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ABSTRACT

To�date,�there�has�not�been�a�study�using�a�large,�nationally�representative�group�of�patients
with�serious�illness�who�are�at�risk�for�hospice�use�and�who�are�followed�forward�in�time�to
understand�the�determinants�of�hospice�use.�In�this�paper,�we�outline�the�development�of�a
large�new�cohort�of�1,221,153�Medicare�beneficiaries�newly�diagnosed�with�1�of� 13�serious
conditions�in�1993,�a�cohort�that�can�be�used�to�study�end-of-life�care�in�the�United�States.�In
describing�our�methods,�we�illustrate�the�possible�utility�of�Medicare�claims�for�end-of-life
research.�The�members�of�our�cohort�are�followed�forward�for�hospice�and�other�health�care
use�through�December�1997,�and�for�mortality�through�June�1999.�Medicare�claims�data�on
their�inpatient�and�outpatient�hospital�use�is�also�collected.�Based�on�the�ZIP�Codes�and�coun-
ties�in�which�cohort�members�lived,�we�were�also�able�to�characterize�the�health�care�markets
of�cohort�members,�as�well�as�obtain�other�socioeconomic�information�about�them.�Informa-
tion�about�cohort�member’s�health�care�providers�is�also�available.�Detailed�health�informa-
tion�about�cohort�members’�spouses�was�also�collected.�We�conclude�by�highlighting�the�types
of�analyses�that�can�be�conducted�in�this�data�set.

515

INTRODUCTION�AND OVERVIEW

EVERY YEAR,� 2.3� million� Americans� die,� many
after�a�chronic�disease�of�several�years’�dura-

tion.1 More�than�80%�of�Americans�will�die�in�an
institution,2 and�almost�as�many�will�die�in�pain.3
The�terminal�months�of�life�can�be�devastatingly
expensive,� both� for� families4 and� for� society.5–7

The�foregoing�observations�have�led�to�substan-
tial�discussion�of�ways�in�which�end-of-life�care
might�be�reformed;�this�discussion�has�occurred

in� professional,8 governmental,9 and� lay� fo-
rums.10 However,�such�discussions�have,�we�be-
lieve,� been� limited� by� the� absence� of� adequate
data� on� the� patterns� of� health� care� utilization
among�the�seriously�ill—that�patient�population
for� which� prospective� interventions� may� be� ef-
fective.�Certainly�there�have�been�some�pioneer-
ing� studies,� ranging� from� the� SUPPORT� study3

to� claims-based� studies� of� total� expenditures5,6

and�of�those�who�use�hospice.11–13 Similarly�there
have�been�nationally�representative�studies�of�the
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elderly,� such�as� the�Longitudinal� Study�on�Ag-
ing,14 the� Health� and� Retirement� Survey,15 the
Panel� Study� on� Income� Dynamics,16 and� the
Medicare� Current� Beneficiary� Survey.17 There
have� also� been� long-term� studies� following� the
disablement�process,�such�as�the�National�Long-
Term�Care�Survey.�However,� to�the�best�of�our
knowledge,� no� one� has� examined� a� nationally
representative�cohort�of�elderly�individuals�from
the�point� of� their� diagnosis� with� serious� illness
until�death.�The�goal�of�such�a�study�would�be�to
allow� denominator-based� comparisons� of� the
roles�of�individual�clinical�and�demographic�fac-
tors,�as�well�market�structure,�on�the�timing�and
nature�of�end-of-life�care.

Here�we�describe�the�development�of�the�Care
after�the�Onset�of�Serious�Illness�(COSI)�dataset.
This� dataset� seeks� to� explore� the� potential� for
multiple� levels�of�analysis�made�possible�by�the
existence� of� many� different� electronic� datasets.
These�data�include�Medicare�claims�data�regard-
ing�patients’ �inpatient�and�outpatient�health�care
use� and� regarding� their� medical� providers,� as
well� as� other� data� sources� such� as� the� Census,
American�Hospital�Association�data,�and�the�like.

An� overview� of� the� entire� data� extraction� and
linkage�process�is�presented�in�Figure�1.�This�pa-
per�also�serves�as�a�record�of�the�rationale,�both
empiric�and�theoretic,�for�a�number�of�the�design
decisions�that�must�be�made�in�the�development
of�such�a�data� set.�Finally,� we�provide�an� illus-
tration�of�the�types�of�analyses�that�are�possible.
In�a�companion�paper,�we�provide�some�disease-
specific�rates�regarding�hospice�and�other�health
care�use.18

EMPANELMENT

General�data�source

The� core� data� used� to� develop� COSI� are� the
1993� inpatient� hospitalization� records� from� the
Health�Care�Financing�Administration’s�(HCFA)
Medicare� program.�These� records,� embodied� in
the� “MedPAR”� file,� represent� a� complete� enu-
meration�of�the�final�adjudication�of�all�claims�for
hospitalizations� filed� by� all� Medicare� beneficia-
ries� for�any�hospitalizations� or�parts� thereof�oc-
curring�at�any�time�during�1993.�Medicare�claims
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FIG.�1. Overview�of�Data�Linkage.�MedPAR,�Medicare�Provider�Analysis�and�Review�File�(Inpatient�Claims);�Dx,
diagnosis;�y.o.,�years�old;�AHA,�American�Hospital�Association;�NCHF,�National�Claims�History�File� (Part�B�Out-
patient�Claims�to�Physicians�and�Suppliers);�SAF-Outpt,�Standard�Analytic�File�for�Outpatient�Claims;�SAF-Hospice,
Standard�Analytic�File�for�Hospice;�ARF,�Area�Resource�File.



and�enrollment�data�capture�96%�of�the�Ameri-
can�65-plus�population.19

Selection�of�initial� conditions�and�their
operationalization

The�COSI�project� focuses�on� the� longitudinal
course�of�patients� who�have� the�new�onset�of�a
serious�disease�in�1993.�The�year�was�chosen�ar-
bitrarily,�far�enough�back�that�substantial�follow-
up�would�be�available,�sufficiently�recent�so�as�to
take� advantage� of� Medicare’s� significant� im-
provements�in�the�quality�of�its�electronic�records
at�the�end�of�the�1980s.�Our�objective�was�to�con-
struct�an� inception� cohort�of�patients� newly� di-
agnosed� with� one� of� several� serious� illnesses
based�on�examination�of�hospital�records.�We�es-
tablished�a�number�of�conceptual�criteria�for�dis-
eases� to� be� included� in� the� cohort.21 (Table� 1).
Thirteen�diseases�were�selected�that�met�these�cri-
teriaa (Table�2).

To� define� cases,� we� relied� on� International
Classification� of�Diseases,� 9th�Revision,�Clinical
Modification� (ICD-9-CM)� codes� in� the� hospital
claims;� this� required� selecting� ICD-9-CM�codes
that�represent�these�diseases.�In�many�cases,�mul-
tiple�definitions�were�identified�in�the�published

literature�(Table�2).�We�then�chose�the�definitions
with� the� best� published� empirical� performance,
when� available.� In� the� absence� of� comparative
performance�data,�we�chose�definitions�that�most
coincided�with�the�best�accepted�research�in�the
subfield,�for�example,�the�Surveillance,�Epidemi-
ology,�and�End�Results�(SEER)�definition�for�can-
cers,� or� the� Cooperative� Cardiac� Project�defini-
tion� for� acute� myocardial� infarction.� Table� 2
provides�the�actual�definitions,�as�well� as�refer-
ences�and�comments.

After�defining�the�ICD-9-CM�codes�to�be�used
to�identify�a�diagnosis,�the�appropriate�exclusions
needed�to�be�implemented�in�order�to�capture�in-
cident�cases.�Prior�detailed� empirical� work�pro-
vided� guidance� here.� Research� examining� the
Medicare/SEER� linked� data� demonstrated� that
for�lung,�colon,�and�esophageal�cancers,�3�years
of�look-back�in�the�Medicare�claims�was�adequate
to�eliminate�prevalent�cases.20 That�is,�if�an�indi-
vidual� had�not�been�hospitalized� in� the�prior�3
years�before�the�putative�index�hospitalization�for
onset�of�his/her�serious�disease,�it�was�very�likely
that�they�had�never�previously�been�hospitalized
for�the�disease.�As�such,�hospitalizations�for�a�dis-
ease�with�no�similar�hospitalizations� in�the�past
3�years�served�as�our�operational�definition�of�an
incident�index�hospitalization.

Hospital�claims�records�can�have�up�to�11�di-
agnoses,�1�in�the�“primary�position”�for�the�dis-
ease�most�responsible�for�the�hospitalization,�and
10�in�“secondary�positions”�for�diseases�that�con-
tributed�to�the�stay.�Once�the�look-back�had�been
defined,�it�was�necessary�to�decide�whether�(1)�to
require�that�onset�of�a�disease�be�defined�as�only
those�hospitalizations�for�which�the�disease�of�in-
terest�was�noted�to�be�the�primary�cause�of�hos-
pitalization,�or�(2)�to�also�accept�as�index�hospi-
talizations� those� hospitalizations� where� the
disease� was�noted�to�be� contributory� to� the�pa-
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aBreast�cancer,�prostate�cancer,�chronic�obstructive�pul-
monary� disease,� dementia,� and� still� other� diseases� and
conditions� were� considered� as� other� COSI-empanelling
diagnoses.� Breast� and� prostate� cancer� were� excluded
based�on�the�SEER/Medicare�evidence� that�an�accurate
index�hospitalization�could�not�be�identified�in�the�sense
that�(1)�not�all�patients�with�the�disease�are�hospitalized
for� this� condition,� and� (2)�when� they� are,� the� hospital-
ization�is�not�usually�very�near� the�diagnosis.20 Clinical
experience� suggested� that� the� natural� histories� of
C.O.P.D.�and�dementia�were�stories�of�gradual�worsen-
ing�with�occasional�hospitalizations�only� in�some�situa-
tions;�moreover,�claims�data�have�been�shown�to�be�prob-
lematic�in�dementia.

TABLE 1. CONCEPTUAL CRITERIA FOR SELECTING DISEASES FOR INCLUSION IN THE COSI�COHORT

Severity: the�disease�had�a�reasonably�high�probability�of�substantial�mortality�or�morbidity
Acuteness�of�onset: the�natural�history�of�the�disease� is�marked�by�a�point�of�threshold� increase�in�its

manifestations
Likelihood�of�hospitalization: the�threshold� increase�in�the�manifestation�of�the�disease� is�very likely� to�result� in

an�acute�hospitalization�regardless� of�other�characteristics�of�the�patient
Reliability�of�detection: the�disease�needed� to�be�detectable�in�the�claims�with�both�high�sensitivity� and

specificity
Epidemiologic�significance: the�disease�must�account�for�a�reasonable�burden�of�disease� in�the�population
Theoretical�interest: the�diseases�should�be�sufficiently�different� in�their�natural�histories� so�as�to�allow

generalizations� in�other�domains.

COSI,�Care�After�Onset�of�Serious�Illness.



tient’s�hospitalization.�As�Table�3�demonstrates,
these�differences�could�lead�to�substantial�differ-
ences� in� the� apparent� incidence� of� the� disease.
Here,�we�relied�on�three�sources:�precedents,�al-
ternative� epidemiologic� data,� and� clinical� ex-
perience.� Table� 4� demonstrates� the� comparison
between� our� final� definitions� and� existing� epi-
demiologic�data�based�on�sources�other�than�the
Medicare�claims,�where�such�data�exist.

For�cancer�patients,�we�accepted�as�the� index
hospitalization� any� hospitalization� during� 1993
that� indicated� a� cancer� diagnosis� as� defined� in
any�position,�as�long�as�the�patient�had�never�pre-
viously� had� a� hospitalization� where� this� cancer
diagnosis�had�been�noted.�Naturally,� the�exclu-
sion�criteria�were�disease-specific;�a�diagnosis�of
acute�myocardial� infarction�in�1992�did�not�pre-
vent�a�patient�newly�hospitalized�in�1993�with�a
lung�cancer�diagnosis�from�entering�our�cohort.
A�similar� line�of�reasoning�went� into�the�choice
of�methods�for� congestive�heart� failure� (CHF).b

Unlike�most�cancers�or�CHF,�it�is�quite�possi-
ble�for�a�patient� to�have�more�than�one�incident
stroke,� myocardial� infarction� (MI),� or� hip� frac-
ture.�Therefore,�the�use�of�a�look-back�to�exclude
prevalent�cases�is�less�satisfying—it�may�lead�to
an� inappropriately� healthy� selection�bias� by�ex-
cluding� those�with�multiple� cardiac�or�intracra-
nial�events�or�fractures.�However,�for�stroke�and
MI,�our�clinical� experience�and�the�past�practice
of�other�researchers�both�agreed�that�for�an�indi-
vidual�having�an�incident�event,�that�event�would
be�their�primary�diagnosis�for�that�index�hospi-
talization.� This� choice� is� reinforced� by� the� dis-
tinction�in�the�ICD-9-CM,�explored�by�the�Coop-
erative� Cardiovascular� Project,� between� initial
visits�for�a�an�acute�MI�and�follow-up�care�vis-
its.22 In�the�case�of�hip�fractures,�it�was�not�nec-
essary�to�restrict�the�definition�to�only�those�cases
where�the�diagnosis�was�in�the�primary�position.

Cohort�construction�to�this�point,�as�represented
in�Table� 3,�has�allowed� individuals� having� index
hospitalizations� in� more� than� one� disease� within
1993�that�met�our�enrollment�criteria�to�be�enrolled
multiple� times.�This�was�done�to�allow� complete
enumerations�during�disease-specific�analyses�to�be
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bIn�the�sole�case�of�CHF,�because�of�the�commonness
of�the�disease,�we�took�a�simple�random�1�in�3�sample�of
all�detected�CHF�patients�to�enter�into�our�study�cohort.

TABLE 2. ICD-9-CM�OPERATIONALIZATIONS OF COSI�DIAGNOSES

ICD-9�codes Source Others�considered

Noncancer
MI 410.0–410.9 (22,�109) (110–112)

(exclude
410.x2)

CHF 398.91,402.01, (113) (45,�110–112,�114)
402.11,402.91,
404.01,404.03,
404.11,404.13,
404.91,�404.93,�428.0–428.9

Hip�fracture 820–820.9 (112) (115)
Stroke 434,�436 (116,�117) (110–113,�118,�119)b

Cancer
Colorectal 153–154.8 (112) (20)�used�colon�only
Lung 162.2–162.9 (20,�120)
Urinarya 188–189 (121)
CNS 191,�192 our�own (122–124)�used�intracranial

194.3,�194.4 tumors�only
Head/neck 140–149,�161 our�own (121,�125,�126)�were

combined�for�this�project.
Leukemia 204–208.9 (121,�123,�127)
Lymphoma 200–203;�238.6 (121)
Liver/biliary 155–156 (121)
Pancreatic 157 (121)

aUrinary�tract�cancers�do�not�include�prostate�cancers.
bA�comparison�of�multiple�definitions�with�chart�review�is�available.116

MI,�myocardial�infarction;�CHF,�congestive�heart�failure;�CNS,�central�nervous�system;� ICD-90-CM,�International
Statistical�Classification�of�Diseases,�9th�revision,�Clinical�Modification;�COSI,�Care�After�the�Onset�of�Serious�Illness.



maintained.� During� full-cohort� analyses,� patients
were�entered�into�COSI�under�temporally�first�di-
agnosis.�That�is,�if�a�patient�had�a�hospitalization�in
February�1993�that�met�criteria�for�an�index�hospi-
talization�for�MI,�and�then�had�a�second�hospital-
ization�in�May�1993�that�met�criteria�for�pancreatic
cancer,� that� individual� would�appear� in�both� the
MI�and�pancreatic�cancer�subgroups,�but�would�ap-
pear�only�once�in�the�unified�COSI�analytic�cohort,
under�an� MI�diagnosis.� This� occurred� in�7.9%� of
unique�individuals�(Table�5).c

Other�empanelment� issues:� exclusions�based�only
on�inpatient�acute�care�hospital�claims

While�the�bulk�of�MedPAR�claims�are�for�acute
hospitalizations�(11,307,844�of�12,709,289�or�96%),
a� number� of� other� types� of� “hospitals”� are� in-

cluded� in� the� claims.� These� include� primarily
skilled�nursing�facilities,�but�also�some�so-called
“long-term� acute� care� facilities.”� We� use� only
claims� from� acute� hospitalization� for� empanel-
ment�index�hospitalizations.�This�allowed�greater
consistency�with�previous�work,�and�agreement
with�our�model�of�what�an�index�hospitalization
“should”�be.�Similarly,�claims�for�outpatient�care
(either�Part�A�or�Part�B)�were�not�used�to�detect
the�onset�of�disease,� nor�were� they� used� to� ex-
clude�patients�as�having�prevalent�rather�than�in-
cident�disease.� In�our�judgment,�we�were� inter-
ested� in� studying� processes� of� care� after� the
threshold� change� in� disease� intensity� that� our
clinical� experience� suggests�marks� the� first�hos-
pitalization�for�the�diseases�in�COSI.�To�maintain
consistency,� a�patient� with� a� previous� hospital-
ization�at�a�non-acute�care�hospital�or�a�previous
outpatient� visit� for� a� COSI-defining� diagnosis
could�still�be�included�in�the�cohort;�that�is,�only
acute�care�hospitalizations�were�used�to�exclude
prevalent�cases.

Other�empanelment� issues:� minimal�data
completeness� restrictions

In�order�to�be�empanelled� into�our�cohort,�we
required� the� following� minimal� data� integrity
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cIn�cases�where� the�diagnoses� from�a�single� day�that
qualified�a�patient�simultaneously�for�more�than�one�di-
agnosis,�the�patient�was�empanelled�separately�into�each
of�the�disease-specific�cohorts.�They�were�empanelled�into
the�combined�cohort�under�the�cancer�diagnosis� prefer-
entially� if�there�was�a�cancer�and�a�noncancer�that�both
qualified�simultaneously.�A�total�of�54,037�(4.2%)�patients
qualified�for�2�subcohorts,�495�(0.04%)�qualified�for�3�on
the� same�day,�and�2�patients� qualified� for�4�cohorts�on
the�same�day.

TABLE 3. ALTERNATIVE DEFINITIONS OF INCIDENCE: UNIQUE INDEX HOSPITALIZATIONS

1° Position Any�position

Prevalent Incident Prevalent Incident

Noncancer
MI 256,183 234,098 323,736 296,144
CHF 494,845 299,161 1,294,707 833,027

(sample 5 277,676)
Hip�fracture 218,729 207,927 228,677 216,431
Stroke 268,222 241,479 334,016 300,093

Cancer
Colorectal 78,189 72,165 98,877 84,093
Lung 58,077 51,072 110,243 87,619
Urinary� tract 39,553 31,142 54,964 40,897
"Bad"�cancers:

Leukemia 9,505 7,168 34,940 22,017
Lymphoma 22,182 16,671 53,042 34,327
Pancreatic 12,834 11,661 19,233 16,225
Liver/biliary 7,383 6,695 11,290 9,655
CNS 5,636 5,103 7,230 6,276
Head/neck 9,051 7,848 14,127 11,428

Bold�numbers�indicate�the�choice�made�for�this�project.�This�is�based�on�acute�inpatient�hospitalizations�with�age
at�least�68�for�any�hospitalization�(that�is,�without�any�geographic�restrictions,�claims�completeness,�or�date�validity
checks).

MI,�myocardial�infarction;�CHF,�congestive�heart�failure;�CNS,�central�nervous�system.



checks�from�the�claims:�(1)�valid�birth�date,�in�or-
der�to�impose�the�age�restrictions;�(2)�a�valid�ad-
mission�date;�(3)�some�valid�ICD-9-CM�codes�that
met�our�enrollment�criteria.�The�presence�of�other
data�errors�on�a�claim�(e.g.,�some�invalid�ICD-9-
CM�codes�in�other�diagnostic�fields)�did�not�ex-
clude� a� claim� from� empanelment.� Therefore,
there� were� some� remaining� data� errors� in� the
claims�that�required�exclusion�of�claims�because
of� incoherent� dates� (e.g.,� death� dates� reported
later� than�the�day�on�which�we�took�delivery�of
final�mortality�follow-up�data�or�death�dates�be-
fore�the�admission�date),�missing�gender,�or�miss-
ing�race.�The�final�cohort�size�with�adequate�min-
imum�data�was�1,231,894�unique�individuals;�this
represents� 99.19%� of� the� 1,241,935� unique� indi-
viduals�initially�screened�for�possible�inclusion�in
cohort�(i.e.,� 0.8%�were�excluded�because�of�mis-
cellaneous�data�impurities).

Other�empanelment� issues:�
geographic�restrictions

At� this� point� we� have� not� imposed� any� geo-
graphic�restrictions.�Thus,�the�cohort�includes�in-
dividuals�in�Puerto�Rico,�Guam,�and�the�U.S.�Vir-
gin� Islands,�and� other�miscellaneous� territories.
As�supplementary�material�such�as�Census�data
is�not�in�general�available�for�these�areas,�we�ex-
cluded�such�cases�from�many�analyses;�1,221,153
probands� (99.1%)� lived� within� the� 50� United
States�and�the�District�of�Columbia.

FINDING�SPOUSES

We�have�previously�published�a�method�to�de-
tect�the�marital�status�of�many�Medicare�benefi-
ciaries�based�on�information�latent�in�their�claims.
This�method�allows�us�to�uniquely� link�individ-
uals� to� their� spouse.�The�details� of�this�method
have� been� described23,24 and� discussed� else-
where.25,26 Briefly,�it�is�has�long�been�known�that
some� married� and� widowed� individuals� file
Medicare�claims�under�a�Health�Insurance�Claim
number�(HIC)�that�consists�of�their�spouse’s�So-
cial�Security� number� and�a�code�indicating� that
the�filing�individual�is�a�“dependent�beneficiary”
rather�than�a�primary�beneficiary.�Moreover,�in-
dividuals�can�change�the�HICs�they�use,�particu-
larly� when� their� spouse�dies.�This� is� one�of�the
reasons�for�the�use�of�“cross-reference�files”�when
linking� an� individual� across� multiple� years� or
types�of�HCFA�data.�What�we�noted�previously
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TABLE 4. INCIDENCE OF CANCER DIAGNOSES IN THE ELDERLY IN

COSI�AND SEER�DATABASES,�IN THOUSANDS OF EVENTS PER YEAR

SEER 1993�MedPARa COSI b

Colorectal 91 95 84
Lung 125 104 86
Leukemia 16 24.5 22
Lymphoma 38 39 34
Pancreatic 20 18 16
Liver/biliary 12.5 11.6 10
CNS 6.3 8.8 7.4
Head/neck 14.8 14.3 11.6
Urinary�tract 59 47 41

a1993� MedPAR,� any� age, no� look-back� to� exclude� incident�
cases.

bCOSI� data� use� for� individuals� older� than� 68� whereas� SEER
data�do�not�have�this�restriction.

Source:� SEER� data� is� from� Ries� LA,� Gloeckler� CL,� Kosary� BF,
Hankey�BA,�Miller�AH,�Edwards�BK:�1997.�SEER�Cancer�Statistics
Review,�1973–1994.�Bethesda,� MD:� National� Cancer� Institute.�NIH
Pub.�No.�97-2789.�Other�columns�are�from�authors’�own�tabulations.

CNS,�central�nervous�system.

TABLE 5. NUMBER OF INDEX HOSPITALIZATIONS

IN 1993�BY UNIQUE INDIVIDUALS

Count Frequency Percent�of�individuals

1 1,144,365 92.1%
2 93,892 7.6%
3 3,568 0.3%
4 109 0.0%
5 0 0.0%
6 1 0.0%

This� is�based�on�acute�inpatient�hospitalizations�with
age� at� least� 68� for� any� hospitalization� (that� is,� without�
any�geographic�restrictions,�claims�completeness,�or�date�
validity�checks).



was�that,�while�this�causes�hassles�for�construct-
ing�individual-level� longitudinal�data�sets,27 this
also�permits�the�development—using�only�infor-
mation� present� in� the� claims—of� longitudinal
couple-level�data�sets.

In�order�to�apply�these�methods,�we�could�not
restrict�ourselves�exclusively�to�the�MedPAR�files
and� other� utilization-based� claims.� After� all,� a
spouse�might� exist� but� not�use� any� health� care
during�our�year�of�interest.�However,�HCFA�also
maintains�an�enrollment�database.�The�1993�De-
nominator� file� contains� basic� identifying� infor-
mation�on�the�entire�Medicare�population�during
1993,� that� is,�it�contains�information�on�all� indi-
viduals� who� were� enrolled� in� Medicare� at� any
point�in�1993,� regardless�of�whether�or�not�they
actually� filed� a� claim.� The� enrolled� population
has� been� previously� shown� to� closely� approxi-
mate�the�population�of�all�Americans�age�65�and
older.19,28

We�received�from�HCFA�the�1993�Denomina-
tor�file�of�38,212,735� records,�with�mortality�fol-
low-up� for�the�entire�1993�Medicare�population
through�July�6,�1999,�and�a�cross-reference�file�as
of�January�6,�1999.�These�mortality�and�cross-ref-
erence�files�were�the�most�recent�available�at�the
time�of�this�particular�data�request.�We�used�this
data�to�develop�a� list�of�all�detectable�husband-
wife�pairs�as�of�1993,�where�both�were�enrolled
in�Medicare�at�some�point�during�that�year.�Af-
ter�doing�so,�we�would�“look-up”�the�spouse�of
our�COSI-cohort�members,�matching�them�if�pos-
sible.�This�allowed�us�to�determine�who�was�mar-
ried�(so�far�as�we�could�detect)�on�January�1,�1993.
We�then�took�the�unmatched�population�(i.e.,�the
probands� for� whom� we� did� not� find� a� living
spouse),�and�probed�the�Medicare�data�to�see� if
they�ever�had�had�a�spouse,�which�would�allow
us�to�not�merely�designate�them�a�widow�or�wid-
ower,�but� to�know�for�precisely� how� long� they
had�been�in�such�a�status.29,30

The�1993�Denominator�file�contains�38,209,888
unique�individuals,�32,180,588� of�whom�were�at
least�age�65�as�of�January�1,�1993.�The�results�of
the�matching�process�are�schematized� in�Figure
2.�The�final�distribution�of�our�cohort�by�marital
status�as�of�January�1,�1993� is�shown�in�Table�6.
Because�the�dates�of�the�transitions�from�married
to�widowed�are�know�precisely,� these�dates�are
recorded� in� the� data� set.� Therefore,� for� cohort
members�with�multiple�index�diagnoses,�we�can
determine�their�precise�marital�status�on�the�day
of�admission�for�the�disease�under�consideration
at� that� time� in� disease-specific� analyses.� More-

over,�we�can�explore�in�detail�the�time�course�of
effects�of�marital�status�transitions.

We� cannot,� using� these� methods,� detect� new
marriages�among�the�elderly,�which�is�a�very�rare
phenomenon.� (In� 1990,� among� the� previously
widowed,�the�annual�rate�was�1.7�marriages�per
1000�for�elderly�women,�and�14.0�per�1000�for�el-
derly�men;� thus,� it� is�unlikely� that�more� than�a
few� percent� of�our�widowed� sample� may� have
remarried.d Likewise,�we�cannot�detect�cohabit-
ing�couples,�a�similarly�rare�phenomenon�at�this
point�in�time�in�this�population.33,34

DEFINING�THE�DEATH�DATE

Death�dates�were�obtained�from�the�highly�ac-
curate� Vital� Status� file� of� the� Health� Care� Ad-
ministration�as�of�July�6,1999.�This�file�is�updated
regularly� from� the� Social� Security� Administra-
tion.�This�file�has�been�shown�to�be�highly�accu-
rate,�although�there�are�known�defects�in�the�de-
tection�of�death�of�certain�old�widows.28

EXPANDING�THE�RACIAL�AND�
ETHNIC�CODING�BASED�ON�NAME

ALGORITHMS�FOR�HISPANICITY�
AND�ASIAN�ORIGIN

Medicare� data�have� certain� well-known� limi-
tations� with� respect� to� their� racial� classification
system,�and�the�race�codes�provided�in�the�claims
can� only� be� reliably� used� for� white/nonwhite
comparisons.35,36 However,�it�is�possible�to�apply
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dThese�data�may�be�contaminated�by�couples�who�are
divorced.�Some�of�the�members�of�these� former�couples
may�qualify�for�dependent�spousal�benefits,�although�the
restrictions�are�quite�strenuous.�While�fewer�than�5.7%�of
the�elderly�are�divorced,31 some�of�these�former�couples
may�contribute�to�the�overestimation�of�our�efficacy�at�de-
tecting�spouses.�There�are�two�approaches�to�dealing�with
this�that�can�be�implemented.�First�of�all,�we�can�require
that�married�couples�have�the�same�mailing�address�ZIP
code�at� the� time� of�the�proband’s�admission,� which�oc-
curs�in�87.2%�of�cases.�Second,�so-called�unequated�BICs
are�present� in� files� such�as� the� Physician/Supplier� and
Outpatient� claims� for� probands� or� spouses� present� in
these�claims.�Using�unequated�BICS,�we�can�note�that�the
spouse� is� receiving� benefits� as� a� divorcee,� and� change
their�marital�status�appropriately;�less�than�2%�of�couples
are� detected� as� divorced� using� the� 1992�and� 1993�data
from�these�files.�Although�the�decision�is�application-spe-
cific,�we�typically�require�that�couples�be�coresiding�in�or-
der�to�be�used�as�married�in�our�analyses.�



well-validated� algorithms� for� identifying� His-
panic� and� Asian-American� ethnicities� based� on
individual’ s�names,� substantially� improving�the
adequacy� of� the� racial/ethnic� classification� sys-
tem�we� can� use�here.37,38 A� total�of�28,719� pro-
bands�had�their�race�codes�reassigned�by�such�a
process.� As� expected� given� the� geographical
racial� distribution,39 85.5%� of� these� reclassified
Hispanic�and�Asian-Americans�lived�in�the�states
of� Arizona,� California,� Florida,� Hawaii,� Illinois,
Massachusetts,� New� Jersey,� New� Mexico,� New
York,�and�Texas.

DEVELOPING�COMORBIDITY
MEASURES

In�order�to�make�valid�mortality�comparisons
between�groups,�differences�in�health�at�baseline
must�be�taken�into�account.�One�fruitful�way�to
operationalize� “health”�for�such�purposes�is�the
notion�of�comorbidity�burden.�A�comorbidity�is
a� chronic�disease� of� substantial� mortality,� mor-

bidity,� or� management� burden.� The� number� of
such�comorbid�conditions�affecting�a�patient�is�of-
ten�computed� to�form�a� comorbidity�index�as�a
simple�scalar�measure.

Among�the�most�popular�comorbidity�indices
in� claims� data� research� are� those�based� on�the
work�of�Charlson� and� collaborators,40 particu-
larly�as�implemented�in�the�ICD-9-CM�codes�for
computerized�use.41–43 While�several�alternative
risk�adjustment�approaches�have�also�been�pub-
lished,44–53 the� Charlson� method� is� extremely
popular� and� has� been� used� exten-
sively.11,23,43,54,55 Direct� comparisons� between
these� alternative� scales� are� relatively� rare,� and
the�choice�of�the�Charlson�index�is�somewhat�ar-
bitrary.56–59 On� the� whole,� these� indices� have
been�developed� for�the�prediction�of�mortality
after�hospitalization.

We� have� previously� shown� that� statistically
and�empirically� significant� improvements�in�the
prediction�of�mortality� were�obtained� by� incor-
porating�alternative�sources�of�data—particularly
2� years� of� inpatient� lookback� combined� with� 1
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Known�Married
197,995

as�of�1/1/93

COSI�Members

Directly�Matched�Couples�*
5,188,168�individuals
(2,594,084�couples)

Known�Married
168,512

as�of�1/1/93

COSI�Members

Cross-Reference�Matched�Couples�**
3,438,274�individuals
�(1,719,137�couples)

Known�Widow/ers
323,207

as�of�1/1/93

Newly�Detected�Couples�‡
31,242

as�of�1/1/93

Marital�Status�Unknown
510,938

as�of�1/1/93

Generate�Hypothetical�HICs�†
4,963,942�hypothetical�HICs

to�HCFA

COSI�Members

Unmatched�Individuals

1993�Denominator�File
N�=�32,180,588
at�least�age�65

1993�Denominator�File
N�=�38,209,888

Any�Age

FIG.�2. Detection�of�spouses.�*As�was�known,�a�single�primary�beneficiary�may�have�more�than�one�dependent�ben-
eficiary;�this�occurred�36,646�times.�**Altogether,� there�were�a�total�of�36,915,227�Health�Insurance�Claim�numbers
(HICs)�in�the�cross-reference�file�used�by�the�32�million�individuals�ages�65-plus�in�the�Denominator�File.�Of�those,
10,110,008�have�died�by�our�follow-up�on�July�6,�1999.�†In�order�to�detect�already�deceased�spouses,�we�took�all�the
HICs�ever�used�by�any�Care�After�the�Onset�of�Serious�Illness�(COSI)�cohort�member�not�matched�to�a�spouse�alive
in�1993�by�the�process�using�the�Denominator� file.�We�then�changed�the�BICs�to�their�reciprocal—where�we�had�a
BIC�indicating�a�dependent�spouse�or�widow,�we�created�a�HIC�indicating�a�primary�beneficiary,�and�vice�versa.�We
obtained�a�Vital�Status�data—birth�dates�and�death�dates,�if�any—for�all�cases�where�the�hypothetical�HIC�indicated
an�actual�individual.� ‡Newly�detected�married�couples�were�those�in�which�a�spouse�who�had�not�died�as�of�Janu-
ary�1993,�was�detected�by�the�hypothetical�HICs.�These�largely�represent�couples�in�which�the�non-COSI�spouse�qual-
ified�for�Medicare�after�1993,�and�so�was�not�in�the�1993�Denominator�File,�but�before�our�hypothetical�HIC�file�was
processed�in�February�2000.



year� of� outpatient� and� auxiliary� claims� look-
back—but� only� if� indices� derived� from� distinct
sources�of�data�are�entered�into�the�regression�dis-
tinctly.60 Furthermore,� we� found� that� these� im-
provements�in�explanatory�power�largely�held�re-
gardless� of� whether� one� also� controlled� for
Charlson�scores�based�on�self-reported�health�his-
tory� and/or� based� on� the� secondary� diagnoses
from�the�claim�for�the�index�hospitalization.�There-
fore,�for�COSI,�we� computed�separate� Charlson
scores� for� each� data� source� for� 1-year� intervals
prior� to� each� index� admission� date;� this� means
that� for� individuals� empanelled� with� multiple
diseases,� they� have� multiple,� diagnosis-specific
Charlson�scores.�We�have�also�computed�the�co-
morbidity� adjustment� approach� proposed� by
Elixhauser�et�al.45�e

EXTERNAL�DATA�LINKAGES:
INSTITUTIONAL�PROVIDERS

Hospitals

There�were�a�total�of�5103�hospitals�in�the�Med-
PAR�data;�not�all�of�these�hospitals�were�included
in�COSI.�In�1993,� 5084� had�at� least�10�Medicare
discharges� and� could� be� identified� in� HCFA’s
Provider�of�Service� File.� From�this� information,
we�linked�to�the�1993�American�Hospital�Associ-
ation� (AHA)� Annual� Survey� data.61 The� AHA
data�is�a�survey�of�all�hospitals;�it�is�typically�con-
sidered�the�best�self-reported�source�of�informa-
tion�on�hospital� features.�Using�hospital�names,
local� address,� and� telephone� number,� from
HCFA,� we� were� able� to� link� to� a� total� of� 4923
(96.8%)� short-term� acute� care� hospitals� in� the
AHA�annual�survey�database.�This�accounts�for
91.4%� (4923/5387)� of� all� adult� short-term�acute
care� hospitals� identified� by� the� AHA.� We� also
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eWe�are�unaware� of� information� comparing� the� per-
formance� of� the� Charlson� score� derived� from� multiple
data�sources�and�the�Elixhauser�score.

TABLE 6. MARITAL STATUS OF COSI�COHORT MEMBERS AS OF JANUARY 1,�1993

Who�died�first?

Total % Proband Spouse Neither

Men
Method�I-Directly�Matched

Proband�is�A 124,217 23.9% 24,334 73,376 26,507
Proband�is�B 3,304 0.6% 589 1,966 749

Method�II-Cross-Reference�Matched
Proband�is�A 119,299 22.9% 22,161 89,094 8,044
Proband�is�B 3,427 0.7% 942 2,064 421

Follow-Up
Proband�is�A 28,021 5.4% 1,500 18,595 7,926
Proband�is�B 263 0.1% 23 141 99

Widowed 54,242 10.4%
Unmatched 187,049 36.0%
Total 519,822

Women
Method�I-Directly�Matched

Proband�is�A 1,907 0.3% 641 839 427
Proband�is�B 68,567 9.6% 25,195 29,410 13,962

Method�II-Cross-Reference�Matched
Proband�is�A 5,387 0.8% 2,248 2,936 203
Proband�is�B 40,399 5.7% 16,942 17,959 5,498

Follow-Up
Proband�is�A 654 0.1% 83 411 160
Proband�is�B 2,304 0.3% 833 983 488

Widowed 268,965 37.8%
Unmatched 323,889 45.5%
Total 712,072

COSI,�Care�After�the�Onset�of�Serious�Illness.
“Methods�I,”�“Method�II,”�and�“Follow-Up”�refer�to�ways�at�finding�spouses.�“A”�and�“B”�refer�to�the�BICs�which

identify�whether�an�individual�is�a�primary�or�secondary�beneficiary.�“Unmatched”�means�we�were�not�able�to�find
a�spouse�(alive�or�dead)�for�the�proband.



identified� all� hospitals� that� were� ranked� “Best
Hospitals”�by�the�U.S.�News�&�World�Report an-
nual�ranking�in�1993�in�the�following�six�special-
ties�particularly�germane�to�the�care�of�COSI�pa-
tients:� cardiology,� gastroenterology,� neurology,
oncology,�orthopedics,�and� geriatrics.62,63 These
hospitals�may�have�improved�outcomes�relative
to�all�other�hospitals� for�patients�with�MI64;� the
rankings�are�certainly�highly�visible.

Physicians

It�would�be�possible�to�link�our�data�to�HCFA’s
MPIER�file�or�the�AMA�Masterfile� at� the�physi-
cian-level.� For� example,� approximately� 300,000
different�physicians�billed�for�outpatient�services
to�the�COSI�patients.

EXTERNAL�DATA�LINKAGES:
INDIVIDUAL�PATIENTS

Overview

A�major�limitation�of�claims-based�data�explo-
rations� is� the� paucity� of� individual-level� infor-
mation� about� non-health–related� attributes� or
outcomes.� In� the� current� project,� we� have� at-
tempted�to�overcome�this�in�two�ways.�First,�we
have�tried�to�maximally� exploit� the� information
available� from� HCFA,� using� the� indicators� of
Medicaid�receipt,65–67 the�marriage�detection�al-
gorithm,� expanded� ethnicity� detection� algo-
rithms,�and�detailed�comorbidity�measures.�Sec-
ond,� we� have� taken� advantage� of� the� many
high-quality�local�area�datasets�available�from�the
U.S.�government;�in�particular,�we�linked�to�the
1990�Decennial�Census�and�to�the�Area�Resource
File.�While� these�auxiliary� data�sets�do�not�pro-
vide�individual-level�detail,�they�provide�impor-
tant�information�about�the�communities�in�which
our�probands�make�their�lives.�For�many�studies,
this�local�area�information�is�quite�useful.

U.S.�Census

Data� were� linked� to� the� 1990� U.S.� Decennial
Census;�the�Census�provides�the�most�detailed�in-
formation�about�population�characteristics�avail-
able.68 This�was�done�at�the�ZIP-Code�level.�ZIP
Codes�are� aggregations�of�25,000� to�50,000� resi-
dents�developed�for�administrative�purposes.�As
such,�they�do�not�necessarily� represent�commu-
nity�boundaries� in�the�way�community�areas�or

census� tracts� attempt� to.� However,� because� of
their�ready�availability�and�relatively�low�level�of
aggregation,�they�are�often�used�in�linkage�stud-
ies.67,69–74 We�were�able�to�link�1,184,995� (97.1%)
of� the� 1,221,153� probands� who� were� in� the� 50
states� and� the� District� of� Columbia� to� the� 1990
Census.�The�linkage�failures�likely�resulted�from
data�errors�in�the�claims�and�the�Postal�Service’s
periodic�creation�of�new�ZIP�Codes�in�dense�ar-
eas.�From�this,�we�were�able� to�extract�informa-
tion� about� the� communities� in� which� the
probands� reside,� such� as� the� age� distribution,
race,� median� income,� median� education-level,
and�population�density.

We� were� particularly� interested� in� the� use� of
Census�data�to�provide�additional�information�on
the�level�of�affluence�of�the�communities�in�which
our�probands�reside.�This�provides�a�continuous
measure�that�is�likely�well-correlated�with�house-
hold-level�total�financial� resources.�The�interpre-
tive� validity� of� this� approach� has� been� docu-
mented75,76;� however,� there� remain� certain
limitations� as� to� the� interpretation� of� any� esti-
mated�effects�from�such�proxy�values.77–79 There
is�an�extensive�debate�on�the�usefulness�of�such
area-based� measures� in� the� literature.80–84 The�
major� interpretive� difficulty� arises� because� geo-
graphical�data�may�tend�to�undercontrol�for�vari-
ation�in�economic�resources;�for�example,� it�will
fail�to�take�into�account�the�fact�that�African�Amer-
icans�in�general�have�lower�levels�of�wealth�at�the
same�income�levels�as�whites.85 However,�among
the�elderly,�the�use�of�area-measures�may�in�fact
better�approximate�the�concept�of�mobilizable� fi-
nancial� resources,� such� as� home� equity,� than
would�a�simple�measure�of�income.�For�health�de-
cisions,�particularly�at�the�end-of-life,�a�more�gen-
eral�measure�of�assets�may�be�more�appropriate
for�studying�the�influence�of�finances�on�choices.
Furthermore,� these� aggregate� measures� are�nec-
essary�to�study�many�types�of�questions.86–88

Area�Resource�File:�county-level�definition� of
market�variables

The� Area� Resource� File� (ARF)� is� a� publicly
available� aggregation� of�data� from�a�number�of
sources�produced�by�the� federal�government.� It
is�commonly�used�in�health�services�research�to
provide� information� at� the� county� level.69,89–97

We� were� able� to� link� 1,203,919� (98.6%)� of� the
1,221,153� probands�who�resided�in�the�50�states
and�the�District�of�Columbia.�There�was�no�par-
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ticular� relationship� between� whether� patients
could�be� linked�to�the�Census�via�ZIP�Codes�or
linked�to�the�ARF�via�county�information.�From
the�ARF�we�could�obtain�measures�of�health�care
infrastructure,� population� demographics,� and
other�variables.

Counties�were�particularly�of�interest�to�us�as
we�wanted�to�define�the�health�care�markets�rel-
evant� to�end-of-life�care.�There�are�a�number�of
difficult� methodologic� issues� involved� in� defin-
ing�health�care�markets.�Some�have�strongly�ad-
vocated�the�use�of�the�Hospital�Referral�Regions
(HRR),98 others� the� use� of� network-based� mea-
sures,93,99,100 and�others�counties.�In�this�project,
we�have�used�counties�to�approximate�markets,
as� has� been� done� in� numerous� other� stud-
ies.69,89–97,101,102 This�was�done� for�a�number� of
reasons:�(1)�our�particular�focus�is�in�general�hos-
pice� use� rather� than� other� types� of� health� care�
utilization;� (2)� our� experience� with� hospice
providers� suggests� that� counties� best� approxi-
mate� the� way� they� think� about� their� market’s
boundaries;� (3)� empirical� tractability� and� avail-
ability�of�data;�and�(4)�past�work�suggesting�that
results� are� often� (but�not�always)� insensitive� to
the�difference�between�HRRs�and�counties.103

ILLUSTRATION�OF�THE�TYPES�OF
ANALYSES�POSSIBLE

Having�assembled�the�data�set,�we�can�now�ask
some�basic� questions.� In� the� accompanying� pa-
per,18 we�address�questions�such�as� the� follow-
ing:�Of�those�in�the�50�states�and�the�District�of
Columbia,�newly�diagnosed�with�a�serious�illness
in�1993,�how�many�will�have�died�by�the�end�of
1997?� Of� those�who�died,�how�many�used�hos-
pice?�We�are�currently�engaged�in�several�addi-
tional�projects�based�on�this�data.�The�questions
we�are�asking�include:

ï Does�the�structure�of�the�health�care�market�in-
fluence� hospice� use?� This� analysis� combines
the�multiple�levels�of�analysis�in�our�data�with
the� power� of�hierarchical� linear� models104 to
analyze�county-level�effects�validly�while�tak-
ing�into�account�individual-level�differences.

ï Does�hospice�use�alter�length�of�life?�In�order�to
answer�such�a�question,�one�must�control�for�the
fact�that�only�people�close�to�death�are�referred
to�hospice.�We�exploit� the�distance� to�hospice

and�distance� to�hospital�measures�available� in
COSI�as�instrumental�variables�to�study�the�im-
pact�of�hospice�on�duration�of�life.105 Similar�ap-
proaches�have�been�used�to�evaluate�the�effec-
tiveness�of�other�medical�outcomes.106

ï How�does�the�death�of�a�spouse�affect�mortal-
ity?� Because� our� data� contain� information
about� both� husbands� and� wives,� we� can� see
how�the�death�of�one�affects�the�mortality� of
the�other.�Furthermore,�we�take�advantage�of
differences� across� diseases� in� how� sensitive
probands�are�to�the�death�of�a�spouse�to�try�to
understand�the�process�by�which� spouses�af-
fect�mortality.107

ï Does�health�care�provided�to�one�member�of�a
family� affect� the� health� of�other�members?� In
this�study,�we� compare� the� surviving�spouses
of� patients� who� died� using� hospice� to� the
spouses�of�patients�who�died�without�hospice.
After�using�a�propensity� score�strategy� to�ad-
dress�selection�issues,108 we�look�for�differences
in�mortality�of�surviving�spouses.�Such�differ-
ences� have� important� implications� both� for
meeting� patients’ � wishes� and� for� the� ways� in
which�cost�effectiveness�analysis� is�conducted.

Certainly� other�projects�are� also�possible.�We
hope�that�COSI�offers�an�opportunity�to�address
a�number�of�questions�relevant�to�the�care�of�our
patients—and�offers�answers�that�let�us�improve
that�care�and�our�social�policy.
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