private; and OFHP).

Figure 2B: Difference in Distributions of Admitted Private Insurance and OHP
Patients on Low and High demand Thursdays

— Private non-HMO
— Medicaid/OHP

Distribution Functions
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Results: DRG relative weights) o patients
admitted on high and lew: demand
Thursdays.

Mean P=\/alues

IRsUrance type

IHIgh

COW

F

KS

Medicare

1,452

1,456

0.65

0.008

OHP/Medicaid

0.907

0.654

0.087

0.012

Private

1,002

1.033

0.216

0)0)i

All"patients

1,129

1.128

0.925

0.005




Results: CDFs of discharges on low: demand
Thursdays.

Figure 4A: Distribution of Discharges on Low Demand Thursdays

Cumulative Distribution Function

— Privately Insured (N=3,299)
—— OHP (N=1,595)
= Medicare (N=2,005)

ERLOS at Discharge (Log scale)




Results: Difference between low: and high
demand Thursdaysi (Medicare and OHP).

Figure 5A: Difference in Distributions of Medicare and OHP
Patients Discharged on Low and High demand Thursdays

— Medicaid/OHP
— Medicare
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Results: Difference between low andi high
demand! Fhursdays (Private; and OFHP).

Figure 5B: Difference in Distributions Privately Insured and OHP Patients
Discharged on Low and High demand Thursdays

— Private non-HMO
— Medicaid/OHP

Difference between Cumulative
Distribution Functions

Adjusted ERLOS at Discharge (Log scale)




Results: Adj ERLOS of patients discharged
on highrand lew: demand! Thursdays:.

P=Valles
InSurance type E KS

Medicare 0.138 | 0.013
OHP/Medicaid 0.032 | 0.032
Private 0.501 | 0.015
All"patients 0.015'| 0.017




VII. Conclusion:

Examine impact off flucttiations In demand on
nespital admission and discharde; henavioer:.

Reduction inrhealthr and treatment: disparities)is
a PoliCy priority. NEw test for discriminator

peEnavier using widely: available data. Preblems
WIth! analy/ses ol differences, inf Mean Effects.

New' measure of remaining| treatment: ERLOS:

Patients dischargedion igh demand days are
dischargedt earlier relative to; Expectations than
those, dischargeadlon lew: demand days.

Diffierences in discharges oi: OHP patients that
are consistent with' discriminatery’ behavior:.




Areas for further research:

Adjust for seasonal, time off menth factors,in
admissions analysis.

Refine methods fer Identifying capacity
constraints: department: level: different time

frames. Refine payment analysis.

Our'metheds may: be uselftl infidentiiing
discrimination I other health care; settings; and
potentially, eutside the health: field infareas such
as police or fire services.




