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Preface
his report presents a detailed
T description of a major portion of
the research undertaken to
redesign the National Health Interview
Survey (NHIS) for the period
1995-2004.

The NHIS is one of the major data
collection programs of the National
Center for Health Statistics (NCHS).
Through NHIS, information concerning
the health of the U.S. civilian
noninstitutionalized population is
collected in household interviews
throughout the United States. NHIS has
been in continuous operation since
1957, and its sample design has been
reevaluated and modified following each
of the last four decennial censuses of
the U.S. population.

The 1995-2004 redesign of NHIS
was a major undertaking that involved a
number of government agencies as well
as several private contractors. The
Survey Design Staff in the Office of
Research and Methodology (ORM),
NCHS, in collaboration with the
Division of Health Interview Statistics
(DHIS), NCHS, had overall
responsibility for the development and
implementation of the 1995-2004 NHIS
redesign. Monroe Sirken, formerly the
ORM Associate Director, played a major
role in the conceptualization and
planning of the research program. The
late Jim Massey, former Chief of the
Survey Design Staff, and Don Malec,
formerly of the Survey Design Staff, had
the primary responsibility for directing
the redesign research and coordinating
the research activities conducted by
NCHS, the U.S. Bureau of the Census,
and Westat, Inc. The late Steve Botman,
formerly of the Survey Design Staff, had
the lead responsibility in helping to
implement the 1995-2004 NHIS
redesign, and also carried out many
important steps leading to the
publication of this report. Van Parsons
of the Statistical Methods Staff, ORM,
contributed to the development of
subdesigns for the 1995-2004 NHIS
redesign. Keith Hoffman and Trena

Ezzati-Rice of the Survey Design Staff
participated in the research and
evaluation of the Social Security
Administration files as a potential
supplemental sampling frame for NHIS,
as described ihapter 6of this report.
Chris Moriarity of the Survey Design
Staff carried out the final steps of Steve
Botman’s work that led to the
publication of this report. The late Owen
Thornberry, formerly the Director,

DHIS, and John Horm, formerly the
acting Chief of the Survey Planning and
Development Branch, DHIS, were the
leading DHIS participants in the
1995-2004 NHIS redesign work.

Under contract with NCHS between
1989 and 1993, Westat, Inc., conducted
research for the 1995-2004 NHIS
redesign. The primary researchers at
Westat, Inc., included David Judkins,
David Marker, and Joseph Waksberg.
Other contributors included John
Edmonds, Mansour Fahimi, Hiseyin
Goksel, Doris Northup (CODA),
Svetlana Ryaboy, Valerija Smith, and
David Wright.

Additional research was conducted
by the U.S. Bureau of the Census and
coordinated through the Task Force on
Household Survey Redesign, assembled
and directed by the late Maria Gonzalez
of the Office of Management and
Budget (OMB). The task force was
formed to coordinate and monitor the
U.S. Bureau of the Census’s
simultaneous redesign of all of the
household surveys the Bureau conducts
for other Federal government agencies.
The task force played an important role
in coordinating the technical and
funding requirements for the redesigns
of all of the surveys.

The U.S. Bureau of the Census has
been the primary data collector for the
NHIS since its inception. The Bureau

evaluation of the Social Security
Administration files as a potential
supplemental sampling frame for NHIS,
as described ichapter 6of this report.
Persons at the U.S. Bureau of the
Census that deserve special recognition
for their contribution to the 1995-2004
NHIS redesign effort include Preston
Jay Waite, formerly Chief of DSMD;
Thomas Moore, Chief of the Health
Surveys and Supplements Branch in
DSMD; Robert Mangold, formerly Chief
of the Health Surveys Branch in the
Demographic Surveys Division; Patricia
Wilson of DSMD; and Lloyd Hicks,
formerly of DSMD.

The primary focus of the
1995-2004 NHIS redesign research was
to explore sample design options to
improve the reliability of NHIS statistics
for racial, ethnic, economic, and
geographic domains. Another objective
was to assess the integration of the
sample designs of the NCHS surveys of
health care providers and NHIS.

The decisions for the 1995-2004
NHIS redesign were based on a number
of factors including technical soundness,
competing analytical objectives,
operational feasibility, costs, and
available resources. The research results
presented in this report were the primary
basis for assessing the technical
soundness and costs for a number of
design alternatives. In particular, as part
of Westat, Inc.’s, research, a sample
design referred to as the “alpha” design
was developed, which assumed a
50-percent data collection budget
increase to permit oversampling of
racial and ethnic minorities. Westat, Inc.,
researchers also developed a
modification of the “alpha” design, the
“beta” design, which assumed no
change in NHIS data collection budget.
The “beta” design, which became the

also has been involved with the research design implemented in 1995, is

and implementation of the NHIS
redesigns. For the 1995-2004 redesign,
the Demographic Statistical Methods
Division (DSMD) had the primary
responsibility for evaluating alternative
primary sampling unit definitions for
NHIS, and for implementing the
redesigned sample. DSMD staff also
participated in the research and

described inchapter 17 The research
results in this report also led to
additional research, primarily in the area
of survey integration.

A more detailed description of the
1995-2004 NHIS design will appear in
a forthcoming NCHS Series 2 report
titted Design and Estimation for the



1995-2004 National Health Interview
Survey.

As required by the contract between
NCHS and Westat, Inc., a draft
manuscript of this report was submitted
to NCHS by Westat, Inc., in early 1994.
A revised manuscript was submitted to
NCHS by Westat, Inc., in early 1996.
This report is very similar to the 1996
manuscript, although personnel from
Westat, Inc., and NCHS made additional
revisions before publication.



Contents

P aCE . . oo iii
72N o 15 1 7= (o

1
EXECULIVE SUMIMALY. . o . oottt e e e e e e e e e e e e e e e 1
] Yo 11T 1o o 1
ReESEarch ODBJeCiVES. . . . o o 2
Research Methodology. . . .. ..o 2

Part I INtrodUCHION . . . ..o 7

Chapter 1. Background on the National Health Interview SULVEY. . . .. ... oot e e e i 8
Schedule and CoN Nt . . .. ... 8
Sample Design for 1085—04 . . . . ... 8

Statistics for GeographiC DOMaINS. . . .. ... ot 9
Integration With Surveys of Health Care Providers. . .. ... ... . e e e e 9

Part Il. Statistics for Racial, Ethnic, and Economic Domains. . ... 11

Chapter 3. CUITENt PreCiSION. . . . ..o e e e e e e e e 12
Variances in CUIMENt DeSIgN . . . . ..ot e e e e e e e e e 12
ComponNeNnts Of VaranCe . . . . ..o e 15

Chapter 4. Potential Techniques for Increasing Sample Sizes for Selected Domains. .. ..............ccvvieen... 16
Sample Sizes With SImple EXPanSION. . . . ...ttt e e e 16
Oversampling Classes of Primary Sampling UNiLS . . .. ... e 18
Oversampling Classes of BIOCKS 0OF BIOCK GrOUPS . . . . ..ottt e e e e e 18
Screening With SUbSampPling. . .. .. oo o 20
Network Sampling by Nomination of Relatives . . .. ... ... 21
Dual-Frame Sampling With Administrative LiStS . . . ... ..o e 24
MUty Ear AQQregation. . . . ..ottt e 24
Carrying Samples OVer FrOM PriOr YEarS. . . . ..ottt it et et e e e e e e e 24
COSt MOUEIS . . oo 25

Chapter 5. Best Techniques for Sampling the Nonelderly Black and Hispanic Populations. . ...................... 26
Oversampling Small Decennial Census Geographic Units Without Screening . .. ..., 26
Screening a National Equiprobability Sample . ... ... 28
Oversampling at the Block Level With Screening for Race, Ethnicity, Age, and.Sex. .......... ... ... .. ... .. .... 28
Oversampling at the Block Level With Screening for Race and Ethnicity Qnly. . ........ ... ... ... ... ... 28

Chapter 6. Choosing a Sampling Technique for the Elderly Black and Hispanic Populations...................... 33
Area Sampling With Oversampling at the Block Level With Screening for Race, Ethnicity, Age, and Sex ......... 33
Dual-Frame Sampling With Social Security Administration Lists . . .. ... ... i e 33

Chapter 7. Prospects for Statistics on Detailed Hispanic Subdomains. .. .......... ... 37
Design-Based TeChNIQUES. . . . . . ..ot e e e e e e e e e e 37
Model-Based TeChNIQUES. . . . ...t e e e e e e e 37



Chapter 8. Prospects for Statistics on Other Minority GraURS . . . .. oo oot e 38

Asians and PacifiC ISlanders. . .. ... 38
American Indians, ESKimos, and AlBULS . . .. ... 38
Chapter 9. The POOK. . .. e e e e 39

Part Ill. Statistics for Geographic DOMaINS .. ... 41
Chapter 10. Subnational Estimates for State Groupings and Hispanic Persons. . ... .. 42
Subnational Domains With CUrrent DESIGN. . . . . .. oot e e e e e 42
Subnational Domains for HiSpaniC PersSons. . . ... ... e 43
Oversampling HiSPaniC PerSONS. . . . . ..o ot e e e e e e e e e e 43
Chapter 11. Design-Based Approaches for State Estimatian . .. ........... i e e 47
Estimation Based Solely on the National Health Interview SULVEY. . . .. ... i e e e 47
Dual-Frame Estimation Using Random Digit Dialing Supplementation. .. ............ ... 47
Chapter 12. Empirical Comparison of Model-Dependent EStimators. . . . ... e 58
B StimM At OrS. . . oo 58
State-Specific Mean SQUAre ErTOrIS . . . ...ttt e e e e e e e e 60
Empirical ReSUIS. . . ..o e 62
Summary of Empirical ReSUILS . . . . ... o e 71
Part IV. Coordination With Surveys of Health Care Providers ................... ... .. ... .. ... ... ... 73
Chapter 13. Coordination at the Primary Sampling Unit Level. . ... ... . e 74
COSE SAVINGS - . o et ittt et e e e e 74
ANalySisS ENFCmMENt . . . 74
VariaNCE INCIEASES . . . o .ttt ettt e e e e e e e e e e e e e e e e 74
CONCIUSION .« . ot 75
Chapter 14. Network Sampling of Providers Through the National Health Interview Survey....................... 76
Nt OAUCTION. . . o e e e e e 76
Model for CoSts and VarianCe. . . . . ... e e 77
Comparison With List-Based Sampling. . . .. ...ttt e 79
CONCIUSION .« . o e e 80
Chapter 15. The National Health Interview Survey as a Tool for Linking Beneficiary and Provider Perspectives on
Health Care . ..o 81
OBl SUINV Y S .« . .ot 81
National Health Interview Survey as a Baseline or as a Follow Up? . ... ... .. e 81
Part V. Decisions on Sample Design and Contingency Options . ..., 83
Chapter 16. DecCisions 0N Sample DeSigN . . . ...t e e e 84
Reconciliation Of ObjeCtIVES. . . ... oo e e 84
Primary Sampling Unit Definition and Measure of Size. . ... i e e e e e 84
Primary Sampling Unit Stratification. . . . .. ... 85
Primary Sampling Unit SEleCtian . . . .. ... 85
Selection Of BIOCKS . . . . ..o 85
WIthIiN-BIOCK SeleCtion . . . .. . 86
Y ox (= =T o1 T 87
NEW CONSIIUCTION . . . . oottt e e e e e e e e e e e e e e e e e e e e e e e e e 88
Dual-Frame Sampling for Elderly MinOrities. . .. ... .o e e e e 88
Panel CONSIIUCHON . . . ..o e e e e 88
Summary of Design CharaCteriStiCs. . . .. ..ot e e e e e e 92
Chapter 17. ContingeNnCY Plans . . .. ..o e e e e e e 93
The Beta OptiON . . ..ot e 93
New Construction SamPpPling . . . .. ..ot e 97
Restoration of an Equiprobability Design at Level Cost and Other Contingency Rlans. .. ....................... 98

Vi



Chapter 18. Recommendations for Continuing Research . .. ... ... . . i e 100

Intercensal Tracking of Minority Populations Across Density Strata . . ... e 100
Updating Minority DENSILY AFCaS. . . . . . oottt et et e e e e 100
Coverage IMPrOVEMENT . . . .. ...t e et e e e e e e e e e e e e 100
R B BN CES . . . .o 101
Appendixes
I List of the National Health Interview Survey Redesign Memorandums. . .. ...ttt 102
II.  National Health Interview Survey Estimates and Coefficients of Variation. .. ........... .. ... ... .. ... .. 105

Text Figure

1. Summary of sample sizes for new design (alpha option) . . ... . i e 92

Text Tables

A. Effective adult sample sizes by redesign option and population domain relative to the 1988 NHIS.design. . . ... 4
B. Sample sizes for the black and Hispanic populations, aged 65 and.older. .. .......... ... ... ... .. .. ... ..... 5

Detailed Tables

1. Items selected for direct variance estimation. . ... ... ...t 12
2. Coefficients of variation for selected NHIS items: 1988 . . ... ... .. e 13
3. Domain-specific required sample sizes for @ 30-PerC@NL. . . . .. ..ttt e 14
4. Projections of the population by age, sex, race, and ethnicity to 2000. .. ......... ... i 16
5. Projections of undercoverage by age, sex, race, and ethnicity. . . ........... . ... 17
6. Sample sizes for equiprobability sample of 50,000 interviewed households. . ........... ... ... ... ... ...... 18
7. Sample sizes for equiprobability sample of 50,000 interviewed households with one adult per household
(corrected for within-household design effect) . . ... . 19
8. Distributions in 1990 of minority populations across density strata. .. ...........o it 20
9. Distributions in 1990 of each density stratum that is other. ... ... .. . . i 20
10. Aspects of the optimal mix of screening and oversampling for various cost assumptions and racial and/or ethnic
SUDAOMAINS. . . o et e e e 22
11. Distribution of the black population across density strata in 1990. . ... ... .. 26
12. Distribution of the Hispanic population across density strata in 1990. .......... ... ... . ... . . ... 26
13. Distribution of the other population across density strata in 1990. . .......... ... ... .. 26
14. Distribution of the total population across density strata in 1990. .. ... ... i e 27
15. Distribution of the black population across density strata in 2000. . ....... ... i e 27
16. Distribution of the Hispanic population across density strata in 2000. . ............ it 27
17. Distribution of the other population across density strata in 2000. .. ...t 27
18. Distribution of the total population across density strata in 2000. . . ... .. i e 28
19. The limits of oversampling WithOUt SCrEENING . . . . . ... ot e et 29
20. Oversampling rates for the alpha design (relative to a design that would yield 50,000 interviews) . ........... 30
21. Persons in screened households for the alpha option. .. ... ... . . . e 30
22. Percent of other households discovered during screening to be kept for full interviews under the alpha.design. 31
23. Effective sample sizes for alpha design when all household members are sampled. .. ...................... 31
24. Effective sample sizes for alpha design when one adult is sampled per household .. ....................... 32
25. Required sample sizes by sampling method and precision target. . . ... ... . i 34
26. Geographic concentration of the poor in 1990, . . . .. ... 39
27. State groupings to produce State estimates eVEry 3 Years. . .. ..o v vttt 42
28. Oversampling rates to produce subnational estimates for Hispanics . . .......... ... . . i 43
29. Oversampling rates when the HCFA frame is used as a sampling frame forthe elderly. . . ................... 44
30. Summary of number screened and interviewed, assuming two different screening.costs. . ................... 45
31. Summary of number screened (in the Southwest) and interviewed, assuming two different screening.costs.... 46
32. State sample sizes with and without oversampling of blacks and Hispanics; States ranked by population
SIZE N 2000, . . o .ot 48
33.  Number of States for which estimates would have the desired accuracy for three different sample sizes. ... .. 49

vii



34.

35.
36.
37.

38.

39.

40.

41.

42.

43.
44,
45.
46.
47.
48.
49.
50.
51.
52.

53.

54.
55.

56.

57.

58.

590.
60.
61.
62.
63.
64.
65.
66.

67.
68.
69.
70.
71.

72.
73.
74.

viii

State sample sizes (ranked by population size in 2000) for collapsed ages with and without oversampling of

blacks and HiSpaniCs. . . . . .. oo 50
RDD supplementation sample sizes for age groups with one adult sampled per househald. . ................ 52
Number of States for which all cells meet the desired level of accuracy.......... ..., 53
Variances of an RDD sample of 1,000 and 2,000 households per year for two designs, two different percentages,

and for all adults and the rarest Cell. . . ... . 53
The number of States, under the proposed redesigmp ar@ll, for which the unbiased composite estimates for

certain cells will havecv's greater than 30 Or 15 PerCeNnt . .. ...ttt e et e e 54
Number of States, by the size RDD supplement needed to derive a dual-frame NHIS estimator of accuracy similar

to stand-alone 1,000 RDD INTEIVIEWS. . . . ... vttt it e et e e e e e e e e e e e e e e e 54
Summary of the number of States and percent reduction in bias corresponding to different size RDD supplementation
of a dual-frame eStimator. . . .. ... 55
Differences between telephone and nontelephone households for percent of persons who smoke, and persons under
65 years old without private health inSUranCe . .. ... ... 55
Comparison of 1,000 RDD interviews alone (sampling one adult per household), with dual-frame estimators

(from proposed design), aml= 30 PeICENL. . . .. .. .o 56
Values of; for each of the 16 age/race/sex subgroups used inestimator.8................................ 59
Values of; for each of the 32 central city/age/race/sex subgroups used in estimatar.6...................... 60
Average number of doctor ViSits, by State . . ... ... . 63
Percentage with perceived poor health status, by State .. ... . . 64
State-specific mean square errors for number of doctor visits, using estimators 2and 5..................... 65
Groupings of States by common expected biases . . . ... 65
Average number of doctor visits, with States grouped by percentages of nonblack population in central cities.. 66
Average number of doctor visits, with States grouped by percentage of black population in central.cities. . . . .. 67
Variation in State estimates for average number of doctor ViSitS. .. ... ... . i 68
Percentage with self-perceived poor health status, with States grouped by percentage of nonblack population in

CENMTAl Gl . . oo 68
Percentage with perceived poor health status, with States grouped by percentage of black population in

CENtrAl GBS . . .ot e 69
Robustness of the generalized synthetic estimatar. . . ... ... e 70
State-specific mean square errors for number of doctor visits, using the synthetic estimator, with States grouped by
percent nonblack population in central CitieS . . . . ... ... 70
State-specific mean square errors for percentage with perceived poor health using the generalized synthetic estimator
with 16 balanced variances, with States grouped by percentage of black population in central cities.......... 70
State-specific mean square errors for percentage with perceived poor health using the synthetic estimator, with

States grouped by percentage of nonblack population in central cities. . . .......... ... i 71
Reduction in estimate of the MSE of the generalized synthetic estimator (16 subgroups) relative to

the MSE of the synthetic estimator for percent with perceived poor health. . ......... ... ... ... ... ... ... ... 71
Initial cluster sizes (in terms of placeholders) . .. ... ... 86
Percent of initially selected strings to be retained for actual listing (all others are putaside) ................. 86
Sample sizes for elderly MINOrties. . . . . . ..ot 88
Oversampling rates for the beta design (relative to a design that would yield 50,000 interviews) . ............ 93
Percent of total sample reserved for alpha option to be retained for the betaoption .. ...................... 93
Desired cluster sizes for beta design (in terms of placeholders). . ........ ... ... . i 94
Percent of strings reserved for the alpha option to be retained for the beta.option.......................... 94
Percent of listing lines reserved for NHIS within strings retained for the beta option that are actually to be screened

for the Deta OPtioN . . . ..o 94
Persons in screened households for the beta option. . ... ... 95
Percentage of other households discovered during screening to be kept for full interviews, beta option . .. .. .. 95
Effective sample sizes for beta design when all household members are sampled. .. ....................... 96
Effective sample sizes for beta design when one adult is sampled per household . .. ....................... 97
Effective adult sample sizes for the year 2000 by redesign option and population domain relative to the 1988 NHIS
design when just one adult is sampled per sample household. . ....... ... ... .. .. . e 98
Percent of sample originally selected that would be retained for an equiprobability design. .. ................ 98
Percentage of strings to keep in conjunction with post-listing subsampling for equiprobability.design. . ........ 99
Percentage of listed HU's to keep in retained strings in conjunction with string subsampling for equiprobability

QO SIgN. .ot 99



Objectives

This report presents a major portion
of the research carried out for the
1995-2004 redesign of the National
Health Interview Survey. The primary
focus of the 1995-2004 NHIS redesign
research was to explore sample design
options to improve the reliability of
NHIS statistics for racial, ethnic,
economic, and geographic domains.
Another objective was to assess the
integration of the sample designs of the
NCHS surveys of health care providers
and NHIS.

Methods

A number of research tasks were
carried out by Westat, Inc., to explore
the feasibility and cost of various
sample design options for the
1995-2004 National Health Interview
Survey redesign. This report provides a
detailed description of the research that
was carried out.

Results

The research results presented in
this report were the primary basis for
assessing the technical soundness and
costs for a number of design
alternatives. The first option, called the
alpha option, was developed under the
assumption of a 50-percent data
collection budget increase. The second
option, called the beta option, was
developed under the assumption of no
change in the data collection budget.
The beta option was the design
implemented in 1995.

Other important research items
described in this report include
oversampling methods for minority
populations and dual-frame sampling
methods. The research results in this
report also led to additional research,
primarily in the area of survey
integration.

A more detailed description of the
1995-2004 NHIS design will appear in
a forthcoming NCHS Series 2 report
titted Design and Estimation for the
1995-2004 National Health Interview
Survey.

Keywords: integrated survey design
« model-based estimation < dual-
frame estimation < network sampling

National Health

Interview

Survey: Research for the
1995-2004 Redesign

Executive Summary

Introduction

The sample design for the National
Health Interview Survey (NHIS) has
traditionally been revised following each
decennial census. The redesigns serve
two purposes. The first is simply to
update the sampling material through
the use of data from the recently
completed census. The second is to
redirect the sample toward new goals,
making the NHIS responsive to the
expected needs of health statistics in the
following decade.

The timing of the planning and
introduction of the revised sample is
coordinated with similar revisions the
U.S. Bureau of the Census makes for its
other demographic surveys, including
the Current Population Survey, the
American Housing Survey, the Survey
of Income and Program Participation,
and the National Crime Survey. The
coordination is necessary to ensure that
households are not part of the sample in
more than one survey; it is also an
efficient way of selecting samples for
multiple surveys. As a result, however,
changing the design is an extremely
complex task, even during the traditional
postcensus window.

The U.S. Bureau of the Census
requires a 4-year lead time to change
procedures for selecting blocks, the
basis for the area sample employed for
NHIS. A 3-year lead time is required to
change primary sampling units (PSU’s),
and an additional year is needed to list
the housing in sample blocks and select
the households that will be asked to
participate in NHIS. Cuts in sample size

can be made much more quickly,
usually in a matter of months, provided
that they follow certain guidelines, but
expansions take at least 2 years—Ilonger
for expansions that go beyond limits set
during the redesign. This problem can
be solved by an initial selection of a
very large sample, but there are
substantial financial costs to be borne
for selecting more sample than is
actually needed. Because of the
coordination requirement, the 1995
redesign is the only opportunity that the
National Center for Health Statistics
(NCHS) will have to make fundamental
changes in the sample design of NHIS
at a reasonable cost until the year 2005.

NCHS put considerable effort into
debating and consolidating ideas about
the most critical objectives for NHIS
statistics. A number of objectives were
identified—more than it appeared likely
could be simultaneously realized, given
budget prospects. Westat, Inc., was
awarded a contract to assist in the
development of a new design that would
meet these objectives to the greatest
extent feasible, given various funding
assumptions and revised priorities. Work
to be done by Westat, Inc., consisted of
the statistical and cost aspects of sample
design options. The contract did not
include any provision for research on
the instrument content or design. Westat,
Inc.’s, full final report synthesizes 4
years of research, meetings, and 119
technical memorandums (a list of their
titles is included as appendix 1) on the
most efficient sampling methods for
achieving the objectives. From this
research a proposed design for 1995 was
developed. In case budgets did not
permit the introduction of the
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proposed design, a backup design was
also developed.

This executive summary briefly
reviews the objectives and the methods
studied. More discussion is devoted to
describing the proposed design and
discussing the extent to which it meets
each of the objectives. For more detail
the reader is referred to the full report.

Research Objectives

The highest priority requirements

Medicare list, network sampling (where
members of the targeted domains are
asked to nominate their relatives for
inclusion in the sample), and using
simple techniques such as carrying
sample cases of targeted domains over
from 1 year to the next or aggregating
statistics across years.

Important considerations in these
studies were the prevalence of the
domain, the extent of geographic
clustering of domain members, the
contribution of each stage of sampling

for the redesigned NHIS, as specified by to the variance for a domain, coverage

NCHS, were:

e Improved precision of health
statistics about demographically
defined domains, including
specifically those defined by the
interaction of age and sex with race,
ethnicity, and poverty status.

e Improved precision of health
statistics for subnational geographic
areas—in particular, States.

e Decreased bias by eliminating proxy
reporting.

® An ability to quickly and radically
change the size of NHIS in response
to funding opportunities and
cutbacks.

e Improved analytic potential and/or
cost reduction through linkage with
the provider surveys sponsored by
NCHS.

e A continued ability for NHIS to
serve as a vehicle for follow-on
surveys such as the National Survey
of Family Growth (NSFG).

Research Methodology

Improved Precision for
Demographically Defined
Domains

A wide range of techniques was
studied that might be used to improve
precision for racial and ethnic minorities
and other demographically defined
domains. These techniques included
oversampling geographic areas with
strong concentrations of targeted
domains, screening a general sample to
identify members of the targeted

of lists of domain members, the
variances and potential biases of
network sampling, and the power of
multiyear estimates, given that each
year's sample is not independent of
other years. Another important
component of this work was the
projection of costs for alternative
designs. An attempt was made to form
an extremely general cost model based
on interviewer time sheets for NHIS
from the U. S. Bureau of the Census,
but most cost projections were actually
done in a more informal manner, based
on information supplied by persons
experienced in the management of
survey operations.

To study the prevalence and
geographic clustering of each domain,
data were examined from the NHIS
itself, the 1980 and 1990 decennial
censuses, and demographic models of
population growth from the U. S.
Bureau of the Census. To study the
contribution of each stage of sampling,
an analysis of components of variance
was conducted on the 1988 NHIS with
new methodology. The main lists
considered were the master beneficiary
lists maintained by the Social Security
Administration (SSA) and Health Care
Financing Administration (HCFA) for
administration of Social Security and
Medicare. Most of the work done on
network sampling of rare domains was
conceptual in nature with
recommendations for further research.
The power of multiyear estimates and
carryover procedures was based on the
work on components of variance and
U. S. Bureau of the Census data on the

domains (and subsequently subsampling frequency of residential moves by

others), sampling from lists such as the

minority persons.

Improved Precision for
Geographically Defined
Domains

This research started from an
analysis by NCHS staff (1) indicating
that State-level statistics from NHIS
have very poor precision for most
States. Based on U. S. Bureau of the
Census projections of State populations
in the year 2000 (the midpoint of the
period in which the redesigned sample
would be used), estimates were made of
the size of sample supplements that
would be needed to improve the
precision of State-level statistics to more
acceptable levels. These estimates were
prepared under the assumptions that the
supplemental samples would be of the
traditional area-permit type and the
samples would be obtained by means of
random digit dialing (RDD). Various
groupings of States for which acceptable
precision could be more easily obtained
were also studied. Finally, there was an
intensive study of the potential of
various small-area techniques, including
model-based statistics.

Decreased Bias Because of
Proxy Reporting

Work by NCHS staff had identified
proxy reporting as a major cause of
response bias. The size of the bias tends
to vary among items but appears to be
particularly large for the more subjective
items, such as self-perceived health
status. Obtaining response rates nearly
as good as the current response rates
while disallowing proxy response is
quite expensive. To offset the increased
cost of this requirement, the idea was
put forward to interview just one
randomly chosen adult per family.
Although the merits of this approach
were mostly outside the scope of this
research, the potential that this system
would be imposed conditioned all the
other research and required study of
design options that assumed all adults
would be interviewed in each sample
household and that just one adult would
be interviewed per family within the
household.



Flexibility for Rapid Sample
Expansions and Contractions

Research on rapid sample
expansions consisted mostly of
discussions about the cost of preparing
and maintaining extra samples. The task
of a rapid expansion is not as easy as it

seems it should be. Given requirements correlation in the measure of size for the

from the Office of Management and
Budget for minimization of response
burden, the complexity of the designs of
other current surveys at the U. S.
Bureau of the Census, and the NHIS
requirement for no recourse to decennial
census address registers, issues of
coordination are extremely complex.
Also, there are costs for fieldwork done
to keep a sample ready to use (even if it
is never used), for example, collecting
building permit information from

selected building permit offices. Finally,

it is difficult to select additional samples
efficiently for data collection instruments
and procedures that have not been
designed yet.

Rapid contractions are considerably
easier to design. Research in this area
focused on alternate panel construction
methodologies.

Integrated Survey Design

Integration of the NHIS design with
the design for the National Health Care
Survey (NHCS), an umbrella term for a
collection of independent surveys of
health care providers was an important
issue for the NCHS staff. There was
interest in the possibility of enhanced
analytic strength from an integrated set
of surveys and the possibility of
operational synergies that might lead to
lower overall cost for the integrated
system.

Research in this area focused most
strongly on the implications of
integration at the PSU level, where all
the surveys would be located in the
same set of PSU’s or where the NHCS
PSU’s were at least nested within the
NHIS PSU’s. Given the paucity of
county-level health and health care data,
the research that could be conducted in
this area was limited. The research that
was done focused on the compatibility
of optimal PSU-level measures of size
for the various surveys and on the

implications for the provider surveys of
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Major Findings and

two-stage versus three-stage design. TheRecommendations

former work was based on tabulations
of the National Master Facility
Inventory and other NCHS sources.
Similarity of the set of PSU’s to be
included with certainty for each survey
was closely examined. Also, the

noncertainty PSU’s was examined. The

latter set of work was based on National

Hospital Discharge Survey (NHDS) and
National Ambulatory Medical Care
Survey (NAMCS) data. The NHDS
work was based on a review of internal
NCHS documents. The NAMCS work
involved the calculation of components
of variance using new methodology.

Follow-on Surveys

A number of NCHS surveys use
respondents from NHIS samples from

The major outcome of this contract
was a new recommended design for
NHIS. This recommended design is
labeled the “alpha option.” The
specifications for this design flowed
directly from the research conducted by
Westat, Inc., with several iterations of
refinement in response to feedback from
NCHS and the U. S. Bureau of the
Census. The alpha option is predicated
on the assumption of an ongoing budget
for 1995 and beyond that is 50 percent
larger than would be required to sustain
the current design at a strength of
50,000 completed household interviews
per year. Because the current NHIS has
been running close to 47,500 completed
household interviews per year, this
implies a need for an increased budget
on the order of 58 percent. If an

previous years as screening samples toadditional option regarding elderly

find domains of special interest for
intensive interviews on topics that
cannot be included in NHIS because
of time or other constraints. The best
known example of this sort of
sampling approach is NSFG. The
flexibility to be able to use retired
NHIS samples for this purpose was
the reason for the switch in 1985 from
an NHIS sample based on a mix of
decennial census address registers,
manual block listing in areas with
poor quality registers, and new
construction building permits, to a
sample based only on manual block
listing and building permits. The cost
of this switch was far from trivial
because of the requirement for much
more listing. This extra listing cost
continues to be a factor for the 1995
redesign. To preserve the benefits of
this expense for extra listing, a factor
in all discussions about the NHIS
design was the potential impact of
design changes on these follow-on
surveys. Particular tension was noted
between the large numbers of sample
PSU’s needed for improved precision
for State estimates and the small
number of sample PSU’s usually
needed for follow-on surveys.

minority groups is exercised, the total
budget increase becomes about

62 percent. There is also the assumption
that 1994 monies can be found for the
extra listing of blocks and recruiting and
training of interviewers required by the
alpha option.

Recognizing the uncertainties of the
Federal appropriation process, a “beta
option” was also identified that would
have the same long-term costs as the
current design with 47,500 annual
household interviews. NCHS set the
goals for the beta option of maintaining
current precision for statistics for black
people; and improving precision on
statistics for Hispanic persons enough to
achieve parity with those for black
persons.

Improved Precision for
Demographically Defined
Domains

The alpha option responds to all of
the goals of the 1995 design to some
extent. The primary achievement of this
design, however, is to provide
substantial improvements in the
precision of statistics about the black
and Hispanic populations. The
improvements for Hispanic persons are
particularly strong. The alpha option
provides considerable improvement in
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the precision of statistics on the black
and Hispanic populations at the cost of
precision for other demographically

The stratification and oversampling
by minority density is a technique that

nor Hispanic, although the difference in
this area between the alpha and beta

was also used for the 1985 design, albeitoptions is minor.

defined domains. The tradeoff is sharper to a lesser extent. For that design

for the beta option because it improves
the precision of statistics on Hispanic
persons and holds the precision of
statistics on black persons the same, all
at current budget level§able A
quantifies these projected precision
changes in terms of changes in effective

enumeration districts and block groups
(higher levels of geographic units than
blocks) were stratified by percentage of
the local population in 1980 that was
black. Also, the degree of oversampling
of the strongly black areas was
constricted (by plans for the formation

sample sizes. (The effective sample sizesof interviewer assignments) in such a
shown here correct the raw sample sizes manner that there was almost no

for the design effects resulting from
differential sampling rates across the
minority density strata and across adults
in households of different sizes.) The
sample sizes do not add up across the
domains because of different design
effects. The deterioration in precision for
totals and for other categories was
within a zone with which NCHS staff

felt comfortable.

Statistics on the Black and Hispanic
Populations

These improvements in the
precision of statistics for the black and
Hispanic populations were achieved by
a mix of two techniques: Stratification
on minority density with
nonproportional allocation, and
screening. Stratification on minority
density with nonproportional allocation
means that blocks are stratified by the

oversampling in rural southern PSU’s
with strong black concentrations. The
new design employs finer geographic
detail and an alternate plan for building
interviewer assignments to make the
oversampling much more efficient. The
new design also focuses more on
Hispanic density than on black density,
given the fact that the Hispanic
population is currently smaller than the
black population in the United States.
Screening is a technique that has
been used at private survey research
firms for many years but has been
employed only once at the U. S. Bureau
of the Census (for the Survey of Income
and Education in the 1960's). Given the
long length of time since the last use of
screening at the U. S. Bureau of the

An alternative with either the alpha
or the beta option is to supplement the
area-permit sample with a sample of
black and likely Hispanic SSA
beneficiaries. (The word “likely” is used
because the SSA files do not actually
have a variable that identifies Hispanic
persons. Research has shown, however,
that there is a set of surnames that is
associated strongly enough with being
Hispanic to serve as the basis for
sampling.)Table Bshows the increases
in the effective sample sizes for elderly
black and Hispanic persons that could
be achieved with supplements from SSA
lists of the indicated sizes.

Other Demographically Defined
Domains

Besides the black and Hispanic
populations, the other domains of
interest that were studied include Asians
and Pacific Islander Americans,
American Indians, Eskimos, and Aleuts,
the poor, the rural population, teenagers,
the extreme elderly (85 years of age and
over), and Hispanic subgroups such as
Puerto Ricans.

A study of 1990 decennial census

Census, the Bureau decided to conduct aresults indicated that the Asian and

field test of screening procedures. This
field test, conducted by the Bureau in

percentage of the local population that is 1993 with very favorable results,

black and by the percent that is
Hispanic, and that a disproportionate
share of the initial sample is selected in
the strata with high black and/or

Hispanic density. Screening means that a

brief set of questions is first
administered to each household to
determine whether any of the residents
are black or Hispanic; if the household
is black or Hispanic, the household is
retained with certainty for a full
interview; otherwise, the household is
only retained for a full interview with a
probability less than one.

focused on a particularly sensitive
aspect of the plan for screening (the
decision to contact neighbors to keep
response rates high and costs low).
The beta option also leads to
improvements for statistics on Hispanic
persons, but not as much as the alpha
option. It provides this improvement
with no change in the precision of
statistics on the black population and
with no increase in cost. As already
noted, the beta option provides for even
worse precision than the alpha option
for the population that is neither black

Pacific Islander population is too
dispersed for oversampling to be very
effective and too small for substantial
improvement via screening to be
practical. The same conclusion applies
to the Native American population. It
was noted, however, that if interest were
focused solely on the Native American
population living on reservations,
trustlands, tribal jurisdiction statistical
areas, and native villages, the relatively
few numbers of other racial and ethnic
groups living in these areas would make
screening highly feasible.

With improved precision for
estimates on the black and Hispanic
populations, there is no question that the

Table A. Effective adult sample sizes by redesign option and population domain relative to the 1988 NHIS design

Option Budget* Total Black Hispanic Other
1988 NHIS ... ... 100 35,600 4,500 2,200 30,900
Alphaoption . .......... ... . .. ..... 158 +8% +97% +299% —4%
Betaoption . ........ ... ... . ... ... 100 -12% +4% +113% —21%

1Budget for 1988, adjusted for inflation, equals 100.



Table B. Sample sizes for the black and Hispanic populations, aged 65 and older
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Effective sample sizes

With extra With extra
Projected Projected 2,800 cases 5,800 cases
under alpha under alpha to be screened to be screened
option option from SSA from SSA
Domain Desired (one household) (all household) (one household) (one household)
Black
Male .. ... 1,000 500 1,150 1,000 1,000
Female . ......... .. ..... .. ... ... 1,000 740 1,710 1,000 1,000
Hispanic
Male ... ... . . 1,000 350 910 770 1,000
Female . ......... ... . ... ... ... 1,000 495 1,270 920 1,000

alpha option would also improve the
precision for statistics about the poor
black and poor Hispanic populations,
because the oversampling of strongly
black and/or Hispanic neighborhoods
means oversampling many of the
Nation’s poorest neighborhoods.
Precision for other poor Americans,
however, will be worse after the
redesign. The effect on precision for
statistics on all poor persons has not
been quantified but is probably slight.

For statistics on the rural
population, it was noted that there are a
number of competing definitions of the
term. The U.S. Bureau of the Census
definition of rural applies at the block
level. Rural areas exist within

within nonmetropolitan areas.

Population counts per block are
necessary for the classification of areas
as urban or rural under this definition.
Because such counts are only collected
in the decennial census, statistics about
rural areas become outdated fairly soon
after each census. The U.S. Department
of Agriculture has several definitions of

1995 full design. Also, it was decided
that metropolitan status should be a
strict stratifier in the selection of PSU’s
and that at least one nonmetropolitan
PSU would be selected from each of the
50 States (except New Jersey, which is
all metropolitan). These improvements
would be counterbalanced to some
extent; however, because the
oversampling of the black and Hispanic
populations would tend to shift sample
persons from nonmetropolitan areas to
metropolitan areas. Also, the reduction
in the total number of completed
interviews (to pay for the screener
interviews) and the design effect due to
differential sampling of black, Hispanic,

Oversampling of the extremely
elderly population would be quite
efficient with Medicare or SSA lists.
However, there was no way of
accomplishing this goal while
simultaneously achieving competing
needs for precision. The main reason is
that this group is predominantly white,
and statistics on white people, in
general, will be less precise with the
1995 design than with the 1985 design.

With regard to Hispanic subgroups,
it was realized that however desirable
this goal might be in light of the
diversity of the Hispanic population, it
would simply require more funds than
NCHS foresees being available.

and other persons would tend to degradeModel-based techniques were
metropolitan areas, and urban areas existhe precision of nonmetropolitan
statistics. The net effect of these changessamples in only blocks with very high

is that, although there would be more
nonmetropolitan PSU’s in the sample in
the 1995-2004 decade than during the
1985-1994 decade, the total number of
nonmetropolitan interviews would be
reduced.

With regard to teenagers, a plan
was considered that would have

rural counties, but none of these seemedinvolved screening for age and
to reflect NCHS needs. On consideration retaining households with members in

of the various alternatives, the NCHS
staff decided that its analytic needs
would be met best by compiling data for

targeted age domains at higher rates,
but this plan was rejected. At any rate
this plan was only meant to provide

nonmetropolitan areas rather than for the for oversampling of the black and

areas encompassed by one of the
definitions of a rural area.

Although precision for NHIS
nonmetropolitan statistics is already
fairly good, it was decided to further
improve the precision by increasing the
total number of PSU’s for NHIS from
198 in the 1985 full design to 358 in the

Hispanic populations in targeted age
domains. At the planned budget level,
an important increase in the sample
size of teenagers could only be
achieved by scrapping the
oversampling of densely black and
Hispanic blocks. This goal (teenage
statistics) was essentially put aside.

investigated that might involve special

concentrations of the targeted subgroups,
but the investigation was inconclusive.

Improved Precision for
Geographically Defined
Domains

The 1995 design will provide
improved flexibility for sample
supplements that would lead to
State-level statistics with acceptable
precision, but the design will not by
itself provide such statistics for more
than three States—none if the
one-adult-per-family rule is used for
interviewing. This flexibility was
achieved by stratifying the PSU sample
by State and by metropolitan status.
This stratification will make it far easier
to integrate the regular NHIS sample
with any State-specific sample. Also, at
least two PSU’s (one metropolitan and
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one nonmetropolitan) were selected
from each State that contains
metropolitan and nonmetropolitan areas.
Having at least this marginal
representation in every State will

be needed for expansions. Rapid
contractions are easier. The new design
has a more flexible panel structure than
was used previously. It allows cuts of
whole PSU’s by sixths, in addition to

provide an anchor for State supplements,cuts by fourths. Of course, there is still

whether such supplements are selected
by RDD or by area-sampling methods.
It also enhances the prospects for
model-based State-specific estimates;
intensive study of techniques for such
estimates, however, left us rather
dubious about long-term prospects in
this area.

Decreased Bias by Elimination
of Proxy Reporting

The alpha option does provide
strongly improved precision for the
black and Hispanic populations
compared with the 1985 design,
assuming that in both cases the
one-adult-per-household rule is used for
interviewing. However, there is still a
net decline in the precision of these
statistics comparing the old design with
all adults interviewed in each sample
household to the new design with only
one adult interviewed in each sample
household. The decision of how many
adults to interview in each sample
household is independent of the other
design features. The one-adult-per-
household rule has already been used
for a number of NHIS questionnaire
supplements in the 1985 design.
Conversely, there is nothing in the
design proposed for 1995 that is
inconsistent with interviewing all adults
in every sample household. It is thus
apparent that the one-adult-per-
household rule should be structured in a
way to at least obtain a limited set of
core data for all household members.

Flexibility for Rapid Sample
Expansions and Contractions

The new design does not really
provide improved flexibility for rapid
expansions. The cost of carrying a
reserve sample was judged by NCHS to
be too great. However, general systems

the same capability for across-the-board
cuts (where there is a small reduction in
the sample size in each PSU), although
it is well known that such cuts save
very little money.

Integrated Survey Design

The main conclusions in this area
were with respect to integration at the
PSU level. One product of the research,
however, was a fairly detailed plan for
how network sampling theory could be
used to provide unbiased estimates for
provider surveys when the provider
sample is based on those providers
identified in NHIS interviews. The
differential sampling of black, Hispanic,
and other people makes estimation with
such a network-based approach more
complicated, but it was demonstrated to
be theoretically possible. More research
on this topic is being done under a
successor contract (2).

With regard to PSU’s, one
conclusion was that the PSU’s should be
defined much as they have always been,
consisting of counties, groups of
counties, metropolitan statistical areas
(MSA's) and New England county
metropolitan areas (NECMA's), with the
primary consideration for grouping
counties consisting of feasible
interviewer travel. Plans were
considered for defining PSU’s in terms
of health care commuting patterns, but
these plans were rejected as increasing
within-PSU travel costs to an
unwarranted extent.

Another conclusion was that the
measure of size for each PSU should be
defined in terms of total population, not
some measure of health care provided or
consumed. Health care consumption was
found to be substantially correlated with
population. On the other hand, a type of
measure of size based on racial and
ethnic composition that would have

changes being made at the U. S. Bureau brought more heavily black and

of the Census for all of its current
surveys will make such expansions
easier. Nonetheless, 2—4 years will still

Hispanic PSU'’s into the sample was
rejected as being unnecessarily harmful
to the health care provider surveys that

do not, as a rule, oversample health care
providers according to the racial or
ethnic mix of their clientele.

Another conclusion was that the
health care provider surveys could most
likely be restricted to a special subset of
the NHIS PSU’s with little effect on
their precision or cost, although such a
subset would have to be defined
differently than the subsets planned for
reductions in the NHIS. This area is also
a focus of the successor contract for
more research.

Follow-on Surveys

It was believed that the policy of
oversampling the black and Hispanic
populations for the NHIS would also be
beneficial to such follow-on surveys as
the NSFG. Even though some of these
surveys have traditionally only
oversampled the black population, it was
thought that oversampling Hispanic
persons is becoming more important for
most demographic surveys. The larger
number of PSU’s and the smaller
number of interviews with households
that are neither black nor Hispanic may
reduce efficiency for some of these
surveys, but it was believed that such
losses were justified, given the
importance of improving the precision
of statistics on the black and Hispanic
populations for NHIS and of creating
the needed flexibility for State
supplemental samples.
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Chapter 1.
Background on the
National Health

he National Health Interview

Interview Survey
Survey (NHIS) is an ongoing

| survey of the population of the

United States on health issues. The
survey has been in continuous operation
since 1957. NHIS data are obtained
through personal interviews of the
civilian, noninstitutionalized population
conducted by the U.S. Bureau of the
Census. The official goal for the sample
size traditionally has been around
50,000 interviewed households per year,
but the actual number of households is
usually smaller, sometimes much
smaller, depending on funding.

Schedule and Content

The interviews are conducted during
the year in weekly samples (each
weekly sample consists of a probability
sample of the population), so that
seasonal trends can be followed. The
core interview focuses on nonfinancial
aspects of health that household
respondents usually know, for example,
visits to doctors, visits to hospitals,
chronic ailments, and recent acute
conditions are all covered in the core
interview. Financial data, such as annual
household income and whether the
person is covered by health insurance,
are also collected. The collection of data
on diet, the cost of medical care, and
details of diagnoses and treatments is
left to other surveys conducted by the
U.S. Department of Health and Human
Services. Each year supplements to the
core interview cover topics such as
smoking behavior, knowledge about
acquired immunodeficiency syndrome,
and disabilities. Many of these
supplements require a self-response
rather than rely on a household
respondent.

Sample Design for 1985-94

The first stage of the NHIS sample
consists of 198 multicounty PSU's.
These sample PSU’s were selected,
using a stratified probability design,
from a much larger set of PSU'’s that
covers the United States. For
stratification purposes, the PSU’s were
grouped before selection to ensure that
the chosen PSU’s would be broadly
representative in terms of several
demographic and economic

sample is representative of the U.S.
population. Each year a totally new
sample of households is selected. Those
households tend to be neighbors of the
households interviewed the previous
year, however.

As a result of the NHIS sample
redesign of 1985, it became possible for
NCHS to transmit data on NHIS sample
households to private contractors for use
in conducting follow-on surveys. Before
1985 a significant portion of the NHIS
sample was drawn from lists created for

characteristics. Some of these PSU’s arethe previous decennial census. In 1985

so populous that they were included in
the sample with certainty. These are
called self-representing (SR) PSU’s. The
full NHIS design contains 52 SR PSU'’s.
The remaining 146 PSU’s had a chance
of not being selected. These PSU’s,
which represent themselves and other
PSU’s that were not selected, are called
nonself-representing (NSR) PSU'’s.

Within each sample PSU, a sample
of blocks (or small groups of blocks)
was selected as the second stage of the
sample. In PSU’s in which the black
population consisted of 5 to 50 percent
of the total in the 1980 census, blocks in
enumeration districts (ED’s) with high
black populations were selected with a
higher probability than other blocks. The
selection was made in the early 1980’s
with a planned, slow rotation through
blocks as they become exhausted. For
the third stage, within each block, a
cluster of eight housing units (HU’s) is
selected each year after fresh listing or
updating of potential residential
structures. These HU's are spread
throughout the block as evenly as
possible.

To gain better control over the size
of the sample, HU’s constructed since
the 1980 census are selected through a
sample of building permits rather than
through area sampling. These units are
selected in clusters of four instead of
eight.

To provide continuous coverage of
the population throughout the year, the
sample of households is spread over the
52 weeks of the year; each week’s

all of the NHIS sample was obtained by
area and permit sampling, without any
recourse to decennial census lists. These
follow-on surveys are then said to be
linked to NHIS. The confidentiality of
the transmitted data is protected under
section 308(d) of the Public Health
Service Act. This feature of the design
will have been well utilized between
1986 and 1994 and is a feature that
NCHS wants to maintain. Thus,
decisions about NHIS design must be
made with the needs of follow-on
surveys in mind.



Chapter 2.
New Objectives for
1995 Redesign

to improve the precision of basic

I health statistics about various

domains defined in terms of race, ethnic
origin, poverty status, and geography.
Accompanying this desire was the
realization that it would be difficult and
expensive to improve the precision of
statistics for these domains while
maintaining the precision of statistics
about the prevalence of rare health
conditions. Accordingly, the sorts of
statistics that were identified as
important for domain analysis include
self-assessed health status, having
visited a doctor in the prior year, having
been hospitalized in the past year,
knowledge of AIDS, and smoking
behavior. Statistics about the prevalence
of specific chronic conditions such as
cancer and about the occurrence of
acute conditions such as automobile
accidents were given a lower priority.

or the 1995 survey, it was desired

Statistics for Racial,
Ethnic, and Economic
Domains

The goal of this part of the research
was to develop sampling methods for
NHIS that would provide data of
acceptable precision for the following:

e National estimates for race and/or
ethnicity, age, and sex subdomains.
More specifically, the subdomains
consisted of the complete cross

classification of the following:

Four racial and/or ethnic groups
(i.e., black persons, Hispanic
persons, Asians and Pacific
Islanders, and all others).

Males and females.

Six age groups (i.e., under 5 years,
5-17 years, 18-24 years, 25-44
years, 45-64 years, and 65 years
and over).

National estimates for the three
major Spanish-origin subgroups of
Hispanic persons in the United

States (i.e., Mexican-American,
Puerto Rican, and Cuban-American).
Sex and age subdomains for these
subgroups were also desirable,
although with more limited age
detall than for the broader
race/ethnicity groups. These
subdomains consisted of under 18
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integrating NHIS with surveys of health
care providers. Some issues focused on
analytic and operational benefits of
using the same set of sample PSU'’s.
Others focused on integration at the
person-event level.

Integration at the PSU level seemed
likely to have operational efficiencies

years, 18-44 years, 45-64 years, andbecause both sets of surveys are

65 years and over. As an alternative
to the production of data for the
three subgroups, sample design
implications were also examined for
data on all Hispanic persons in the
three geographic areas in which the

conducted by the U.S. Bureau of the
Census. Integration might achieve
certain synergies that could reduce
travel and other expenses. It would also
provide some analytic enhancements,
because a relationship probably exists

subgroups are concentrated (i.e., five between the practices of health care

Southwestern States, the greater
New York City area, and Florida).
Statistics on the poor, where the
poor can alternately be defined as
having incomes below the poverty
level, below 125 percent of the
poverty level, below 150 percent of
the poverty level, or below some
other cutoff.

Statistics for Geographic
Domains

A second goal was to develop
methods of producing State data by sex
and three age groups: Under 18 years,
18-64 years, and 65 years and over. As
an alternative to State data, the
feasibility of producing data for State
groupings was to be explored. As
described subsequently in this report, a
conflict exists between achieving this

providers within a PSU and the
health-related characteristics of the
residents of the PSU. Integration at the
person-event level is even more
interesting because it allows direct
linking of individual practices and
outcomes. Penalties for integration also
exist, however. The optimal designs for
different surveys are not necessarily
identical. A major goal of this research
was to determine the relative advantages
and disadvantages of the different
linkage possibilities.

Reducing Response Errors
Through Greater Use of
Self-Response on the Core
Interview

Prior research (3) had shown that
proxy response has a significant impact
on a number of statistics, including

goal and the improvement of race and/or those for health status. That impact is

ethnicity statistics: Most members of the
minority groups reside in the larger,
urbanized States, whereas the smaller
States would require sample
supplementation to provide adequately
precise State data. Another conflict
exists between this goal and the
requirements of follow-on surveys.
Improved precision for State data
requires the use of many more sample
PSU'’s than would usually be desirable
for a follow-on survey.

Integration With Surveys
of Health Care Providers

The third set of issues to be
examined were those involved in

particularly strong for men. Apparently,
wives (the typical proxy respondents)
tend to assess their husbands’ health as
better than the men themselves do.
Although this bias is not very troubling
for tracking health statistics over time
(under the reasonable assumption that
the bias due to proxy response is fairly
stable over time), it is very worrisome
for one-time questionnaire supplements
that are designed to compare population
domains. Unfortunately, obtaining
self-response for all sample persons is
considerably more expensive than the
policy of requesting self-response but
accepting proxy response when
obtaining self-response presents
difficulties. The most common difficulty
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is failing to find all household members
home at the same time. To keep the cost
per interview under control where
self-response is necessary, plans for
rejecting proxy response involve the
interview of just one randomly chosen
adult per household. If the designated
adult cannot be interviewed by
self-response, the household is classified
as a noninterview. This procedure is
currently used for most NHIS
questionnaire supplements. It is very
likely that the number of supplements
requiring self-response will be increased
in the future. This increased number will
make it necessary to reduce the length
of the core interview to restrain costs
and to minimize response burden. With
this idea in mind, almost all of the
research on how to improve the
precision for selected domains was
repeated under two assumptions: That
data are collected on all household
members as is currently the case with
the core instrument; and that data are
collected on only one random adult per
household (and possibly on all children
in the household).



Part Il.
Statistics for Racial, Ethnic, and
Economic Domains
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Table 1. ltems selected for direct variance estimation

Chapter 3. Current

Precision
in the 1985-94 NHIS and the

I sample size necessary to achieve

satisfactory levels after the redesign, it
was necessary to examine the current
NHIS variances. Furthermore, estimates
of variance components would indicate
how any necessary increases in sample
sizes should be implemented. An early
research step therefore was to calculate
variances for the current NHIS design.

Average number of doctor’s visits
Average number of bed days

o determine the level of precision Average number of chronic conditions

Percent reporting poor health status

Percent unable to carry on major activity
Percent with more than 5 years since last doctor’s visit

Number with chronic arthritis
Number with color blindness
Number with chronic epilepsy

Variances in Current
DeS'gn Number of acute digestive system conditions
Number of acute bronchitis conditions

Number of acute urinary conditions

Number injured in moving motor vehicle accidents

As a guide to the reliability that can
be achieved with the multistage sample

Statistics based on nonbinary person-level data about the prior 2 weeks

Statistics based on binary person-level data from the full sample
Percent reporting at least two hospitalizations in the past year

Percent reporting at least one doctor’s visit in the past year

Statistics based on binary person-level data from one-sixth of the sample

Statistics based on (almost) binary person-level data about the prior 2 weeks

design and estimation procedure used in
NHIS, Westat, Inc., computed estimates
of the sampling variances in 1988 for a
group of variables collected in NHIS.
The methodology is explained in great
detail in National Health Interview
Survey: Report on Variance Estimation
(4), which is also listed as Redesign of counts of chronic conditions reported
Memorandum #40 imppendix 1 In by targeted respondents. Six different
brief, a variation due to Fay on balanced flash cards of chronic conditions are
repeated rep|ications was used to used in NHIS. The sample is divided

estimate the variances, both total and  into (nearly) equal sixths, and each sixth
within PSU. is shown a different prompting flash

The variables covered a range of card. Thus, these statistics are based on
items, and variances were calculated for only one-sixth of the full sample.
statistics relating to the total population The fourth set of items consists of
and to the age categories. The 15 items counts of acute conditions that have
selected from NHIS for direct variance  afflicted the respondents within the
estimation are listed itable 1 They previous 2 weeks. Although a few
represent several parameter sets of respondents report multiple attacks of
characteristics in NHIS. The first set of the same acute condition within the
items is based on nonbinary person-level 2-week reference period, this question is
data; that is, the measurement variable basically binary, that is, either the
at the person level can take on values Person has experienced the condition in
other than 1 (yes) and 0 (no). It is also the last 2 weeks or has not experienced
important to note that within the first set it. The varying reference periods and
of items, the reference period for the ~ sampling fractions have important
respondent is the 2 weeks preceding the effects on reliability, as will be seen
interview. Because the NHIS sample is  presently.
spread out over the 52 weeks of the Variances of these items were
year, only 1/26th of the events estimated from the 1988 NHIS for

experienced by a person within a year

can be reported. the two-way classifications involving
The second set of items is based on age and sex, race, census region, or

binary person-level data or recodes of ~ census division. Age is classified into

multinomial responses into simple yes
and no categories. The reference period
for these questions is either irrelevant or
it is a year.

The third set of items is composed

several subdomains. The subdomains are

six categories: Under 5 years, 5-17
years, 18-24 years, 25-44 years, 45-64
years, and 65 years and over. Sex has
two classifications: Male and female.
Race is categorized twice: First, in three
classifications—Hispanic, black, but not
Hispanic, and others; and second, in two
classifications—Asian or Pacific origin,
and others. There are four census
regions and nine census divisions.
Appendix 2shows the estimated
variances. For each item, there are three
pages of estimates and coefficients of
variation for breaks by the various
domains. (Thecy, or coefficient of
variation, is the ratio of standard error to
mean, expressed as a percentage.) For
those subdomains where the estimated
mean is 0, thev is given as 0, even
though thecv is undefined. Thev's
vary widely. For example, thev on the
percent of the total population reporting
at least one doctor visit in the past year
is just 0.27 percent, but thes on the
number of moving motor vehicle
injuries to young adults between 18 and
24 years of age in the West North
Central Census Division is
117.04 percent.
Because it was evident that there
was considerable instability in the
variance estimates, the decision was
made to generalize some of them.



that are not sums of Bernoulli variables,
but these have generally been
unsuccessful (and thus, not published).
Accordingly, for this report, of the items
shown intable 1 generalized variance
estimates were only prepared for the
second, third, and fourth sets of items.
SeeNational Health Interview Survey:
Report on Variance Estimatio(#) for
details of how the generalized
variance estimates were prepared for

Variance generalization is a technique
for improving the stability of variance
estimates that is based on the fact that
the variance of the mean of a set of
independent and identically distributed
(iid) Bernoulli random variables is
functionally related to the common
mean of the variables.

In complex surveys many statistics
of interest are means of Bernoulli
random variables that are not quite
independent and not quite identically this study.
distributed. Experience has shown that Table 2contains a variety of
the variance of these means can often beestimatedcv’'s for the selected variables
well predicted by functions of the in total and by age. The table shows the
overall mean of the variables (5). In cVv's as the following:
fact, if there are few degrees of freedom
for direct variance estimates, the mean
square error of the generalized variance
estimates can be lower than that of the
direct variance estimates (6). Various
attempts have been made over the years
to develop similar models for statistics

e Calculated from generalized
variance functions published by
NCHS.

Calculated from generalized
variance functions fitted by Westat,
Inc., when the domain to which a
statistic is restricted is subject to

Table 2. Coefficients of variation for selected NHIS items: 1988
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poststratification (e.g., the
percentage of females who report
poor health).

e (Calculated from generalized
variance functions fitted by Westat,
Inc., when the domain to which a
statistic is restricted is not subject to
poststratification (e.g., percentage of
those with low income who report
poor health).

e Estimated directly with Fay’'s variant
of balanced repeated replication
(BRR).

Poststratification is an estimation
technique used to bring survey estimates
into conformity on certain dimensions
with known or more accurately
estimated population totals. NHIS
estimation routinely involves
poststratification on age, sex, and race.
The generalized variances are
somewhat lower than the ones reported
in the published NHIS reports. After

Estimates Coefficient of variation (%) cv's (%) for limited age ranges direct by BRR
From new curves
From Direct Age 65
Westat, Inc. published Controlled Interior by Age Age Age Age Age years
Published  tabulated curves margin® cell  BRR 0.5 6-17 18-24 25-44 4564 and over
Quantitative items based on 2-week data
Doctor visits per person . . . ............ 5.400 3.863 0.9 1.7 1.8 2.4 1.8 2.3 2.3
Bed days per person . .. ...... ... ..... 6.300 5.344 2.0 3.6 2.7 3.7 25 3.6 4.1
Conditions per person . . .. ............ 4.298 0.7 2.1 1.6 1.8 1.1 1.2 1.3
Rates based on full sample
Percent with poor health . . . .. ... ....... 0.027 0.027 2.4 1.7 2.0 2.0 16.1 13.9 156 4.6 3.4 2.4
Percent with 2 or more hospitalizations . . . . . . 0.016 0.016 3.2 2.3 2.6 2.7 9.6 11.5 9.4 4.7 4.5 4.1
Percent with no doctor visits . . . ... ...... 0.233 S 1.0 L. L S
Percent with 1 or more doctor visits . . . . .. .. L 0.747 . 0.2 0.2 0.3 0.4 0.6 0.7 0.4 0.5 0.4
Percent unable major activity . . .. ........ 0.040 0.040 2.0 14 1.6 1.5 13.0 11.6 6.3 3.3 2.3 2.6
Percent 5+ years last doctor visit . ... ..... 0.036 0.034 2.1 15 1.8 2.0 undefined 6.6 6.2 2.7 3.1 4.1
Generic full sample items
p=01 ... ... . 3.5 2.9 3.3
pP=1 1.2 0.9 1.0
P=.2 e 0.8 0.6 0.7
D=5 0.4 0.3 0.3
Rates based on 1/6 sample
Percent with chronic arthritis . . .. ... ... .. 0.130 0.126 2.2 1.9 2.0 2.2 100.4 32.3 187 5.1 3.2 3.3
Percent with chronic color blindness . . . .. .. 0.012 0.011 6.7 6.6 7.0 6.9 undefined 17.0 27.2 10.4 12.6 17.1
Percent with chronic epilepsy . . . ... ... ... 0.004 0.004 11.6 115 12.1 12.0 40.5 33.1 440 21.0 21.1 28.9
Rates based on 2-week data
Percent with acute digestive condition . ... .. 0.063 0.063 6.9 6.0 6.0 6.9 17.4 127 169 121 16.2 18.0
Percent with acute bronchitis . . .. ........ 0.034 0.034 9.3 8.4 8.4 7.8 16.5 17.6 358 15.7 26.0 27.1
Percent with acute urinary condition . . . . . . .. 0.028 0.028 10.1 9.2 9.1 10.0 44.9 38.7 306 147 1938 18.9
Percent injured in motor vehicle accident 0.017 0.017 12.5 11.9 11.7 13.7 99.9 28.2 28.0 20.6 34.6 46.1

... Category not applicable.

1Some domains have population estimates with zero variance due to poststratification. Such a domain is referred to as a controlled margin. Other domains are referred to as interior cells.
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discussions were held with NCHS staff,
the differences were ascribed to the mix 1/26-sample of NHIS.) For the same

of items that formed the basis for the value ofp and the same subdomain, the
generalization process. It was agreed
that the new set of items was more the different effective sample sizes
representative of the sets of items in the resulting from the subsampling for
published reports than the ones used in condition items and 2-week data.
the NCHS computations of generalized

variance functions. It was thus decided Desired levels of precision for
to use the new generalized variance black; Hispanic; Asian and
functions in the decision-making process Pacific Islander: American

for determining required sample sizes. . .
Normally in a sample survey, they Indian, Eskimo, and Aleut

depends mainly on the statistic (i.e., the p0pl_"|at'0n5; and persons with
value ofp) and the size of the low income

subdomain for which the statistic is
estimated. However, in NHIS they's

also differ sharply among the three
classes of statistics into which the rates
have been classified itable 2 rates

based on the full sample, those based on
the one-sixth sample used for chronic
conditions, and rates based on 2-week
data. (The 2-week data can be

For this research on the 1995
redesign, the required level of precision
was a 30-percerttv. Taking into
account the observeai/’s for the current
design fromtable 2and known NHIS
sample sizes for 1988 (not shown),
table 3was developed; it shows the
required sample sizes for many different

Table 3. Domain-specific required sample sizes for a 30-percent cv

considered as approximately based on a statistics to have a 30-percerit This

assumes the same extent of clustering as
the 1988 NHIS but without the

cv’s for the three classes of items reflect differential sampling by racial

composition of neighborhood. The
formula used was

1

CVp\ 2
X —
> 1.03

N =Np <%
whereng is the sample size for the
domain in 1988¢yv, is an estimatedv
for the statistic on the domain in 1988,
Nk is the required sample size, and
division by 1.03 corrects for the design
effect because of the slight oversampling
that was done of heavily black
neighborhoods in the 1985-94 design.

As is evident from inspection of the
table, this guideline of a flat 30-percent
cv did not really provide much guidance
on the magnitude of an appropriate
sample size for each domain. Foca
guideline to determine a sample size, a

General population

Size calculated using cv from:

Limited age domains
(Total sample size required over all domains
to be found by summing across domains)

Published Controlled Interior Direct Age Age Age Age Age Age 65
curves margin cell* BRR 0-5 6-17 18-24 25-44 45-64 and over
Quantitative items based on 2-week data
Doctor visits per person . ... .............. 116 30 86 76 126 138 83
Bed days perperson . . ....... ... ... .. ... 541 137 192 179 263 333 272
Conditions per person . . . ... ... ... .. ... .. 59 48 66 44 48 36 26
Rates based on full sample
Percent poor health . . .. ................. 760 397 520 522 2,742 5,063 3,162 861 294 94
Percent with 2 or more hospitalizations . . . . ... .. 1,351 701 917 967 964 3,458 1,141 892 514 276
Percent with no doctor visits . . . .. .......... 132 S
Percent with 1 or more doctor visits . . . . . ... ... S 4 5 9 1 8 6 7 6 3
Percent unable major activity . . . .. .......... 528 266 348 307 1,783 3,515 520 447 137 111
Percent 5+ years last doctor visit . . .. ........ 582 314 411 552 * 1,152 501 293 241 280
Generic full sample items
pP=.01 ... . 1,974 1,104 1,444
P=1 179 100 131
P=.2 80 45 58
P=5 20 11 15
Rates based on one-sixth sample
Percent with chronic arthritis . . . ... ......... 639 464 515 610 106,248 27,127 4,505 1,069 261 177
Percent with chronic color blindness . . . ....... 5,923 5,792 6,437 6,227 * 7,529 9,540 4,446 3,965 4,743
Percent with chronic epilepsy . . . .. ....... ... 17,754 17,417 19,357 18,898 17,316 28,541 24,986 18,109 11,170 13,618
Rates based on 2-week data

Percent with acute digestive condition . ........ 6,282 4,825 4,712 6,236 3,190 4,207 3,709 5,985 6,621 5,281
Percent with acute bronchitis . . . ... ......... 11,412 9,420 9,201 7,955 2,855 8,116 16,554 10,080 16,953 12,000
Percent with acute urinary condition . . . . . ... ... 13,459 11,178 10,918 13,202 21,250 39,022 12,069 8,896 9,835 5,804
Percent injured in motor vehicle accident . ... ... 20,616 18,608 18,174 24,627 105,130 20,771 10,154 17,427 30,041 34,630

... Category not applicable.
1Because of an observed p = 0, the estimated required sample sizes to achieve the desired precision are infinite.



single statistic for which the design
must provide the requiredv must be
specified. Specifying a group of
statistics allows the rarest characteristic
to drive the sample size. Of course,
across the age domains, the rarest
health-related characteristic changes. It
did not seem to make sense to
determine a different required sample
size for each age domain. The round
figures of 1,000 as a required effective
sample size were the result of a
reasonable compromise. A sample of
1,000 persons selected with clustering
but equal probabilities provides the
desiredcv of 30 percent for an estimated
proportion of 1.438 percent.

This standard of 1,000 was used for
most of the research. It is referred to
loosely as an effective sample size of
1,000, although this is a slight abuse of
standard terminology. A sample
clustered in the same manner as the
current NHIS but selected with equal
probabilities will not provide as good
precision as a simple random sample of
1,000 cases.

Current sample sizes are quite
different for estimates based on data
from the core interview than for those
based on items from most questionnaire
supplements. Most supplements are
administered to only one adult per
household to reduce the burden on the
household. Crossing the desired age
breaks by sex and by race and ethnicity

Components of Variance

On average, the study found that
about 6 percent of the total variance in
1988 resulted from differences among
PSU'’s, with the rest resulting from
differences between and within segments
within PSU’s. Considerable variation
was found in the estimated proportion
due to between-PSU variance, however.
Some of this variation was attributable
to sampling error on the variance
estimates themselves, and some was
attributable to real differences. In
particular, because estimates pertaining
to large domains tend to have higher
average cluster size and thus greater
between-PSU variance, the size of the
estimate has some relationship to the
proportion of the total variance
contributed by the between-PSU
component.

An average between-PSU variance
of 6 percent is perhaps a little smaller
than common wisdom among sampling
statisticians would have predicted for a
survey with only 198 sample PSU’s.
This indicates that the stratification
performed by the U.S. Bureau of the
Census in the early 1980’s was quite
effective.

Between-PSU variances are even
smaller for minority groups. The study
found that between-PSU variance
accounts for between 2 and 3 percent of
total variance for black persons and

leads to the finding that sample sizes are€essentially 0 percent for Hispanic

inadequate (i.e., fewer than 1,000) on
supplements for almost every minority
age-by-sex domain.

For the core interview, most black
domains have adequate sample sizes.

persons. Components of variance were
not calculated for minorities other than
the black and Hispanic populations, but
it seems reasonable to believe that
between-PSU variance is also not

The exceptions are the domains of black important for Asians and Pacific

males and females under age 5 and
black males ages 65 and over. A few

Islanders. On the other hand, there is
good reason to suspect that

Hispanic domains have adequate samplebetween-PSU variance is larger for

sizes for the core, but most are
inadequate. For the other groups, no
domains have adequate sample sizes,
even for the core interview.

American Indians, Eskimos, and Aleuts
because of their large nonmetropolitan
populations. Between-PSU variance for
nonmetropolitan estimates was a notably
large 15 percent of total variance, more
than twice as large as for statistics for
the United States as a whole.
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Table 4. Projections of the population by age, sex, race, and ethnicity to 2000

Chapter 4. Potential

TeCh nl ues for Race, Hispanic origin, and age Male Female Total
q. Black
|nCl’eaS|ng Sample UNders ... 1,358 1,301 2,659
S' f S I d 5-17 3,910 3,732 7,642
1Zzes 10r e eCte 1824 . 1,888 1,910 3,798
. 2544 . . 4,920 5,479 10,399
Domains dss4 L 2033 3538 6.470
65yearsandover . . ............... 1,238 1,793 3,031
Total L. 16,247 17,753 33,999
his ch_apter reviews the basic Hispanic
techniques that can be used for
R . K Under5 .. ... .. ... .. .. ... .. ... 1,685 1,612 3,297
oversampling racial, ethnic, and 547 ~ 4,043 3,861 7,903
economic domains. Some of these 18-24 .. 1,943 1,805 3,748
techniques are not discussed further in 2544 . ... 5,423 4,841 10,263
o A5-64 ... 2,405 2,524 4,929
SUbsequent chapters because, itis Clear 65yearsandover . . ............... 774 1,086 1,860
they do not meet NCHS requirements i ... .. . 16,271 15,729 32,000
for NHIS.
Other
H H H Under5 .. ... ... . ... .. 5,707 5,409 11,115
Sample_ Sizes With S|mp|e 517 17,238 16,350 33,588
Expan3|on 1824 .. ... 9,012 8,806 17,818
2544 L 30,445 30,236 60,681
The least complicated approach to 4564 -« ..o 24,493 25,429 49,922
meetin the new recision re uirements 65yearsandover . . ............... 12,214 17,656 29,870
9 p : q Total L. 99,109 103,886 202,995
for NHIS would be to simply increase
the sample size. This option would Total
require no changes in methodology. TO unders ....................... 8,749 8,322 17,071
evaluate this Option, it is useful to first 5-17 25,191 23,942 49,133
H : 18-24 . . .. 12,844 12,520 25,364
pl’O]e.Ct Sample Sizes thaft WOUld be 2544 .. 40,787 40,556 81,344
obta}lned fo.r.each QOmaln given an U564 . 29,830 31,491 61,321
equiprobability design of 50,000 65 yearsand Over . . .. ............. 14,225 20,536 34,761
......................... 131,627 137,367 268,994

interviewed households, the goal that the Total

1985 design was built around. There are
several steps to making this projection.

The first step is to project the population (above) reflect an adjustment of
into the future. Given that the 1995 3.2 percent for black populations

design will be used from 1995 through 111 5 percent for Hispanic populations,
2004, it seemed reasonable to evaluate and -0.7 percent for “other”

sizes as of the year 2000able 4shows 5 jations. Clearly, the potential for

such projections. error exists in all these projections. The
The projections for the total and Hispanic projections are particularly
black populations were based on table 4 sengitive to trends in immigration. Most
of Projections of the Population of the . jica)ly, the projections are sensitive to
U.S. by Age, Sex, and Race: 198810 changes in ethnic identification. Studies
2080(7). The projections for the by the U.S. Bureau of the Census have

Hispanic population were based on shown repeatedly that question wording
Series 17 frontables 2and 3 of

Projections of the Hispanic Population:
1983 to 208(Q(8). The projections of
“other” populations were computed by
subtraction, ignoring the existence of
black Hispanic persons. Because all of
the U.S. Bureau of the Census
projections were made before the 1990
decennial census, those projections were
multiplied by correction factors to
reflect the error in the projections for
1990. Thus, the numbers table 4

NOTE: Figures may not add to totals because of rounding.

the Hispanic population.

The second step in projecting
sample sizes is to account for
undercoverage. Historically, population
estimates from NHIS have been lower
than those from the decennial census,
particularly for the black and Hispanic
populations. (This is true for practically
all surveys.)Table 5shows projections
of undercoverage for typical

demographic surveys. The numbers are
from Redesign Memorandum #9) and
are averaged over years. From year to
year, coverage rates can vary
substantially, depending on the size of
the survey and survey procedures.

The third step in projecting sample
sizes is to project household sizes, that
is, the number of persons per household.
Given historical trends it was decided to
predict household sizes of 2.71, 3.40,
and 2.36 for black, Hispanic, and

can have a major impact on estimates of “other” households, respectively. These

numbers are sensitive to assumptions
about the causes of undercoverage as
well as changes in trends for young
adults to set up separate households
from their parents.

Given these steps the sample sizes
by race, ethnicity, age, and sex can be
obtained by reducing the eligible
population by predicted undercoverage,



Table 5. Projections of undercoverage by age, sex,

race, and ethnicity

Percent missed

Race, Hispanic origin, and age Male Female
Black
under5 . ... 0 0
5-17 . 1 1
18-24 . . . . 24 12
25-44 L 21 10
A5-64 . .. 15 9
65yearsandover . . ... ... 7 5
Hispanic
under5 . ... ... 5 5
517 . 5 5
18-24 . . . . 25 22
2544 25 18
A5-64 . .. 24 18
65yearsand over . . ... ... .. 15 15
Other
under5 ... 0 0
517 . 0 0
18-24 . . . 7 5
25-44 L 6 4
A5-64 . . 4 4
65yearsand over . . .. ... 5 5

summing across age and sex, and then covered persons by projected household

dividing by household size (specific to
race and ethnicity), thereby yielding
estimates of the counts of households
that can be subject to discovery by a
typical demographic survey in the year
2000. Yields in an equiprobability

sizes to get estimates of covered
persons.

Not shown in the table are
projections for Asian and Pacific
Islanders nor for American Indians,
Eskimos, and Aleuts. Projections for

survey of 50,000 interviewed households these racial groups are just 3,600 and

are then obtained by proportionality.
Table 6shows the results of these
calculations.

Different projections could have
been obtained by assuming interactions
between household relationships and
coverage. For example, there is some
evidence to support the proposition that
undercoverage of occupied housing is
less severe than the undercoverage of

1,000, respectively, in a survey of
50,000 interviewed households. Those
numbers are for population of any age
and sex.

Given NCHS interest in
subsampling just one adult per
household, as discusseddhapter 2
projections were also made for the
expected yield for such a procedure
given an equiprobability sample of

persons within listed households because50,000. Such a procedure reduces the

of less severe undercoverage of

sample size directly and also indirectly.

household heads than of other householdThe sample size is directly reduced

members, even after controlling for age because fewer people are interviewed. It

and sex. However, definitive studies on
the relative importance of within-
household undercoverage versus
undercoverage of whole households

(as a result of mistakes in the
listing/screening process such as
thinking homes unfit for habitation or
vacant) are not available. It was decided
that it would be adequate for planning
purposes to simply divide estimates of

is indirectly reduced in the sense that
the sample is no longer an
equiprobability sample. For example,

adults in three-adult households end up

with weights three times as large as
adults in single-adult households. The
direct reductions can be obtained by
simply dividing by the projected
numbers of adults per household. For

this research it was assumed that there
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would be 1.81 adults per black
household, 2.06 per Hispanic household,
and 1.82 per “other” household. A
study of data from th&urrent

Population Surveyielded projections
that the departure from equiprobability
would induce additional design effects
of 1.28, 1.25, and 1.19 for black,
Hispanic, and “other” adults,
respectivelyTable 7shows projections

of effective sample sizes that have been
adjusted for these design effects but not
the design effects resulting from
clustering. Because sampling only one
adult per household would reduce the
component of the design effect due to
within-household intraclass correlation,
these adjustments might be a little too
severe, but they do give a good idea of
the precision that could be expected
with such a design.

As can be readily inferred from
tables 6and 7, simple expansion of the
sample is an extremely expensive
method for satisfying the precision
requirements discussed @mapter 3
Because the projected sample sizes are
always larger for black domains than for
Hispanic domains, the expansion ratio
required for Hispanic goals would also
meet black goals. Thus, it is enough to
look at the expansion ratios for Hispanic
persons. To meet the precision
requirement for elderly Hispanic males
by this technique alone would require
between a threefold and fourfold
increase in the NHIS sample size, even
if NCHS were willing to take all adults
in minority households. (The required
precision is achieved with 1,000
interviews, but the equiprobability
design yields just 323.) In other
words, instead of interviewing 50,000
households per year, it would be
necessary to interview 150,000 to
200,000 households per year. A vital
category such as Hispanic males
18-24 years of age would require a
full fourfold increase if only one adult
is interviewed per household. The
numbers are even larger for elderly
Asian Americans and Native
Americans. Clearly, this is not a
feasible technique.
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Table 6. Sample sizes for equiprobability sample of 50,000 interviewed households

Race, Hispanic origin, and age Male Female Total
Black
Under5years . ..............o..... 667 639 1,306
5-17 . 1,900 1,813 3,713
18-24 . . . 705 825 1,529
25-44 1,908 2,420 4,372
A5-64 . . 1,223 1,580 2,803
65yearsandover . ... ... ... ... ... 565 836 1,401
Total ... ... 6,968 8,112 15,079
Total 18 years and over . . ............. 4,401 5,660 10,061
Households . . . . ................... 5,564
Hispanic
Under5years . .............ooo.... 785 751 1,536
5-17 . 1,885 1,801 3,686
18-24 . . ... 715 691 1,406
25-44 1,996 1,948 3,943
A5-64 . . 896 1,016 1,912
65yearsandover . ... ..... ... ... ... 323 453 776
Total ... ... 6,600 6,659 13,259
Total 18 years and over . . ............. 3,930 4,107 8,037
Households . . .. ................... 3,900
Other
Under5years . .................... 2,800 2,654 5,454
517 . 8,460 8,023 16,483
18-24 . . . e 4,069 4,106 8,175
25-44 14,045 14,245 28,290
A5-64 . .. 11,539 11,980 23,519
65yearsandover . ... ... ... ..., 5,695 8,232 13,927
Total . ... ... 46,608 49,240 95,848
Total 18 years and over . .............. 35,348 38,563 73,911
Households . . . ... .. ............... 40,614
Total
Under5years . .................... 4,252 4,044 8,296
517 . 12,245 11,636 23,881
18-24 . . .. 5,488 4,622 11,110
25-44 17,948 18,612 36,561
A5-64 . . 13,659 14,575 28,234
65yearsandover . ... ... . ... 6,584 9,521 16,104
Total ... ... .. 60,176 64,011 124,186
Total 18 yearsand over . . ............. 43,679 48,330 92,009
Households . . .. ... ................ 50,078

... Category not applicable.

NOTE: Figures may not add to totals because of rounding.

Oversampling Classes of
Primary Sampling Units
It is well known that some

nonself-representing PSU’s have
disproportionate numbers of Hispanic

reasonable PSU workloads. (The PSU
workload is the total number of
households interviewed in a PSU over
the course of a year.) With this
technique, however, the between-PSU
variance is increased for the majority

persons and others have disproportionatePopulation and for untargeted other

numbers of black persons. This led to

deliberately assign a larger measure of

minorities as well as for statistics for the
the idea that it might be advantageous tototal population. Also, the set of sample

PSU’s becomes less suitable for the

size to such PSU’s so that more of them health care provider surveys and for

would appear in the sample. This would follow-on surveys, such as the National

reduce between-PSU variance for
targeted minority statistics and make it

Survey of Family Growth, that
reinterview former NHIS sample

easier to oversample targeted minorities Persons or housing units.

at the block level while maintaining

Because large majorities of the
black and Hispanic populations live in
large metropolitan areas that are not
subject to between-PSU variance (a
special tabulation of the 1988 NHIS
found 62 percent of black persons and
69 percent of Hispanic persons living in
SR PSU’s), and between-PSU variance
is already small for these domains, and
because equal workloads are not an
important consideration for NHIS with
its traveling interviewers, it was decided
not to oversample PSU’s with large
minority populations. Equal monthly
workloads are important, but they can
be controlled by the number of times
the PSU is visited in the course of the
year. More details can be found RSU
Probabilities Given Differential
Sampling at Second Stag#0).

Oversampling Classes of
Blocks or Block Groups

Using this technique, small areas
that are known from the prior decennial
census to be rich in targeted minorities
are deliberately oversampled. Unless the
targeted minority is completely isolated
residentially, this technique naturally
gives rise to an oversample of those
nonminority persons who happen to
reside in blocks with heavy
concentrations of minorities. This
oversampling is usually undesirable as
there are no fixed precision requirements
for such nonminority persons.
Furthermore, the resulting variation in
probabilities of selection for the
untargeted demographic domains leads
to larger-than-necessary design effects
for the total estimates and for the
majority population. For these reasons,
oversampling of blocks and block
groups is most effective when combined
with screening (see the next section).
Nonetheless, this technique can and has
been used by itself and so was
considered as a possible approach in this
research.

The demographic domain is often
defined in terms of age, sex, race, or
ethnic origin. The underlying theory for
this approach is the same regardless of
the definition. Stratify the blocks in each
PSU intoM strata according to the
percentage of the population within the



Table 7. Sample sizes for equiprobability sample of 50,000 interviewed households with one

adult per household (corrected for within-household design effect)

One adult per household

Race, Hispanic origin, and age Male Female Total
Black
under5 . ...
5-17 . S L. L.
18-24 . . . 304 356 660
2544 823 1,044 1,867
A5-64 . . 528 682 1,210
65yearsandover . ... ..... ... ... ... 244 361 605
Total ... ... S L L
Total 18 years and over . .. ............ 1,900 2,443 4,343
Households . . .. ................... 5.559
Hispanic
under5 ... ... ...
517 . S L L.
18-24 . . . e 278 268 546
2544 775 756 1,531
A5-64 .. 348 394 742
65yearsandover . .. ................ 126 176 302
Total ... ... L C .
Total 18 years and over . . ............. 1,526 1,595 3,121
Households . . . .. .................. 3,901
Other
under5 ... ... ...
517 . S L L
18-24 . . . 1,879 1,896 3,775
2544 6,485 6,577 13,062
A5-64 . . 5,328 5,631 10,859
65yearsandover . ... ... ... ... 2,630 3,801 6,431
Total ... ... L . e
Total 18 years and over . . ............. 16,321 17,805 34,127
Households . . .. ... ................ 40,610
Total
under5 . ... ... ..
517 . o L L
18-24 . . .. 2,460 2,520 4,980
2544 8,083 8,378 16,461
A5-64 . . 6,204 6,608 12,812
65yearsandover . . ... ... .. 2,999 4,338 7,337
Total ... ... L e e
Total 18 yearsand over . .............. 19,746 21,844 41,590
Households . . . ... ................. 50,070

... Category not applicable.

NOTE: Figures may not add to totals because of rounding.

block belonging to the targeted domain.
There does not appear to be any theory
on the optimal number of such strata or
on how to choose the cut-points that
define them. As a general rule, it would
seem that more strata are better than
fewer. The limiting constraints are the
cost of the computer runs to classify
blocks into the strata and the burden of
verifying that sampling is done for each
stratum correctly.

Let P,—Py, indicate the proportion
of the total population living in each of

these strata. LdD,—D,, indicate the

corresponding proportions of the

targeted domain population. L&,—-Sl,,

indicate corresponding sampling

intervals for theM strata. The problem
is to determine the optimal set of

sampling intervals for producing

statistics about the targeted domain
population.
Assuming equal unit variances in all

strata, the design effects for total

statistics and for statistics about the
targeted domain will be, respectively,
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M M
P.
DE = P,Sk | _Jand
Z S Z s
i=1 i=1
1)
M M
D.
DE = DSl |. _!
yosi|-|3 2
i=1 i=1
2

The average sampling fractions for
the overall sample and for the targeted
domain are, respectively,

P and Di
Sk Sk
Thus, the ratio of the sampling
fraction for the targeted domain to the
sampling fraction for the general

population (henceforth referred to as the
“nominal oversampling rate”) is

25

Division of this nominal
oversampling rate by the design effect
for the targeted domain gives the
effective oversampling ratio:

1
[> (P/SHI [2DiSH

3)

(4)

The problem is to maximize
equation 4 subject to the constraint of a
constant sample size. L& indicate the
sampling interval that would yield the
allowable fixed sample size with a
simple random sample. Then the optimal
sampling interval for the-th stratum is

Sli=SI\/§i[Z\/DJPj

j=1

(5)

The optimal sampling intervals from
equation 5 can be substituted back into
the earlier equations to obtain the
nominal and effective oversampling
ratios and the design effects. These basic
formulas are used to discuss the
suitability of this approach compared
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Table 8. Distributions in 1990 of minority populations across density strata

Percent of designated minority in each stratum

American
Asian and Indian,

Stratum (designated minority as Pacific Eskimo,

percent of block) Black Hispanic Islander and Aleut
A0 L 8.5 14.8 37.0 46.8
<G e 6.6 19.4 34.6
5-10 .. S 8.1 17.7 12.1
10-30 . . 13.9 22.1 32.1 15.9
30-60 . ... 16.2 23.3 18.0 7.7
60andover . ............ ... ...... 61.4 39.8 13.0 29.6

... Category not applicable.
SOURCE: 1990 STF1B file

with others for each of the targeted
domains inchapters Bhrough 9. Some
foreshadowing of those results can be
obtained fromtable § however.
Oversampling integrated and
predominantly minority blocks can be
seen to have much more potential for
black persons than for the other groups
because the black population is much
more highly concentrated. It is
immediately apparent that Asian and
Pacific Islanders are not concentrated
enough for the technique to be effective.
This is particularly obvious when one
considers the large boost in the effective
sample size that is required for the
domain. Among American Indians,
Eskimos, and Aleuts, there are two
distinct patterns. Those who live on
reservations are extremely segregated
and thus easy to oversample; those who
live off reservations tend to be only
slightly segregated.

Table 9shows the percentage of
each density stratum that is not black,
Hispanic, Asian, or Native American.
The table basically shows the
pervasiveness of non-Hispanic white
persons (the only racial and/or ethnic
domain with excellent precision) in all
strata. The table shows that blocks with
strong concentrations of black persons

oversampling classes of blocks is a
wasteful technique by itself. It is far
more efficient when combined with
screening, as is discussed in the next
section.

Screening With
Subsampling

With screening, a larger sample
than actually desired is selected. A very
brief, inexpensive questionnaire is then
administered to the sample to determine
the members of the domain to be
oversampled. Those units (persons or
housing units) that are not part of that
domain are subsampled. It is possible to
set up multiple cells with different

be done centrally after the entire
screening operation is completed, or it
can be done by the interviewer on the
fly. Techniques have been developed

easy for the interviewer (11).
Interviewers do not need random
numbers. Instead, they are given

at which households. These instructions
are randomized centrally before
screening to yield the desired sampling
rates. Alternatively, with computer-
assisted personal interviewing (CAPI),
the sampling can be programmed and
performed automatically in the laptop
computer; the computer notifies the
interviewer which households to retain
for the full interview and which ones to
reject as a result of subsampling.

Experience at Westat, Inc., has
shown that it is possible to obtain basic
information on sex, race, and ethnicity
for the occupants of more than
99 percent of housing units. A success
rate this high requires persistent,
well-trained, door-to-door interviewers
and some recourse to proxy information
from neighbors.

The U.S. Bureau of the Census
estimates that each screening interview
that does not result in a household of
the desired type costs as much as
one-third of the cost of interviewing the
household with standard NHIS
instruments. This estimate is
parameterized in this report &= 3,
meaning that a full standard interview
costs three times as much as a screening
interview. For example, 51,000 extra
attempted screeners should cost as much
as 17,000 completed interviews. In fact,

subsampling rates. The subsampling can the Bureau made an estimate this low

only with great hesitancy. Some at the
Bureau believed thaR = 2 or even

R= 1.5 would be better projections.
(The cost estimates are staff member

that make the subsampling process very judgments because the Bureau has not

had any recent direct experience with
screening of this type.) The actual cost
will be sensitive to the required

house-by-house preinterview instructions response rate, the rules allowing the use
about which domains can be interviewed of information from neighbors, and the

Table 9. Distributions in 1990 of each density stratum that is other

or Native Americans are the least likely

. . . . American
blocks to contain non-Hispanic white Asian and Indian.
persons. Even in these blocks, however, Percent of block population constituted by Pacific Eskimo,
the numbers of non-Hispanic white a specific racial and/or ethnic group Black Hispanic Islander and Aleut
persons imply that a sample <10 86.6 83.5 776 76.0
concentrated in the densest minority S5 84.6 78.2 76.0
blocks will pick up substantial numbers 5710 - 75.9 715 733
of non-Hispanic white persons. Because o oo ' 635 029 293 703

X panic > P - 3060 . .. 40.7 37.8 35.0 50.0
there is no desire to improve the 60 years and Over . . . . ... 8.1 1.8 154 77

precision of statistics about this group of
non-Hispanic white persons,

report, other is defined as not black or Hispanic.

NOTE: Other is defined as not black, Hispanic, Asian, Pacific Islander, American Indian, Eskimo, or Aleut. In most tables in this



Series 2, No. 126 [0 Page 21

complexity of the screening rules. is determined by either a cost constraint accurately for relatives not living in the
Because the U.S. Bureau of the Census or a sample size demand. This formula household. In fact, for many NHIS
has not attempted screening in assumes that no interviews are supplements, even a household
household interviews since the 1960’s, a conducted with anyone outside the respondent is considered unsatisfactory;
decision was made to field test targeted domain. However, a subsample interviewers are instructed to accept
procedures in 1993. A field test was of the “other” population can be kept nonresponse instead of proxy response if
carried out by the Bureau with good from the screened households without  self-response is impossible. Thus, the
results (12). affecting the optimal allocation very scheme proposed and studied for NHIS

Although screening can be done on much. If there are multiple targeted was to have interviewers track the
an equiprobability sample, it is often domains, it appears difficult to obtain an nominated relatives and administer the
more effective when combined with optimum allocation formula. NHIS instruments directly to them. Use
oversampling at the block level, as is If R=1, (i.e., screening is as of the telephone for the tracking and
further explored irchapter 5Screening  expensive as interviewing), this follow-on interviews was a possible
can be used either at the person level or proportionality gives rise to the same refinement considered.
at the household level. Given the very relative allocation of sample as equation This scheme is still under
low marginal cost in NHIS of collecting 5. If the cost of screening is far less consideration for future redesigns but
data on extra members of a household, than the cost of interviewing (i.eR is was dropped from active consideration
most of the attention for this study was approaching infinity) and the domain is  for 1995 for several reasons. First, the
on screening whole households either in not extremely rare (i.eNp/N is not scheme is very new. No published
or out of the sample for full interviews. close to 0), this relationship results in descriptions came to light in which

The formulas in the previous close to a flat set of sampling intervals, network sampling had been used on a
section for optimal sampling intervals which is equivalent to allocation in large-scale survey in which the

need to be changed when screening is  proportion to total populationfable 10 nominees had to be tracked and
conducted in tandem with oversampling. illustrates this relationship well. As the  interviewed within a short time. Also,

Those formulas assumed constant costs cost of interviewing increases in available data on the sizes of familial
per unit across the strata. When proportion to the cost of screening, the networks by race and ethnicity are
screening is used, cost is no longer benefits of oversampling decrease. For limited. The risks of implementation
constant across the strata. Each minority example, with a value dR = 40, the without extensive pretesting would be
person found in one of the less dense  percent reduction in total cost for considerable. Because there was
stratum costs more than a similar statistics on the black population in the insufficient time to pretest the method,
minority person in the most dense year 2000 for screening with and reasonable alternatives were
stratum because more screening oversampling, compared with screening identified at least for the black and
interviews with untargeted domains had with uniform sampling intervals, is just  Hispanic populations, the idea was put
to be conducted to find him or her. 1.5 percent. On the other hand, when theon the shelf until future redesigns.

Let N be the size of the total population is extremely rare, as is the
population and\p, be the size of the case with Native Americans, the benefits Detailed Considerations
targeted domain. Let be the cost of of oversampling are still substantial

The areas carefully considered

one screening interview. An interview (19-percent cost reduction for same . )
include the following:

with a member of the targeted domain  precision) even when a full interview

in stratumi costs R-1)c plus costs 60 times as much as a screener e The racial and/or ethnic groups for
_ interview. which network sampling might be
N [') c for all the screening interviews most advantageous.

D™l Network Sampling by e Whether open or closed networks
that did not yield households from the : : : would be more appropriate.
targeted domain. The cost per interview Nomination of Relatives e The adequacy of existing
_ _ Np P, Prior applications of network information on multiplicities
is thus proportional teﬁ (R-1) o sampling involved having an initial associated with different network

i .- X ..
_ _ , probability sample of persons (obtained definitions.
Under optimal allocation, assuming by area or list sampling) report on the ~ ® The biases resulting from
equal unit variances in all strata, the number of relatives they have outside misreporting of multiplicities and
Sampling interval in stratumshould be the househ0|d and Whether any Of them how to reduce those biases.
determined by the equation have certain characteristics of interest, @ The use of the telephone to reduce
P, Np such as diabetes (13). A variant of this costs. _
Sha 5' + RD) method was studied as part of the NHIS @ Unduplication with other current
i ©) redesign research. It was not believed surveys run by the U.S. Bureau of
that most persons would be able to the Census.

where the constant of proportionality ~ answer most of the questions in NHIS @ Control over sample sizes.
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Table 10. Aspects of the optimal mix of screening and oversampling for various cost assumptions and racial and/or ethnic subdomains

Ratio of interview cost to screening cost

Cost assumption 1:1 1.5:1 2:1 31 4:1 5:1 10:1 20:1 40:1 60:1
Based on 1990 distributions Optimal ratios of screening-to-interview sample
Black . . . ... .. ... 2.6 2.8 3.0 33 35 3.7 43 5.1 5.9 6.4
Hispanic . . . ......... . .......... 3.7 4.0 4.2 4.5 4.8 5.0 5.7 6.6 7.6 8.2
Asian and Pacific Islander . . . . ... ... .. 10.1 10.8 11.3 121 12.8 13.3 154 18.1 21.2 23.2
American Indian, Eskimo, Aleut . . ... ... 15.8 18.5 20.5 23.7 26.1 28.2 35.8 45.4 57.2 65.2

Based on projections to 2000

Black . . . ....... ... 3.1 3.4 3.6 4.0 4.2 4.5 5.2 5.9 6.6 6.9

Hispanic . . .. ......... ... ...... 3.9 4.2 4.4 4.7 4.9 5.1 5.8 6.5 7.1 7.4
Based on 1990 distributions Optimal oversampling rates for densest stratum

Black . . . ... ... 8.2 6.8 6.0 5.0 4.4 3.9 2.9 2.2 17 15

Hispanic . . . .................... 9.7 8.2 7.3 6.1 53 4.8 3.5 2.6 2.0 1.7

Asian and Pacific Islander . . . . .. ... ... 10.7 9.1 8.1 6.8 6.0 5.4 3.9 2.9 2.2 1.9

American Indian, Eskimo, Aleut . . ... ... 20.4 16.2 13.9 11.2 9.7 8.6 6.1 4.4 3.2 2.6

Based on projections to 2000

Black . . .. ... ... 55 4.6 4.0 3.4 3.0 2.7 2.0 1.6 1.3 1.2

Hispanic . . . ......... . .......... 5.6 4.7 4.1 3.4 3.0 2.8 2.1 1.6 14 1.3
Based on 1990 distributions Screener sample sizes for precision equivalent to simple random sample of 1,000

Black . . . ... . 3,900 3,900 4,000 4,100 4,200 4,300 4,700 5,300 6,000 6,400

Hispanic . . . .................... 5,500 5,500 5,600 5,700 5,800 5,900 6,300 7,000 7,800 8,300

Asian and Pacific Islander . . . .. .. ... .. 18,000 18,000 18,000 18,000 19,000 19,000 20,000 21,000 23,000 25,000

American Indian, Eskimo, Aleut . . ... ... 61,000 61,000 61,000 61,000 62,000 63,000 65,000 69,000 75,000 79,000

Based on projections to 2000

Black . . . ... . ... ... 4,700 4,700 4,800 4,900 5,000 5,100 5,600 6,100 6,700 7,000

Hispanic . . . .......... . ... ..... 5,500 5,500 5,500 5,600 5,700 5,800 6,200 6,700 7,200 7,500
Based on 1990 distributions Interviewed sample sizes for precision equivalent to simple random sample of 1,000

Black . . . ... o 1,500 1,400 1,300 1,200 1,200 1,200 1,100 1,000 1,000 1,000

Hispanic . . .. ................... 1,500 1,400 1,300 1,300 1,200 1,200 1,100 1,000 1,000 1,000

Asian and Pacific Islander . . . ... ... ... 1,800 1,700 1,600 1,500 1,500 1,400 1,300 1,200 1,100 1,100

American Indian, Eskimo, Aleut . .. ... .. 3,800 3,300 3,000 2,600 2,400 2,200 1,800 1,500 1,300 1,200

Based on projections to 2000

Black . . . . ... . 1,500 1,400 1,300 1,200 1,200 1,200 1,100 1,000 1,000 1,000

Hispanic . . . .................... 1,400 1,300 1,300 1,200 1,200 1,100 1,100 1,000 1,000 1,000
Based on 1990 distributions Percent reduction in cost compared to screening without oversampling

Black . . . ... ... ... 53 48 43 36 31 27 16 7.6 3.1 1.7

Hispanic . . .. ................... 51 47 43 38 33 30 19 10.2 4.6 2.7

Asian and Pacific Islander . . . . ... ... .. 47 45 43 41 38 36 28 18.8 10.4 6.6

American Indian, Eskimo, Aleut . ... .. .. 52 51 50 48 47 46 40 33.1 24.3 19.0

Based on projections to 2000

Black . . . ... ... 41 35 32 26 21 18 10 4.1 1.5 0.8
Hispanic . . .. ................... 35 31 27 22 19 16 9 3.7 1.2 0.5
Domains of Application- chapter 8. Network sampling, when Open Versus Closed Network#é\
Satisfactory techniques had already beencoupled with multiyear aggregation closed network is defined as one in
identified for the black and Hispanic (discussed later in this chapter), which anyone in the network can
populations (seehapter 5. American however, seems to offer the possibility  nominate anyone else in the network.
Indians, Eskimos, and Aleuts seemed  of achieving the desired precision for An open network is defined as any other
totally out of reach with any statistics on Asians and Pacific Islanders type of network. An example of a closed
design-unbiased sampling technique at a reasonable cost. Thus, there is network is induced by the sibling rule,
(chapter 8. The techniques identified for reason to continue to study the potential and an example of an open network is
the black and Hispanic populations uses of network sampling for induced by the parent rule. (See
would be too expensive to use for oversampling demographic domains for National Network Surveys of

Asians and Pacific Islanders (also NHIS. Diabetes(13) for descriptions of both



rules.) The multiplicity of a rule is the

concept “friend” is used to define the

average number of persons that someonenetwork, it is easy to see that many

may nominate, including himself or
herself.

Existing data on multiplicities-
Unpublished tabulations of a special
experiment on the 1976 NHIS reveal
that the standard open network, allowing
nomination of parents and siblings,
yields a multiplicity of 5.1 and that the
standard closed network, allowing
nomination only of siblings, yields a
multiplicity of 3.6. Because of increased
variation in weights, design effects
increase by 30 to 260 percent for the
sibling rule. The networks also lead to
an increase in design effects as a result
of clustering; this effect has not been
estimated. (The “design effects” in
National Network Surveys of
Diabetes(13) need to be inverted and
multiplied by 3.6 to obtain the more
common design effects that indicate an
increase in variance over a simple
random sample of the same size.)
Obviously, if the multiplicity is 3.6 but
the design effect increases by
260 percent, there is no net gain in

people will have no real idea of how
many other people would regard them
as friends. Without that knowledge, an
individual cannot inform the survey
taker of his or her personal multiplicity.
Without knowledge of that multiplicity,
it is not possible to form an unbiased
weight for the respondent.

Even when the network is defined
in terms of less ambiguous relationships
such as those of siblings or parents,
uncertainties will remain because of step
relationships, adoptions, foster
relationships, and other special
relationships. Furthermore, it is not
sufficient to know how many persons
could have nominated the sample
person. Rather, it is necessary to know
how many persons would have
nominated the sample person had they
been selected in the basic NHIS sample.
For example, if brother Ken would
never provide to interviewers
information on brother Harry, Ken does
not count in computing the multiplicity
of Harry. Would Harry know whether or

precision. Several other caveats must be not Ken would nominate him?

noted here. First, it is difficult to predict
the number of households over which
nominated persons will be spread. Many
of the nominated persons will be in the
original sample household. On the other
hand, if each spouse nominates blood
relations, the multiplicity may increase
strongly. Second, these numbers apply
to the total population; results might be
very different for the Asian American
population. Third, these networks were
not geographically restricted to be in the
same PSU or in any sample PSU.
Biases—Misreporting of multiplicity
results in biased and inconsistent
estimators. Of course, all sample survey

Biases attributable to poor
respondent estimation of personal
multiplicity that are common in many
network sampling applications can be
sharply reduced for a closed network if
nominated persons are also interviewed
and asked to make nominations of their
own. Depending upon the effectiveness
of procedures for resolving
discrepancies between nominations by
various members of the network, biases
could be largely eliminated. Of course,
this circular nomination and resolution
would be time consuming, in terms of
person hours and calendar time. Current
schedules for completing assignments

estimators are biased and inconsistent towould have to be relaxed.

some degree because of listing errors,
misclassification of the occupancy of
HU’s, incomplete household rosters,
nonresponse, and other nonsampling
errors. However, there is an additional
potential for bias in multiplicity
estimators based on network samples.
The actual level of bias depends
strongly on how the networks are
defined. If the network is defined in
terms of ambiguous relationships, the
bias will be worse. For example, if the

The only closed network to have
been tried in the past is the sibling rule.
Great care must be taken with
half-siblings to make even this network
closed. It might be possible to devise a
larger closed network by following only
male or only female bloodlines. For
example, if an eldest son could
nominate only his father, father’s father,
father’s father's father, eldest son, eldest
son’s eldest son, eldest son’s eldest
son’s eldest son, the network appears to
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be closed; everyone in the network can
nominate everyone else in the network.
In general, this appears to be an
extremely difficult task of dubious

utility.

Biases attributable to poor
respondent estimation of personal
multiplicity in open networks are much
more difficult to avoid. One possible
way of avoiding them is to check with
all potential nominators to see whether
they would indeed have nominated the
sample person. This would be a costly
operation because unless the potential
nominators can also be nominated
themselves, there is no other reason to
trace and contact them. Furthermore,
there is no way to determine whether
there are other people (in addition to
those mentioned by the sample person)
who might have nominated the sample
person.

Use of The TelephoreSome of the
difficulties of timing could be reduced
by using telephone interviews for
nominated households (or persons).
Also, use of the telephone would make
it possible to allow nationwide
nominations instead of only local
nominations. On the negative side,
telephoning could introduce another bias
because some households do not have
telephones and others might refuse to
provide telephone numbers.

Unduplication—It would be
extremely difficult, perhaps impossible, to
prevent duplication of network sample
cases by other census surveys. Duplication
would, of course, be very rare, but a few
cases would be nearly certain.

Control Over Sample Sizes
Network sampling would result in poor
control over sample sizes. Controlling
the mix of ages would also be difficult.
It is likely that a network sample that
yielded enough elderly cases for one age
domain would yield far more cases from
other age domains than would optimally
be desired. Subsampling within
households is possible, but this
introduces a whole new dimension of
operational complexities. If a sibling
rule were used, it might be possible—by
restricting the ages of persons who
could make nominations—to target the
nominated sample more closely by age.
Of course, such a rule would change a
closed network to an open one.
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Further Research

The first step in extending research
forward on this idea would be to add a
supplement to some major national
survey that would fill in information
gaps about multiplicities for racial and
ethnic domains. NHIS is a possible
vehicle for such a supplement, but the
Current Population Survewould be
preferable given its larger size. The
supplement should be developed to
determine the multiplicity for various
household rules—with and without local
restrictions, and with and without
restriction to persons with listed
telephone service. The next step would
be to design an actual pretest. No such
design work was performed as part of
this project. Clearly, planning will need
to closely involve NCHS and the U.S.
Bureau of the Census.

Dual-Frame Sampling
With Administrative Lists

The only lists of persons that are
maintained by the Federal Government
and made available for sampling for
health-related research are the list of
Social Security and Railroad Retirement
Act beneficiaries maintained by SSA
and the list of Medicare beneficiaries
maintained by HCFA. Use of these lists
falls under provisions of the Privacy Act
of 1974, which permits transfer of the
data (including names and addresses)
within the Public Health Service for
health-related research. Westat, Inc., has
used the Medicare list for a number of
surveys (including the Medicare Current
Beneficiary Survey for HCFA); the list
has been easy to work with and Westat,
Inc., staff members have been able to
locate almost all of the sample persons
on it.

Commercial lists of other segments
of the population do exist, but these
were not thoroughly investigated as part
of this research.

Integration of samples from
multiple frames into a single microdata
file with a single weight requires, at a
minimum, the ability to tell which units
had more than one chance of selection.
This is enough to create unbiased
weights. Furthermore, if it is possible to
determine the sampling stratum for each

unit in each of the frames, the precision
of the estimators can be improved. If the
full joint probabilities of selection for all
units within and across all frames can
be determined, even more precise
estimators are possible. Unbiased
multiplicity-based weights can be
developed without knowing the overall
probability of selection for a unit. If this
overall probability of selection is

known, however, the Horvitz-Thompson
estimator will usually be more precise.

Multiyear Aggregation

The least costly way to improve the
precision of core statistics for rare
domains is to aggregate statistics over
multiple years. The precision thus
achieved is not quite as great as would
result from independent samples,
because each year’'s sample is in the

same set of PSU’s and segments, but the

precision loss is only moderate.
Combining statistics over 2 years adds
about 10 to 15 percent to design effects.
A 3-year combination adds about 19 to

26 percent. For rare domains quite a few

this reduces the available sample size
and increases design effects. Internal
U.S. Bureau of the Census’ data indicate
that when movers are not followed, a
total response rate of 70 percent can be
obtained, where all the movers are
counted as nonrespondentsdlfears of
previous sample are used, this means
that the nominal sample size increases
by a factor & 1 + (.7)d. The recent
movers that are identified in the new
sample must be weighted up by a factor
of d + 1 to obtain unbiased weights.
This means that a design effect will be
incurred of

d+1

3
TR G [70+n+57

(7
Thus, the effective sample size only
increases by a factor of
Effective multiyear sample size
One year sample size
1+ .7d)°
7d+17%+.3

(8)

Adding all stationary persons of a

years of aggregation might be necessary.targeted domain from 1 prior year thus

This method is clearly not suitable for
questionnaire supplements that are
carried for only a single year, as is often
the case. Still, some data on rare
domains can be collected this way. In
the absence of any other data for such
domains, NCHS should have a
tabulation program to produce these
aggregations.

Carrying Samples Over
From Prior Years

For questionnaire supplements, a
method that is closely related to
multiyear aggregation is to carry
samples over from previous years.
Clearly, the least costly source of
samples for rare domains consists of
those samples that have already been
used. The drawbacks to this method are
higher nonresponse and higher
respondent burden. High response is
very difficult to maintain in the face of
physical moves and declining interest in
participation.

This method can be made even less
expensive by not following movers, but

results in an increase in the effective
sample size for the targeted domain of
about 60 percent. Two prior years yield
an increase of 110 percent. Three prior
years yield an increase of 160 percent.
Of course, if members of the targeted
domain tend to move at higher or lower
rates than the general population, these
projections will either be too optimistic
or too pessimistic. Also, there are recall
issues that could affect how unbiased
the weights are. To the extent that recent
movers make errors in reporting the fact
or timing of their moves, the weights
will suffer bias. It seems to make sense
that longer periods of recall will

increase the potential for that sort of
bias.

A solution that avoids the design
effects and possible biases of not
following movers is to retain addresses
of targeted domains rather than the
occupants themselves. Further study of
this option would require data on the
frequency with which successor
occupants of minority households are
also members of the same minority.
Such data were not readily available,
and so this option was not seriously



studied as part of this research.
However, it is an option that may be
worthy of further study. Data could be
assembled on change in the minority
status of household members through
longitudinal address surveys such as the
American Housing Survey.

Cost Models

Making rational choices between
alternative techniques clearly requires
some understanding of the costs of the
alternatives. An effort was made to
develop a comprehensive cost model for
NHIS (14); unfortunately, the robustness
of the model was uncertain. Existing
data are thin and unlikely to be
improved upon. Instead of relying on
comprehensive cost models, the research
described in this report proceeded by
drafting fairly specific plans for intuitive
costing by survey administration experts.

A number of steps that could be
taken to improve the quality of cost data
at the U.S. Bureau of the Census were
outlined, but these steps would be rather
expensive. It is not enough to know how
much each interviewer charged. A
careful accounting of all interviewers’
actions and their associated costs would
be a useful start, but even that would
not be enough to allow major
extrapolations from current practice.
NCHS would need either to raise
budgets or reduce the collection of
substantive data enough to allow the
collection of cost data that are good
enough to support reliable cost
modeling. It is doubtful that the gains in
sample design resulting from the
improved cost models would be great
enough to compensate for the high cost
of the data collection required to create
such models.
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Chapter 5 BeSt of greater policy interest t.har_1 other
) people who are not black; this

TeChnlques for oversampling, therefore, is largely a
. waste of effort.

Sampling the To quantify the limitations of this

Noneideriy BlaCk and approach (and to serve as the basis for

other research), new tabulations of the

HiSpaniC POpUlatiOﬂS 1990 decennial census were made
showing how the various domains are
distributed across strata defined by the

Oversampling Small density of minorities within blocks.

D ial C Tables 11-14ummarize key results.
ecennial Lensus Table 13is of particular interest; it

proportions may seem small, the

“other” population is so large (about

80 percent of total population) that
about 14 percent of the total population
is “other” in the blocks where Hispanic
persons exceed 60 percent. Similarly,
about 9 percent of the total population is
“other” in the blocks that are more than
60-percent black.

By the time the new design is
implemented, the results from the 1990
decennial census will no longer be
current. The prevalence of each group in

Geographic Units Without shows that a little less than 1 percent of each stratum has been projected forward

Screening the population that is neither black nor
Hispanic lives in blocks that are more
In the 1985-94 design, enumeration than 60-percent Hispanic and that a

to 2000, however, the midpoint of the
life of the new design, based upon study
of the deterioration in strata observed

districts (ED’s) and block groups (BG’s) comparable proportion of this population between 1980 and 1988 (15).

with strong concentrations of black lives in blocks that are more than
persons were oversampled, a random  60-percent black. Although these
sample of households within these ED’s
and BG’s was selected, and all residents

Despite the prevalence of the
“other” population in the blocks with

of selected households were retained for Table 11. Distribution of the black population across density strata in 1990

full interviews regardless of race. This
procedure is not very helpful in

Percent of block that is Hispanic

increasing the effective sample size for Percent of block that is black <5 5-10 10-30 30-60 60+ Total

black persons because it is coupled with _,,

_ > SURIEH W <0 oo 46 1.2 15 0.7 0.5 8.5
a policy of using total population asthe 1030 ................... 6.6 2.1 2.8 13 1.0 13.9
measure of size for the selection of 30-60 ... 8.4 17 238 25 0.7 16.2
PSU's and keeping tight constraints on B0+ . 50.0 45 5.6 1.3 0.1 61.4

e Total ... 69.6 9.6 12.7 5.8 2.2 100.0

total PSU workloads. This yields a
situation in which Stl’OI’]gly black ED’s SOURCE: 1990 decennial census, tabulated by Westat, Inc.
and BG’s in some rural southern PSU’s NOTE: Figures may not add to totals because of rounding.
are not oversampled, because to do so
would result in unacceptably large Table 12. Distribution of the Hispanic population across density strata in 1990

PSU-level workloads. This concern

Percent of block that is Hispanic

about total workloads is probably

mistaken; the U.S. Bureau of the Census Percent of block that is black <5 5-10 10-30 30-60 60+ Total

has the latitude to handle the large
workloads by scheduling more visits by ;4_3,

<10 ... 5.2 6.1 15.1 14.6 32.5 73.4

. 1S D) cauling mMore VISS by 9930 ... ... L 0.7 1.2 3.8 4.4 5.5 155
its traveling interviewers to such PSU’s. 30-60 ................... 0.3 0.4 16 3.4 1.7 7.4
Even if the workload constraints were 60+ . . .. 0.5 0.5 1.7 0.9 0.1 3.6

otal ............ ... 6.6 8.1 22.1 23.3 39.8 100.0

viewed as absolutely necessary, the large"

WOI’k'OadS in some PSU'’s COUId have SOURCE: 1990 decennial census, tabulated by Westat, Inc.
been preventEd if the PSU size measure note: Figures may not add to totals because of rounding.
had emphasized the presence of black
persons.

Table 13. Distribution of the other population across density strata in 1990

This strategy has another inherent
problem: It results in an oversample of

Percent of block that is Hispanic

white persons, Asians, Native Percent of block that is black <5 5-10 10-30 30-60 60+ Total
Americans, and others who live in

. : 10 o 68.5 8.8 8.1 2.1 0.7 88.3
predommantly b_IaCk nelghborhood.s. 0-30 . ... ... ... 4.7 1.4 1.6 0.5 0.1 8.3
Although a relatively small proportion 30-60 . ... 16 03 04 01 0.0 25
of the population that is not black lives 60+ ..................... 0.8 0.1 0.1 0.0 0.0 0.9
in such neighborhoods, that proportion ~ Total .................... 75.6 10.6 10.2 28 08 100.0

IS a SUbS_tantlal part of the populatlon n 0.0 Quantity more than zero but less than 0.05
these nelg_hborhOOdS_' People WhO are SOURCE: 1990 decennial census, tabulated by Westat, Inc.
not black in these neighborhoods are not yore: Figures may not add to totals because of rounding.
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high concentrations of black or Hispanic Table 14. Distribution of the total population across density strata in 1990

persons, oversampling without screening
can be used to achieve modest increases

Percent of block that is Hispanic

in effective sample sizes for the black Percent of block that is black <5 5-10 10-30 30-60 60+ Total
and Hispanic populations, particularly if .o . . .. . 55.3 77 8.0 3.1 35 775
only one of the groups is targeted. 10230 © ot 4.6 1.4 1.9 0.9 0.7 9.6
(Table 19illustrates this.) The table 28—60 ------------------- 623-2 8-2 8-2 8-; 8-(2) g-i
. . e . N . . . .
displays the same strata and population Total ... 68.9 10.3 11.5 4.9 44 100.0

distributions that are displayed in
tables 15-18but its strata are arrayed SOURCE: 1990 decennial census, tabulated by Westat, Inc.

vertically instead of in matrix form. The  NOTE: Figures may not add to totals because of rounding.

oversampling rates are relative to the

sampling fraction implied by an Table 15. Distribution of the black population across density strata in 2000
equiprobability sample of 50,000
households. (An oversampling rate of less

Percent of block that is Hispanic

than 1 means that the Sampling fraction in Percent of block that is black <5 5-10 10-30 30-60 60+ Total
that stratum is less than that for an <10 115 3.3 2.8 0.9 08 19.3
equiprobability sample.) The oversampling 10-30 ................... 6.3 16 3.0 1.4 1.0 133
rates were derived with the formulas 30-60 . ... 8.1 19 31 2.8 0.4 162
provided inchapter 4in the sectionon  J 5 S8 o8 D0 00 00 g

oversampling classes of blocks, under the
assumption of constant cost. SOURCE: Westat, Inc., projection.

Examination oftable 19reveals that NOTE: Figures may not add to totals because of rounding.
oversampling without screening can
boost the nominal sample for black Table 16. Distribution of the Hispanic population across density strata in 2000
persons by 157 percent. Unfortunately,
the design effect jumps up to 1.51; thus,

Percent of block that is Hispanic

the increase in the effective sample size Percent of block that is black <5 5-10 10-30 30-60 60+ Total

is only 7_1 percent. The cost Qf 5'_JCh a <10 153 10.0 155 13.0 235 77.3

strategy is a 28-percent decline inthe 1030 ................... 1.0 1.4 3.0 35 5.0 13.9

effectlve Sample S|Ze for the total 30-60 ......... . ... ... 0.2 0.4 2.5 3.0 0.6 6.7
. . B0+ . oo 0.5 0.3 0.9 0.3 0.1 2.0

pc.)pulatllon, a 19—_percent decline for the Total .. 17.0 12.1 22.0 19.8 29.2 100.0

Hispanic population, and a 35-percent

decline for the other population. The SOURCE: Westat, Inc., projection.

best that can be done for HiSpaniC NOTE: Figures may not add to totals because of rounding.

persons is a 54-percent increase in the
effective sample size, accompanied by  Table 17. Distribution of the other population across density strata in 2000
declines of 28 percent, 48 percent, and

29 percent for the total population, black

Percent of block that is Hispanic

persons, and others, respectively. The Percent of block that is black <5 5-10 10-30 30-60 60+ Total
|35t_ four C0|Umn5_0f the tab!e show <10 73.9 8.1 73 17 0.3 91.2
various compromise allocations of the 1030 ................... 4.3 0.7 0.8 0.2 0.1 6.1
sample across the strata. Compromlses NO—GO ................... 1.7 0.3 0.3 0.0 0.0 2.3
and B reflect optimal allocations for an BOF o 04 0-1 0.0 0.0 0.0 05

Total ... 80.2 9.1 8.4 1.8 0.4 100.0

artificial population that is part black
and part Hispanic_ Compromise C takes 0.0 Quantity more than zero but less than 0.05.

an oversampling rate for each minority =~ SOURCE: Westat, Inc., projection.

stratum that is the maximum of those NOTE: Figures may not add to totals because of rounding.

required for either black or Hispanic ] ) L ] ) ]
persons and then dramatically effective sample sizes for minorities. of high concentration. The blocks with

undersamples the first stratum that has Compromises A and B seem reasonable strong concentrations of black persons
the lowest concentrations of the black  but still fall short of goals. Compromise have only a small proportion of the
and Hispanic populations. Compromise D is unacceptable, and compromise C is Hispanic population, and vice versa.

D sets oversampling rates that are counterproductive even for the black Because oversampling with screening
proportional to the maximums required ~and Hispanic populations. The problem offers much larger improvements (see
by the black and Hispanic populations. comes from the objective of the discussion later in this chapter), the
None of these compromises offers the ~ oversampling both minorities. These technique of oversampling without

desired level of improvement in groups tend not to share the same areas screening was dropped from further
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Table 18. Distribution of the total population across density strata in 2000

Percent of block that is Hispanic

Percent of block that is black <5 5-10 10-30 30-60 60+ Total
<10 .. 59.2 7.8 7.7 2.9 3.1 80.7
10-30 . .. 4.2 0.9 1.3 0.7 0.8 7.8
3060 . ... 2.3 0.5 0.9 0.7 0.1 45
60+ . . . 6.0 0.4 0.5 0.1 0.0 7.0
Total . ....... .. ... ... .. 71.7 9.5 10.4 4.4 4.0 100.0

0.0 Quantity more than zero but less than 0.05.
SOURCE: Westat, Inc., projection.

NOTE: Figures may not add to totals because of rounding.

consideration for the black and Hispanic lowest concentration of black and

populations.

Screening a National
Equiprobability Sample

Screening without oversampling
blocks is probably the only technique
that makes sense for oversampling
domains that are fairly evenly spread
throughout the land, such as teenagers.
For black and Hispanic persons,
however, screening by itself is much
more costly than screening in
conjunction with oversampling blocks; it
was thus dropped from further
consideration.

Oversampling at the Block
Level With Screening for
Race, Ethnicity, Age, and
Sex

Given that black and Hispanic
populations tend to be separately
segregated, that there is no particular
interest in those members of the
majority population who happen to live
in blocks where they are the minority,
and that screening interviews are
expensive, the most clearly efficient
procedure is to combine oversampling
of blocks with screening. The term
“screening” is used here to include the
standard subsampling of untargeted
domains that immediately follows the
short interview that reveals the domain
of a household or person.

By screening households in
oversampled blocks, it is possible to
eliminate the undesired oversample of
others living there. If screening is
conducted even in the stratum with the

Hispanic persons (and thus the smallest
sampling fraction), it is possible to
increase the effective sample sizes
further for black and Hispanic persons.
Fromtable 10Q it is apparent that

minorities in the only-slightly-integrated

blocks should not be sampled at rates less

than 4 to 5 times those used in highly
segregated blocks. Finally, with screening,
it is possible to oversample each age
group at a separate rate. This is an
important capability, because the age
bracket of 18-24 years is critically
important for some current public health
issues (such as acquired
immunodeficiency syndrome) yet is quite
narrow; thus it is difficult to achieve the
required precision for young black adults
and Hispanic persons without
simultaneously getting larger-than-
necessary samples of the more broadly

and sex. Ethnicity (Hispanic or not) is a
little more difficult to obtain, and age is
the most difficult.

The second reason for rejecting the
plan was a feeling that, even though
statistics about the age bracket of 18-24
years are very important, it was
sufficient just to increase the total
minority sample size. There was great
reluctance to spend money on screening
to find minority households only to
discard some of those households
because they did not contain an
occupant of the desired age and sex.

Oversampling at the Block
Level With Screening for
Race and Ethnicity Only

Once the decision had been made to
give up on the required effective sample
size of 1,000 for the age bracket of 18-24
years by sex for each minority, the
proposed design had to be altered
significantly. This relaxation of
requirements led to substantial
simplifications and cost savings. The basic
combination of oversampling blocks with
high concentrations of black and Hispanic
persons and then following with screening
is still by far the most efficient method of
increasing total minority effective sample
sizes, however. The reasons for this are
the same as discussed in the previous

defined age brackets such as 25-44 years.section.

Accordingly, a detailed plan was
developed to oversample blocks and
screen sample households by race,
ethnicity, sex, and age. To do this, the
plan included screening whole households
in or out of the sample that will be asked
to go through the full interview depending
on their compositions. An alternative
would have been to screen some
household members in and others out; but
this did not make sense, given the NHIS
core instrument’s structure, which makes
the interview of additional household
members very inexpensive.

The plan was ultimately rejected for
two reasons. The first was a concern
about the complexity of the screening
process. In those cases where the
occupants of a sample housing unit
cannot be directly contacted during the
screening phase, it is often fairly easy to
get neighbors to provide occupants’ race

To set the details of the design,
NCHS delineated the following new
requirements and assumptions:

An assumption of a budget
50-percent larger than is needed for
a sample of 50,000 households in
the current design.

e Tolerance of a reduction in the
sample size for the population that
is neither black nor Hispanic, if
necessary, to obtain the required
effective sample sizes for black and
Hispanic populations.

A requirement of roughly equal
effective sample sizes for black and
Hispanic persons of 8,000 adults
each, given the random selection of
one adult per household.

The assumption tha = 3, meaning
that a full NHIS interview costs 3
times as much as a screening
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Table 19. The limits of oversampling without screening

Projections to the year 2000

Oversampling rates by stratum subject to fixed total sample size

Percent Percent Percent Percent Percent Percent ~ To minimize To minimize
Density black Hispanic of total of black  of Hispanic  of other  variance for variance for Compromise Compromise Compromise Compromise
stratum in 1990 in 1990 population population population  population blacks Hispanic A B C D

1 ... .. <10 <5 59.2 115 15.3 73.9 0.58 0.63 0.58 0.56 0.10 0.48
2 <10 5-9 7.8 3.3 10.0 8.1 0.86 1.41 1.23 1.09 1.41 1.08
3 <10 10-29 7.7 2.8 15.5 7.3 0.79 1.76 1.50 1.28 1.76 1.34
4 .. <10 30-59 29 0.9 13.0 1.7 0.73 2.63 2.20 1.82 2.63 2.00
5 ... ... <10 60+ 3.1 0.8 235 0.3 0.66 3.40 2.83 2.32 3.40 2.59
6 ........ 10-29 <5 4.2 6.3 1.0 4.3 1.60 0.61 0.86 1.10 1.60 1.22
7T . 10-29 5-9 0.9 1.6 1.4 0.7 1.74 1.55 1.49 1.52 1.74 1.33
8 ... 10-29 10-29 1.3 3.0 3.0 0.8 1.98 1.89 1.78 1.79 1.98 1.51
9 ... 10-29 30-59 0.7 1.4 3.5 0.2 1.85 2.78 2.44 2.20 2.78 212
10 ... .. 10-29 60+ 0.8 1.0 5.0 0.1 1.51 3.21 2.74 2.35 3.21 2.44
N 30-59 <5 2.3 8.1 0.2 1.7 2.45 0.37 1.11 1.58 2.45 1.87
12 ... ..., 30-59 5-9 0.5 1.9 0.4 0.3 2.60 1.17 1.49 1.83 2.60 1.98
13 ... 30-59 10-29 0.9 3.1 2.5 0.3 2.40 2.07 2.01 2.07 2.40 1.83
14 ... ... 30-59 30-59 0.7 2.8 3.0 0.0 2.61 2.55 2.40 2.39 2.61 1.99
15 ... ... 30-59 60+ 0.1 0.4 0.6 0.0 2.58 3.04 2.76 2.62 3.04 2.32
16 ....... 60+ <5 6.0 44.9 0.5 0.4 3.57 0.36 1.58 2.29 3.57 2.72
17 ... 60+ 5-9 0.4 2.6 0.3 0.1 3.40 1.10 1.74 2.29 3.40 2.59
18 ... ... 60+ 10-29 0.5 3.1 0.9 0.0 3.25 1.70 1.99 2.37 3.25 2.48
9 ... 60+  30-59 0.1 0.6 0.3 0.0 3.20 2.26 2.33 2.54 3.20 2.44
20 ... ... 60+ 60+ 0.0 0.0 0.1 0.0 2.92 3.11 2.87 2.70 3.11 2.37

Totals for 2000 268,000,000 34,000,000 32,000,000 203,000,000

Resulting nominal oversampling rates across strata
Total 1.00 1.00 1.00 1.00 1.00 1.00
Black 2.57 0.87 1.47 1.85 2.64 2.05
Hispanic 1.02 2.18 1.89 1.65 2.17 1.72
Other 0.74 0.84 0.79 0.76 0.55 0.72
Design effects from unequal weights
Total 1.30 1.39 1.30 1.33 5.93 1.49
Black 1.51 1.67 1.17 1.25 3.79 1.37
Hispanic 1.26 1.41 1.33 1.27 4.01 1.37
Other 1.14 1.19 1.16 1.16 4.01 1.24
Effective oversampling rates

Total 0.72 0.72 0.77 0.75 0.17 0.67
Black 1.71 0.52 1.26 1.49 0.69 1.50
Hispanic 0.81 1.54 1.42 1.30 0.54 1.25
Other 0.65 0.71 0.68 0.65 0.14 0.58

0.0 Quantity more than zero but less than 0.05.

interview. See the fourth section of

chapter 2for the rationale on

requiring only one sample adult per

household.

Designing a sample to meet these

requirements was a complex

undertaking. The theory inhapter 4
guides the allocation of sample across
minority density strata when there is
only one targeted domain, but it does
not determine an optimal allocation
when there are two targeted domains.

Also, that theory assumes that all

persons found in the screening who are
not members of the targeted domain will
be dropped from the sample. For this
design it was necessary to balance the
cost of screening and the design effects

associated with oversampling against thethe black and Hispanic households were
gains in precision for the black and then calculated. This amount of money
Hispanic populations. was then subtracted from the total

The basic procedure used during the assumed available given a 50-percent
design process was to experiment with increase in funding over the level
different allocations of the sample across required for an equiprobability sample

the minority density strata defined

earlier in this chapter. For every trial
allocation, the nominal oversampling
rates, design effects, and effective
oversampling rates were calculated for
all three domains using equations 3, 2,
and 4, respectively. The nominal
oversampling rates were then applied to
the sample sizes that could be expected
from an equiprobability sample of
50,000 interviewed households shown in
table 6 The costs of the screening
interviews and of the full interviews for

of 50,000 interviewed households. This
then determined the number of full
interviews that could be conducted with
“other” households. The allocation of

the sample was then chosen that yielded
the required effective sample sizes of
8,000 interviewed black adults and
8,000 interviewed Hispanic adults (given
the random selection of one adult per
household), while maximizing the
effective sample size for other adults.
The resulting oversampling rates are
shown intable 20 Recall that these
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Table 20. Oversampling rates for the alpha design
[Relative to a design that would yield 50,000 interviews]

Percent of block that is Hispanic

Percent of block that is black <5 5-10 10-30 30-60 60+
<10 ... 1.6 2.00 3.20 4.00 4.00
10-30 . ... 1.6 2.00 3.50 4.00 4.00
30-60 . ... 1.7 2.00 3.50 4.00 4.00
60+ . .. 2.0 2.00 3.50 4.00 4.00
Table 21. Persons in screened households for the alpha option

All adults in each household
Race, Hispanic origin, and age Male Female Total

Black
Under5 ... ... ... . .. ... 1,475 1,413 2,888
5-17 4,203 4,010 8,213
18-24 . . . 1,559 1,824 3,383
25-44 4,220 5,352 9,572
A5-64 . . 2,706 3,494 6,200
65andover . ................... 1,250 1,850 3,100
Total . ... ... 15,412 17,943 33,355
Total 18 andover . .. .............. 9,735 12,520 22,255
Households . .. .................. 12,295

Hispanic

Under5 .. ... . 2,508 2,401 4,908
5-17 . 6,023 5,753 11,776
18-24 . . . 2,283 2,208 4,492
25-44 . L 6,376 6,223 12,599
A5-64 . L 2,864 3,245 6,109
65andover .................... 1,033 1,446 2,479
Total . ... .. 21,087 21,276 42,363
Total 18 and over . ... ............. 12,556 13,122 25,678
Households . . . .................. 12,465

Other
Under5 .. ... ... 5,127 4,859 9,986
5-17 . 15,490 14,690 30,180
18-24 . . .. 7,450 7,518 14,968
25-44 . L 25,716 26,083 51,799
A5-64 . . 21,128 21,935 43,063
65andover ............ ... ..... 10,428 15,073 25,500
Total .. ... . ... 85,339 90,158 175,498
Total 18 and over . ... ............. 64,722 70,609 135,331
Households . . . . ................. 74,358

Total
Under5 .. ... ... .. ... ... .. ... 9,110 8,673 17,783
5-17 . 25,716 24,453 50,169
18-24 . . .. 11,292 11,551 22,843
25-44 L 36,312 37,658 73,970
A5-64 . .. 26,698 28,674 55,372
65andover ............. .. ..... 12,711 18,369 31,080
Total ... ... 121,839 129,377 251,216
Total 18 andover . ... ............. 87,013 96,251 183,264
Households . . . ... ............... 99,118

... Category not applicable.

NOTE: Figures may not add to totals because of rounding.

ratesarerelative to an equiprobability
sample that yields 50,000 completed
household interviews.

These oversampling rates result in
nominal oversampling rates for the
black, Hispanic, and “other”
populations of 2.212, 3.195, and 1.831,
respectively (equation 3). Applying these
nominal oversampling rates table 6
yieldstable 21 which shows the total
number of persons in screened
households.

Clearly, the number of “other”
households discovered during screening
is much larger than can be afforded with
a 50-percent budget increase. At the
conclusion of the screening interview, it
is necessary to tell some of them,
“Thanks for your time and have a nice
day.” Of course, there is no reason to
subsample at a uniform rate. Given the
differential oversampling rates shown in
table 2Q it is much better to design the
retention rates in such a manner that an
“other” household (containing only
non-Hispanic white persons, Asians, or
Native Americans) will have the same
probability of selection whether it is in a
predominantly black, Hispanic, or other
neighborhood.

The computation of retention rates
for “other” households depends strongly
on the relative costs of screening and
full interviews. As mentioned already, a
fundamental assumption underlying the
design was that a full interview costs 3
times as much as a screening interview
(R = 3). The differential oversampling
rates shown irtable 20are projected to
yield 123,900 addresses for screening
(before identification of vacants, other
ineligibles, and nonrespondents). With a
sample of 50,000 interviewed
households, the number of addresses to
screen is just 62,500 (allowing for a
combined loss to ineligibility and
nonresponse of 20 percent). If the
hypothetical survey of 50,000 completes
were expanded by 50 percent, that
would mean 93,750 screened addresses.
The difference of 30,150 screened
households means that the number of
full interviews must be cut by at least
10,050 households from the 75,000 that
could be done with a straight 50-percent
increase over 50,000 interviewed
households. Cutting 10,050 households
from the hypothetical 75,000 does not
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save all the cost associated with those  Table 22. Percent of other households discovered during screening to be kept for full
contacts, however. There are still the ~ Né'views under the alpha design

screening costs. The actual number of Percent of black that is Hispanic

total households that can be retained for

. . . . Percent of block that is black <5 5-10 10-30 30-60 60+
full interviews is determined by the
equation <10 .. 54.1 43.3 27.0 21.6 2
10-30 ..o 54.1 43.3 24.7 21.6 2
62,500 - 50,0 30-60 50.9 43.3 24.7 21.6 2
1 ) = OUTOY e . . . .
[50’00O 3 (1.5) B0+ . ot 44.4 43.3 24.7 21.6 2

[ 255

Table 23. Effective sample sizes for alpha design when all household members are sampled

Solving this equation yields the All adults in each household
answer that 59,900 households can be o
) K . X Race, Hispanic origin, and age Male Female Total
retained for full interviews. Subtracting
out the 12,300 black households and the Black
12,500 Hispanic households that are under5 .. ... 1,361 1,304 2,664
expected to receive full interviews, this 517 ... 3,877 3,599 7,576
« ” 18-24 . . ... 1,438 1,683 3,121
leaves room for 35,.100 oiher _ s aa 3893 2038 8830
hquseh()lds_ tQ receive full interviews. U564 2,496 3,223 5,720
Given that it is expected that the 65and OVer . ................... 1,153 1,706 2,860
Screening W|” y|e|d 74,300 "Other" Total ... .... ... ... .. ... 14,218 16,553 30,771
households, this implies that the overall 0@ 18andover ... 8,980 11,550 20,530
| Households . . . ... ............... .. .. 11,343
retention rate of other households
discovered during screening should be Hispanic
47.3 percent. under5 .. ... 2,209 2,115 4,325
Let r; be the retention rate for ;1;4 ------------------------- gg(l); ivgiz 121;7:73
sc_reeped oth_er households inth o5 4 5618 5483 11,100
minority density stratum. Also, lek; be U564 ... 2,523 2,859 5,382
the oversampling rate for the stratum 65and over . ................... 910 1,274 2,184
from table 20 and |9tQi be the Total ... .... ... ... .. ... 18,579 18,745 37,324
. . « " Total 18 andover . ... ............. 11,063 11,562 22,624
proportlon Of the natlonal Other Households . . . ... ............... L. L. 10,983
population that is in thé-th stratum (in
table 17. It is optimal to have the two Other
following relationships both be true: unders .. ... 2,425 2,299 4,724
517 .. e 7,327 6,948 14,275
1 1824 . oo 3,524 3,556 7,080
E Q;ri=0.473 andr; '“E 2544 12,164 12,337 24,501
U564 . 9,994 10,375 20,369
. i i . 65andover . ............ . ... ... 4,932 7,129 12,062
The first equation simply requires Total L. 40,365 42,645 83,010
that the average Weighted retention rate Total18andover ................. 30,614 33,898 64,012
for other households across all the strata Households . . ... ................ 35,171
be correct. The second relationship will Total
ensure an equiprobability sample of UNders .. oovve 4,242 4,035 8,277
“other” households. Both relationships 517 ......................... 12,216 11,609 23,826
can be satisfied by Setting 18-24 . . ... 5,475 5,609 11,084
2544 L 17,906 18,569 36,475
_ 0473 U564 . . 13,627 14,541 28,168
= 65and OVEr . o o oo 6,568 9,499 16,067
i | 1K TOtal Lo 60,035 63,861 123,896
k) (Q/k)
i Total 18 andover . . ... ............ 43,576 48,217 91,794
Households . . . .................. L L 46,794

The results of this calculation are shown
in table 22 ... Category not applicable.

The differentia| Welghts associated NOTE: Figures may not add to totals because of rounding.
with the oversampling shown itable 20

leads to design effects of 1.084 and “other” population will be 1.00 because the numbers of screened persons shown
1.135 for the black and Hispanic there will be an equiprobability sample in table 21for the design effects and
populations, respectively. After of the “other” population. Thus, the subsampling. This means dividing by
subsampling, the design effect for the ~ effective sample sizes for the three 1.084 for the black population, dividing

domains can be achieved by adjusting by 1.135 for the Hispanic population,
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and multiplying by 0.473 for the
“other” population. The effective
sample size for the total population is
slightly more complicated to calculate

Table 24. Effective sample sizes for alpha design when one adult is sampled per household

One adult per household

and present because the oversampling of Black

black and Hispanic households means
that the average household size will
increase for the sample. After
subsampling, the nominal oversampling
rate for the total population will be
1.278 with a design effect of 1.281.
Also, the nominal oversampling rate for
households will be 1.197 with the same
design effect of 1.281. The effective
sample size for the total population is
obtained by multiplying the sample sizes
shown intable 6by either 1.278 or
1.197 and then dividing by 1.28. The
results of these adjustments are shown
in table 23

To get effective sample sizes when
just one adult is sampled per household,
it is necessary to adjust the numbers in
table 23in the same manner as the
numbers intable 6were adjusted to
obtaintable 7 The results are shown in
table 24

Race, Hispanic origin, and age Male Female Total

Under5 ... ... ... ... .......

5-17 . . Ce L
18-24 . ... 621 726 1,347
2544 1,680 2,131 3,811
A45-64 . ... 1,078 1,391 2,469
65andover ................. 498 737 1,234
Total . . ....... ... .. - L. R
Total 18 and over . ... .......... 3,876 4,985 8,861
Households . . . ... ............ 11,343

Hispanic

Under5 ... ... ... ... .......

5-17 . . S L
18-24 . ... 781 756 1,537
2544 . 2,182 2,129 4,311
A45-64 ... 980 1,110 2,090
65andover ................. 353 495 848
Total .. ....... ... .. ... ... - L. .
Total 18 and over . ... .......... 4,296 4,490 8,786
Households . . . ... ............ 10,983

Other

Under5 .. ..... ... .. ........

5-17 . . S L.
18-24 . . ... 1,627 1,642 3,269
2544 . 5,616 5,696 11,313
A5-64 ... 4,614 4,791 9,405
65andover . ................ 2,277 3,292 5,569
Total .. ...... . ... ... .. L C.
Total 18 and over . .. ........... 14,135 15,421 29,556
Households . . .. .............. 35,171

Total

Under5 ... ... ... .. ........

5-17 .. - S L
18-24 . ... 2,488 2,566 5,053
25-44 . 7,739 8,137 15,876
A5-64 .. 5,382 5,901 11,283
65andover . ................ 2,512 3,631 6,144
Total . . ....... ... S S .
Total 18 andover . .. ........... 18,121 20,235 38,356
Households . . ... ... .......... 46,794

... Category not applicable.



Chapter 6. Choosing a
Sampling Technique
for the Elderly Black
and Hispanic
Populations

Area Sampling With
Oversampling at the Block
Level With Screening for
Race, Ethnicity, Age, and
Sex

As shown intable 20 even with a
50-percent budget increase, the
oversampling of blocks with high
concentrations of black or Hispanic
populations and screening (as a result of
mortality and immigration patterns),
black and Hispanic persons constitute a
much smaller proportion of the elderly
population in this country than is the
case in other age groups. There are not
enough elderly black and Hispanic
persons to yield sample sizes from the
proposed design that meet NCHS
requirements. Although the sample sizes
for both sexes have projected
deficiencies, the problems are especially
acute for males; fewer than 500 are
projected for black males (on an
effective basis) and about 350 for
Hispanic males (also on an effective
basis). A budget increase much larger
than 50 percent would be necessary to
meet the goals by oversampling blocks
and screening alone. Other methods of
increasing the effective sample sizes for
these domains were therefore
researched.

Dual-Frame Sampling
With Social Security
Administration Lists
Because the Social Security
Administration (SSA) maintains files

with excellent coverage of the elderly
population (at least for those age 66

While this research was being
conducted, interest arose in
supplementing the NHIS sample for
1994 (1 year before the planned
redesign) with a list sample of disabled
SSA beneficiaries. This work is reported
separately iPA Dual Frame Design for
Sampling Elderly Minorities and
Persons With Disabilitie$16). The idea
of oversampling SSA disabled
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The precision and cost of a
dual-frame sample based on surnames
depends strongly on the sensitivity and
specificity of the Passel-Word file. Every
false positive costs money to interview
or screen out; every false negative
increases the portion of the area-permit
sample that is not covered by the list
and that will therefore have high
sampling weights, thereby increasing

beneficiaries for NHIS has been dropped design effects because of unequal

for now. A decision to use SSA lists for
oversampling either disabled
beneficiaries or elderly minority persons,
however, makes it easier, of course, to
use the list for the other type of
oversampling as well.

The task of oversampling the elderly
black population from SSA files is fairly
straightforward because race is indicated
for about 97 percent of the file.
Unfortunately, SSA files do not have an
indicator of Hispanic origin for persons
who are currently elderly. (SSA started to
collect ethnicity data in the 1980’s, too
late to be of use in classifying the
current elderly population.) Thus, an
important issue is the identification of
those who are likely to be Hispanic.
This task is possible through the use of
surname classification. The following
sections discuss this use of surnames,
effective sample sizes that can be
achieved with dual-frame sampling, and
whether to use SSA lists to oversample
either addresses or persons. Assuming
that persons are oversampled, the issue
of other household members and
estimation issues for dual-frame
sampling are discussed in the last two
sections of this chapter.

Using Surnames to Identify
Hispanic Persons

To use the SSA files for
oversampling elderly Hispanic persons
despite the lack of an indicator for
Hispanic origin, a strategy that identifies
persons likely to be Hispanic on the
basis of surname was considered. The
Hispanic surname file developed by J.
Passel and D. Word at the U. S. Bureau
of the Census (17) was used to classify

years and over), research was conductedsurnames by ethnic origin. The

on dual-frame sampling that would
combine the traditional area-permit
sample with a supplemental list sample.

Passel-Word file contains 12,497
surnames that tend to belong to
Hispanic persons.

weights. (Note, however, that neither
false positives nor false negatives make
unbiased estimation impossible. This is
discussed later in this chapter.) Passel
and Word indicated that false positives
(also called errors of commission) run at
around 15 percent and that false
negatives (also called errors of
omission) run at around 20 percent.
Given the time lapse since that original
study, it was judged prudent to repeat
the study. To that end, the surname of
every member of the 1988 NHIS was
matched against the Passel-Word file.
This allowed the comparison of
self-reported ethnicity with the ethnicity
that would be imputed on the basis of
surname using this file. At the same
time, some of the characteristics of
persons with nonconforming names
were analyzed; it was thought that this
information should be useful in making
decisions about sample allocation.

The overall false-positive rate was
12.6 percent, lower than had been
expected on the basis of previously
published research; the overall
false-negative rate was 31.6 percent,
higher than expected. Passel and Word
originally reported error rates with the
March 1976Current Population Survey
of 15.0 percent false-positives and
20.7 percent false-negatives. Part of the
discrepancy involves persons who did
not classify their ethnicity, who had
hyphenated names, or who refused to
provide their names; Passel and Word
treated all of these differently than was
done in this research. An inspection of
nonconforming surnames of Hispanic
persons indicates, however, that even
allowing for these variations in
matching procedure, a substantial and
unexplained difference exists in the
false-negative rate. The reason for the
poorer performance could be either
lower quality recording, transcription,
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and keying of names on the 1988 NHIS Table 25. Required sample sizes by sampling method and precision target

than O_n the March 1976 CPS Effective Hispanic Screener
(interviewers, not respondents, record Method Sex sample size* interviews?
name spellings) or real change in the o .

. R . . SSA list with match to Passel-Word file under M 770 1,000
population in the relationship between observed error rates F 920 1,000
surname and self-reported ethnicity. Total screener interviews required . .. .. ... .. .... 2,000
Both rates are slightly higher for the

. SSA list without match to Passel-Word file . . . . ... .. M 770 9,750
elderly than for the general population: E 920 10,350
16.6 percent false-positives and Total screener interviews required . . ... ......... 20,100
33.6 percent false-negatives.
. . . Areasample . ... ... .. ... ... M 770
Both types of misclassification F 920
based on surname are far more COMMON Total screener interviews required . . . . . .. .... ... 100,000
among women than among men. | . o | i g
. . SSA list with match to Passel-Word file under M 1,000 3,050
Intermarrlage _ewdenFIy pl_ays a strong observed errorrates . . . ... ... ... ... ... F 1,000 1,950
role in both misclassification rates. Total screener interviews required . . . ... ... ..... 5,000
Socioeconomic status also plays a strong
f SSA list with match to Passel-Word file under M 1,000 1,280
role in both rates. The genel_’al trend . 1976 errorrates . . ... E 1,000 1,120
seems to be that hlgher socmgcpnomlc Total screener interviews required . . . . ... ....... 2,400
status means a weaker association o ]
between surname and self-reported SSA listwith match to Passel-Word file under v o s
ethnic origin. Differences also exist by Total screener interviews required . . . ... ........ 1,350

metropolitan status, part of the country,

and COUI’]tI’y of origin (fOI‘ self or SSA list without match to Passel-Word file . . . . .. ... M 1,000 15,100
. F 1,000 12,500

ancestors). Sedsing Surnames to

. . ) Total screener interviews required . . . ... ........ 27,600
Oversample Hispanics From a List
Frame (18) for more detail. Areasample . ... ... .. ... ... M 1,000
F 1,000
Total screener interviews required . . . ... ........ 180,000

Effective Sample Sizes With
Dual-Frame Sampling

INominal Hispanic sample sizes are larger than the effective sizes shown.
2List either persons to be tracked and screened or households from area sample to be screened in order to achieve the effective
sample sizes indicated for Hispanics. All of these screener interviews would be in addition to the 99,000 annual household

Although the estimated SenSitiVity screener interviews proposed for the 1995 design.
of the Passel-Word Hispanic surname

list was not as great as had been hoped, effective sample sizes do not increase as1,000 males and 1,000 females, was

using it to create a list sample of elderly much as the nominal sample sizes desired. Here it turns out that the
Hispanic persons still has good because of the design effect due to the false-negative rate is too high to make
potential. The technique is far cheaper large weights that Hispanic persons that economical. About 5,000 list
than area sampling with screening for  without Hispanic surnames will bear.)  persons with Hispanic surnames would
the same precision. These implications  To get a comparable boost from the have to be added to the sample.
are explained more fully in this section. area-permit sample alone would require Interest in determining ways to
Table 25contrasts some of the numbers  the screening of an additional 100,000 decrease the false-negative rate is
that appear in the following text. households. significant, even if it means some
Under current plans for 1995 and For another contrast, suppose that increase in the false-positive rate as it
beyond, the area-permit NHIS sample  one used SSA lists as a supplemental  likely would. If, for example, the 1976
will yield nominal elderly Hispanic list sampling frame without paying findings of Passel and Word still held,

sample sizes of about 500 males and  attention to surname. In that case, more the supplemental sample size required
700 females. After accounting for the  than 20,000 persons would have to be for the desired effective sample sizes by

design effect due to disproportionate located and screened on ethnicity to sex would be 2,400 instead of 5,000.
sampling of heavily Hispanic blocks, the obtain comparable boosts for elderly (Even with a perfect indicator of
effective sample sizes (compared with a Hispanic persons. Thus, although Hispanic origin on the list, a

similarly clustered sample with equal  screening a list of elderly persons is far ~ supplemental sample of 1,350 persons
probabilities) will be only about 350 and more efficient than screening a sample of would be required to achieve the desired
500. By adding 1,000 males with households (even if those households wereeffective sample sizes of 1,000 by sex.)
Hispanic surnames from SSA lists and  skewed toward heavily Hispanic blocks), It is suspected that adjustments in
another 1,000 females in the same it is not as efficient as using a list in interviewer training and in keypunching
manner, the nominal sample sizes can  combination with the surname list. could reduce the frequency of false

be boosted to around 1,240 and 1,400, Nonetheless, boosting the effective negatives. Even though the U. S. Bureau
and the effective sample sizes can be  sample sizes even more sharply for of the Census would be sampling from

boosted to around 770 and 920. (The  elderly Hispanic persons, to as high as an SSA list that would probably have



more accurate name spelling, it would
still be necessary to classify everyone in
the area-permit sample to determine
appropriate sampling weights for the
dual-frame estimator.

Addresses or Persons?

One of the issues that was discussed

with respect to dual-frame sampling was
whether SSA beneficiaries or their
addresses should be the sampling units.
The field costs would be lower for the
address option because tracking of
movers and persons with bad addresses
(e.g., addresses of custodians) would not
be necessary. This idea was rejected,
however, for two reasons. First, the
efficiency of the oversample would be
degraded. No data were available on
how often beneficiaries move or on the
characteristics of subsequent occupants
of their housing units. Second (and more
important), weighting would be more
difficult with the address-based
approach. Using this approach, it would
be necessary to match every address in
the regular NHIS sample against SSA
files to determine whether SSA had a
record of an elderly black person or an
elderly person with a Hispanic surname
living at the address. Given the fact that
SSA addresses have neither isolated
components nor standardized
abbreviations, the false-nonmatch rate
would be substantial.

A related approach would be to
make the person the sampling unit but
to conduct the interview only if the SSA
address was current and correct. This
would have reduced the cost of the
sample without increasing matching
difficulties. This idea was rejected

members are interviewed, a multiplicity

estimator would be used to weight them.

The recommendation to administer
the core questionnaire to all household
members was based on several
considerations. First, plans have been
made to trim the core to a very short
instrument. Furthermore, the core

guestionnaire structure makes it unlikely

that substantial cost savings could be
gained by restricting the core to the
SSA-designated sample person. Of
course, if those plans to trim the core
are never realized, a review of this
recommendation would be appropriate.

The decision about any particular
supplement to the core would be
influenced by several factors. First, are
other household members likely to be in
domains of interest? Second, is the
burden on the household tolerable?
Third, is the marginal cost of collecting
the data high?

Some core supplements are
administered to random samples of
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One possible way to obtain these
data would be to do an exact match of
all elderly persons in the area-permit
sample against SSA files. However, an
exact match would be expensive and
difficult. Several considerations indicate
that such a match is not really
necessary. First, almost all elderly
persons are SSA beneficiaries. (Some
problems might exist with persons 65
years of age in terms of the lag time
between individuals becoming
beneficiaries and files from SSA being
processed through sampling operations.
Thus, it might be best to use the list to
oversample only persons aged 66 years
and over rather than those aged 65 years
and over.) With respect to race and
surname spelling, it is reasonable to
assume that both are reported
consistently enough. (Black versus not
black is the only important racial
classification for weighting. Also, exact
consistency on surname spelling is not
required; it is enough if the misspelling

household members. (The most common has the same status with respect to

rule is one random adult.) If it is

presence on the Hispanic surname file.)

decided to administer such a supplementIf a match were to be planned anyway

in households that are in the SSA list
sample, the within-household
subsampling must be done independent
of which person or persons in the
household were selected directly from
the SSA list. The alternatives involve
sharp variations in weights.

Dual-Frame Estimation

Dual-frame sampling with SSA lists
requires somewhat more complex
weighting than surveys using a single

for a disabled list sample, however, it
would make sense to match the elderly
area sample at the same time to pick up
race and surname spelling from SSA
files. If no match is done, it might be
possible to harmonize spelling between
NHIS and SSA by asking to see a
Social Security card.

Details of Weighting the Core

If dual-frame sampling with SSA
lists were done, the first step each year

frame. Extra data are needed for unbiased would be to count the number of

weighting. Specifically, it must be known

persons in each NHIS area-permit

because it would result in an oversample whether every person in the regular NHIS household who are age 65 years or over
area-permit sample has a chance of being and either are black or have a Hispanic

of a narrower domain than the domain
of interest.

Other Household Members

If persons sampled from SSA lists
are to be followed, the question of
whether to collect data about other
household members naturally arises. A
flexible approach was developed that
involves collecting data about other
household members for core items and
for some (but not all) questionnaire
supplements. When other household

selected through the list. For list sampling
of elderly black and Hispanic persons,
ideally the following information would

be known about members of the
area-permit sample:

Whether he or she is a Social
Security beneficiary.

If so, how race is recorded on SSA
files for the person (black, other, or
unspecified).

The exact spelling of surname on
SSA files.

surname. Then household base weights
could be developed. These base weights
would not be the traditional inverse
probabilities of selection because it
would be impossible to compute the
probability of selection for a household
across all possible area-permit and list
samples from the given joint design.
(This is because of the systematic
multistage approach being used in the
list sample.) Instead, a multiplicity-
based base weight would be determined
for each household in the list sample;
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the standard base weight would be
assigned to each household in the
area-permit sample; then the two
weights would be averaged for every
sample household. The average would
most likely be a weighted average. For a
household that is only in one sample,
the base weight for the other component
would be zero. Base weights for
area-permit sample households that do
not contain any possible list sample
persons are, of course, not changed as a
result of dual-frame estimation.

As a variant, it might be preferable
to work out adjustments for nonresponse
separately for each component and then
average together the nonresponse-
adjusted weights.

Poststratification could be done just
as it is now, using demographic models
by age, race, and sex. Once the weights
have been calculated, the more
complicated estimation for the dual
sample would be irrelevant to users.
They would be able to make ordinary
weighted tabulations of the core in the
same way they would have for the
area-permit sample by itself.

Weighting procedures for
questionnaire supplements would depend
on the within-household sampling rules.
It is anticipated that different weights
would be needed for analysis of the core
interview than for analysis of
supplements.



Chapter 7. Prospects
for Statistics on
Detailed Hispanic
Subdomains

proposed design (see Part V)

D will make in improving the

precision of NHIS statistics about
Hispanic persons, the diversity of the
Hispanic experience in this country is
such that the analytic potential of NHIS
would be improved by additional
breakdowns in tabulations. Accordingly,
separate statistics on Cuban Americans,
Puerto Rican Americans, Mexican
Americans (separately by whether their
ancestors lived in the United States
before 1900 or not), Central American
Americans, and other Hispanic
Americans appear to be desirable.

espite the progress that the

Design-Based Techniques

Although precise statistics on such
detailed domains would undoubtedly be
extremely interesting, limits are imposed
by a fixed budget. Given the
overwhelming importance of age and
sex for questions related to health, valid
contrasts between detailed Hispanic
subgroups would have to be supported
by adequate sample sizes for each age
and sex subgroup within each Hispanic
subgroup. Given the required precision
levels discussed iohapter 3 eight

tripling of the budget would allow only
modest precision for each Hispanic
subgroup.

The possibility of breaking Hispanic
statistics geographically instead of
ethnically was also investigated. This
approach is related to that used in the
Hispanic Health and Nutrition
Examination Survey. The regions
investigated were the following: The
New York Consolidated Metropolitan
Statistical Area; Florida; and the five
southwestern States of California,
Arizona, New Mexico, Texas, and
Colorado. Unfortunately, this
investigation also showed the need for
budget increases far larger than NCHS
staff thought were possible. More details
can be found irchapter 11

Model-Based Techniques

Given the impracticality of
design-based techniques, research was
conducted on model-based techniques.
In this research, the possibility was
considered of oversampling only those
Hispanic persons who live in heavily
Hispanic blocks and then extrapolating
the results to all Hispanic persons using
models. A key factor here is the
relationship between health and
segregation. If health is not related to
segregation or if the relationship can be
explained in terms of socioeconomic
variables that are available for the whole
sample, the model-based approach
would be much more precise than
design-based estimators that could be

age-by-sex subdomains for each detailedProduced at the same cost. Even if

Hispanic subgroup would require 8,000
persons. Multiplying by 6, detailed

neither of these conditions applies (and
it seems natural to believe that there is

sample size of 48,000 persons, about
40 percent of the total sample. Even if
some way to obtain addresses cheaply

explained by other variables), and thus
the model-based estimates would be
biased, it is possible that model-based

for so many Hispanic persons existed (it €Stimators would still have an

does not), devoting such a large
proportion of the total sample to
Hispanic persons would seriously erode
the utility of NHIS for addressing other

acceptable mean square error.

To study the question, the
relationship between segregation and
health was studied for Hispanic persons

questions. The research conducted underin the 1988 NHIS. That sample

this contract yields the conclusion that it
is not possible to obtain design-based
statistics of the desired reliability about
detailed Hispanic subgroups with the
current budget. Even a doubling or

contained too few Hispanic people to
study the detailed groups separately, so
they were simply studied as a group.
The health characteristics of Hispanic
persons were contrasted across the five
minority density strata that had been
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created for the Hispanic population.
(The strata were defined as of 1980.)
Simple comparisons showed significant
differences. Logistic models were then
created for three binary health measures.
The inclusion of socioeconomic
variables reduced the nominal
relationship between segregation and
health but did not rule out the existence
of important residual relationships. (For
more detail on this study, see
Residential Segregation and Health
Characteristics of Minority
Populationg(19).) The sample sizes
were not large enough to allow very
firm projections of the mean square
error for model-based estimators. More
years of NHIS samples need to be
studied to arrive at more definite
conclusions.
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Chapter 8. Prospects
for Statistics on Other
Minority Groups

rospects are not good for
inexpensive, large samples of
American Indians, Eskimos, and

Aleuts, or of Asians and Pacific
Islanders.

Asians and Pacific
Islanders

The main obstacle to providing
precise health statistics for Asians and
Pacific Islanders is that, despite the
concentrations of population in the
Chinatowns of New York and San
Francisco, most Asians and Pacific
Islanders live in more integrated
neighborhoods. Considerable screening

Some of the other potential
techniques discussed @hapter 4may
have some promise for sampling Asians.
Network sampling is particularly
interesting given large family sizes for
this domain. (Among Asians and Pacific
Islanders, the number of persons per
occupied housing unit was 3.59 in 1991
compared with 2.64 for all races.) To
develop the idea further would require
the sort of research described earlier in
chapter 4 Multiyear aggregation is also
a technique to be considered.

Also, at least one or two companies
are experimenting with lists of typical
Asian surnames as a means of
identifying Asians and Pacific Islanders.
If such an approach yields a
false-negative rate below 40 percent, at
least modest oversampling would be
possible. Perhaps it could be combined
with oversampling by block and
screening and with network sampling.
Although this option has not been

at substantial cost would be necessary topursued very vigorously, it probably is

locate them.

Based on statistics from the 1990
census on the concentration within
blocks of Asians and Pacific Islanders
(tables 5and6), it is estimated that a
modest oversample of Asians and
Pacific Islanders could be achieved by
screening an additional 15,000
households (beyond the 99,000 already
planned) and by interviewing an
additional 2,580 households. The
resulting oversample would yield an
effective sample size of around 8,000
persons. (Effective sample size here
means the nominal sample size divided
by the design effect due to unequal
probabilities but not due to clustering.)
This sample size of 8,000 persons could
be achieved only by interviewing all
members of Asian households. (Asian
households are simply too rare to allow
subsampling within households to
reduce household burden.) Also, the
distribution across ages would not be
optimal. Narrow age bands of particular
analytic interest such as persons ages
18-24 years and children under age 6
would have smaller sample sizes than
desired. It was estimated that this
additional screening and interviewing
would cost an additional $1.4 million
per year, more than the budget NCHS
indicated would be available.

worth further effort.

A further problem is the diversity of
the populations covered by the Office of
Management and Budget classification
of “Asian and Pacific Islander.” Just as
interest exists in detailed statistics on
Mexican Americans, Puerto Rican
Americans, Cuban Americans, and so
on, some of the analysts interested in
Asian statistics stress the need to
distinguish among Chinese, Japanese,
Filipinos, Polynesians, Indians, Malays,
Vietnamese, Hmong, Mongolians, and
so on. Given the relative prosperity of
some of these subgroups, a fundamental
question remains unanswered: If it is not
feasible to create precise statistics for
each subgroup of Asians and Pacific
Islanders separately (and it is surely not
feasible with any procedure short of a
special census), are statistics on the
amalgam group truly useful? It is
assumed in this report that such
statistics are indeed important, but this
question should receive more careful
attention by subject matter specialists.

In conclusion, it was believed that
the budget for NHIS could not be
increased enough to pay for obtaining
truly useful statistics about this domain
broken down by age and sex.

American Indians,
Eskimos, and Aleuts

The main obstacle to providing
precise health statistics about Native
Americans is their small numbers. About
one-half of Native Americans live on or
near reservations where they are easy to
find (although transportation can be
difficult and expensive in those areas),
but the other one-half live in mostly
well-integrated neighborhoods where
finding them is very expensive. If the
goal were only to provide reliable
statistics about Native Americans living
on reservations, it could probably be
achieved with a modest budget increase
(perhaps less than 10 percent).

Otherwise, it is estimated that a
screening sample of an additional
128,000 households (on top of the
planned 99,000) and an additional 5,860
household interviews would be required
just to produce an effective sample size
of 8,000 American Indians, Eskimos,
and Aleuts—even if all household
members were interviewed. That would
cost about $9 million per year. With the
budget that NCHS has indicated would
be available, this would require
substantial cutbacks in other domains
covered by NHIS.



Chapter 9. The Poor

he 1985-94 NHIS has a
T reasonable sample size for the

poor (roughly 16,000 persons per
year); it is sufficient for moderately
detailed analyses. Because of the
oversampling of black and Hispanic
populations, the sample of the poor will
be even larger after the redesign is
completed. The research performed did
not reveal any inexpensive method of
increasing the sample size of the poor
any further.

The main obstacle to inexpensive,
larger samples of the poor is that
persons with low income are far less
segregated than many people believe
(seetable 2§. (Poverty data are
available only from the decennial census
at the block-group level rather than at
the block level. The poor may be more
dramatically segregated at the block
level; but no data exist on the subject,
nor can an oversampling strategy be
built based upon data that do not exist.)
Poverty is not sufficiently concentrated
at the block-group level to make
stratification and oversampling a feasible
strategy for major increases in effective
sample sizes.

As mentioned earlier, oversampling
black and Hispanic populations will
expand the sample size of the poor a
little. Larger increases require expensive
and problematic screening. (Persuading
neighbors to speculate on the financial
condition of sample households is far
more difficult than obtaining proxy
reports on race and ethnic origin. Ethical
considerations about whether neighbors
should be asked such questions also
emerge. Even when a member of the
sample household is willing to respond,
total income tends to be inadequately
reported unless an extensive set of
screens and probes and encouragement
of record checks are done; and all of
these are incompatible with the idea that
a screening interview should be cheap
and quick to administer.)

Dual-frame samples were not
seriously considered, given the
knowledge that no national database of
beneficiaries of any of the welfare
programs has been constructed and the

Table 26. Geographic concentration of the poor in 1990
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Percent of
Percent of population
Percent of total in such
Percent of block the poor population block groups
group that is living in such in such that is
below poverty block groups block groups not poor
<5 5.8 33.3 97.7
5010 .. ... ... .. .. ... 12.3 22.1 92.7
10t020 . . ..o 24.8 22.8 85.7
20t030 . . ... 19.8 10.7 75.6
30040 ... ... 14.3 54 65.5
40t050 .. ... 10.0 2.9 55.5
5O+ ... 13.0 2.8 38.2

fact that other surveys (such as the
Current Population Survegnd the
Survey of Income and Program
Participation) have shown repeatedly
that a very large segment of the poor do
not participate in welfare programs.

Network estimators were also not
seriously considered. It thus appears that
the only feasible techniques for
oversampling the poor for NHIS are
either to retain those found in the
regular area-permit sample for extra
years of interviewing or to aggregate
statistics across years.



Part IlI.
Statistics for Geographic Domains
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Chapter 10.

Subnational Estimates
for State Groupings
and Hispanic Persons

Subnational Domains With

Current Design

The ability of the current NHIS
design to produce accurate estimates for
States was examined. For estimates to
have the precision specified by the
NCHS technical staff, an effective
sample size of at least 1,000 individuals
is necessary (see the first section of
chapter 3. If the NHIS sample of
124,000 individuals (50,000 households)
were distributed according to a
self-weighting sample, only 33 of the
States would have the necessary 1,000
completed interviews to produce
Statewide estimates. The same number
of States would satisfy the minimum
sample size requirement if the sample
were to oversample the black and
Hispanic populations at twice the rate
applied to persons who are not black or

quite large enough. Given that the elderly
are a significantly larger percentage of the
population in Florida than in the average
State, it is likely that, by the year 2000,
Florida will also include 1,000 sampled

elderly.) To select a sample of 1,000

completed interviews of the elderly from

each of the 51 States (including the

District of Columbia), however, requires a

total sample of approximately 390,000
[(1,000/0.13)*51]. This is 3 times the

current sample size.

The possibility of producing State
statistics from a combination of 3 years
of NHIS data was also examined. Many
NHIS variables (e.g., chronic condition
rates) are relatively stable from year to
year. Items covered by supplements to
the core questionnaire, however, would

of intra-PSU and block correlations, and
on the current level of oversampling, it
was estimated that 397 completed
interviews would be required each year
to yield an effective sample of 1,000
after 3 years (NHIS Redesign
Memorandum #40 (4)). With a
self-weighting sample design, only 12 of
the States would receive the 397
completed interviews per year to
produce State estimates every 3 years.
NCHS suggested examining a set of
28 State groupings to ascertain whether
a sufficient sample would be available to
produce estimates for each grouping
every 3 years. Only 21 of the 28
groupings were of the necessary size.
An alternative set of 22 groupings in
which each group met this criterion was

have to be retained for 3 years. Because established (setble 27. In addition to
there are correlations between years
induced by remaining in the same
PSU’s and many of the same blocks, the produce estimates every 2 years and
annual State sample size must be larger three of them every year.

than the 333 appropriate for combining
independent samples. Based on analysis

producing estimates every 3 years,
two-thirds of these groups could

Table 27. State groupings to produce State estimates every 3 years
[Roughly 6,600,000 needed per group]

Hispanic. Population Population Population
Reasonable analyses of health State (000's) State (000's) State (000's)
characteristics, however, require
State-level estimates by age and sex Washington . . . . . .. 4,991 North Dakota A 629 Florida . . ........ 15,415
he f dard breaks f ' Alaska . ... ...... 687  South Dakota . . .. . 714
The OL_” stan a.r _age reaks tor Oregon . ........ 2,877 Minnesota . . . .. ... 4,490 South Carolina . . . .. 3,906
subnational statistics are 0—17 years, 8555 Nebraska . ....... 1556  Georgia ......... 7,957
18-44 years, 45-64 years, and 65 years Kansas ......... 2,529 11,863
; California . .. ..... 33,500 9,918
and over. The rares_t Of. the elght Hawaii . ......... 1,345 North Carolina . . . .. 7,483
age-by-sex categories is males_ 65 years 34845  lowa . ... ... ..., 2,549
of age and over; that category is Missouri . . .. .. ... 5383  Virginia . ........ 6,877
estimated to consist of 5.3 percent of the daho........... 1,047 7,932
. . . Neveda ......... 1,303 West Virginia . . . . .. 1,722
U.S. popl-JIatl-on In th,e year 2000. Usmg Utah ........... 1,991 Wisconsin . . . ... .. 4,784 Maryland . ....... 5,274
a self-weighting design (or one that Colorado . . ... ... 3813 linois . ......... 11,580 Delaware . . ... ... 734
oversamples at a 2-to-1 rate), no State Montana . . .. ... .. 794 16,364  District of Columbia . . 610
will contain a sample large enough to ~ Wyoming ........ 9323 it 0250 8,349
. . , ichigan . ....... s
include 1,000 members of this N New Jersey . . . .. .. 8546
age-by-sex category. A fallback position  arizona ...... ... 4618  Indiana . ........ 5,502
is simply to divide States by the four New Mexico . . .. .. 1,968 Ohio ........... 10,629  Pennsylvania . . . . . . 11,503
age categories. (Given the strong age 6,586 16,131 New York 17 086
. .. . ew York . ....... )
patterns in most health statistics, it o 20211 Kentucky . ....... 3,733
appears that control by age is essential.) Tennessee . ... ... 5266 Maine .......... 1,271
The smallest category then is the age Oklahoma ........ 3,376 8,999  New Hampshire . . .. 1,333
group 65 years and over, constituting Arkz%n.sas ........ 2,529 o Vermont . .. ...... 591
13 fth lati onlv th Louisiana . ....... 4,516 Mississippi . . ... .. 2,877 Massachusetts . . . . . 6,087
percent of the population. Only three 10421  Alabama. ... .. ... 4410  Rhodelsland . . . . . . 1,049
States—Callifornia, Texas, and New 7,287  Connecticut . . . . . . . 3,445
13,776

York—are sufficiently large to anticipate
including 1,000 elderly. (Florida is not

NOTE: Figures may not add to totals because of rounding.



Subnational Domains for
Hispanic Persons

The possibility of producing
estimates for Hispanic persons living in
three different areas of the country was
also examined. The three areas are the
Southwest, Florida, and New York.
Hispanic persons in these areas are
predominantly of Mexican, Cuban, and
Puerto Rican ancestry, respectively. The
area probability sample would have to
produce an effective sample size of
1,000 completed interviews in each of
24 cells: Four ages (0-17 years, 18-44
years, 45-64 years, and 65 years and
over) by two sexes for each of the three
areas.

Hispanic growth rates in the three
areas were assumed to be the same as
for the dominant subgroup in each area.
Also, because no information is
available on undercoverage losses for
Hispanic persons by individual
geographic areas, it was assumed that
overall Hispanic-coverage rates would
apply in all areas except Florida.
Hispanic persons in Florida are
predominantly Cuban Americans, who
are older than other U.S. Hispanic
persons and have higher incomes and
educational attainment. We have
assumed the Hispanic-undercoverage
rate in Florida is one-half that of
Hispanic persons in general.

Although the results presented here
are plausible, they are based on a fair

Fairfield Counties, Connecticut; Essex,
Passaic, Hudson, Middlesex, and Union
Counties, New Jersey; and Nassau,
Westchester, and Suffolk Counties, and
New York City, New York. With the
rapid growth of the Hispanic population
predicted from 1980 to 2000, it is likely
that the New York and Florida areas
with high Hispanic densities will expand
beyond those used in HHANES.
State-level U. S. Bureau of the the
Census’ projections to the year 2000,
made on the basis of the 1980 census,
have been used for all three areas
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persons.) Because 21 percent of the
Hispanic population lives outside dense
Hispanic blocks, it is not possible to
adjust for such large oversampling rates
without increasing the base sampling
rate (see NHIS Redesign Memorandum
#26). It is necessary, therefore, to
increase the base sampling rate in all
three areas of the country. All
oversampling, especially increasing the
base sampling rate, will require
screening significant numbers of
households that will not be interviewed.
Even after tripling the base

(assumptions about Hispanic persons aresampling rate in the Southwest, there are

detailed in NHIS Redesign
Memorandums #9 and #26). For
purposes of this research, the same five
States were used for the Southwest, all
of Florida for Florida, and New York

and New Jersey (which includes most of
the suburban Hispanic population) for
New York.

Oversampling Hispanic
Persons

If 24,000 completed interviews are
allocated to these 24 cells and the total
number of interviewed households is
kept to 50,000, the base sampling rate
for persons who are not Hispanic (and
Hispanic persons in other areas of the
country) is reduced from 0.000497 to
0.000414 (see NHIS Redesign
Memorandums #16 and #31 for
derivation of base sampling rate).

amount of speculation. The research waswithout any oversampling, only 4 of the

carried out before the 1990 census
update became available. These
assumptions should be updated with
1990 census data if oversampling these
subdomains is still being seriously
considered. The sampling rates needed
and screening workloads are quite
sensitive to the geographic distribution
of Hispanic persons.

The definitions of the geographic
areas were initially assumed to be
similar to those used in the Hispanic
Health and Nutrition Examination
Survey (HHANES). In HHANES the
Southwest was defined as the following
five States: California, Arizona, New
Mexico, Texas, and Colorado; Florida
was only Dade County; and the New
York area included Hartford and

24 cells will attain the 1,000 interviews.

These are males and females 0-17 yearsf

of age and 18-44 years of age in the
Southwest. To reach 1,000 in each of
the remaining 20 cells requires
oversampling Hispanic persons at a rate
of 9.3 in the Southwest, 43.5 in New
York, and 19.6 in Florida. (Although the
number of Hispanic persons will be
similar in New York and Florida,

Florida has many more elderly Hispanic

still three cells for which high-density
Hispanic strata must be further
oversampled: Males 65 years and over,
females 65 years and over, and males
45-64 years of age. After a sixfold
increase in Florida’s base rate, six cells
require additional oversampling. In New
York a thirteenfold increase results in
only three cells needing additional
oversampling. These 12 cells still
require oversampling of the most dense
Hispanic blocks after increasing the base
sampling rate in the area. The
differential sampling rates would range
from 7.0 to 1 in the Southwest, from 8.5
to 1 in Florida, and from 9.0 to 1 in
New York. The oversampling rates were
determined for each cell to avoid
oversampling any stratum at 10 times
the rate used for other strata in the same
geographic area. It was then necessary
for the oversampling to be sufficient for
the expected cell size to exceed 1,000
multiplied by the design effect arising
rom oversampling high-density
Hispanic blocksTable 28summarizes
these findings.

These 24 cells will require data
collected from 30,402 persons,
corresponding to all persons in 10,134
households (Hispanic households are
assumed to average 3.0 persons,
compared with non-Hispanic
households, which average 2.5 persons).

Table 28. Oversampling rates to produce subnational estimates for Hispanics

Increased
base rate

Oversampling
some dense
stratum

Oversampled
cells

Southwest . . . . ........ 3
Florida . .. ........... 6
New York

3 7.0:1
6 8.5:1
3 9.0:1
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The screening from oversampling the 12
cells, however, will identify 90,339
Hispanic households; 80,205 of these
will not need to be interviewed.

To retain a person sample of the
size provided by a 50,000-household
sample requires 39,866 households
(50,000-10,134) from the remainder of
the country, including the population
that is not Hispanic of these three areas.
This population of the three areas
accounts for 32.89 percent of the
remaining population of the United
States and should therefore include
13,112.0 (0.3289 x 39,866) sampled
households. This procedure will screen
187,452 households that are not
Hispanic in these areas, so an extra
174,341 households would be screened.
The U.S. Bureau of the Census
estimates that screening costs equal
between one-third and one-half of
interviewing costs. Screening the
254,546 extra households (80,205 +
174,341) in these three areas will
therefore use considerably more money
than the current NHIS data collection
budget—without conducting a single
interview. Thus, at the current budget, it
is impossible to produce design-based
estimates for Hispanic persons living in
these three areas, using a strictly
area-sample approach.

Producing a sufficient number of
interviews in each of these cells would
require increasing the sample in the
Southwest by a factor of 3.4, in New
York by 13.5, and in Florida by 12.2.
Two cells in the Southwest require this
oversampling of high-density Hispanic
strata: Males 45-64 years of age and
females 4564 years of age. After
quadrupling the base rate in Florida, all
six cells require further oversampling.
After quadrupling the base rate in New
York, three cells require oversampling:
Males 45-64 years, females 45-64
years, and males 18-44 years. It is
interesting to note that in Florida the
most uncommon cell is females 0-17
years, not the older people.

The lower oversampling rates
shown intable 29compared with
table 28significantly reduce the number
of households that need to be screened.
The number of Hispanic households to
be screened dropped from 90,339 to
36,089 and non-Hispanic households
from 187,452 to 70,029.

The size of the Hispanic sample in
the three areas has hardly changed, to
30,315 (including the 6,000 coming
from the HCFA frame). This is
equivalent to 10,105 households (of
which 8,105 come from the area
probability frame). Because 36,089
Hispanic households will be screened in
the three areas, an unused 27,984
Hispanic households will be screened.

To retain a 50,000-household sample,
39,895 households (50,000-10,105) must
be sampled from the remainder of the

Subnational estimates for Hispanic ~ country and the population that is not

persons, therefore, can only be producedHispanic of these three areas. The
if an alternative more efficient non-Hispanic sample from the three areas

methodology is available. A possible should therefore include 13,121 sampled
alternative is to select the Hispanic households (0.3289 x 39,895). Given that
elderly from a frame of Social Security 70,029 non-Hispanic households will be
recipients maintained by the Health Care screened in these areas, an extra 56,909
Financing Administration (HCFA). The households will be screened. Again, using
selection could be carried out in the the U.S. Bureau of the Census’ estimate

sampled PSU’s. This would reduce the

Oversampling Hispanic Persons
When Using the Health Care
Financing Administration

Frame

for screening costs, the 84,893 extra
households (27,984 + 56,909) in these
three areas will reduce the number of
completed interviews, for a constant-cost
NHIS, by approximately 28,000.

It is therefore necessary to redo the
calculations, beginning with an overall
sample size of fewer than 25,000
households. This reduces the desired
number of interviews of people who are
not Hispanic, thereby increasing the
number of extra households being
screened and even further reducing the
money available. This iterative process
converges on a total sample (excluding
Hispanic persons in these three areas) of
16,771 households, 5,516 of whom are
not Hispanic persons in the Southwest,
New York, or Florida.

If retaining a cost equivalent to the
existing budget is desired, it is possible
to produce separate age and sex results
for Hispanic persons in each of the three
geographic areas from NHIS. There are,
however, two important caveats to this
statement. First, use of the HCFA frame
to sample Hispanic elderly is required.
The preceding calculations assumed that
costs are equivalent for the HCFA and
area probability frames. If, for example,
it costs 50 percent more to interview a
sample from HCFA records than from
an area sample, the number of
non-Hispanic households that can be
sampled will drop by more than 1,000.
Second, the non-Hispanic household
sample size has been reduced from the
45,985 households (50,000 -

(0.000497 x 24,236,000/3)) of a
non-oversampled design (such as is used
for the existing NHIS) to 16,771. This

will increase the standard error on
non-Hispanic estimates by 66 percent. It
will also make it impossible to provide
national estimates for black persons and
for persons who are not black or
Hispanic for all 24 age-by-sex-by-race
cells.

extensive screening needed for the rareST"I'able 29. Oversampling rates when the HCFA frame is used as a sampling frame for the

age-sex domains, but it would still elderly
require the use of the area sample to |

. . . Oversampling
conduct 1,000 interviews in 18 cells Increase Oversampled most dense
(sex (male or female) by age (0-17 Area base rate cells stratum
years, 18-44 years, 45-64 years) in
h Southwest . . ... ....... 4 2 9.5:1
three areas). Florida . .. ........... 4 6 7.0:1

New York . ........... 4 3 9.5:1




Model-Dependent Subnational
costs
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Table 30. Summary of number screened and interviewed, assuming two different screening

Hispanic Estimates

Given the significant reduction in

Cost ratio Cost ratio

accuracy for estimates of people who
are not Hispanic resulting from the
preceding design, the possibility of
producing model-based estimates was
explored. The levels of oversampling
that would be required were examined
for all three areas, as well as only for all
Hispanic persons in the Southwest. The
latter estimates would closely approximate
national estimates for Hispanic persons of
Mexican descent. The category of persons Non-Hispanic households interviewed
65 years of age and over is again assumedTotaI HCFA households interviewed
to be sampled from a frame maintained by Total households interviewed in entire United States
HCFA.

For this part of the research, it was
assumed that a composite estimator

3tol 2tol
Hispanic person sample inthreeareas . . ... ................ 25,532 25,580
Hispanic non-HCFA person sample in three areas . . . ... ... ..... 19,532 19,580
Hispanic non-HCFA household sample in three areas . . . . ... ... .. 6,511 6,527
Remaining desired sample households . . . .. ................ 41,489 41,473
Desired nondense strata sample in threeareas .. . ............ 7,926 7,923
Final remaining sample households . . . . ... ................ 26,411 18,152
Final non-Hispanic household sample in three areas . . . ......... 5,046 3,468
Total households screened in dense strata® . .. .. ............. 56,790 56,637
Of these:

Not retained for interviewing . . . .. ... ... .. ... ... . 45,234 46,643
Hispanic households interviewed . . ... ... ............... 6,511 6,527
.................... 5,046 3,468
Jotal households interviewed in nondense strata . . . . ........... 21,365 14,684
....................... 2,000 2,000
............ 34,922 26,679

Maximum oversampling rate, blocks at least 50-percent Hispanic:
Southwest — Male 45-64 years . .. ... ..........oo... 4.93 5.03
Florida — Female O-17 years . . ... ... .. ... ... 17.65 18.11
New York — Male 45-64 years . .. ... ... ... ... 24.08 24.71

would be used, combining a direct

sample estimator and an estimator
drawn from a model. The sample would
be drawn only from blocks with high
densities of Hispanic residents (at least
5 percent). Such an estimate will only
provide unbiased estimates of all
Hispanic persons in the geographic area
if the health characteristic has the same
expectation for the 21 percent of
Hispanic persons living outside
high-density blocks as for the 79 percent
living inside those blocks, within the
variables used in the model. (See the
second section athapter 7for more
detail.)

Table 30summarizes the sample
sizes and sampling rates when screening
and subsampling are used. Data are
shown for two different ratios of the
cost of a completed household interview
to the cost of screening a household.
The findings for a 3:1 cost ratio are
described first.

Because of the design effect of
differential sampling rates in some cells,
the 24 cells (including 65 years and
over from HCFA) will require
interviews with 25,532 individuals; of
these, 19,533 must come from the area
sample (corresponding to 6,511 Hispanic
households).

To retain a 50,000-household
sample, 41,489 households (50,000—
6,511-2,000 from HCFA) must be
sampled from the remainder of the
country, as well as from the population
that is not Hispanic of these three areas

and the Hispanic population in the
nondense stratum of these three areas.
The population in nondense Hispanic
blocks in the three areas comprises
19.10 percent of the remaining
population in the United States; thus the
remaining sample from the three areas
should include 7,924 sampled
households (0.1910 x 41,489).
Identifying these sampled households in
the dense strata will require screening
an additional 12,516 Hispanic (from
nonrare cells) and 29,837 non-Hispanic
households in these three areas. Using
the U.S. Bureau of the Census’ 3:1 cost
estimate for screening the 42,353 extra
households (12,516 + 29,837) will
reduce the number of remaining
interviews that can be funded, for a
constant-cost NHIS, to 27,372.

It is therefore necessary to redo the
calculations beginning with a smaller
affordable sample size (27,372 instead
of 41,489). This reduces the desired
number of interviews of persons who
are not Hispanic, thereby increasing the
number of extra households being
screened and reducing even further the
money available. This iterative process
converges on a total sample (excluding

of whom are in the Southwest, New
York, or Florida.

Dense strata are defined as census blocks with more than 5 percent Hispanics in the most recent census.

With a 3:1 cost ratio, developing
design-unbiased estimates for the dense
blocks of each of the 24 cells will
require screening 56,790 households. Of
these, 45,234 are not retained for the
full interview, and 11,557 are
interviewed. Another 21,365 households
are interviewed from other than the
dense strata of the three areas, and
2,000 households are interviewed from
HCFA files. This results in a total of
34,922 households being interviewed in
the entire United States.

Table 30also shows that, as the cost
of screening grows even larger, the
number of Hispanic interviews increases
only slightly. The reason it increases at
all is that as the sample becomes more
concentrated in the most densely
Hispanic blocks, larger design effects
are created, requiring more interviews
for the same degree of accuracy. The
maximum oversampling rates are shown
at the bottom otable 30 The number
of families that are and are not Hispanic
that are screened declines only slightly
as the cost of screening increases.
Unfortunately, the cost associated with
such screening increases much faster
than the number of screened households

Hispanic persons in dense strata in thesedecreases. As a result, the total number
three areas) of 26,411 households, 5,0460f households included in NHIS drops

from 50,000 without screening to 34,922
with a 3:1 cost ratio, and to only 26,679
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with a 2:1 cost ratio. This dropoff in Table 31. Summary of number screened (in the Southwest) and interviewed, assuming two
sample size is even more pronounced ~ different screening costs
when the Hispanic households in the Cost ratio Cost ratio
high-density strata are excluded. The stol 21
number the.n drops from 2.6-411 with a Hispanic person sample in the Southwest . . . . ... ... ......... 17,395 17,409
3:1 cost ratio to 18,152 with a 2:1 cost  Hispanic non-HCFA person sample in the Southwest . . .. ........ 11,395 11,409
ratio. From these households (i_e_, Hispanic non-HCFA household sample in the Southwest . . . ... .. .. 3,798 3,803
. PR Remaining desired sample households . . . .. ................ 44,202 44,197
apprOXImately 55’000 deVId.uaI Desired nondense strata household sample in the Southwest . . . . . . . 5,591 5,590
respondents) must come estimates for Final remaining sample households . . . . . .................. 40,478 38,513
the 12 age-by-sex cells for both black Final non-Hispanic household sample in the Southwest . . . . . . ... .. 5,120 4,871
persons and persons who are neither Total households screened indense strata . . . .. ............. 20,089 20,043
black nor Hispanic. Of these:

The potential of model-dependent Not retained for interviewing . . ... ..................... 11,171 11,369
estimates only for Hispanic persons of Hispanic households interviewed . . .. ... ... ............. 3,798 3,803
Mexican ancestry was also examined Non-Hispanic households interviewed . . .. ... ............. 5,120 4,871

L y X ) ' Total households interviewed in nondense strata . . . . .. ......... 35,358 33,642
The majority of such Hispanic persons  otal HcFa households interviewed . . . ... ... .............. 2,000 2,000
reside in the Southwest and include Total households interviewed in entire United States . . ... ....... 46,276 44,316
approxmately 90 percem Of, a,” Hlqunlc Maximum oversampling rate, blocks at least 50-percent Hispanic:
persons in that area. Thus, it is possible  southwest — Male 45-64 years . .. ... ..o 2.93 5.03
to approximate this target population by  Florida — Female 0-17years ... ...................... 1.00 1.00
using model-dependent estimates for New York —Male 45-64 years ........................ 1.00 1.00

Hispanic persons in the Southwest.
Table 31lis of the same format as
table 3Q but indicates the effect of only

oversampling high-density Hispanic the foregoing procedure for
strata in the Southwest. oversampling high-density Hispanic
Table 31shows that this blocks will obviously depend on a

number of factors, including the quality
of the model-dependent estimators and
the cost of screening. A major factor in

Determining whether to implement

oversampling would have only a minor
effect on the quality of statistics for
black persons or persons who are not Rt A
black or Hispanic. The overall sample ~ the determination is examining the
size would be reduced only about potential bias in estimating Hispanic _
10 percent (from 50,000 households to health characteristics from a sample in

46,000 or 44,000). The corresponding ~ Migh-density blocks. This issue was
reduction in the non-Hispanic sample ~ €x@mined and is reported ghapter 7in
would be from 45,985 to 40,478 or the section on model-based techniques.

38,513.

The same caveats apply as in the
previous section, if it is desired to retain
a cost equivalent to the existing budget.
The non-Hispanic household sample size
has been reduced to between 26,411 and
18,152, depending on the cost of
screening. This will increase the
standard error on non-Hispanic estimates
by 32 to 59 percent, also depending on
the cost of screening.

Oversampling only in the Southwest
would have a much smaller effect on the
quality of non-Hispanic estimates. The
reduction in the non-Hispanic sample
would be from 45,985 to somewhere
between 40,478 and 38,513—a
reduction in accuracy of only 7 or
9 percent. The design-unbiased Hispanic
estimates would, however, be only for
those in dense strata of the Southwest.



Chapter 11.
Design-Based
Approaches for State
Estimation

Estimation Based Solely on
the National Health
Interview Survey

Table 32shows the expected sample
sizes by State for a self-weighting
sample of 50,000 households when
black and Hispanic persons are
oversampled at a rate of 2 to 1. (These
are similar to the rates in the proposed
beta option; seehapter 17or more
details.) These sizes are shown for the

would be used for persons 65 years of
age or over. The rarest cell in the area
sample becomes males 45-64 years of
age.Table 34follows a format similar to
that oftable 32but now provides
estimates for total adults and males age
45-64 years, both when using a
self-weighting sample and when using a
design with oversampling rates similar
to those proposed in the alpha option
(see chapter 5) for the redesign. (The
alpha option assumes a budget
50-percent greater than that of the
current design.) To improve the
estimates, the final columns examine the
impact of combining 3 years of data
(the effective sample sizes shown in
table 34do not take into account the
slight reduction in accuracy resulting
from using the same PSU’s and
neighboring blocks each year). The

entire State and for the rarest age-by-sexfinal column shows the coefficient of

cell, males age 65 years or over. This
table assumes that only an area sample
is used, that is, there is no
supplementation of persons age 65 and
over from HCFA or SSA lists. For the

variation v) for the rarest cell for a
variable that achieves ev of

30 percent from a sample of 1,000
persons (see the first section of
chapter 3. With 3 years of data, only

oversampled design, the effective samplethree States (California, Texas, and

sizes are provided, adjusting for the
design effect resulting from the
differential survey weights.

In the first section othapter 3 the
rationale was provided for the
determination that an effective sample
size of 1,000 persons or more was
required for an individual analytic
domain. It is clear from the table that no
State will have that size for all age and
sex domains; and for about one-third of
the States, it would be impossible to
produce estimates for the entire State
population.Table 33summarizes these
findings. Even if the sample size were
doubled or quadrupled, some States
would not have the accuracy to be able

New York) provide the desired
accuracy for all eight age and sex
cells. Florida will provide close to the
desired level of accuracy (@v of

32 percent for males 45—-64 years of
age). For all remaining States, it will
not be possible to make State-level
age and sex estimates for all of the
eight cells.

Dual-Frame Estimation
Using Random Digit
Dialing Supplementation

States that are interested in
producing age-by-sex estimates for their

to have State totals published; and fewer OWn population will have to supplement

than 10 would be able to have all age
and sex domains published.

Examination oftable 32indicates
that, after the redesign, the number of
States for which the sample size will be
sufficient to produce design-based
estimates from NHIS will not change
significantly from that reported in
table 33

Given the preceding results, all
further research into design-based
estimates assumed that HCFA lists

the NHIS area sample. Given the results
of the previous section and the cost of
area sampling, it appears that random
digit dialing (RDD) supplementation is
the method most States would choose.
In this section the size of the RDD
supplement that would be needed to
provide the desired level of accuracy
(cv< 30 percent) is determined. Three
composite estimators are considered:
Unbiased with acv= 30 percent;
unbiased with an equal-sized RDD
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supplement in each State; and a
minimum variance, possibly biased,
version of the second estimator.

The following assumptions were
made for this section:

e Close geographic clustering of the
supplemental sample by PSU or
segment is not necessary because
of the use of telephone data
collection. The only clustering
would be within sets of 100
telephone numbers having the
same area code, prefix, and first
two extension digits. The
Mitofsky-Waksberg method of
sample selection would be used.
(If other RDD methods were to be
used, a different design effect
would be needed in the next
subsection.)

The NHIS redesign used iable 34
(see NHIS Redesign Memorandum
#50R for more details) would be the
alpha option plus subsampling of
one person per household, the
procedure generally used in NHIS
supplements.

The estimated RDD supplement
sizes assume that States are
interested only in age and sex cells.
For those States interested in other
decompositions by race or Hispanic
origin, it may be necessary to
enlarge the supplement further. This
will depend on whether the size of
the smallest desired cell is larger or
smaller than the smallest age and
sex cell.

Telephone coverage is 93 percent in
each State. (Variation among States
is small, ranging from 83 percent in
Alaska to 97 percent in Wisconsin.
Using 93 percent for each State
simplifies the calculation and the
results are subject to only minor
error.)

Design Effects

With an RDD sample, it is not
necessary to use PSU'’s, and the only
clustering is the clusters of 100
telephone numbers used in the
Mitofsky-Waksberg sample selection
method. Optimizing the cluster size
generally results in a fairly small cluster
for interviewing, usually three to five or
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Table 32. State sample sizes with and without oversampling of blacks and Hispanics; States ranked by population size in 2000

Sample size with 50,000 household sample and
blacks and Hispanics oversampled at 2 to 1

Sample size with
self-weighting sample of

50,000 households? Actual sample® Effective sample®

Population Percent Males 65 Males 65 Males 65

year 2000 black or Total years of age Total years of age Total years of age

Rank State (000’s) Hispanict adults and older adults and older adults and older
1 California . . .. ............. 33,500 38.7 15,444 819 17,564 931 15,701 832
2 Texas .. ... 20,211 395 9,317 494 10,657 565 9,520 505
3 New York . ................ 17,986 33.7 8,292 439 9,090 482 8,176 433
4 Florida . . ................. 15,415 33.2 7,106 377 7,761 411 6,987 370
5 lllinois . . ................. 11,580 27.1 5,338 283 5,563 295 5,063 268
6 Pennsylvania . . . ............ 11,502 12.3 5,303 281 4,883 259 4,633 246
7 Ohio ....... ... .. ........ 10,629 14.0 4,900 260 4,580 243 4,320 229
8 Michigan . ................ 9,250 17.0 4,264 226 4,091 217 3,821 203
9 New Jersey . . . ............. 8,546 27.4 3,940 209 4,116 218 2,743 198
10 Georgia .. ... 7,957 28.0 3,668 194 3,850 204 3,497 185
11 North Carolina . . . ........... 7,483 22.0 3,450 183 3,451 183 3,178 168
12 Virginia . ... 6,877 20.0 3,170 168 3,119 165 2,888 153
13 Massachusetts . . . ... ........ 6,087 7.5 2,806 149 2,473 131 2,391 127
14 Indiana .. ................ 5,502 10.0 2,536 134 2,288 121 2,189 116
15 Missouri . ... ... 5,383 12.0 2,482 132 2,279 121 2,165 115
16 Maryland . ................ 5,274 30.0 2,431 129 2,592 137 2,345 124
17 Tennessee . ............... 5,266 17.0 2,428 129 2,329 123 2,175 115
18 Washington . . .. ............ 4,991 3.0 2,301 122 1,943 103 1,915 102
19 Wisconsin . . .. ... ... ... 4,784 6.5 2,205 117 1,926 102 1,869 99
20 Arizona . ... 4,618 24.6 2,129 113 2,175 115 1,990 105
21 Louisiana . .. .............. 4,516 33.0 2,082 110 2,270 120 2,044 108
22 Minnesota . . . . ............. 4,490 2.0 2,070 110 1,731 92 1,714 91
23 Alabama . .. ............... 4,410 26.0 2,033 108 2,100 111 1,916 102
24 South Carolina . . . ........... 3,906 30.5 1,801 95 1,927 102 1,742 92
25 Colorado .. ............... 3,813 15.2 1,758 93 1,660 88 1,560 83
26 Kentucky . ................ 3,733 8.0 1,721 91 1,524 81 1,470 78
27 Connecticut . . . . ....... .. ... 3,445 11.5 1,588 84 1,452 77 1,382 73
28 Oklahoma . . .. ............. 3,376 7.5 1,556 82 1,372 73 1,326 70
29 Oregon . . ................ 2,877 2.0 1,326 70 1,109 59 1,098 58
30 Mississippi . . ... 2,877 36.5 1,326 70 1,484 79 1,330 71
31 lowa . ........... ... ... 2,549 2.5 1,175 62 988 52 976 52
32 Arkansas . ................ 2,529 16.0 1,166 62 1,109 59 1,039 55
33 Kansas . ................. 2,529 6.5 1,166 62 1,018 54 988 52
34 Utah . ................... 1,991 1.0 918 49 760 40 756 40
35 New Mexico .. ............. 1,968 37.7 907 48 1,024 54 917 49
36 West Virginia . . . ............ 1,722 3.0 794 42 670 36 661 35
37 Nebraska . ................ 1,556 4.0 717 38 612 32 600 32
38 Hawaii . .................. 1,345 25 620 33 521 28 515 27
39 New Hampshire . ... ......... 1,333 2.0 615 33 514 27 509 27
40 Nevada .................. 1,303 8.0 601 32 532 28 513 27
41 Maine . ............ . ..... 1,271 1.0 586 31 485 26 483 26
42 Rhodelsland . .. ............ 1,049 6.0 484 26 420 22 409 22
43 Idaho . . .. ... ... ... . ..., 1,047 0.0 483 26 396 21 396 21
44 Montana . .. ............... 794 0.0 366 19 300 16 300 16
45 Delaware . ................ 734 22.0 338 18 338 18 312 17
46 South Dakota . . ............ 714 0.5 329 17 271 14 271 14
47 Alaska . ... ............ ... 687 35 317 17 269 14 264 14
48 North Dakota . . . . ........... 629 0.5 290 15 239 13 238 13
49 Vermont . .. ...... ... ..., . 591 1.0 272 14 226 12 225 12
50 Wyoming . ................ 489 0.0 225 12 185 10 185 10

0.0 Quantity more than zero but less than 0.05.

LFor total population and blacks, Series P-25 No. 1017; Hispanics from table 5.

?Total sample size = population (State)/U.S. population x 124,000; males 65+ = .053 of total sample. The overall sampling rate is (.94) x 124,000/252,668,000 = .000461. The equal-weighted sample
overall sampling rate is (.94) x 124,000/252,668,000 = .000461.

SBlacks and Hispanics will be .222 of the U.S. population in 2000. If they are oversampled at a rate of 2 to 1, the sample rate for nonblack non-Hispanics will be .00378 and the rate for blacks and
Hispanics will be .00804.

“The design effect for oversampling at a rate of 2 to 1 is (1 + p) (1 — p/2) where p is the proportion of blacks and Hispanics in the State. The effective sample size (for statistics of total population) in a
State is the actual size divided by the design effect for that State.



Table 33. Number of States for which estimates would have the desired accuracy for three

different sample sizes

Self-weighting sample

Minorities oversampled 2 to 1

Total Male Total Male
Sample size States 65 and over States 65 and over
50,000 . ............. 33 0 32 0
100,000 . ............ 41 1 40 2
200,000 . ............ 50 7 48 5

six households. Intraclass correlations
for these clusters have not been
calculated for health-related variables,
but other social and demographic
surveys report very low intraclass
correlations. RDD design effects also
have a component arising from
variability in weights from
nonresponse adjustments and from
within-household clustering. It was
assumed that a design effect of 1.20
was a reasonable average for RDD
samples. The current (area sample)
design of the NHIS has a design effect
of approximately 1.25; thus the RDD
design effect relative to the current
design effect is 1.20/1.25 = 0.96. (If,
for example, list-assisted RDD

methods were used, the relative design dual-frame sample can be expressed as

effect would be smaller because of a
reduction in clustering.)

In addition to the current NHIS
design effect, the proposed area sample
has a design effect that is computed in
two parts. The first component includes
the subsampling of one per household
and differential oversampling rates by
density strata computed separately for
black persons, Hispanic persons, and
“others.” The second component
accounts for the combination of the
three groups with different average
sampling rates, computed separately by
State. The effective sample size for the
area sample is then computed by
dividing the actual sample size by the
two design effect components for that
State. The value for the first component
(see NHIS Redesign Memorandum
#56R) is close to 1.33 for all three
groups; therefore this value is used for
all three. The value of the second
component was computed separately for
each State; values vary from 1.35 to
1.93.

Variance of an Unbiased
Dual-Frame Estimator

A combined RDD and area sample
will thus have a smaller design effect

than an area sample alone and will need

a smaller actual sample size to achieve

the accuracy of an effective 1,000 cases

needed for the reliability specified by
NCHS. To derive the variance of the
dual-frame sample design, one can
proceed as follows. Let, ; andx, be the
mean for the telephone households in the
area sample and the mean for the RDD
sample, respectively, in a particular
State. Lek, , be the mean for
nontelephone households in the area
sample. The sample estimate of a

X=(0.93)[fX, + (1 -F)X] +0.0%,,,

where 0.93 is the expected proportion of

households with telephones ahi a
weight. Any value for the weight
between 0 and 1 will provide unbiased
estimates if botlx, , andX; are unbiased,
but a value should be selected that
comes close to minimizing the total

variance.

First derive the value of that
minimizes the variance of the term in
brackets. Use the following notation:

n, andn, are the sample sizes in the
area sample and RDD sample
for the domain of interest

d, andd, are the design effects in the
area and RDD samples,

relative to the current design

o? is the population variance of
the statistic being considered.
The sames® applies tax, ;and
X, because the populations
are identical and no mode-
of-interview effects are

considered.
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The variance of the term in the
brackets is

o, =f?0; +(1-fyaf

The expression is minimized by
taking weights that are proportional to
the reciprocal of the variances of each
term; that is,

P
- 2 2
Oxa,t + Oxf
where

) 2

O'Xr = dr n—

\

2

o2 = d,o
%o ,93n,

The variance of the full estimator is
then

VE) = <%> 2 .93d,n, +.07d,n,

N .93d,n, + d,n,
9)

This formula understates the
variance slightly because it assumes no
covariance between the sample of
telephone households and nontelephone
households. Such a covariance will exist
for the area sample, but its effect should
be quite small.

Given the size of the area sample,
n, the goal is to determine the size of
the RDD supplemental sample,,
which will provide the same level of
accuracy for the composite estimator as
provided by an area sample with an
effective sample size of 1,000 persons
for the same domain. This implies that

2

o
1,000

V(X) =

Substituting this into equation 9
produces

1= % 1.000 .93d,n, +.07d,n,
N, .93d,n, + d,n,

This equation can be simplified to
.93 n, +d,n, =

d
1,ooo<n—a) (.93, n, +.07d,n)
a
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Table 34. State sample sizes (ranked by population size in 2000) for collapsed ages with and without oversampling of blacks and Hispanics

Sample size with 50 percent budget increase, one per household and
black and Hispanics oversampled at 2.59 and 3.59 to 1

Sample size with self-

weighting sample of Effective sample*
50,000 households? Actual sample® Effective sample® using 3 years of data
Population

year 2000 Percent Percent Total Males Total Males Total Males Total Males cv

Rank State (000's)  black® Hispanict  adults 45-64 adults  45-64 adults 45-64 adults 45-64 (%)
1 California . ... ........ 33,500 8.7 32.0 11,660 1,714 9,394 1,381 5,016 737 15,049 2,212 20
2 Texas .. ............ 20,211 12.1 30.0 7,731 1,136 6,234 916 3,356 493 10,067 1,480 26
3 New York . ........... 17,986 17.7 17.2 6,260 920 4,427 651 2,512 369 7,537 1,108 29
4 Florida . . ............ 15,415 14.8 14.3 5,365 789 3,529 519 2,050 301 6,150 904 32
5 llinois . ............. 11,580 17.5 10.9 4,030 592 2,577 379 1,525 224 4,576 673 37
6 Pennsylvania . . .. ...... 11,502 9.8 2.8 4,004 589 2,016 296 1,342 197 4,025 592 39
7 Ohio ............... 10,629 12.0 1.8 3,699 544 1,876 276 1,248 183 3,744 550 40
8 Michigan .. .......... 9,250 16.2 3.0 3,220 473 1,761 259 1,128 166 3,385 498 43
9 New Jersey . . . ........ 8,546 15.8 12.1 2,974 437 1,906 280 1,123 165 3,369 495 43
10 Georgia .. ... ... 7,957 27.0 1.9 2,769 407 1,678 247 1,040 153 3,119 459 44
11 North Carolina . . .. ... .. 7,483 219 14 2,604 383 1,478 217 938 138 2,814 414 47
12 Virginia . . ........ ... 6,877 19.4 3.3 2,394 352 1,366 201 860 126 2,580 379 49
13 Massachusetts . . . ... ... 6,087 5.4 6.6 2,119 311 1,091 160 710 104 2,130 313 54
14 Indiana . ............ 5,502 9.3 2.5 1,915 282 952 140 638 94 1,914 281 57
15 Missouri . . . .......... 5,383 11.1 1.6 1,874 275 936 138 627 92 1,882 277 57
16 Maryland .. .......... 5,274 27.9 3.3 1,836 270 1,149 169 702 103 2,106 310 54
17 Tennessee . .......... 5,266 16.8 9 1,833 269 970 143 634 93 1,903 280 57
18 Washington . . ... ... ... 4,991 2.3 6.0 1,737 255 849 125 568 84 1,704 251 60
19 Wisconsin . . . ......... 4,784 5.7 2.7 1,665 245 792 116 543 80 1,628 239 61
20 Arizona . ............ 4,618 2.7 20.8 1,607 236 1,041 153 594 87 1,782 262 59
21 Louisiana . . .......... 4,516 32.2 2.9 1,572 231 1,021 150 619 91 1,858 273 57
22 Minnesota . . . ... ...... 4,490 1.7 1.7 1,563 230 686 101 493 72 1,479 217 64
23 Alabama . . ........... 4,410 25.8 .8 1,535 226 899 132 565 83 1,696 249 60
24 South Carolina . . . ...... 3,906 30.0 1.1 1,360 200 838 123 518 76 1,554 228 63
25 Colorado . ........... 3,813 4.1 15.5 1,327 195 797 117 474 70 1,421 209 66
26 Kentucky . ........... 3,733 7.9 .8 1,299 191 610 90 423 62 1,270 187 69
27 Connecticut . . . .. ...... 3,445 9.1 8.6 1,199 176 672 99 419 62 1,256 185 70
28 Oklahoma . . ... ....... 3,376 6.8 3.6 1,175 173 579 85 388 57 1,165 171 72
29 Oregon . ............ 2,877 1.7 55 1,001 147 480 71 325 48 975 143 79
30 Mississippi . . ... ... 2,877 36.0 .8 1,001 147 654 96 399 59 1,197 176 72
31 lowa ............... 2,549 2.3 1.8 887 130 394 58 281 41 843 124 85
32 Arkansas . ........... 2,529 15.7 1.1 880 129 461 68 303 45 909 134 82
33 Kansas ............. 2,529 6.2 5.2 880 129 445 65 294 43 881 129 83
34 Utah . .............. 1,991 7 5.9 693 102 330 49 224 33 672 99 95
35 New Mexico . ......... 1,968 1.7 41.1 685 101 587 86 304 45 913 134 82
36 West Virginia . . .. ... ... 1,722 2.6 7 599 88 260 38 189 28 566 83 104
37 Nebraska ... ......... 1,556 3.7 3.3 542 80 254 37 175 26 525 77 108
38 Hawaii .. ............ 1,345 1.8 8.4 468 69 239 35 155 23 466 69 115
39 New Hampshire . . ... ... 1,333 .8 1.2 464 68 198 29 145 21 435 64 119
40 Nevada ............. 1,303 7.2 13.3 454 67 271 40 163 24 488 72 112
41 Maine . ............. 1,271 .3 .8 442 65 186 27 137 20 412 61 122
42 Rhode Island . . .. ... ... 1,049 4.3 6.1 365 54 183 27 121 18 363 53 130
43 Idaho . . ............. 1,047 .6 7.1 364 54 178 26 119 17 356 52 131
44 Montana . . . ... ....... 794 3 2.1 276 41 120 18 87 13 260 38 153
45 Delaware ............ 734 21.1 3.0 255 38 148 22 93 14 278 41 148
46 South Dakota . ........ 714 3 1.0 249 37 105 15 77 11 232 34 162
47 Alaska . ............. 687 3.3 3.6 293 35 112 17 77 11 232 34 162
48 District of Columbia . . .. .. 634 67.8 7.2 221 32 205 30 128 19 383 56 126
49 North Dakota . . . ....... 629 .6 1.0 219 32 93 14 68 10 205 30 173
50 Vermont . .. .......... 591 5 9 206 30 87 13 64 9 192 28 179
51 Wyoming . ........... 489 .8 7.4 170 25 84 12 56 8 167 25 191

LFor total population and blacks, Series P-25 No. 1017. For Hispanics, 1990 census figures are projected to grow 39.6 percent in each State by 2000. This percentage represents the ratio of the high
2000 projection to the 1990 figure, since the 1990 figure (P-25 No. 995) exceeded the high projection for 1990.

2Total adult sample size = population (State)/U.S. population x 124,000 x 0.755; males 45-64 are 0.147 of the total adult sample. The equal-weighted sample overall sampling rate is

(0.94) x 124,000/252,668,000 = 0.000461.

SBlacks and Hispanics will be oversampled and screened as described in Memorandum #50R, using the design resulting in 25,000 sampled “others.” The average oversampling rates relative to the
rate for “others” are 2.59 for blacks and 3.59 for Hispanics.

“There are two separate components of the design effect. Each is calculated using the standard formula found in Survey Sampling (20). The first component includes the subsampling of one per
household and differential oversampling rates by density strata, computed separately for blacks, Hispanics, and “others.” The second component accounts for the combination of the three groups with
different average sampling rates.This design effect will vary from State to State. The effective sample size in a State is the actual sample size divided by the two design effect components for that
State. The effective sample size using 3 years of data could be reduced by an additional 19 to 26 percent to account for the clustering of the sample in the same PSU’s each year. This would increase
the cv’s by a factor of 1:1.
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Solving this equation for the size of Precision of Unbiased one male in this age range. It is
the RDD supplement yields Dual-Frame Estimator With a therefore necessary only to include an
930d,d, - (.93)d.n, Fixed-Size Random Digit intrahousehold correlation for the “all

adult” cell. Based on the calculations in

" d,-70 /ny) Dialing Supplement NHIS Redesign Memorandum #40 (4), a
_ - The next question examined was, if conservative estimate for this
930d, - (.93)d,n, _ : - i
= . the same RDD resources were available correlation,p=0.1, is used.
1-(70h,) (10)  in every State, in how many (and It was also assumed that the effect

) which) States would different conditions Of clustering is negligible for RDD
wheren, = n,/d, is the State-specific provide estimates for all adults, and for samples (the number of completes per
effective size of the area sample. all of the eight age-by-sex cells, with cluster and the intracluster correlation

Substituting the RDD dESign effect coefficients of variation below are ||ke|y to be Sma”). The table

d. = 0.96 and the area effective sample 30 percent? Using the proposed design, assumes further that an equal probability
size into equation 10 only produces a  the 16 sets for analysis were formed by Sample of households is used for the
positive value ofn, whenn, > 70. When  the complete crossing of the following ~ RDD supplement; if the modified

the area sample for a cell is less than  four dichotomies: Waksberg method (which eliminates the
71, the variability in the area sample need for sequential sampling, but
component already exceeds the total ~ ® 1,000 versus 2,000 RDD households jnqquces some differential weighting,
variability allowed in the composite interviewed per State. seeAvoiding Sequential Sampling With
estimator. ® One adult versus all adults Random Digit Dialing(21)) is used,

Thus, it is impossible for RDD interviewed per RDD sample then the variation in weights will yield
supplementation to provide an unbiased household. some increase inv's.
composite estimator with the desired e Characteristics wittp = 0.5 versus Table 37shows that a telephone
accuracy if the cell has an effective p=0.1. sample of 1,000 households will provide
sample size from the area sample of less® 1 year versus 3 years of data. acv less than 30 percent for all States
than 71. The reason for this is that when First, the sampling errors provided for each of the age and sex categories.
the sample sizes are very small, the by use of the RDD sample without the ~ This is true for a characteristic with an
component of variance arising from area probability sample are examined. occurrence of 0.10 or 0.50, with one
nontelephone households is so large thatThen the accuracy of the best unbiased adult interviewed per household or all
it exceeds the permissible variance from composite estimator is examined— adults interviewed. It is not necessary to
the total sample. where the composite combines the RDD use more than 1 year's sample or to

An examination oftable 35shows sample with the NHIS area sample in ~ double the number of households.
that, using a single year of data, RDD  the State. Finally, the impact of limiting Unfortunately, these estimates of
supplementation can help for every cell tne variation in the weights in the do not take into account the bias from
in only 24 States, but 10 of these composite estimator is examined, along Sampling only telephone households.
require more than 20,000 cases. Even in wjth the extent of bias that can be This bias will vary from State to State
California it would require 1,762 expected for such biased estimators. (the percentage of the 1980 population
interviews. It can also be noted that The accuracy of estimates made in a State that was without telephones
when interested in estimates for all solely from the RDD sample will be the varied from 3.3 percent to 16.7 percent)
adults, it is impossible to provide an same for every State. Thus only the and can be considerable for some health
unbiased estimator using RDD accuracy of the estimator for 16 characteristics. These biases are also

supplementation in three of the States. ¢onditions need be examined: 1,000 or likely to be greater for black persons
When 3 years’ data are combined, 2 000 households, one adult or all adults and Hispanic persons than for the

RDD supplements can provide the in a householdp = 0.5 or 0.1, and 1 general population because a higher
desired precision for all cells in 38 year's or 3 years’ data. percentage of minorities than of white
States, although 3 of them require more The variance, standard error, and ~ Persons lack telephones.

than 20,000 interviews. In the 22 States ¢gefficient of variation for each of these The minimum variance for an

that do not have 1,000 area sample adult1g sets, for all adults and for males unbiased dual-frame estimator was
cases, moderate-size RDD sample 45-64 years of age, are provided in presented in equation 9. This variance
supplementation will provide sufficient  taple 37 The average number of adults Was computed for every State for each
preCiSion. per household is assumed to be 1.85 of the 16 models. Whep= 0.5 all of

To summarize, unbiased dual-frame (see NHIS Redesign Memorandum #66), the proposed models provide unbiased
estimators with RDD supplementation of and pecause the average number of composite estimators with the desired
1 year's NHIS data are of very limited  aqult males between ages 45-64 years CV< 30 percent. In fact, witlp = 0.5, all
utility. With 3 years’ data this approach  per household is assumed to be one, it isof the models provide estimates with
does not help in a number of States, but assumed that there is only a trivial cv< 15 percent. This is not the case for
it can be used in a majority of States. proportion of households with more than the elght conditions WlthD =0.1; these
Table 36presents these findings.
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Table 35. RDD supplementation sample sizes for age groups with one adult sampled per household

Area effective sample® RDD actual sample Area effective sample® RDD actual sample
using 1 year of data using 1 year of data using 3 years of data using 3 years of data
Population

year 2000 Total Males Total Males Total Males Total Males

Rank State (000's)* adults? 45-64 adults? 45-64 adults? 45-64 adults? 45-64
1 California . . .......... 33,500 5,016 737 + 1,762 15,049 2,212 + +
2 Texas . ............. 20,211 3,053 449 + 3,966 9,160 1,347 + +
3 New York . ........... 17,986 2,512 369 + 4,726 7,537 1,108 + +
4 Florida . . ............ 15,415 2,050 301 + 5,527 6,150 904 + 631
5 llinois . ............. 11,580 1,525 224 + 6,850 4,576 673 + 2,218
6 Pennsylvania . . .. ...... 11,502 1,342 197 + 7,558 4,025 592 + 2,813
7 Ohio ............... 10,629 1,248 183 + 8,020 3,744 550 + 3,129
8 Michigan .. .......... 9,250 1,128 166 + 8,765 3,385 498 + 3,551
9 New Jersey . . ......... 8,546 1,123 165 + 8,804 3,369 495 + 3,570
10 Georgia . ... 7,957 1,040 153 + 9,492 3,119 459 + 3,881
1 North Carolina . ... ... .. 7,483 938 138 60 10,635 2,814 414 + 4,286
12 Virginia .. ....... ... . 6,877 860 126 136 11,887 2,580 379 + 4,623
13 Massachusetts . . . ... ... 6,087 710 104 287 16,516 2,130 313 + 5,373
14 Indiana . ............ 5,502 638 94 363 21,690 1,914 281 + 5,809
15 Missouri . . . .......... 5,383 627 92 374 22,868 1,882 277 + 5,880
16 Maryland . ... ........ 5,274 702 103 295 16,927 2,106 310 + 5,418
17 Tennessee . .......... 5,266 634 93 367 22,086 1,903 280 + 5,834
18 Washington . . ... ... ... 4,991 568 84 440 34,428 1,704 251 + 6,317
19 Wisconsin . . . ......... 4,784 543 80 469 45,597 1,628 239 + 6,530
20 Arizona .. ..... ... ... 4,618 594 87 411 27,949 1,782 262 + 6,117
21 Louisiana . . .......... 4,516 619 91 383 23,899 1,858 273 + 5,937
22 Minnesota . . . ... ...... 4,490 493 72 528 165,993 1,479 217 + 7,011
23 Alabama . .. .......... 4,410 565 83 443 35,278 1,696 249 + 6,338
24 South Carolina . . .. ..... 3,906 518 76 497 69,407 1,554 228 + 6,756
25 Colorado . ........... 3,813 474 70 551 # 1,421 209 + 7,226
26 Kentucky . ........... 3,733 423 62 617 # 1,270 187 + 7,903
27 Connecticut . . . ... ..... 3,445 419 62 623 # 1,256 185 + 7,975
28 Oklahoma . . .. ........ 3,376 388 57 666 # 1,165 171 + 8,510
29 Oregon . ............ 2,877 325 48 768 # 975 143 24 10,171
30 Mississippi . . . ... 2,877 399 59 651 # 1,197 176 + 8,312
31 lowa ............... 2,549 281 41 855 # 843 124 153 12,227
32 Arkansas . ........... 2,529 303 45 810 # 909 134 88 11,058
33 Kansas ............. 2,529 294 43 828 # 881 129 116 11,515
34 Utah .. ............. 1,991 224 33 1,008 # 672 99 327 18,784
35 New Mexico . ......... 1,968 304 45 806 # 913 134 84 10,985
36 West Virginia . . .. ... ... 1,722 189 28 1,151 # 566 83 442 35,042
37 Nebraska . ........... 1,556 175 26 1,227 # 525 77 489 60,021
38 Hawaii . ............. 1,345 155 23 1,372 # 466 69 561 #
39 New Hampshire ... ... .. 1,333 145 21 1,477 # 435 64 601 #
40 Nevada ............. 1,303 163 24 1,314 # 488 72 534 242,780
41 Maine . ............. 1,271 137 20 1,570 # 412 61 632 #
42 Rhode Island . . . .. ... .. 1,049 121 18 1,861 # 363 53 704 #
43 ldaho . .............. 1,047 119 17 1,915 # 356 52 715 #
44 Montana . . .. ... ...... 794 87 13 4,248 # 260 38 904 #
45 Delaware . ........... 734 93 14 3,306 # 278 41 861 #
46 South Dakota . ........ 714 7 11 8,729 # 232 34 982 #
47 Alaska . . ............ 687 7 11 8,738 # 232 34 982 #
48 District of Columbia . . . . .. 634 128 19 1,723 # 383 56 674 #
49 North Dakota . . . ....... 629 68 10 # # 205 30 1,079 #
50 Vermont . . . .......... 591 64 9 # # 192 28 1,135 #
51 Wyoming . ........... 489 56 8 # # 167 25 1,280 #

+ Cells for which the area effective sample size already exceeds 1,000 and do not require RDD supplementation.

# Cells for which the area effective sample size is less than 71 and RDD cannot help achieve the desired level of accuracy.

LFor total population, Series P-25 No. 1017.

2Total adult sample size = population (State)/U.S. population x 124,000 x 0.755; males 18-24 are 0.147 of the total adult sample.

3There are two separate components of the design effect. Each is calculated using the standard formula found in Survey Sampling (20). The first component includes the subsampling of one per
household and differential oversampling rates by density strata, computed separately for blacks, Hispanics, and “others.” The second component accounts for the combination of the three groups with
different average sampling rates. This design effect will vary from State to State. The effective sample size in a State is the actual sample size divided by the two design effect components for that
State.



Table 36. Number of States for which all cells meet the desired level of accuracy

All 8 age All
Estimator and sex cells adults

lyearareasampleonly . ...................... 0 10
1 year RDD, less than 20,000 supplement per State . . . . . 14 48
1 year RDD, unlimited supplement . . .. ............ 24 48
3yearareasampleonly . ............ .. ... .. ... 3 29
3 year RDD, less than 20,000 supplement per State . . . .. 35 51
3 year RDD, unlimited supplement . .. ............. 38 51

results can be seen table 38 This

table indicates many fewer States than
in earlier tables with the desired level of
accuracy. This is because the
1,000-interview requirement was based
on acv of 30 percent for a characteristic
with p=0.014, not 0.1.

Table 38shows that the minimum
condition of acv< 30 percent can be
achieved for most States under any of
the eight conditions. It is achieved for
all States when 3 years’ of NHIS data
are used.

The differences are much more
pronounced when the number of States
for which some cells will have estimates
with cv’s exceeding 15 percent is
examined. In general the results show

the impact of increasing the size of the Control and Prevention funds each State

two samples. When interviewing all

adults in 1,000 households, the sample
size is quite similar to that when
interviewing 1 adult from 2,000
households, and so are the number of
States exceeding the 15-percent cutoff.
Unless all adults in 2,000 households
are interviewed by telephone and
combined with 3 years’ of NHIS data,
one can expect at least 20 of the States
to have some of the age-by-sex cells for
which thecv will exceed 15 percent.

Comparisons of Dual-Frame
Estimators With Stand-Alone
1,000 Random Digit Dialing
Estimator

Currently, the Centers for Disease

to collect health data from RDD surveys
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of 1,000 individuals. RDD estimators

are subject to potential biases resulting
from differences in a health
characteristic between households with
and without telephones. Therefore the
mean square error and variance of
dual-frame estimators were compared
with the same measures of an RDD
estimator based on 1,000 interviews per
State. For these comparisons only 1 year
of NHIS data was used assuming the
proposed alpha option design. Estimates
for all adults and for the six age-by-sex
cells for adults were examined. A
95-percent response rate was assumed
for NHIS and an 80-percent response
rate for the RDD interviews.

Three different incidence rates were
examined: 0.03, 0.10, and 0.30. This
covers most of the incidence levels
found in NHIS data and provides some
measure of robustness to the results. The
comparison of accuracy compared the
relative root mean square errors
(RRMSE'’s) of the two estimators. In the
case of the dual-frame estimator, this is
equal to thecv, but for the RDD
estimator, it is a function of both
variance and biaslrends in United
States Telephone Coverage Across Time

Table 37. Variances of an RDD sample of 1,000 and 2,000 households per year for two designs, two different percentages, and for all adults

and the rarest cell

One adult per household*

All adults 45-64 year old males?
1 year 3 years 1 year 3 years

Variance p=.50 p=.10 p=.50 p=.10 p=0.50 p=0.10 p=0.50 p=0.10
Variance (n=1,000) . .............. 0.00030 0.00011 0.00010 0.00004 0.00204 0.00073 0.00068 0.00024
Standard error . . ... ... 0.01732 0.01039 0.01000 0.00600 0.04518 0.02711 0.02608 0.01565
CV oot 0.03464 0.10392 0.02000 0.06000 0.09035 0.27105 0.05216 0.15649
Variance (n=2,000) . .............. 0.00015 0.00005 0.00005 0.00002 0.00102 0.00037 0.00034 0.00012
Standard error . . .. ... 0.01225 0.00735 0.00707 0.00424 0.03194 0.01917 0.01844 0.01107
172 0.02449 0.07348 0.01414 0.04243 0.06389 0.19166 0.03689 0.11066

All adults per household

Variance (n=1,000) . .............. 0.00015 0.00005 0.00005 0.00002 0.00092 0.00033 0.00031 0.00011
Standard error . . ... ... 0.01211 0.00727 0.00699 0.00419 0.03032 0.01819 0.01751 0.01050
172 0.02422 0.07265 0.01398 0.04195 0.06064 0.18192 0.03501 0.10503
Variance (n=2,000) . .............. 0.00007 0.00003 0.00002 0.00001 0.00046 0.00017 0.00015 0.00006
Standard error . . ... ... 0.00856 0.00514 0.00494 0.00297 0.02144 0.01286 0.01238 0.00743
172 0.01712 0.05137 0.00989 0.02966 0.04288 0.12864 0.02476 0.07427

1The design effect for sampling one adult per household is assumed to be 1.2. This is based on results of 18,500 interviews from the National Household Education Survey.
2Males 45 to 64 years old are the rarest age-by-sex cell and make up 14.7 percent of all adults (see Memorandum #56R).
3From Memorandum #66 the average number of adults per household is 1.85. Therefore this design anticipates interviews with 1,850 (3,700) adults. For the 45- to 64-year-old males there is no

noticeable effect of clustering since there is only one such male in almost all households. For all adults there is an additional design effect to consider. Based on the calculations in Memorandum #40,
a conservative estimate for the intrahousehold correlation is 0.1. This value was used for the bottom left part of this table.

NOTE: These variances are independent of the area sample size in the State.Therefore these estimates apply to all States using either the current or proposed sample designs.
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Table 38. The number of States, under the proposed redesign and p = 0.1, for which the
unbiased composite estimates for certain cells will have cv’s greater than 30 or 15 percent

Number of States with
cv > 15 percent

Number of States with
cv> 30 percent

Total Males Total Males

Sample adults 45-64 adults 45-64
One adult per 1,000 households, 1 year . ......... 0 8 1 47
One adult per 2,000 households, 1 year . ......... 0 3 1 42
All adults in 1,000 households, 1 year ........... 0 3 1 42
All adults in 2,000 households, 1 year . .......... 0 2 0 26
One adult per 1,000 households, 3years . ........ 0 0 0 34
One adult per 2,000 households, 3years . ........ 0 0 0 24
All adults in 1,000 households, 3years . . ... ...... 0 0 0 23
All adults in 2,000 households, 3years . . . ........ 0 0 0 11

and Subgroup$2?2) provide estimates of
the differences between telephone and
nontelephone households for selected
NHIS characteristics. The largest and
smallest percent bias shown for
(approximately) each of the thrge
values previously mentioned was
determined (and the national bias was
assumed to apply to all States). (These
biases assume that no poststratification
by income is done for the RDD
estimator. To the extent that this is done,
the impact of these biases will be
reduced.) The minimum relative bias for
all three incidence levels was near zero.
The maximum bias varied by incidence
rate. The maximum bias fqy= 0.03

was 3.6 percent, fop = 0.10 it was

28.9 percent, and fgo = 0.30 it was

16.7 percent.

Table 39shows, forp=0.10 and
0.30, the size RDD supplement needed
in a State to combine with the NHIS
area-permit sample and produce
accuracy equivalent to that of a
stand-alone RDD sample of 1,000
households. The key determinant of the
size RDD supplement required by the
dual-frame estimator is the level of the receive such a large weight that the
bias. For characteristics with small design effect from differential weights
biases, the size supplements for a State keeps the variance of the dual-frame

are almost identical, regardless of
incidence rate and of whether all six
cells are wanted or only one. In fact,
when the bias is zero, they are identical.
For p=0.03 the largest bias was only
3.6 percent; thus, the results closely
matched the low-bias results table 39

When the bias is small, a dozen
States do not require any telephone
supplementation. That is, the NHIS
sample in those States is more accurate
than an RDD sample of 1,000
households. In 36 of the 51 States
(including the District of Columbia), the
entire supplement for all age and sex
cells would be less than 1,000
households. In another 13 States, the
supplement would have to be larger than
1,000; for 1 State it would exceed 7,000
households.

For two States, Alaska and
Wyoming, no telephone sample could
reduce the variability of the estimator
sufficiently to match the accuracy of
1,000 telephone interviews. This is
because the small number of NHIS
interviews that must represent all of the
nontelephone households in the State

estimator larger than that of the 1,000
RDD interview estimator. To a lesser
extent, it is this same variation in
weights that causes the other 13 States’
supplements to exceed 1,000
households.

For these 13 States whose
supplements exceed 1,000 households, it
is important to remember that the extra
interviews are to ensure the desired
level of accuracy, regardless of the
actual telephone or nontelephone bias in
the State. The stand-alone RDD
estimator will achieve the desired
accuracy only if its bias is no greater
than that reflected by the national
estimates. Given that this survey collects
a great number of variables, each of
which has different biases (which may
vary over time), these are likely to be
items, and States in which biases are
much greater than would be anticipated
from studies such agrends in United
States Telephone Coverage Across Time
and Subgroup$22).

For characteristics with high biases,
the supplemental sample sizes for the
dual-frame estimator are even smaller.
This is because the larger bias inflates
the RRMSE of the stand-alone RDD
estimator. For a given incidence rate and
bias, the main determinant of the
supplement size is the telephone
coverage rate, not the NHIS sample
size. In all of the high-bias situations, at
least 45 of the States required
supplements smaller than 1,000
households, and at least 20 needed no
supplementation at all. When only one
cell per State was needed, all States
required supplements smaller than 1,000
households.

The next analysis compared the
precision (variance) of the stand-alone
RDD estimator with a minimum

Table 39. Number of States, by the size RDD supplement needed to derive a dual-frame NHIS estimator of accuracy similar to stand-alone

1,000 RDD interviews

Low bias

High bias

All six collapsed age/sex cells All adults one combined cell

All six collapsed age/sex cells

All adults one combined cell

p=0.30
(Bias = 16.7%)

p=0.10
(Bias = 28.9%)

p=0.30
(Bias = 16.7%)

Size of RDD p=0.10 p=0.30 p=0.10 p=0.30 p=0.10
supplemental sample (Bias = 1.6) (Bias = 0.0%) (Bias =1.6%) (Bias =0.0%) (Bias = 28.9%)
None needed . . . ....... 12 12 12 12 20
1-999 . ... 24 24 24 24 25
>1,000 ... 13 13 13 13 6

No amount can help 2 2 2 2 0

25
22
4
0

33
18
0
0

35
16
0
0




variance (but potentially biased)
dual-frame estimator. This dual-frame
estimator is different from that
considered in earlier tables. All
interviews are given equal weights to
minimize the variance. This
underrepresents households without
telephones, however, because they are
included only in the sample of NHIS
households. Thus the estimator will only
partially reduce the bias that is usually
present in the stand-alone RDD
estimator. (The percent reduction in bias
is a function of the relative sample sizes
from NHIS and RDD, independent of
the actual bias in the RDD estimate.) By
restricting the comparison to matching
the estimators’ variance, the RDD

nontelephone households frofrends in
United States Telephone Coverage
Across Time and Subgroug®2). The
latter variable represents a worst-case
scenario for the stand-alone RDD
estimator, because it has the highest
relative bias (telephone households
relative to all households) for variables
reported with similar incidence rates.
Cigarette smoking has a more moderate
bias. For variables without any
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known not to suffer from significant
bias, a minimum variance (potentially
biased) dual-frame estimator could be
used when comparing MSE’s. If the
characteristic (such as the two
preceding) was biased, it is not obvious
whether it would be better to use the
minimum variance or unbiased versions
of the dual-frame estimator. For this
analysis the version with the best
variance or MSE (depending on the

telephone coverage bias, examination of table column) is used based on the
mean square errors would be equivalent telephone coverage rate and NHIS

to the variances used in this analysis.
Information for 1985 (in percent) on

these two variables, at the national level,

is reported intable 41
For each Stateable 42compares

supplement will be between 0 and 1,000 the RDD stand-alone estimator with a

interviews for each State. If the NHIS
area sample in the State provides an
estimate with smaller variance than that
of the stand-alone RDD estimate, no
RDD supplement is needed. If the NHIS
area sample is practically nonexistent,
the dual-frame estimator will resemble
the stand-alone estimator and require
1,000 interviews.

Table 40summarizes the results. No
RDD supplement is required in 12

dual-frame estimator for the following

sample size in each State. In all but one
case, the unbiased dual-frame estimator
has a smaller MSE than the potentially
biased dual-frame estimator. The one
exception is for people currently
smoking cigarettes in North Dakota.
Cigarette smoking is subject to a smaller

characteristics: Coverage rate (telephone bias than percent without private health
coverage rates are from the 1980 censusjnsurance (4.5, compared with 16.7,

and NHIS coverage rate is assumed to
be 100 percent); response rate (a
weighted average of RDD and NHIS
response rates weighted by the two

percent relative bias). North Dakota also
has the third-smallest NHIS sample size
combined with a high telephone-
coverage rate. Thus, the overall bias is

actual sample sizes); variance (assumingsmall, the bias in the State will be less

p = 0.30, the same relative relationship
between the variances would hold if any
other incidence rate is assumed); mean

States, because the NHIS area sample insquare error (MSE) for currently

the States provides smaller variances

smoking cigarettes; and MSE for

than the stand-alone RDD sample. Thesepersons under 65 years of age without

are the same 12 States that did not
require RDD supplementation in
table 39under the assumption of low
nontelephone bias. When no
supplementation is used, the bias is

obviously completely eliminated because

the NHIS sample is unbiased. For
another 15 States, the supplemental
sample size would be fewer than 500
interviews. The bias of the dual-frame
estimator in these States will be from 46
to 83 percent less than that of the
stand-alone estimator. In the remaining
24 States, where the supplement would
require more than 500 interviews, the
bias reduction is from 6 to 43 percent.
For the final analysis, two variables

private health insurance.
The dual-frame estimator used for

than average, and the sample of NHIS
households with telephones is small.
Examination oftable 42shows that
for every State, the use of a dual-frame
estimator (including NHIS data) can
improve the estimates that would be
obtained from a stand-alone RDD
survey of 1,000 households. In general,

the variance comparison is the minimum the dual-frame estimator used in

variance estimator also usedtable 40
If the characteristic to be estimated was

comparing variances itable 40is not
the same dual-frame estimator used in

Table 40. Summary of the number of States and percent reduction in bias corresponding to
different size RDD supplementation of a dual-frame estimator

Percent of
Number reduction in bias
Dual-frame RDD of of RDD with
supplemental sample size States dual frame
O 12 100
1-500 ... ... 15 46-83
501-1,000 ... ... .. 24 6-43

were chosen that are of concern as part Table 41. Differences between telephone and nontelephone households for percent of
persons who smoke, and persons under 65 years old without private health insurance

of the Healthy People 2000 Obijectives:
Percent of persons currently smoking
cigarettes and percent of persons under
65 years of age without private health
insurance. Estimates from the 1985
NHIS are available for both of these
variables for telephone and

Nontelephone Telephone All
Characteristic households households households
Persons who currently smoke cigarettes . . ... ... .. 49.6 28.8 30.1
Persons under 65 years old without private health
insurance . . .. ... 64.9 19.8 231
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Table 42. Comparison of 1,000 RDD interviews alone (sampling one adult per household), with dual-frame estimators (from proposed
design), and p = 30 percent

Persons who currently  Persons under 65 years old

Coverage Response Variance smoke cigarettes without private health

Projected  Actual NHIS rate (%) rate (%) (x 1,000)? MSE (x 1,000)3 insurance MSE (x 1,000)3

population sample using

year 2000 1 year’s data Dual Dual Dual Dual Dual
Rank State (000's)* all adults* RDD frame RDD frame RDD frame RDD frame RDD frame
1 California . ... ........ 33,500 9,394 95 100 80 93 0.252 0.036 0.372 0.036 0.778 0.030
2 Texas .. ... 20,211 5,673 91 100 80 94  0.252 0.054 0.634 0.054 2.010 0.046
3 New York . ........... 17,986 4,427 93 100 80 88 0.252 0.063 0.494 0.063 1.353 0.053
4 Florida . .. ........... 15,415 3,529 90 100 80 92 0.252 0.073 0.669 0.074 2.174 0.062
5 linois . ............. 11,580 2,577 95 100 80 89 0.252 0.089 0.370 0.090 0.768 0.076
6 Pennsylvania . . ... ... .. 11,502 2,016 96 100 80 91 0.252 0.097 0.327 0.098 0.564 0.083
7 Ohio ............... 10,629 1,876 94 100 80 90 0.252 0.101 0.403 0.103 0.923 0.087
8 Michigan ... ......... 9,250 1,761 96 100 80 90 0.252 0.107 0.325 0.108 0.555 0.092
9 New Jersey . . ......... 8,546 1,906 95 100 80 87 0.252 0.107 0.349 0.109 0.669 0.092
10 Georgia . .......... .. 7,957 1,678 88 100 80 88 0.252 0.112 0.853 0.117 3.037 0.099
11 North Carolina . . .. ... .. 7,483 1,478 89 100 80 88 0.252 0.119 0.772 0.124 2.656 0.105
12 Virginia ... ... 6,877 1,366 92 100 80 90 0.252 0.124 0.548 0.129 1.604 0.109
13 Massachusetts . . . . ... .. 6,087 1,091 96 100 80 88 0.252 0.136 0.331 0.140 0.584 0.118
14 Indiana . ............ 5,502 952 93 100 80 88 0.252 0.143 0.441 0.150 1.104 0.127
15 Missouri . . .. ......... 5,383 936 95 100 80 89 0.252 0.144 0.380 0.150 0.815 0.127
16 Maryland ... ......... 5,274 1,149 96 100 80 86  0.252 0.137 0.329 0.141 0.576 0.119
17 Tennessee . .......... 5,266 970 90 100 80 88 0.252 0.143 0.674 0.154 2.198 0.130
18 Washington . . .. ....... 4,991 849 94 100 80 86 0.252 0.150 0.392 0.157 0.871 0.133
19 Wisconsin . . . ......... 4,784 792 97 100 80 88 0.252 0.153 0.299 0.157 0.435 0.133
20 Arizona .. ....... ... 4,618 1,041 89 100 80 88  0.252 0.147 0.758 0.161 2.591 0.136
21 Louisiana . . .......... 4,516 1,021 89 100 80 88 0.252 0.145 0.762 0.157 2.613 0.133
22 Minnesota . . . ... ...... 4,490 686 97 100 80 87 0.252 0.158 0.302 0.164 0.449 0.139
23 Alabama . . ........... 4,410 899 87 100 80 88 0.252 0.150 0.973 0.168 3.603 0.142
24 South Carolina . . .. ... .. 3,906 838 87 100 80 86 0.252 0.155 0.935 0.176 3.425 0.149
25 Colorado . ........... 3,813 797 94 100 80 84  0.252 0.161 0.422 0.172 1.013 0.146
26 Kentucky ............ 3,733 610 88 100 80 86 0.252 0.167 0.861 0.194 3.074 0.164
27 Connecticut . . . .. ...... 3,445 672 97 100 80 86 0.252 0.168 0.302 0.175 0.450 0.148
28 Oklahoma . . . ......... 3,376 579 92 100 80 85 0.252 0.172 0.524 0.192 1.490 0.163
29 Oregon . ............ 2,877 480 83 100 80 85 0.252 0.181 1.449 0.240 5.839 0.203
30 Mississippi . . ... ... .. 2,877 654 93 100 80 86 0.252 0.170 0.436 0.186 1.080 0.158
31 lowa ............... 2,549 394 96 100 80 85 0.252 0.188 0.315 0.205 0.511 0.173
32 Arkansas .. .......... 2,529 461 87 100 80 85 0.252 0.185 0.933 0.233 3.414 0.197
33 Kansas ............. 2,529 445 95 100 80 85 0.252 0.186 0.363 0.206 0.735 0.175
34 Utah ............... 1,991 330 95 100 80 84  0.252 0.199 0.379 0.231 0.809 0.195
35 New Mexico . ......... 1,968 587 86 100 80 87 0.252 0.185 1.098 0.238 4.189 0.202
36 West Virginia . . . ... .... 1,722 260 89 100 80 84  0.252 0.205 0.745 0.286 2.532 0.242
37 Nebraska . ........... 1,556 254 96 100 80 83 0.252 0.208 0.314 0.240 0.507 0.203
38 Hawaii .. ............ 1,345 239 95 100 80 84  0.252 0.212 0.357 0.260 0.707 0.220
39 New Hampshire . .. ... .. 1,333 198 94 100 80 83 0.252 0.215 0.398 0.276 0.900 0.234
40 Nevada ............. 1,303 271 90 100 80 84 0.252 0.211 0.663 0.301 2.146 0.254
41 Maine . ............. 1,271 186 93 100 80 82 0.252 0.216 0.491 0.301 1.337 0.255
42 Rhode Island . . ... ... .. 1,049 183 95 100 80 83 0.252 0.220 0.350 0.283 0.672 0.240
43 Idaho . .. ............ 1,047 178 93 100 80 83 0.252 0.221 0.471 0.318 1.242 0.269
44 Montana . . . .......... 794 120 92 100 80 82 0.252 0.228 0.520 0.386 1.473 0.326
45 Delaware . ........... 734 148 95 100 80 82 0.252 0.227 0.356 0.317 0.704 0.268
46 South Dakota . ........ 714 105 94 100 80 82 0.252 0.231 0.426 0.376 1.032 0.318
47 Alaska . .. ........... 687 112 83 100 80 81 0.252 0.231 1.459 0.616 5.887 0.521
48 District of Columbia . . . . .. 634 205 95 100 80 82 0.252 0.219 0.351 0.278 0.679 0.235
49 North Dakota . . . ....... 629 93 96 100 80 81 0.252 0.233 0.328 0.309 0.572 0.291
50 Vermont . . ........... 591 87 93 100 80 81 0.252 0.234 0.449 0.426 1.139 0.360
51 Wyoming .. .......... 489 84 92 100 80 81 0.252 0.236 0.554 0.515 1.634 0.435

The actual NHIS sample sizes come from table 1 of Memorandum #56R.

2The RDD design effect for sampling one adult per household is assumed to be 1:2. This is based on results of 18,500 interviews from the National Household Education Survey. The State-specific
design effects for the NHIS were computed in Memorandum #56R. The dual-frame estimator used for the variance comparison is the minimum variance (potentially biased) estimator also used in
table 40.

3The dual-frame estimator used in these columns is the minimum of these unbiased and minimum variance estimators.



comparing mean square errors (except
for North Dakota). The rationale is that,
given either basis for choosing an
estimator—minimizing variance or
minimizing MSE—it is possible to
construct a dual-frame estimator with
significantly better properties than those
of the stand-alone RDD estimator.

The bias discussed in this chapter
arises from differences in the health
characteristics of households with and
without telephones. A second source of
bias is adjusting for nonresponse. An
estimator based on a higher response
rate will minimize the impact of this
second source of nonresponse. The
following summarizes the findings
comparing stand-alone RDD and
dual-frame estimation:

® The coverage rate is from 3 to
17 percent higher.

® The response rate is from 1 to
14 percent higher.

® The dual-frame variance is always
lower; for 12 of the States, it is less
than one-half that of the RDD
estimator.

e The dual-frame mean square error is
always lower. For cigarette smokers
in 32 States, and for those without
private health insurance in every
State, it is less than one-half that of
the RDD estimator.
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Chapter 12. .
Empirical Comparison
of Model-Dependent
Estimators

his chapter describes an empirical
T comparison of model-dependent

estimators that could potentially
be used to produce State-level estimates
from NHIS. Five model-dependent
estimators were examined along with
the direct design-unbiased estimator.
Their point estimates for each State as

During the past 12 months, how

or talk to a medical doctor or
assistant? (Do not count doctors

hospital.)

e \Would you say (your/his/her) health
in general is excellent, very good,
good, fair, or poor?

Estimators

The exact formulas for the six
estimators are described next.

1. Direct, design-unbiased, inflation

) _ estimator
well as their estimated mean square N
errors (MSE's) were compared using the  y,. = Z Z Wi Vige / ZZ W
data collected in the 1988 NHIS. The — 4 — 4

five estimators were the synthetic
estimator originally developed for NHIS
(23), a composite estimator of the
synthetic and direct estimators (24), and
three versions of the generalized
synthetic estimator (GSE) (25).

The GSE loosens the restrictive
assumptions on which the traditional

(11)

where
Yiik = response for théth respondent,
in subgroupj, in Statei

wi, = weight for thekth respondent,
in subgroupj, in Statei

synthetic estimator depends in order to i=12..1

produce unbiased estimates. In i=1,2,..J
articular, although the synthetic

P gn e oy k=1,2,.. N,

estimator requires that the mean for a
population subgroup (for example, white 2. Synthetic estimator. Sixteen
females 18-44 years of age) be the subgroups were used, four age
same in every State (if this assumption  categories (0-19 years, 20—44 years,

approximately holds, then the synthetic  45_64 years, 65 years or over), two race
categories (black, other than black), and

estimator will be approximately
unbiased), the GSE requires only that
they have the same expectation. The
Bayesian statistical term for this is that
the State/subgroup means for a
particular variable be exchangeable (26).
The GSE also allows one to incorporate
prior information into the estimator and
allows the subgroup means in some where
States to have smaller standard N; =
deviations than in others.

NHIS collects data on dozens of B
health items. For this analysis two items Y =
were examined: The mean of a count
variable and a proportion. The count M. 1990 Census total populatlon for
variable was the average number of Statei.
doctor visits in the past 12 months, and The predictive version of the synthetic

two sex categories (male, female).
16 —
A N; ;.
s 3 N
ji=1
(12)

1990 census total population for
subgroug in Statej

DTN IR

the proportion was the percentage with a estimator was also examined. This uses

self-perceived poor health status. The
verbatim questions on the NHIS
questionnaire were as follows:

the observed values of the sampled

seen while an overnight patient in a

respondents and the preceding synthetic
estimator only for the nonsampled cases.

As with almost all national

many times did (person’s name) see household surveys, the sampling fraction

for NHIS is quite small, resulting in
insignificant differences between the two
forms of the synthetic estimator. Thus,
only the results from the more common
version given here are reported.

3. Composite estimator.This is a

linear combination of the first two
estimators where the weights are
proportional to the mean square errors
of the two estimators.

A _ A
Ya. = iy + (1-1) Yy

where

MSE (/)

) Var (y;;) + MSE @Zi-)

Because many States contain only
one or two sampled PSU'’s, direct
estimated variances would be highly
uns ,\b e. Thus, for these analyses, the
VarGliS were developed separately
for different types of questions (see the
first section ofchaiter 3. The

calculation of MS §2i. is described
in the second section of this chapter.
Before discussing the final three
estimators, it is necessary to discuss the
equation for the GSE. (Se®mall Area
Estimation: A Bayesian Perspectiy25)
and Small Area Estimation for the
National Health Interview Survey (27)
for more detail.) GSE is derived based
on two assumptions. The first is that
conditional on the mean and variance
for Statei and subgroup, the Yijk are
exchangeable within their State/
subgroup and are independent between
States/subgroups. The second
assumption is that for each State/
subgroup, the mean and variance are
exchangeable across States, and they are
independent between subgroups. Under
these assumptions, GSE is the posterior
mean for Staté, given the sampls
containing datay.

EN.|6Y =

V +mv

Z(NU —n,,) vl O
(14)



where

n, = sample size in State

Yi. = Zzwijkyijk/zzwijk
R i

n; = sample size in subgroypand
Statej

{i; = best linear unbiased estimate
(BLUE) for the mean of
subgroupj

V, = a priori variance on the prior
mean for subgroup

rr;‘ = prior mean for subgroup

Vv, = expected sampling variance of the
sample mean for subgroup

As with any Bayesian prediction of
finite populations, the GSE uses the
observed data and estimates for only th
unobserved values. The right-hand side
of equation 14 is also seen to contain a
weighted average of a sample estimate
and a prior mean separately for each
subgroup. If the a priori variance,, is
much larger than the expected sampling
error, v, GSE reduces to

J
B 1S =[m 3t S (8 = np) iy [,
i=1
(15)

In general, the BLUE for the mean of
subgroupj is a weighted average of
every State average for subgroup

J» ¥ij.» where the weights are inversely
proportional to the sampling variance
for that State/subgroup. If for any
subgroup the elemental variances

(0 ) are assumed to be equal in all States,
the BLUE is S|mply equal tg; . In this

version of) the synthetic estimator.
The remaining three estimators, all
forms of the GSE, can now be described.

4. GSE with heteroscedastic
variances.lt is desired to examine the
robustness of the traditional synthetic
estimator in view of the assumption that
the variances are equal across small
areas. It can be shown that for

proportions the State/subgroup variances 45_g4

must be homoscedastic if their means
are assumed equal. Thus, this estimator
applies only to the doctor visit variable.
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subgroup is the same for all small areas 5. GSE with balanced prior and

(to reflect the assumption used by the
synthetic estimator) and that the prior
variance is diffuse (at least relative

to vy). Assume that within a subgroup,
there are differences in the distributions
of doctor visits between those in central
cities and those who live elsewhere.
Estimates for subgroups in States that
have either almost all of their population
in central cities or not in central cities
would be subject to less variation than
for subgroups in States with a mixture.
In particular, assume the mean and
variance of each small area/subgroup is

[Pij ; Uﬁ z; (1- Zij)]
where

e %4~ the proportion of the State’s black

(or nonblack) population living in
central cities (capped at 0.95)

Thus,

J
Yo, = | MY+ Z(Nij -ny)) i [/ N
i=1
(16)
where
nlj le
2 z (1 -z)

sampling variances (16 subgroups)A
basic requirement for all Bayes
estimators is that the weights associated
with the BLUE and the prior mean must
be nonnegative. Thus,, andvg must be
nonnegative. Further, when their exact
formulas are examined, the relative
magnitudes of these two terms are also
constrained (24, 26), partially as a
function of how evenly the population is
spread across all States. Defineas the
midpoint in the allowable range in the
relative sizes of the prior and sampling
variances for each subgroyplt is
interesting to note that when the
midpoint in the possible range of
relationships for the two variances is
chosen, the resulting estimator gives
greater weight to the prior mean. This
would be most appropriate when the
prior is based on more data (or greater
knowledge) than the current survey. In
this empirical examination, subgroups
are spread across 51 States (the
following formula is a function of I-1
and (-1)%, wherel = 51), and the prior
mean is simply estimated by the mean
of the previous year’s NHIS.

JAY
y5i = ny| Z(N” I]

f; (51/5Q, - 1/50) +rr5*(51/5Q)l)

IN.
Z (51/25, - 1/50)
Z (1 zj) '
17)
case the GSE is equal to (the predictive Table 43. Values of b for each of the 16 age/race/sex subgroups used in estimator 5
Age Race Sex b;

0-19 ... ... Black Male 21.46
—19 . . Black Female 21.43
0-19 ... ... Nonblack Male 22.26
0-19 . ... ... Nonblack Female 22.37
0-44 . .. ... Black Male 20.56
2044 ... Black Female 20.61
2044 .. Nonblack Male 21.26
2044 ... Nonblack Female 22.00
A45-64 ... Black Male 20.21
45-64 ... Black Female 19.85
................... Nonblack Male 23.50

45-64 ... Nonblack Female 23.43
65andover ............... Black Male 21.86
65andover ............... Black Female 21.33
65andover ............... Nonblack Male 23.09
65andover . .............. Nonblack Female 23.51

Assume the mean response for a given
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Where for these analyses Table 44. Values of b; for each of the 32 central city/age/race/sex subgroups used in
estimator 6
fL; = y; from the 1988 NHIS )
Central city Age Race Sex b;
m =y, from the 1987 NHIS YeS . 0-19 Black Male 18.20
. Yes . ... 0-19 Black Female 18.16
Table 43provides the values df; for Yes ... 0-19 Nonblack Male 14.83
each of the 16 subgroups_ Avalue near Yes................ 0-19 Nonblack Female 14.92
PR : Yes . ... 20-44 Black Male 17.28
1 indicates th_at the subgroup IS Yes . .. .. 20-44 Black Female 17.12
concentrgteq in one State, and a yalue Yes ... 20-44 Nonblack Male 14.30
near 51 implies that the subgroup is YeS . i 20-44 Nonblack Female 14.85
evenly Spread throughout the States Yes . .. ... 45-64 Black Male 16.43
Yes . ... 45-64 Black Female 15.72
6. GSE with balanced prior and ies ---------------- 22—22 EO“E:“E '\F"a'el 121;
. - €S . ... — onblac emaile .
Samplm_g varlar_wces (32 subgroups). Yes . ... 65 and over Black Male 18.37
This estimator is of the same form as Yes . ... 65 and over Black Female 17.58
estimator 5. To examine the impacton Yes................ 65 and over Nonblack Male 16.81
the synthetic estimator when it is subject Les ---------------- 3516;”‘* over g‘lf’”i'a‘:k ;erl"a'e ggi
. - . O o o e —. acl ale .
to greater varlab|I|ty, however, thI.S No ................ 0-19 Black Female 18.26
estimator uses 32 subgroups. This NO © oo 0-19 Nonblack Male 25.17
increases the Sampling errors associatedNo . ... 0-19 Nonblack Female 25.28
with the subgroup means. The 32 NO igjj E:act '\F"a'e | 12?3
No ................ acl emale .
subgroups are each of the 16 subgroups \, = = .. . 20-44 Nonblack Male 24.01
used previously, subdivided into central No . .......... ... .. 20-44 Nonblack Female 24.70
City and noncentral city_ This examines No ................ 45-64 Black Male 18.62
the possibility of significant differences Eg """""""" jg:gj Eljrfglack ;Zrl';a'e ;g'gg
petvyeen member_s of a subgrou.p who No . ...... ... ... ... 45-64 Nonblack Female 25.79
live in a central city versus outside the No ................ 65 and over Black Male 18.77
central C|ty (|t was not possible to No ................ 65 and over Black Female 18.41
separate the 1987 NHIS data by central No . ............ ... 65 and over Nonblack Male 24.85
. . No ................ 65 and over Nonblack Female 25.29
city and noncentral city; thus the same
prior means were used for estimator 6
as for estimator 5.Jable 44provides
the values ob, for each of the 32 le (. A\, o= _\{(r _
subgroups. It is worth noting that T z Yai yfi) = -E TZ (yli - yi.) (yfi - Yi.)
although thep, values used for estimator i=1 i=
5 only vary from 19.85 to 23.51, thig |
values used for estimator 6 vary from 1 [(_ _ ) (/_\ _ )] 2 If the number of areakis relatively
14.30 to 25.92. z Yi ™Y Yi Y large, the covariance-like last term on
the righthand side will be quite small,
State-Specific Mean Square becqusé (7 ~¥;) =0 and ad - o,y
E 1 : 1 A andy; become approximately
rrors = Tz (Vu-9)?+ TZ(yﬁ -v.)? independent. Thus, for larde this

Before discussing the empirical equation is approximately

results, it is necessary to describe briefly |

a procedure for comparing the accuracy 1 (_ N )2
of the estimatorsEstimation of The _Tz z 5y -v) G -%) E TZ Y ~ Vi
Error of Synthetic Estimate@8) : i

introduced the average mean square (18) (_ ) (/_\)

error (across small areas) as a measure ) ) ) aveVAR\Y,) + aveMSE\y;

of accuracy for model-based small area BY taking the expectation of both sides . _
estimates. Lefy, be the design-unbiased  Of equation 18 and the approximate (for relatively large

I) average MSE may be written as
|
A 1 _ A
aveMSE(yf) ~E|7 z (Y1i - yfi)2
i=1

= aveMSE ) + aveMSE(YA/f) - aveVAR (371)

inflation estimator for small areia |
yfI be any model-based estimator 1 (_ A )2
f for small ared; andY; be the true mean Z i~ ¥ii

for small area.

(19)



and an approximately unbiased estimate
of the average MSE is

:II_- lz (yli - ?fi) “-aveVAR (91)
i=1

(20)
To estimate the average MSE, the first
term of equation 20 is computed by
taking the average squared difference
between the two estimators across all
small areas. The second term can be
computed for any item by calculating
the variances of the direct estimator in

the estimated statistic are examined as
different PSU’s are dropped from the
analysis, with other PSU’s
simultaneously given additional weight.
These procedures incorporate the
survey’s complex sample design into the
estimated variance and produce
estimates of precision for each small
area. Replicated variances of
model-based statistics are computed
using the same procedure as for direct
estimates of means or ratios.
Unfortunately, the lack of an
estimate of the “truth” for potentially

each small area and taking their average piased model-based estimators requires

With many sample designs, however,
there will be very few PSU’s in each
small area; therefore, the estimated
variances for direct estimators for such
small areas will be very unstable.
Averaging the estimated variances
across all small areas will provide a
stable estimate of average variance.
The approximately unbiased estimate of
the average MSE is simple to compute
and provides a design-based overall
measure of accuracy. Unfortunately, by
averaging across all small areas, it

where the model fits well or for which

the use of an average bias, in
conjunction with a State-specific
variance. (If the true value were known
for each small area, MSE’s could be
computed directly.)

aveBiaé(ﬁf) = aveMSE(ﬁf)

- aveVa(ﬁf)
(22)

Combining equations 19 and 22 gives

|
overstates the error associated with areas o2 1 _ rY),
aveBiadly;) =E TZ Vi = Vi
i=1

the sampling error is small (compared
with an average small area). Similarly, it
understates the error associated with
areas where the model fails or for which
the sampling error is large.

It would be far preferable to produce
small area-specific mean square errors
for model-based estimators. This would
provide smaller MSE’s in areas where
the model fits well or for which the
sampling error is small. It would also
provide larger MSE’s in small areas
where the model fails or for which the
sampling error is large. The following
develops a new procedure for estimating
State-specific MSE’s. The definition of
MSE for small area of model-based

extimator§f is
MSE@H) = Var(ﬁﬂ) + Bias’-(f/ﬁ) o1

Var(ﬁﬁ) can be calculated using
replicated variances (jackknife or
balanced repeated replication).
Replicated variances are frequently used
for survey estimates based on complex
survey designs and/or when weights
vary within a stratum. The changes in

—aveVAR(Vl) - aveVAR(ﬁf) (23)

Using this average bias (equation
23), we can produce small area-specific
mean square errors by replacing the
definition of MSE (equation 21) with

MSE()'/;f) = Var(ﬁﬁ) + aveBiad (ﬁf)
(24)
To estimate equation 24, the

computations for the design-based small
area-specific MSE’s involve the

following six-step process:

Estimate

c[+56u-5)

i=1

with

Tl ;Z(yli - ﬁfi)2

(25)
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and aveVal )71) withl—1 i var(Vli)

=t (26)
N
Var()'/ﬂ) are estimated using replicated

N
variances, call these estimates(&qr)

(27)

|

Estimate aveVe(&) with Tl z var(§fi)
=1 (28)
Then
aveBiag(ﬁf) = (eq. 25) - (eq. 26)

- (eq. 28)

(29)

MSE®;) = (eq. 27) + (eq. 29)
(30)

An examination of equation 24 reveals
that the six-step procedure will produce
improvements (that is, differentiation in
MSE'’s for small areas) only when the
variance is a significant proportion of
MSE. This can occur under either of
two conditions. First, if the model used
to produce the model-based estimates is
a close approximation of reality, the bias
term will be small. Second, if the
model-based estimates depend heavily
on the sample in that small area and the
sample size of the survey in the small
area is small, the variances will be
large. It is important to note, however,
that these model-based estimators can
depend on factors other than the sample;
thus, a small sample size does not
necessarily imply a large variance. For
example, if a form of the generalized
synthetic estimator (equation 14) is used
that relies heavily on the prior
distribution, even when the sample size
for each subgroup is small, the estimator
will have little variance. Alternatively, if
the form of the GSE weights the sample
data heavily, the variance of the
estimator will increase and will increase
even more if the number of subgroups
into which the data are split increases.

In the ideal situation for producing
small area-specific mean square errors,
the variance term will dominate the bias
term. In such situations the root mean
square error can be used to provide
approximate confidence intervals for the
model-based estimates.
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Empirical Results

National Model
Tables 45and 46 provide the

therefore produces estimates that, in the
absence of strong prior information, are
more similar to the synthetic than to the
composite estimator.

One other finding from these tables

estimates derived for each State for eachis the strong shrinkage toward the mean

of the estimators for number of doctor
visits and perceived poor health status,
respectively. The States are sorted in
descending order of the estimates using
estimator 1. Note that for two of the
States, North Dakota and Nebraska, no
sample was collected; and thus, no
direct design-unbiased estimate exists.
The largest and smallest estimates are
shaded for each estimator. Although the
model-based estimators are not
consistent with the design-unbiased
estimator, it is striking to note the
similarities between the different
model-based estimators. In particular for
doctor visits, the standard synthetic
estimator and all three generalized
versions found Alaska to have the
smallest estimated numbers. All but
estimator 6 found Florida to have the
largest estimated number (Florida was
second largest for estimator 6). The
different versions of the synthetic
estimator had very little difference,
generally less than 1 percent. This
robustness of the synthetic estimator to
heterogeneous variances and inclusion
of data from the prior year would be
comforting if this estimator were to be
used to produce State-level estimates,
and it is probably a result of the large
sample sizes from each subgroup.

Similar results are observed for
self-perceived poor health status. The
three versions of the synthetic estimator
each found Alaska to have the lowest
incidence rate and the District of
Columbia, the highest. It is intriguing to
note that these two States had direct
estimates that were very similar. Again,
the robustness of the synthetic estimator
for NHIS is a striking finding.

Many estimators based on
exchangeable models produce estimates
similar to those of composite estimators,
that is, a weighted average of the direct
estimator and the estimator developed
conditional on the truth of a particular
model (for example, the synthetic
estimator). The GSE assumes
exchangeability of State/subgroup means
across States for a given subgroup. It

in all of the model-dependent estimators.
Although the direct estimator spans a
range of more than 3.0 doctor visits per
year (2.685-6.036), each of the
model-dependent estimators has a span
of only 0.4 doctor visits. Similar results
are found for self-perceived poor health.
Table 47shows the results of the
six-step process for computing MSE’s
for estimators 2 and 5 for average
number of doctor visits. The third row
(the Gonzalez-Waksberg average MSE)
is calculated by subtracting the second
from the first. The fourth row is the
average of the replicated variances for
the 51 States. The average bias (row 6,
step 5) is found by subtracting row 4
from row 3. Unfortunately, the average
variance across States is quite small
compared with the average bias (less
than 2 percent). As a result the largest
and smallest State-specific MSE'’s are
very similar to the average MSE. For
the synthetic estimator, the
aveMSE = 0.1703, while the smallest
State-specific MSE is 0.1701 (Georgia)
and the largest is 0.1732 (the District of
Columbia). MSE'’s of similar magnitude
with small variances were found for the
other estimators and for perceived poor
health. These results are not very
surprising as humerous examples have
shown that the magnitude of the bias of
the synthetic estimator is bigger than its
variability. This is compounded by the
fact that the sample size of NHIS is so
large (125,000 respondents) that the
sampling variation is quite small. For
most surveys where the sample size is
likely to be much smaller, the sampling

groups can be large; and, for States in
groupings where the model fits well, the
average bias will be small and the
State-specific MSE’s will vary. This
allows for significantly smaller
approximate confidence intervals for
some States compared with other States.
The range of estimated mean values
may also increase when the
computations are based on data from a
restricted subset of States.

Three potential groupings of States
are examined. They are based on the
percent of the State’s population living
below the poverty level, the percent of
the population that is not black living in
central cities, and the percent of the
black population living in central cities.
Table 48identifies which States were
classified in the high, medium, and low
categories in each of these groupings.

Although each State still only has
16 (or 32) subgroups, the national data
set is being split into 48 (or 96)
subgroups under each of these
subnational models. Thus, the subgroup
means will be more variable, and one
would expect the State-specific MSE's
to be more variable.

One limitation when using the
average MSE of M. Gonzalez and J.
Waksberg (28) is that its computation
depends on taking the difference of two
estimates. It is quite possible that,
because of the errors associated with
these two estimates, the estimated
average MSE may be negative. Because
MSE's are by definition nonnegative, it
may be impossible to produce estimated
MSE'’s for some data sets. The same
holds for the six-step procedure
described earlier for computing
State-specific MSE’s. Unfortunately,
this problem is exacerbated when the
Nation is split into multiple groupings.
When the Nation is split into three

variation can be expected to play a more groups of States (as is the case for

important role, increasing the utility of
State-specific MSE’s.

Subnational Models

Given the large sample size of
NHIS, it is possible to divide the Nation
into groups of States having anticipated
similar biases with respect to the
variable of interest. When this is true,
the differences in MSE’s between these

each of the three groupings already
mentioned), there is a much greater
chance of producing negative
estimated MSE’s than when all States
are combined into one estimate. Every
time State-specific MSE’s were
calculated for each estimator for both
variables using the poverty-based
groupings, at least one of the three
groups of States produced a negative
estimated average MSE. Thus, the
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Table 45. Average number of doctor visits, by State

Design- GSE with GSE with
unbiased Hetero- (16) (32)
inflation Synthetic Composite scedastic balanced balanced
estimator estimator estimator variances variances variances
State @ @) (©) 4 ®) (6)
Vermont . .. ... ... ... 6.036 3.889 4.600 3.912 3.904 3.893
Delaware . ................ 5.648 3.856 4.178 3.898 3.895 3.873
Colorado . . ............... 4.868 3.831 4.477 3.858 3.851 3.859
District of Columbia . . . ... ... .. 4.706 3.852 4.121 3.967 3.987 4.084
Michigan . .. .............. 4.594 3.852 4.461 3.890 3.888 3.890
Connecticut . . . .. ........... 4.589 3.926 4.343 3.957 3.948 3.956
Arizona . ... .. 4.562 3.889 4.350 3.915 3.906 3.927
Nevada . ................. 4.530 3.841 4.026 3.871 3.862 3.865
Massachusetts . . . . .......... 4.481 3.933 4.362 3.960 3.951 3.959
Rhode Island . . . .. .......... 4.424 3.959 4.098 3.984 3.974 3.977
Montana . . .. .............. 4.394 3.911 4.159 3.933 3.925 3.920
Kentucky . ................ 4.333 3.895 4.179 3.925 3.921 3.913
Pennsylvania . . . ............ 4.204 3.967 4.175 4.000 3.993 3.994
Ohio ....... ... .. ........ 4.201 3.896 4.162 3.930 3.926 3.930
Wyoming .. ....... ... ... 4.156 3.827 3.912 3.849 3.844 3.842
California . .. .............. 4.111 3.817 4.093 3.848 3.841 3.850
Oklahoma . . ... ............ 4.104 3.898 4.041 3.927 3.923 3.928
New Mexico . . ............. 4.084 3.842 3.898 3.865 3.860 3.866
Maine . ........... .. ..... 4.075 3.928 3.981 3.949 3.941 3.933
Maryland . .. .............. 4.045 3.811 3.970 3.863 3.861 3.841
Florida . . . ................ 3.981 4.003 3.985 4.041 4.030 4.025
Tennessee . ............... 3.950 3.876 3.931 3.916 3.915 3.924
Washington . . . .. ........... 3.869 3.871 3.870 3.896 3.888 3.890
Arkansas .. ............... 3.840 3.908 3.867 3.949 3.949 3.937
New York . . ............... 3.828 3.902 3.836 3.943 3.937 3.958
lowa . ........ ... ... ..., 3.821 3.957 3.878 3.980 3.971 3.973
New Jersey . . . ............. 3.806 3.913 3.828 3.950 3.943 3.930
West Virginia . . ... .......... 3.734 3.975 3.888 3.999 3.992 3.981
Oregon . . ................ 3.704 3.928 3.800 3.951 3.941 3.943
Utah ... ................. 3.704 3.740 3.721 3.761 3.761 3.760
Wisconsin . . . ... ... ... 3.692 3.894 3.732 3.920 3.912 3.920
South Carolina . . . ........... 3.677 3.780 3.730 3.838 3.843 3.801
Virginia ... ... 3.671 3.819 3.704 3.864 3.864 3.859
Alabama . .. ............... 3.638 3.846 3.698 3.899 3.903 3.893
Hawaii . . ................. 3.575 3.850 3.796 3.875 3.864 3.869
Kansas .................. 3.573 3.897 3.690 3.924 3.917 3.922
Missouri . . ... ... 3.549 3.913 3.655 3.947 3.942 3.940
Mississippi . . ... 3.489 3.763 3.674 3.829 3.840 3.793
Texas .. ... 3.450 3.789 3.482 3.824 3.823 3.838
linois . .. ................ 3.420 3.862 3.483 3.901 3.897 3.908
Louisiana . .. .............. 3.410 3.754 3.502 3.813 3.819 3.810
Indiana . ................. 3.380 3.885 3.516 3.915 3.910 3.920
South Dakota . ............. 3.334 3.921 3.702 3.924 3.933 3.932
New Hampshire . ... ......... 3.236 3.879 3.798 3.901 3.893 3.893
Idaho . . . ......... ... ..... 3.162 3.857 3.616 3.877 3.871 3.864
Alaska . . ........ ... . ... .. 3.093 3.629 3.542 3.656 3.653 3.665
Minnesota . . . . .. ... ... ... .. 3.034 3.885 3.258 3.908 3.900 3.899
Georgia . ... 3.000 3.755 3.190 3.809 3.812 3.787
North Carolina . . ... ......... 2.685 3.842 2.949 3.890 3.891 3.874
North Dakota . . . ............ S 3.908 3.908 3.931 3.920 3.923
Nebraska . ................ e 3.913 3.913 3.938 3.931 3.938

... Category not applicable.

NOTE: Shading indicates the largest and smallest estimates in the column.

analyses are restricted to the latter two that State’s group of States, grouped by largest and smallest estimate shaded for
State groupings. percent of other-than-black and black each estimator. Again, it is striking to
Tables 49nd 50 provide the populations in central cities, note the similarities between the
estimates derived for each State for eachrespectively. As withtable 46 the States  different model-based estimators. With
of the estimators for number of doctor  are sorted in descending order of the States grouped by percentage of the
visits, based only on data from within estimates for estimator 1, with the population that is not black in central
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Table 46. Percentage with perceived poor health status, by State

Design- GSE with GSE with
unbiased (16) (32)

inflation Synthetic Composite balanced balanced

estimator estimator estimator variances variances
State @ @ (©)) ®) (6)
West Virginia . . . . ........... 7.17 2.87 5.28 2.86 2.87
Mississippi . . ... 6.28 3.19 5.28 3.18 3.23
Alabama . ... .............. 5.42 3.13 4.94 3.13 3.14
Maine . ............ . ..... 5.19 2.60 4.01 2.59 2.59
Arkansas . ... ............. 5.10 3.07 4.49 3.07 3.08
Kentucky . ................ 5.06 2.70 4.56 2.69 2.70
North Carolina . . . ........... 4.68 2.99 4.48 2.99 3.01
Tennessee . ............... 4.46 291 4.23 291 2.90
Oklahoma . . ... ............ 3.81 2.75 3.61 2.74 2.74
Louisiana . ... ............. 3.52 2.96 3.44 2.96 2.97
Georgia . ... 3.44 2.81 3.38 2.81 2.83
South Carolina . . . ........... 3.42 3.03 3.36 3.03 3.07
Indiana . ................. 3.40 2.69 3.33 2.68 2.68
Arizona ... ... 3.29 2.57 3.18 2.56 2.55
Virginia . ... 3.29 2.80 3.25 2.80 2.80
Texas . . ... 3.02 2.49 3.00 2.48 2.47
Florida . .. ................ 2.96 3.29 2.97 3.30 3.30
District of Columbia . . ... ...... 2.95 4.34 3.62 4.35 4.25
Alaska . ... ............ ... 2.87 1.76 2.13 1.74 1.74
Idaho . . . ... ... .. ........ 2.80 242 2.66 2.40 241
Ohio . ................... 2.79 2.81 2.79 2.80 2.80
Michigan . ................ 2.78 2.76 2.78 2.75 2.75
Missouri . . ... ... 2.64 2.88 2.66 2.87 2.87
Delaware . ................ 2.61 2.85 2.72 2.85 2.87
Ooregon . . ... 2.50 2.65 2.53 2.64 2.64
Wyoming .. ............... 241 2.32 2.36 2.30 2.30
llinois . . ................. 2.40 2.82 2.42 2.82 2.81
California . .. .............. 2.31 2.45 2.31 2.45 2.44
New York . ................ 2.31 2.96 2.33 2.96 2.94
Kansas . ................. 2.21 2.69 2.28 2.68 2.68
Massachusetts . . .. .......... 2.21 2.71 2.24 2.70 2.69
Montana . . . .. ............. 2.10 2.59 2.27 2.58 2.58
Vermont . .. ........ . ...... 2.09 2.45 2.24 2.44 2.44
New Jersey . .. ............. 2.03 2.94 2.07 2.94 2.95
South Dakota . ............. 2.00 2.63 2.23 2.62 2.62
Rhode lIsland . . ... .......... 1.97 2.78 2.19 2.77 2.77
Maryland . ................ 1.84 2.91 1.91 2.92 2.93
Utah .. .................. 1.75 1.99 1.79 1.97 1.97
Nevada . ................. 1.74 2.56 1.92 2.56 2.56
Pennsylvania . . . ............ 1.69 3.02 1.72 3.01 3.01
New Mexico .. ............. 1.67 2.36 1.79 2.35 2.35
lowa . ........... ... ..... 1.65 2.77 1.76 2.76 2.76
Washington . . . .. ........... 1.44 2.50 1.50 2.49 2.49
Wisconsin . . . ... ... ... 1.38 2.64 1.45 2.63 2.62
Connecticut . . . . ... ... .. ... 1.27 2.82 1.38 2.82 2.81
Colorado . ................ 1.20 2.36 1.27 2.35 2.35
Minnesota . . . . ............. 1.16 2.51 1.23 2.49 2.49
Hawaii . . ................. 0.87 2.44 1.08 2.44 2.43
New Hampshire . . ........... 0.68 2.42 0.86 2.40 2.40
North Dakota . . . . ........... L. 2.59 2.59 2.58 2.58
Nebraska . ................ L 2.67 2.67 2.66 2.66

... Category not applicable.

NOTE: Shading indicates the largest and smallest estimates in the column.

cities, the standard synthetic estimator ~ estimators again agree on the States the District of Columbia is always the
and all three generalized versions find  with the largest and smallest number of highest and Mississippi, the lowest.
Alaska to have the smallest estimated  doctor visits when States are grouped by A major difference between the
number of doctor visits and West percentage of black population in central estimates irtables 49and50 compared
Virginia to have the largest estimated cities, but the extreme States are not the with those intable 45is that the

number. The four model-based same as with the first grouping; instead, State-to-State range of model-dependent
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point estimates is much |arger when the Table 47. State-specific mean square errors for number of doctor visits, using estimators 2

States are grouped than when all States ™95
used national subgroup estimates.

GSE with (16)

Table 51demonstrates that for number e paianced
of doctor visits, the range of -

model-dependent estimates across the (1) EQai=Yal oo 3777 3754

States doubles when the States are @ avevar (1) « oo 2074 2074
grouped. For example, when data from aveMSE (V) « .- v 1703 .1680

all States are combined, the GSE with avevar (V) ... .0020 .0003

32 subgroups has a range of 0.41 (from avevar oy 1.2 percent 0.1 percent
3.67 (Arkansas) to 4.08 (the District of aveMSE

Columbia). When data only from within  (5) aveBias® () . . ..., 1684 1678

a State’s grouping are used, this range is() MSE (¥,

increased to 0.76 for groupings that are Smallest . ............... .1701 (Georgia) .1680 (many)

not black (3 42 (Arkansas) to 4.18 (West Largest . ................ .1732 (District of Columbia) .1684 (District of Columbia)
' ' RMSE(Vy) « v vooee e 412-.416 410

Virginia)) and to 0.97 for black
groupings (3.48 (Mississippi) to 4.45
(the District of Columbia)). This is
important because one of the concerns
about the synthetic estimator is that
many analysts believe it “overshrinks”
the estimates toward the national
average, underrepresenting the true
variability from small area to small area.
Similar results are observed for
self-perceived poor health status. With
States grouped by populations that are
not black in central citiestdble 53, the
three versions of the synthetic estimator
each find Alaska to have the lowest
incidence rate and the District of
Columbia the highest. It is again

estimates for percent with poor health in In some States, however, the form of the
each State. This variation is particularly GSE can have a significant impact on
pronounced for States with large the estimate. The remainder of this
percentages of its population that are notchapter examines the impact on MSE’s
black, or small percentages of its black of using the subnational groupings.
population, in central cities. The six-step process for computing
Thus, using subnational groupings  MSE’s is recalculated averaging only
of States results in model-dependent across those States in the same grouping.
estimates that vary more from State to  The subgroup means are calculated
State and are, in general, still consistent separately for each groupin@ables 55-57
across the form of estimator that is used. are demonstrative of results for the two

Table 48. Groupings of States by common expected biases

Percentage of population below poverty in 1988:

intriguing to note that these two States 0.0-8.7 « v Connecticut, New Jersey, New Hampshire, Wisconsin,
had direct estimates that were very Kansas, Vermont, Massachusetts, Delaware, Nevada,

.. Washington
similar. When grouped by black 0417 o Weomine. Marviand. Rhode siand. Utaf indi

. . P A-176 owa, Wyoming, Maryland, Rhode Island, Utah, Indiana,

populatlons in central C|t|esta(ble 53’ Nebraska, Pennsylvania, Oregon, Virginia, Alaska, Hawaii,
Alaska still has the lowest rate, but Minnesota, North Dakota, Michigan, Ohio, Colorado, Idaho,

PO . . North Carolina, lllinois, Michigan, California, Maine, New York,
MISSISSIppI has the hlgheSt rate. Florida, Georgia, Arizona, South Dakota, Montana, District of

Table 54examines the robustness of Columbia, South Carolina, Oklahoma, Kentucky

the GSE by comparing the variation among  17.9-272 .................. West Virginia, Tennessee, Texas, Alabama, Arkansas,

the different model-dependent estimators Louisiana, New Mexico, Mississippi

for each State. Small variation (as is found Percentage of 1990 nonblack population in central city:
when national subgroup estimates are

0-15. ... .. . . .. Delaware, Vermont, South Carolina, Mississippi, West Virginia,
used) would indicate that the synthetic Georgia, New Jersey, Maryland, Idaho, Maine, Kentucky,
estimator is robust to its assumptions that Michigan
are loosened in the various forms of the =~ 1637 ... All 34 others
GSE that are examined. For doctor visits, 38-100 . .. ... Alaska, New York, Texas, Arizona, District of Columbia

the variation among the model-based

. o Percentage of 1990 black population in central city:
estimators is similar when States are

. 0-35. . . . Mississippi, South Carolina, Hawaii, Vermont, North Dakota,
grouped by population other than black as Idaho, West Virginia, Maine, Georgia, Delaware, North
when all States are combined. When Carolina
grouped by percentage of the black 3677 Arkansas, Maryland, Montana, Utah, Florida, Nevada, New

. . . . Mexico, New Jersey, South Dakota, Alabama, Kentucky,
populatlon in central CItIeS, there is Louisiana, Virginia, New Hampshire, Wyoming, Washington,
significant variation among the California, Missouri, Oklahoma, Colorado, Alaska, Texas,

. Rhode Island, Kansas, Ohio, Arizona, Tennessee, Minnesota,
model-dgpendent estimates for the 11 Pennsylvania. Connecticut, lowa
States with more rural black pOPUIatlonS' 78-100 . . ... ... lllinois, Michigan, Oregon, Massachusetts, New York,

Grouping the States also increases

Nebraska, Indiana, Wisconsin, District of Columbia

the variation among model-dependent
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Table 49. Average number of doctor visits, with States grouped by percentage of nonblack population in central cities

Design- GSE with GSE with
unbiased Hetero- (16) 32)
inflation Synthetic Composite scedastic balanced balanced
estimator estimator estimator variances variances variances
State (€] @ (©)) 4 ©®) (6)
Vermont . . ................ 6.036 4.055 5.241 4.079 4.099 4.097
Delaware . ................ 5.648 3.999 4.653 4.041 4.044 4.042
Colorado . ................ 4.868 3.831 4.100 3.822 3.861 3.876
District of Columbia . . . ... ... .. 4.706 3.807 3.928 3.971 4.051 4.053
Michigan . ................ 4.594 3.997 4.554 4.035 4.052 4.090
Connecticut . . . .. ... ... .. 4.589 3.923 4.099 3.919 3.958 3.969
Arizona ... ... 4.562 3.767 4.074 3.799 3.713 3.703
Nevada . ................. 4.530 3.839 3.888 3.832 3.872 3.881
Massachusetts . . .. .......... 4.481 3.931 4.170 3.923 3.961 3.973
Rhodelsland . . .. ........... 4.424 3.956 3.995 3.947 3.982 3.986
Montana . . . ............... 4.394 3.908 3.997 3.895 3.930 3.921
Kentucky . ................ 4.333 4.050 4.290 4.080 4.101 4.110
Pennsylvania . . . ............ 4.204 3.961 4.107 3.959 3.997 3.995
Ohio ....... ... .. ........ 4.201 3.892 4.074 3.891 3.932 3.935
Wwyoming . ... ... 4.156 3.826 3.849 3.813 3.850 3.847
California . . ............... 4.111 3.816 4.042 3.812 3.850 3.867
Oklahoma . . ... ............ 4.104 3.894 3.963 3.890 3.929 3.938
New Mexico .. ............. 4.084 3.840 3.855 3.829 3.866 3.879
Maine . ............ . ..... 4.075 4.091 4.081 4.115 4.132 4.134
Maryland . . ............... 4.045 3.940 4.031 3.990 3.991 3.997
Florida . . ................. 3.981 3.994 3.987 3.997 4.034 4.030
Tennessee . ............... 3.950 3.871 3.901 3.878 3.922 3.931
Washington . . .. ............ 3.869 3.870 3.870 3.860 3.897 3.899
Arkansas .. ............... 3.840 3.900 3.885 3.907 3.950 3.937
NewYork . ................ 3.828 3.801 3.820 3.857 3.779 3.781
lowa . ........ ... ... ..., 3.821 3.954 3.923 3.942 3.976 3.980
New Jersey . . . ............. 3.806 4.057 3.826 4.096 4.093 4.101
West Virginia . . ... .......... 3.734 4.131 3.881 4.159 4.177 4.177
Oregon . ................. 3.704 3.925 3.876 3.912 3.947 3.951
Utah .. .................. 3.704 3.741 3.734 3.729 3.766 3.763
Wisconsin . . .. ... ... ... 3.692 3.891 3.798 3.883 3.920 3.931
South Carolina . . . ........... 3.677 3.910 3.739 3.964 3.968 3.936
Virginia ... ... 3.671 3.817 3.754 3.827 3.872 3.868
Alabama . . ... ............. 3.638 3.837 3.768 3.856 3.904 3.894
Hawaii . . ................. 3.575 3.848 3.835 3.837 3.872 3.884
Kansas . ................. 3.573 3.894 3.806 3.887 3.924 3.930
Missouri . . . ... 3.549 3.908 3.785 3.908 3.948 3.942
Mississippi . . ... 3.489 3.886 3.651 3.946 3.958 3.921
Texas ... ... 3.450 3.665 3.508 3.713 3.634 3.630
inois . .. ................ 3.420 3.858 3.613 3.863 3.904 3.917
Louisiana . ... ............. 3.410 3.747 3.624 3.772 3.824 3.816
Indiana .. ................ 3.380 3.881 3.698 3.877 3.917 3.929
South Dakota . ............. 3.334 3.918 3.852 3.904 3.938 3.935
New Hampshire . .. .......... 3.236 3.879 3.860 3.865 3.902 3.901
Idaho . . . ......... ... ..... 3.162 4.017 3.491 4.043 4.087 4.089
Alaska . ... ............ ... 3.093 3.456 3.437 3.495 3.416 3.417
Minnesota . . . .. ............ 3.034 3.884 3.567 3.872 3.908 3.905
Georgia . ... 3.000 3.888 3.090 3.936 3.947 3.944
North Carolina . . . ........... 2.685 3.837 3.356 3.851 3.897 3.881
Nebraska . ................ Ce 3.910 3.910 3.901 3.937 3.949
North Dakota . . . ............ C 3.906 3.906 3.893 3.925 3.930

... Category not applicable.

NOTE: Shading indicates the largest and smallest estimates in the column.

different groupings of States examined for the MSE. For States with a high root mean square error (RMSE) varies
each of the two variables. percentage of their population that is  only from 0.412 to 0.416. When States
Table 55demonstrates that grouping not black residing in central cities, the are grouped by the distribution of
States with similar expected biases can variance of the synthetic estimator is  population that is not black, RMSE’s
result in State-specific MSE’s where the on average 21 percent of the MSE’s.  vary from 0.190 in Utah to 0.717 in
variance is a nontrivial component of When all States are taken together, the West Virginia, reflecting the fact that
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Table 50. Average number of doctor visits, with States grouped by percentage of black population in central cities

Design- GSE with GSE with
unbiased Hetero- (16) (32)
inflation Synthetic Composite scedastic balanced balanced
estimator estimator estimator variances variances variances
State 1) @ (©)) 4 ®) (6)
Vermont . . ................ 6.036 3.471 5.369 3.703 3.856 3.859
Delaware . ................ 5.648 3.336 4.622 3.559 3.699 3.709
Colorado . ................ 4.868 3.897 3.897 3.898 3.893 3.900
District of Columbia . . . ... ... .. 4.706 4.230 4.342 4.282 4.440 4.449
Michigan . ................ 4.594 3.877 4.410 3.934 3.878 3.873
Connecticut . . . .. ... ... ..., 4.589 3.992 3.992 3.991 3.991 3.998
Arizona ... ... 4.562 3.954 3.945 3.953 3.948 3.969
Nevada . ................. 4.530 3.904 3.904 3.903 3.903 3.907
Massachusetts . . .. .......... 4.481 3.891 4.303 3.953 3.870 3.875
Rhodelsland . . . ............ 4.424 4.028 4.028 4.026 4.020 4.023
Montana . . . ............... 4.394 3.978 3.978 3.976 3.968 3.963
Kentucky . ................ 4.333 3.961 3.961 3.961 3.961 3.953
Pennsylvania . . . ............ 4.204 4.033 4.033 4.032 4.033 4.033
Ohio ....... ... .. ........ 4.201 3.960 3.960 3.961 3.964 3.966
Wyoming . ........... ... 4.156 3.892 3.892 3.892 3.884 3.882
California . . ............... 4.111 3.880 3.880 3.881 3.880 3.889
Oklahoma . . ... ............ 4.104 3.962 3.962 3.962 3.964 3.968
New Mexico .. ............. 4.084 3.907 3.907 3.906 3.900 3.906
Maine . .......... ... ..... 4.075 3.506 3.940 3.740 3.887 3.882
Maryland . . ............... 4.045 3.866 3.866 3.873 3.893 3.878
Florida . . ................. 3.981 4.063 4.063 4.061 4.071 4.068
Tennessee . ............... 3.950 3.937 3.937 3.939 3.950 3.956
Washington . . .. ............ 3.869 3.937 3.937 3.936 3.931 3.932
Arkansas .. ............... 3.840 3.967 3.967 3.969 3.982 3.974
NewYork . ................ 3.828 3.934 3.845 3.993 3.937 3.948
lowa . ........ ... ..., 3.821 4.026 4.026 4.023 4.017 4.019
New Jersey . .. ............. 3.806 3.976 3.976 3.977 3.982 3.971
West Virginia . . ... .......... 3.734 3.520 3.683 3.754 3.908 3.907
Oregon . ................. 3.704 3.873 3.795 3.934 3.845 3.845
Utah .. .................. 3.704 3.801 3.801 3.804 3.797 3.795
Wisconsin . . .. ... ... ... 3.692 3.859 3.738 3.918 3.834 3.837
South Carolina . . . ........... 3.677 3.184 3.597 3.391 3.532 3.532
virginia ... 3.671 3.878 3.878 3.882 3.896 3.893
Alabama . .. ............... 3.638 3.900 3.900 3.905 3.928 3.922
Hawaii .. ................. 3.575 3.455 3.526 3.699 3.805 3.771
Kansas . ................. 3.573 3.961 3.961 3.960 3.960 3.963
Missouri . . . ... 3.549 3.977 3.977 3.977 3.981 3.978
Mississippi . ... 3.489 3.135 3.395 3.335 3.477 3.476
Texas ... ... 3.450 3.848 3.848 3.852 3.858 3.872
inois . .. ................ 3.420 3.890 3.518 3.947 3.891 3.894
Louisiana . .. .............. 3.410 3.801 3.801 3.810 3.841 3.836
Indiana .. ................ 3.380 3.871 3.559 3.929 3.858 3.861
South Dakota . ............. 3.334 3.987 3.987 3.984 3.977 3.976
New Hampshire . . ... ........ 3.236 3.949 3.949 3.947 3.937 3.937
Idaho . . . ......... ... ..... 3.162 3.447 3.232 3.679 3.826 3.822
Alaska . . ....... . ... . ... .. 3.093 3.668 3.688 3.692 3.689 3.702
Minnesota . . . .. ............ 3.034 3.952 3.952 3.950 3.944 3.942
Georgia . ... 3.000 3.182 3.010 3.386 3.534 3.541
North Carolina . . . ........... 2.685 3.285 2.715 3.499 3.642 3.637
Nebraska . ................ Ce 3.872 3.872 3.930 3.848 3.853
North Dakota . . .. ........... C 3.505 3.505 3.747 3.862 3.836

... Category not applicable.
NOTE: Shading indicates the largest and smallest estimates in the column.

the model-dependent estimators are  between States. Using the generalized 0.4 percent of its MSE, and the RMSE
able to produce estimates for some synthetic estimator with 16 balanced varies only from 1.16 to 1.17 in any
States with much greater accuracy variances to estimate percent with State. When the States are grouped
than for others. perceived poor health without according to the percent of the black
Table 56demonstrates results that subgrouping the States, the variance of population in central cities, however,
do not differentiate quite as strongly  the model-based estimator is only the State-specific MSE’s are different.
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Table 51. Variation in State estimates for average number of doctor visits

Hetero- GSE GSE
Direct scedatic with 16 with 32
inflation Synthetic Composite variances groupings groupings
All States . . ............... 2.69-6.04 3.63-4.00 2.95-4.60 3.66-4.04 3.65-4.03 3.67-4.08
Percent nonblack . . .......... 2.69-6.04 3.46-4.13 3.09-5.24 3.50-4.16 3.42-4.18 3.42-4.18
Percentblack . ............. 2.69-6.04 3.14-4.23 2.72-5.37 3.34-4.28 3.48-4.44 3.48-4.45
Table 52. Percentage with self-perceived poor health status, with States grouped by percentage of nonblack population in central cities
Design- GSE with GSE with
unbiased (16) (32)
inflation Synthetic Composite balanced balanced
State estimator estimator estimator variances variances
West Virginia . . .. ... .. ... ... 7.17 3.34 6.02 3.44 3.43
Mississippi .+ . . .. 6.28 3.37 5.67 3.56 3.56
Alabama . ... ......... .. ... ... 5.42 3.10 4.71 3.1 3.13
Maine . ......... . . ... 5.19 3.06 4.52 3.13 3.13
Arkansas . ................ . ..., 5.10 3.00 4.23 3.02 3.04
Kentucky . .......... ... ... ... .. 5.06 3.10 4.81 3.19 3.19
North Carolina . . .. ............... 4.68 2.95 4.36 2.97 3.00
Tennessee ... .................. 4.46 2.84 4.09 2.86 2.85
Oklahoma . . .. .................. 3.81 2.65 3.48 2.67 2.67
Louisiana . . .................... 3.52 2.95 3.40 2.97 2.98
GEOrgia . . v v v 3.44 3.04 3.42 3.18 3.17
South Carolina . . .. ............... 3.42 3.25 3.40 3.40 3.41
Indiana . ............ . ... . ... .. 3.40 2.59 3.27 2.62 2.61
Arizona ... ... 3.29 2.72 2.81 2.47 2.45
Virginia ... 3.29 2.75 3.21 2.77 2.78
Texas . . ... 3.02 2.59 2.78 2.34 2.34
Florida . .. ........ ... ... ..... 2.96 3.19 2.98 3.23 3.24
District of Columbia . . .. ............ 2.95 4.07 3.99 3.82 3.81
Alaska . . ....... .. ... 2.87 1.88 1.91 1.68 1.68
Idaho . .. ......... ... . ... ... ... 2.80 2.83 2.81 2.90 2.90
Ohio ...... ... .. . . ... .. 2.79 2.72 2.78 2.75 2.74
Michigan . .......... . ... .. ... 2.78 3.09 2.79 3.20 3.20
Missouri . ... 2.64 2.79 2.66 2.82 2.82
Delaware . ........... ... ..... 2.61 3.18 2.78 3.30 3.29
Oregon . . ... 2.50 2.53 2.51 2.56 2.56
Wyoming . . .. ... 241 2.20 2.28 2.22 2.22
linois . . ....... .. ... . ... . ... 2.40 2.75 2.42 2.78 2.77
California . . .................... 2.31 2.36 2.31 2.39 2.39
New York . ..................... 2.31 3.03 2.63 2.77 2.78
Kansas . ............ ... ... .... 2.21 2.59 2.29 2.61 2.61
Massachusetts . . . .. .............. 2.21 2.60 2.25 2.62 2.62
Montana . . ..................... 2.10 2.46 2.27 2.49 2.49
Vermont . .. ... ... 2.09 2.89 2.32 2.94 2.93
New Jersey . .. .................. 2.03 3.31 2.07 3.43 3.43
South Dakota . . ................. 2.00 2.51 2.25 2.53 2.54
Rhodelsland . . ... ............... 1.97 2.67 2.24 2.69 2.69
Maryland .. ........ ... ... . ..... 1.84 3.16 1.89 3.30 3.30
Utah ... ... ... 1.75 1.89 1.78 1.91 1.91
Nevada . ...................... 1.74 2.46 1.97 2.49 2.49
Pennsylvania . . ... ............... 1.69 2.92 1.74 2.95 2.94
New Mexico . . .................. 1.67 2.25 1.82 2.28 2.28
lowa . ... ... .. 1.65 2.65 1.81 2.67 2.67
Washington . . . ... ... .. .. .. 1.44 2.38 1.52 241 241
Wisconsin . . . ... 1.38 2.52 1.48 2.55 2.55
Connecticut . . . ... ... 1.27 2.72 1.43 2.75 2.74
Colorado . . .................... 1.20 2.26 1.31 2.28 2.28
Minnesota . . . ... ... ... ... L. 1.16 2.39 1.26 241 241
Hawaii . . ............ ... ... ..... 0.87 2.32 1.16 2.36 2.36
New Hampshire . .. ... ............ 0.68 2.30 0.95 2.32 2.32
Nebraska . ..................... 2.56 2.56 2.58 2.58
NorthDakota . . . . ................ 2.47 2.47 2.50 2.49

... Category not applicable.
NOTE: Shading indicates the largest and smallest estimates in the column.
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Table 53. Percentage with perceived poor health status, with States grouped by percentage of black population in central cities

Design- GSE with GSE with
unbiased (16) 32)

inflation Synthetic Composite balanced balanced

State estimator estimator estimator variances variances
West Virginia . . .. ........... 7.17 3.94 6.09 4.40 4.39
Mississippi . . ..o 6.28 4.32 5.82 4.75 4.75
Alabama . .. ............... 5.42 3.09 4.79 3.06 3.06
Maine . ......... . ... ... 5.19 3.57 4.62 3.96 3.95
Arkansas .. ............... 5.10 3.07 4.34 3.03 3.04
Kentucky . ................ 5.06 2.72 4.42 2.69 2.70
North Carolina . . . ........... 4.68 4.06 4.63 4.47 4.40
Tennessee . ............... 4.46 291 4.15 2.87 2.87
Oklahoma . . .. ............. 3.81 2.77 3.55 2.74 2.74
Louisiana . ... ............. 3.52 291 3.41 2.88 2.89
Georgia . ... 3.44 3.77 3.46 4.16 4.12
South Carolina . . . ........... 3.42 4.09 3.49 4.50 4.50
Indiana . . ...... ... L. 3.40 2.28 2.85 2.21 2.21
Arizona ... ... 3.29 2.60 3.15 2.58 2.56
Virginia ... ... 3.29 2.78 3.23 2.75 2.76
TeXas . ... 3.02 2.49 2.99 2.46 2.45
Florida . . ................. 2.96 3.30 2.98 3.28 3.28
District of Columbia . . . ... ... .. 2.95 4.04 3.87 3.90 3.95
Alaska . . ................. 2.87 1.77 2.22 1.74 1.74
Idaho . .. ................. 2.80 3.32 2.93 3.67 3.66
Ohio . ........ ... .. .. .... 2.79 2.82 2.79 2.79 2.79
Michigan . ................ 2.78 2.38 2.65 2.30 2.28
Missouri . . ... ... 2.64 2.89 2.67 2.86 2.86
Delaware . ................ 2.61 3.87 3.03 4.28 4.27
Ooregon . . ... 2.50 2.21 2.33 2.13 2.13
Wyoming .. ............... 241 2.35 2.38 2.32 2.32
llinois . . ........ . ........ 2.40 2.44 2.41 2.36 2.36
California . . ............... 231 2.47 2.31 2.44 2.44
New York . ... ............. 231 2.56 2.36 2.48 2.50
Kansas . ................. 2.21 2.72 2.31 2.69 2.69
Massachusetts . . . .. ......... 2.21 2.28 2.23 2.20 2.21
Montana . . .. .............. 2.10 2.63 2.32 2.60 2.60
Vermont . .. ...... ... ...... 2.09 3.35 2.49 3.70 3.71
New Jersey . . . ............. 2.03 2.94 2.09 2.92 2.92
South Dakota . ............. 2.00 2.68 2.30 2.64 2.65
Rhode lIsland . . . .. ... ....... 1.97 2.82 2.26 2.79 2.79
Maryland . ... ............. 1.84 2.87 1.94 2.86 2.87
Utah .. .................. 1.75 2.03 1.81 1.99 1.99
Nevada . ................. 1.74 2.58 1.98 2.56 2.56
Pennsylvania . . . ............ 1.69 3.04 1.74 3.00 3.00
New Mexico .. ............. 1.67 2.40 1.84 2.37 2.36
lowa . ........ ... ... ..., 1.65 2.82 1.81 2.78 2.78
Washington . . . ... ..... .. ... 1.44 2.53 1.52 2.50 2.50
Wisconsin . . .. ... .. .. ... 1.38 2.22 1.63 2.14 2.15
Connecticut . . . . ......... ... 1.27 2.84 1.42 2.81 2.81
Colorado . . ............... 1.20 2.39 1.30 2.36 2.35
Minnesota . . . . . ............ 1.16 2.54 1.26 2.51 2.51
Hawaii . . ................. 0.87 3.37 1.09 3.70 3.61
New Hampshire . ... ......... 0.68 2.46 0.93 2.42 2.42
North Dakota . . . . ........... c 3.59 3.59 3.96 3.89
Nebraska . ................ - 2.23 2.23 2.16 2.17

... Category not applicable.
NOTE: Shading indicates the largest and smallest estimates in the column.

For States with a high percentage in black population in central cities) is 1.46, than do forms of GSE that rely on prior
central cities, the average variance is three and one-half times the RMSE for information. By incorporating prior

12.8 percent of the MSE. Among these Michigan. information, the GSE subgroup means
States, RMSE’s vary from 0.411 in This is the greatest differentiation are no longer completely a function of
Michigan to 0.475 in the District of found between State RMSE’s using this the sampled data and therefore are less
Columbia, and the State-specific RMSE  estimator. In general, the traditional variable than the subgroup means of the

for Mississippi (with a low percent of the  synthetic estimator has a larger variance synthetic estimator.
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Table 54. Robustness of the generalized synthetic estimator

Variable

State grouping

Range among estimators
2,4,5 and 6

Doctor visits . . . .. ... .

None

Nonblack

None
Nonblack

Black

6 percent
0-2 percent
6 percent
3 percent
0-2 percent

10-11 percent
4 percent
0-2 percent

0-2 percent
7-12 percent
3-6 percent
0-2 percent
10-12 percent
3—4 percent
0-2 percent

District of Columbia
All others

District of Columbia
Arizona

All others

All 11 States with < 36 percent
District of Columbia
All others

All states

All 5 States with > 37 percent

9 of 12 States with < 16 percent
All others

All 11 States with < 36 percent
8 of 9 States with > 77 percent
All others

Table 55. State-specific mean square errors for number of doctor visits, using the synthetic estimator, with States grouped by percent

nonblack population in central cities

Nonblack population in central cities

1

All States Low Moderate High
A
1) EWr=Yai)? oo 3777 .7536 .2203 .3238
) aveVar () . oo .2074 2417 .1842 .2736
aveMSE () « v oo .1703 5119 .0361 .0502
4) aveVar () . oo .0020 .0119 .0029 .0106
M Vo) oo 1.2 percent 2.3 percent 8.0 percent 21.1 percent
aveMSE
(5) aveBias? (Jp) . . ... .1684 .5001 .0333 .0396
(6) MSE (12)
Smallest . ........... .1701 (Georgia) .5097 (Georgia) .0360 (Utah) .0474 (Texas)
Largest . . ........... .1732 (District of Columbia) 5141 (West Virginia) .0364 (lowa) .0586 (District of Columbia)
RMSE (»)
Smallest . ........... 412 714 .190 .218
Largest ... .......... 416 717 191 242

1See table 48 for State groupings.

Table 56. State-specific mean square errors for percentage with perceived poor health using the generalized synthetic estimator with 16
balanced variances, with States grouped by percentage of black population in central cities

Black population in central cities®

All States Low Moderate High
N
) L Rl S 1.727 2.752 1.276 431
®) aveVar (V1) « oo 0.369 0.641 0.312 0.254
aveMSE (V) « - o v 1.358 2.111 0.964 0.177
(4) avevar (Vg) - . oo 0006 .0898 .0073 0227
avevar (673 R 0.4 percent 4.3 percent 0.8 percent 12.8 percent
aveMSE
(5) aveBias? (Vg) - o o e 1.357 2.022 0.957 0.154
(6) MSE (¥6)
Smallest .. ........... 1.357 (Alaska, Utah) 2.102 (Georgia) 0.962 (Alaska) 0.169 (Michigan)
Largest . . ............ 1.360 (District of Columbia) 2.125 (Mississippi) 0.967 (Florida) 0.226 (District of Columbia)
RMSE (V)
Smallest . ............ 1.16 1.45 0.981 0.411
Largest .. ............ 1.17 1.46 0.983 0.475

1See table 48 for State groupings.

NOTE: All values are times 0.0001, except RMSE, which is times 0.01.
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Table 57. State-specific mean square errors for percentage with perceived poor health using the synthetic estimator, with States grouped by
percentage of nonblack population in central cities

Nonblack population in central cities*

All States Low Moderate High
N
1) EQu—Yoi)? oo 1.724 3.011 1.080 .0651
) aveVar (1) « .. 0.369 0.552 0.265 0.600
aveMSE (Va) .« v v 1.355 2.459 0.815 0.051
4) aveVar () « oo .0005 .0055 .0007 .0040
aveVar —
0s) v 0.4 percent 2.2 percent 0.9 percent 78.4 percent
aveMSE
(5) aveBias? () « v 1.350 2.404 0.809 0.011
(6) MSE (12)
Smallest . ............... 1.353 (Alaska) 2.446 (Georgia) 0.813 (Utah) 0.032 (Alaska)
Largest . ................ 1.374 (District of Columbia) 2.475 (West Virginia) 0.819 (lowa) 0.097 (District of Columbia)
RMSE ()
Smallest . ............... 1.16 1.56 0.902 0.179
Largest . ................ 1.17 1.57 0.905 0.311

1See table 48 for State groupings.
NOTE: All values are times 0.0001, except RMSE, which is times 0.01.

Table 57shows much more MSE’s. The data used in this empirical Doubling the number of subgroups
promising results. Using the synthetic analysis produced MSE's that were in the national model from 16 to 32 did
estimator to estimate percent with sometimes smaller for the GSE and at not have much impact on the estimates.
perceived poor health without other times, for the synthetic estimator. The empirical findings were quite
subgrouping the States yields results thatTable 58summarizes these findings for  different when the sample size per
are almost identical to those in the self-perceived poor health. subgroup was reduced by using
previous table. When the States are subnational models. The form of the
grouped according to the percent of the Summary of Empirical GSE was important in that the point
population that is not black in central estimates for a given State could differ
cities, the State-specific MSE’s are quite Results by approximately 10 percent, depending
different. For States with a high With a national model, where the on the form of the estimator. All of the

model-dependent estimators had more
State-to-State variation using the

percentage in central cities, the average

) / subgroup averages are subject to little
variance is 78 percent of MSE. Among

, sampling error, the generalized synthetic , :
these States, the RMSE’s vary from estimator was quite robust to alternative subnational models, reducing the

0.179 in Alaska to 0.311 in the District 1, 4el assumptions that were examined. amount of shrinkage toward the national
of Columbia; thus, a confidence interval 14 is, the point estimates of the mean.

on the e_stlmate for the Dlstrlc_t of traditional synthetic estimator were _By grouping the _States on the basis
Columbia would be almost twice as hardly changed when the small area of similar expected biases, it was

wide as one for Alaska. The and/or subgroup variances were allowed possible to produce State-specific MSE’s
State-specific RMSE for West Virginia is ¢ vary across small areas or when prior that varied markedly from group to

1.57, almost 9 times the RMSE for information (in the form of the previous group. For groupings where the average
Alaska. year's survey estimate) was included. The bias was a small component of MSE,

In addition to examining the large sample sizes in the national model the individual State MSE'’s also varied
variation of MSE’s from State to State, oqylted in MSE'’s that were dominated by within the group. For example, in those
it is also of interest to examine when the bias term and thus showed little States where a high percentage of the
estimates produced by the synthetic difference from State to State. population that is not black lives in
estimator or GSE have smaller MSE's.

By incorporating prior information, the
Table 58. Reduction in estimate of the MSE of the generalized synthetic estimator (16

GSE is based on more information and subgroups) relative to the MSE of the synthetic estimator for percent with perceived poor
can therefore be expected to have health

smaller variance (unless the variance on

Percent in Grouped by Grouped by

the prior estimate Is Iarge). If the prior central city percentage black percentage nonblack
estimates are not consistent with the
sample means for certain subgroups, Low ..o <1 5-6
however, the GSE will introduce an Medium . ... . ... S <1 (1-2)

! ) o . High-District of Columbia . . .......... 26 (14)
extra source of bias. Thus, it is possible High-otherstates . . . ... ........... 5.7 (128-226)

for either estimator to produce smaller
NOTE: When the MSE of the GSE is larger, it is shown in parentheses.
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central cities, the variance averaged to
be almost 80 percent of MSE. This
resulted in RMSE’s for some of these
States that were almost twice as large as
those for other States in the same group.
Across all States RMSE's varied by a
factor of 9.

When the GSE incorporated prior
information, the State-to-State variation
in MSE’s was not as significant. This
results from the fact that, by basing the
estimates only partially on the sample
data, the variance is reduced. Because
only the variance component of the
MSE is State-specific, this minimizes
the differences between States.

No consistent results were found for
whether the GSE would produce smaller
MSE'’s than the traditional synthetic
estimator. When States were grouped by
percent of black (or other-than-black)
population in central cities, the GSE
always had a smaller MSE for
self-perceived poor health. When they
were grouped by percent of black (or
other-than-black) population in central
cities, however, the reverse was true for
two groups of States. This analysis was
limited by the many occasions when the
MSE procedure produced negative
estimates for one or more groups of
States. Although this limitation also
arises when using average MSE's, it is
more pronounced the greater the number
of groups of small areas.

The GSE has the potential to improve
significantly on the traditional synthetic
estimator when the sampling error of the
subgroup mean is not small—for example,
when the number of subgroups is large. In
such cases the synthetic estimator is
sensitive to the assumptions that are
generalized in the GSE. When this
situation arises, the GSE can be used
either to produce estimates based on
assumptions with which the analyst feels
more comfortable or to test the sensitivity
of the traditional estimator to its
assumptions.

The GSE appears to have potential
for producing State-level estimates from
NHIS for at least some variables. The
procedure for producing State-specific
MSE’s may be useful for detecting
differences between States. In either
situation more research is needed on the
covariates for the model-dependent
estimators and the effects on the
estimates of using different prior
distributions.



Part V.
Coordination With Surveys of
Health Care Providers
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Chapter 13.
Coordination at the
Primary Sampling
Unit Level

care providers (known

L collectively as the National

Health Care Survey, or NHCS) in a
single set of PSU'’s that is a subset of
the NHIS PSU’s was a possibility in
which National Center for Health
Statistics was extremely interested, as
discussed irchapter 2 Two potential
benefits of such coordination were
identified and researched: One is cost
savings; the other is enrichments to
analysis. They are discussed separately
in the following sections. A major
potential drawback—variance
increases—was identified and
researched. After advantages and
disadvantages of this approach are
discussed, a conclusion is presented.

ocating all the surveys of health

Cost Savings

Placing all the component surveys
of the NHCS into a single subset of
NHIS PSU’s could lead to certain
synergies that could translate into cost
savings. To achieve the synergies,
however, it would be necessary to limit
the flexibility of the combined design.
At a broad level, the coordination would
save money if a single small set of
interviewers could work on all the
surveys. Cost savings would be largest
if the interviewers could work only in
their home PSU's, thereby eliminating
the cost of long-distance travel. For the
U.S. Bureau of the Census to be able to
retain such a cadre of local interviewers,
it would be necessary to schedule the
provider surveys well in advance in a
pattern that allowed optimal staff
utilization. Any breaks in the pattern
could lead to loss of that staff, thereby
requiring costly travel by backup
interviewers. Overlaps in the pattern
where local staff were stretched beyond
their capabilities would also require
expensive travel by backups. Given the
uncertain nature of multiyear funding

for these surveys, this sort of
predictability seems unlikely; therefore,
major cost savings also appear unlikely.

Analysis Enrichment

Most health care policy research
is done at the individual level.

crossing of HCSA borders. Furthermore,
a clear and convincingly urgent set of
hypotheses about linkages at the HCSA
level was never set forth.

Variance Increases
Confining NHIS and all the surveys

However, some research is done at the of health care providers to a single set

community level, some at the State
level, and some at the national level.
Examples of research at the individual
level include studies linking smoking
to heart disease, evaluating different
treatments for breast cancer, and
testing drugs. Examples at the broader
levels consist mostly of trying to link
different policies, such as per capita
spending, with average health
measures. The idea behind this
research was that it might make sense
to study linkages at the PSU level. For
PSU’s to be an interesting level to
study, they should be defined as
interesting entities in and of
themselves.

It would be a promising start
if PSU’s could be defined as clearly
distinct units with respect to patterns
of health care delivery. Toward this
aim, NCHS staff (29) defined a set of
health care service areas (HCSA's)
that were fairly well self-contained in
terms of health care delivery; that is,
the HCSA'’s were defined in such a
way that for most of the areas,
residents obtained their health care
services from providers located in the
same HCSA's.

If a sample of HCSA's was
used as sample PSU’s for NHIS and for
the full set of health care provider
surveys (NHCS), an analysis file could
be set up in which each record
corresponded to a different HCSA and
each record contained average health
statistics gathered from NHIS and
average provider traits collected from
NHCS.

It turned out, however, that HCSA’s
had to be defined as quite large areas
for them to be self-contained. This
resulted in a substantial reduction in the
number of PSU’s in the United States
(about 800 rather than the 1,900 PSU’s
defined for NHIS in 1985). Even at this
level, persons seeking health care
services still participated in considerable

of PSU’s will inevitably lead to
increases in variance for analyses
restricted to just one of the surveys.
This is true because the optimal
definition, stratification, and selection
procedure of PSU’s is different for each
survey.

Because there are far fewer
providers than households and far more
work to be done by the interviewer at
each sample provider than at each
sample household, the optimal PSU size
for several provider surveys is far larger
than for NHIS. For example, it might be
reasonable to define a substantial part of
South Dakota as a single PSU for a
survey of hospitals; for NHIS, however,
the travel costs would be extremely high
if more than a few rural counties were
collapsed together to form a PSU.

Stratification is quite different, too,
because no thought was devoted to
trying to produce provider statistics at
the State level. Trying to keep NHIS
flexible for State expansions means that
strata must respect State boundaries. The
provider surveys have no parallel need.
For example, Cheyenne, Wyoming;
Boise, Idaho; Helena, Montana; and
Billings, Montana, might make a
reasonable stratum for one of the
provider surveys.

In particular, the optimal number of
sample PSU'’s is very different for
various surveys. To provide flexibility
for State expansions, the optimal
number of PSU’s for NHIS is quite
large—at least 300. The optimal number
of sample PSU'’s for health care
provider surveys is closer to 100.

Even given the same PSU
definitions and stratification, the optimal
probabilities of selection are different
across surveys. For each survey, the
optimal probabilities of selection are
proportional to a different measure of
size. For NHIS, the best measure of size
would be some weighted combination of
population by domain, as discussed in



chapters 4and 15. For the National
Hospital Discharge Survey, the optimal
measure of size would be a recent count
of hospital discharges. For the National
Ambulatory Medical Care Survey, the
optimal measure of size would be a
recent count of ambulatory visits to
doctors’ offices. Similar statements can
be made about the other provider
surveys.

Unfortunately, it is impossible using
currently available data to quantify
accurately the extent of the variance
increase for one survey to use the
sample PSU’s designed as optimal for a
different survey. To solve this problem,
it would be necessary to have accurate
data on the characteristics of interest at
the county level. Other than a question
on disability, the decennial census does
not contain health-related data of any
sort, much less health care data. The
health-related information that is
available on a county basis covers such
items as numbers of physicians, hospital
beds, nursing homes, mortality from
various causes, and so forth. Past study
has shown that these do not correlate
well with each other, making it unlikely
that they would be efficient stratifiers or
measures of size for different provider
surveys. Consequently, research on
alternate PSU definitions, stratification,
and selection methodology is not very
productive. The only other alternative is
to conduct experiments at the national
level where two independent designs are
used with independent field staffs; to do
so, of course, would be extremely
expensive.

Nonetheless, a set of PSU’s that
would be reasonable for NHIS, with a
measure of size that would also be
reasonable for NHIS, was examined to
see how satisfactory this set of PSU’s
would be for the provider surveys. The
set consisted of those defined for the
Current Population Survegutside New
England in 1984 and those defined in
New England for the Survey of Income
and Program Participation in 1985. For
this set of PSU’s, the degree of overlap
across the surveys was examined with
respect to the subset of PSU’s that
should be self-representing; that is,
selected with certainty. The correlations
between the optimal measures of size at
the PSU level were also examined

among a common set of nonself-
representing PSU’s.

A finding of this study was that all
the PSU's that should be self-
representing for one provider survey or
more (given 112 sample PSU’s) would
be contained within the set of NHIS
self-representing PSU’s (assuming 358
sample NHIS PSU’s). In addition, high
correlations were found between the
alternate measures of size. Although it is
true that the correlations became rather
low for the smallest PSU’s (in terms of
population), only a small part of the
national population lives in such PSU’s.
From these findings, it was concluded
that the penalties to the provider surveys
of being confined to a subset of NHIS
sample PSU’s would probably be
modest.

Conclusion

With respect to NHIS itself, the
potential for enriching analysis and
improving operational efficiencies for
the provider surveys does not appear
concrete enough to justify picking a set
of PSU'’s that is less than optimal for
NHIS. Furthermore, investigations of
correlations of measure of size indicate
that the provider surveys can probably
fit within the NHIS sample PSU’s with
little precision loss, if that is desired.
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Chapter 14.

Network Sampling of
Providers Through the
National Health
Interview Survey

Introduction

In its report, the Panel on the
National Health Care Survey (30) made

assistants, nurse midwives, and
optometrists, among others) are typically
State licensed or are associated with
licensed practitioners or facilities. If a
licensing procedure exists, a list can be
constructed. Of course, it may be
necessary to negotiate individually with
each State to obtain a list of licensed
providers within that State, and merging
the State lists together into a national
list would require some effort. (Also,
classification and unduplication issues
are likely to be severe, but that is true
of any sampling approach.) The only

two recommendations related to network types of entities that are sometimes

sampling. The first (recommendation
4-1) was that providers other than
short-term hospitals, office-based
physicians, and nursing homes be
surveyed by network sampling based on
nominations from patients of these
providers who happened to be included
in NHIS. The second (recommendation
4-2) was that NCHS study the utility of
sampling even the short-term hospitals
and office-based physicians in this
manner. This chapter examines the
circumstances under which network
sampling based on NHIS could be more
efficient than list-based sampling.

It is important to note that
recommendations 4-1 and 4-2 by the
panel concern only the types of data
traditionally collected in NCHS provider
surveys and not dual patient-provider
data on individual health care events
such as were obtained through the
National Medical Expenditure Survey
(NMES) of 1987 with its component
Medical Provider Survey (MPS). Other
recommendations in the panel’s report
deal with the analytic potential of those
types of data and problems involved in
collecting such data. These other issues
are briefly discussed iohapter 15

List Quality

For an arbitrary class of health care
providers, it is useful to define three
grades of list quality. In the first case, it
is possible that no list exists at all. This
seems doubtful because the sorts of
health care providers listed in the
panel’s report (psychologists, dentists,
physical and occupational therapists,
pharmacists, podiatrists, chiropractors,
nurses, nurse practitioners, physician

viewed as health care providers that are
probably not susceptible to list-based
sampling are those that consider
religious practices a form of health care.
The panel did not recommend that
coverage be extended to this class of
caregivers, however.

At the next level of list quality, a
list exists but contains no indication of
practice size. This is frequently the case
with membership lists of national
voluntary associations of health care
providers. This may be the most
common situation for the types of health
care providers under consideration. At
the highest level of quality, a list exists
with a quantification of the number of
persons served by each provider.

Another dimension of list quality
concerns coverage of the intended
population. Lists of health care
providers are likely to age fairly quickly.
Providers move, retire, enter the
business, form new partnerships,
dissolve partnerships, and so on. If the
State licensing procedure does not
require annual renewals, the information
may become extremely outdated.
Furthermore, a small class of unlicensed
providers may exist. Coverage gaps due
to out-of-date lists and unlicensed
providers do cause bias. Undercoverage
is also a problem with network samples,
however, as is explored below.

Network Sample
Undercoverage

A number of possible sources of
undercoverage exist. The first source is
undercoverage in NHIS itself. Coverage
rates generally run between 60 and

and ethnic origin, with an overall figure
around 90 percent (relative to the
unadjusted decennial census). The
second source is unit nonresponse in
NHIS. For various reasons about

5 percent of eligible sample households
are not interviewed. The third source is
underreporting of health care events.
Little empirical evidence currently exists
on how often this occurs, but research at
HCFA (matching self-reported events
from the Medicare Current Beneficiary
Survey against administrative records)
may soon shed additional light in this
area. This source of undercoverage can
clearly be reduced by keeping the
reference period short for qualifying
events. (There could also be
overreporting of events if steps are not
taken to prevent telescoping.)

The fourth source of undercoverage
is failure to name the health care
provider and to provide enough
information so that the provider can be
located. Experience with the provider
followup (MPS) to NMES is not
directly relevant to projecting the rate at
which this might occur but does contain
some clues. NMES respondents were
asked to sign consent forms in addition
to naming the health care provider and
supplying address information. Although
just 81 percent of the NMES sample
provided the signed consent forms and
provider information, it could be that a
network sample based on NHIS would
encounter much more favorable rates. A
reasonable projection of 95 percent
overall coverage can be made on the
assumption that consent forms would
not be required because a random
sample of patient records would be
drawn at the provider’s office and
information would presumably be
recorded anonymously; it is possible
that the nominator would not even be in
the sample. Coverage can be anticipated
to be far worse for some providers,
however. In particular, separately billing
doctors associated with hospital visits
are likely to be poorly covered because
many patients do not remember their
physicians’ names or even know that
they were in attendance.

All'in all, it seems reasonable to
project provider coverage of between 75
and 85 percent before provider

100 percent depending on age, sex, racenonresponse. (Implications for response



rates are discussed in the section entitledbecause of the much greater room for

“Other considerations.”) Depending on
State licensing procedures and/or the
frequency of membership updates for
professional societies, this range of
coverage could be better or worse than
what could be expected from a list.
Within a provider type, coverage of
those providers who serve
predominantly black and Hispanic
populations can be expected to be less
well covered because of the
undercoverage of these groups in NHIS
itself. The decision of which approach
would lead to higher coverage would
probably have to be based on a
thorough review of possible list sources
for the specific provider to be surveyed.
Of course, coverage alone will not
determine the decision; there are still
questions of variance and cost.

Provider or Event
Characteristics?

The variance structure of a sample
survey of health care providers depends
strongly on the nature of the survey’s
focus. If primary interest is in personal
and/or professional characteristics of the
provider (e.g., office costs, technical
equipment owned, fee for service,
income), network sampling will almost
always lead to very large variances. This
is attributable to the highly variable
probabilities of selection (arising from
the fact that the probability will depend
on the number of visits to the facility).
The obstacles to list formation would
have to be severe indeed for network
sampling with such a substantive focus
to be considered. Only if the primary
interest is on volumes of various types
of services provided (e.g., numbers of
appendectomies, tranquilizer
prescriptions, root canals, babies
delivered at home, thin lenses ground),
does network sampling have any appeal.
This is because network sampling is
similar to probability proportionate-to-
size (PPS) sampling.

The range of provider sizes is an
important consideration in whether PPS
sampling or some other method of
sampling is efficient. PPS sampling is
more likely to be important in a survey
of institutional providers than in a
survey of individual professionals

variation in workload. Because good
lists are also more likely to be available
for institutional providers, however, this
criterion will not usually facilitate the
decision between list-based sampling
and network sampling.

Areas With Rich Potential for
Network Sampling

Taking these factors together, the
chief potential for NHIS-based network
sampling of providers appears to be in
surveys where the focus is on event
characteristics; the only available lists of
providers have no adequate information
on measures of practice size; and the
providers are not associated with
institutions for which good lists are
available. We will assume that dentists
are a potential domain of interest in
order to simplify language in creating a
model for costs and variances of
network sampling. A structure is
developed below for comparing
variances and costs for network and
list-based samples of dental visits.
Analyses for other domains would
follow similar lines.

Model for Costs and
Variance

A Network Sample of Dentists

Suppose that a survey of dentists
has been commissioned in which the
main focus is on volumes of services
such as prophylaxis, x rays, fillings,
crowns, root canals, orthodontia, and
gum surgery. Note that this sort of data
would probably be most efficiently
obtained from a dentist by abstracting
individual patient records rather than by
asking the dentist to keep count.
Although gross revenue, expenses, and
net income are examples of variables
related to service volume where no
abstraction is required, at least some
abstraction is probably typical of
provider surveys interested in service

volumes and will be an assumed feature

of the design.
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Let

be the annual number of dental
visits throughout the United States

t be the length of the reference
period in weeks preceding the
NHIS sample week

be the number of appointments
kept by thei-th dentist within the
t-week reference period
immediately prior to thesth NHIS
sample week (It is explicitly
assumed here that appointments by
the same person cannot reasonably
be unduplicated and will be
counted separately.)

n be the number of dental visits
reported in the NHIS sample
during thet-week period preceding
the vth sample week (assume
constant across sample weeks for

simplicity)

be the number of networks that
are established for theweek
period preceding theth sample
week (assume constant across
sample weeks for simplicity)

be the intraclass correlation for
events at the same dentist and

be the number of events sampled
per network (may not include the
event that brought the practice into
sample)

The planned average sampling
interval for persons who are neither
black nor Hispanic in 1995 and beyond
is about 1,900. Only 1 part in 52 of the
sample can report on aryweek period,
however. Also, onlyt parts in 52 of
annual visits occur during tweek
period. Thus, the expected number of
dental visits to be detected intaveek
period isn = Nt/[(522)1,900]. For
example, suppose that= 500,000,000
andt=1. Thenn=97; that is, it is
possible to form 97 network samples
around 97 dental visits reported in 1
week’s sample. For ease of exposition,
each of these network samples is
referred to as a cluster. With 97 dental
visits identified each week, a maximum
of 5,044 clusters can be established over
the course of a year. That would



Page 78 [0 Series 2, No. 126

probably be more than necessary to
achieve adequate precision.

Note that some dentists will be hit
(nominated) more than once. Most
often, this will occur when a patient has
two visits during the reference period
for related services. Siblings may often
receive routine dental care in the same
week. To reduce the number of multiple
hits, it may be advantageous to identify
a specific subset of NHIS that is
allowed to make nominations. The
objective of that subsample design
would be to minimize the number of
households with multiple potential
nominators without increasing the
variation in selection probabilities. This
can be done with the same sort of
subsampling that was used for Cycle IV
of the National Survey of Family
Growth. There, single-eligible
households were selected at lower rates
than multieligible households, and only
one eligible was selected per household.
(This would not be an option if all visits
detected in a year had to be retained as
cluster nuclei, as might be the case with
a rarer domain such as endodontists.)

It is reasonable to assume that
probabilities of selection for providers
will be too difficult to determine, and
that, therefore, it will not be possible to
use the Horvitz-Thompson estimator.
(The problem is made particularly
complex by the systematic selection of
blocks for NHIS. To establish the
probability of selection for the provider,
it would be necessary to geocode all
patients who could have nominated the
provider and then establish their relative
positions in the systematic block sort
(and within-block sort).) Instead, a
multiplicity estimator will be required,
and one is suggested in the following:

Leti be the index dentist andthe
index appointments within theweek
reference period immediately before the
vth NHIS sample week. If a person who
made thgth appointment at théh
dentist happens to be interviewed for
NHIS within thevth week of the year,
let W,; be the NHIS noninterview-
adjusted weight for the person;
otherwise, leW,,; = 0. Assume that
nonresponse to NHIS is ignorable given
the adjustment cells employed by NHIS.
Then an unbiased weight feth week
for the dental provider is

52
V\biv = T Z VVivj Niv
j

This weight can be averaged over
all 52 weeks to obtain an unbiased
weight for the dental provider for the
year. (Note that it is not necessary to
know N, for weeks where there are no
hits because W,; N, = 0 for such
periods.) '

Let m,, be the number of networks
that are established at thih practice
based on the-th interview week. Then
an unbiased weight for all them,,
sample events is

v

WEiv = VVDiv )\_mlv

Note that if the number of networks
established at a practice were equal to
the number of times that it was hit for
NHIS, and if NHIS were self-weighting,

we would have

_(52k) BW

B A

whereBWwas the common NHIS
weight. Note, however, that clients of
dentists with racially or ethnically
integrated practices will have different
probabilities of selection than those at
mostly white or mostly minority
practices.

The actual variance associated with
using Wg;, to create a weighted estimate
is extremely complicated, depending on
patterns of multiple visits within NHIS
segments. Nonetheless, a reasonable
approximation can be obtained by
treating the sample as a self-weighting
sample of 5f clusters ofA events each.
The relative variance of such a sample
is well known to be

WEiv

[1+ 3 -1)]V2
- 52m\

wherem = %; m,,, the number of
networks per week, is assumed not to
vary by week; where 58\ is the

total number of sample events; and
whereV,.2 is the relative variance within
the population of events of the
characteristic of interest. For example, if
the interest lies in the proportion of
dental visits that are for root canals, and
the true proportion is 0.05, then

V2 =0.95/0.05 = 19.

w

To allow for multiple hits and the
variation in the NHIS sample, an
adjustment factog is introduced:

[1+3\-1)]&V3
- 52m\
Adding on the between-PSU relative

w
variance, the final approximation is
obtained:

[1+8(A-1)]EV2
ST Gy W

whereV¢ is the between-PSU relative
variance associated with the selected
number of PSU'’s.

Of course, the most critical
parameter to fix for the subsampling is
the number of clusters to retain. Given
either a fixed-cost or a fixed-precision
requirement, that number is fixed by the
cluster size. To identify the optimal
cluster size, it is necessary to quantify
some cost estimates for the various
phases of data collection. Let

C, be the cost of developing sampling

and data collection procedures and
training interviewers on the new
procedures in the desired number
of PSU’s

be the extra cost per NHIS
household interview of screening
for recent dental visits (equal to 0
if NHIS already asks about visits
to this type of provider)

be the cost associated with each
network, such as obtaining from
the NHIS respondent the name
and address of the dentist and a
consent form to release records,
tracing and recruiting the
nominated dentist, and sampling
from his or her records

be the cost per event of
abstraction including data
processing and editing

Then the total costs for the
hypothetical survey of dentists would be

C=c¢y* ¢, (55,000) + 52,m+ 52c;mA
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With these assumptions, for a given to patch together State lists would discussed irSample Survey Methods
fixed costC, the optimal cluster size is  increasec,, perhaps by as much as and Theoryolumes | and 1l (31). It is
$200,000. On the other hand, cast written there as the ratio 6f% with a
B 1-3 G does not apply. Furthermore, cast caret toV? without a caret.)
A= Ny c, might be lower because State lists might For fixed precision, the optimal
have better name and address number of clusters is now
i i information than what NHIS - -
and the optimal number of clusters is respondents can supply. State lists will i [1+8(X - 1)] EV2 + RV2
C - ¢, - 55,00@, probably contain enough dirty and m= (V2 —\2) 52
m= 520G, + G0 incomplete record_s, however, _to offset _ _
2 most of these savings. Thus, it seems To illustrate, suppose the following
For a fixed-precisiow?, the optimal  reasonable to speculate thgtmight distribution of weekly practice sizes:
cluster size is unchanged and the decrease from $300 to $290. It is also Practices Visits
optimal number of clusters is possible that,; would increase
[1+5(A - 1)] EV2 somewhat because of variation in the ilgo 28'888 3?3888
_ w number of cases to be abstracted per - ' '
= . . . 21-50 60,000 2,130,000
(V2 = VD) 52\ dental practice. (Note: It is being 51100 60,000 4,530,000
assumed here that the provider class of 101-200 10,000 1,515,000
Some plausible values for the interest is one for which lists cannot be 201500 100 35,100
parameters are shown next. Obviously, expected to contain useful measures of %*~10% 2 1500
however, each parameter would have to sjze.) Total 160,102 8,576,600
be carefully reconsidered for a specific Assuming that the list will not
survey. For illustrative purposes, then,  contain any information on the number  Then the average practice size would be
assume the following cost structure, of patients served by the dentist, the 53 and the population variance of
variance structure, and precision relative variance from a list sample practice size would be 1,326 for a
requirement: would be population-relative variance of 0.47.
= $300,000 - 2 2 This variation is probably a bit on the
E: _ i3 _ [1+8( - 1] EVW+ i N high side, assuming that, in
c, = $300 (52mh) (52m) P multiple-dentist practices, the sample
¢, = 815 whereVi is the elative variation in 20010 SR S0 L T B PO e
VZ = 99 practice sized s now the average could be stratified by individual dentists
5 cluster size, and is now the extra y Ine
Vo = 0.0005 design effect attributable to variation in WOl,Jld ‘,’epe{”d on how lists are
¢ =11 practice size that persists even when the maintained in the office. =
6 =0.15 characteristic of interest is a ratio in Assume t_hen the following cost
Vv = 0.01 which the numerator and the struc_tL_Jre, varnance str.ucture, and
5. . . denominator are highly correlated with precision requirement:
(Note thatV,, is a population-relative practice size. If poststratification is ¢, = $500,000
variance, whereag; is the relative possible (unlikely for a dental survey), ¢ = $0
between-PSU variance on a sample or the main interest is in ratios such as v $290
estimator—hence thg d|ffer§>nce n the percent of patients who receive root C2 =
magnitude betweeN,; andvg.) Then canals, then th¥/,2/(52m) term will c; = $18
A =15 andm=46. The total annual disappear. (The term cancels out by Vg = 99
sample size would then be 35,880 subtraction after linearization because it vZ = 0.0005
abstracted events and the total cost affects both numerator and £ =047
would be $1.7 million. denominator.) However, if 5 =12
) ) poststratification is not possible and the Vv =001
Comparison With main focus is on totals such as the total T
List-Based Sampling number of root cgnals performed in the ThenA =10 andr_n: 57. The total
country or on ratios where the annual sample size would then be
. denominator is not correlated with 29,640 abstracted events, and the total
A Co.mparable List Sample of practice size, such as the average cost would be $1.9 million.
Dentists number of root canals per dentist, then

2 .
Cost implications are discussed first, € Vi/(52m) term does apply. In either

followed by variance implications, and ~ €2S€, the factor is likely to persist.
last by some operational implications ~ AISO note that does not approach 1 as

that may affect response rates. The effort ™ Pecomes large. (This factor is
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Other Considerations

Besides coverage, cost, and variance

implications, other possible implications
exist for response rates, other
nonsampling errors, and elapsed time
from survey authorization to release of
data. With network sampling, it is more
difficult to plan the work in advance. It
is fairly likely that routine dental visits
will be scheduled on the same day for
some family members. Also possible,
but somewhat less likely—neighbors
may be scheduled for the same week.
Multiple hits cause operational
nuisances by requiring twice as much
abstracting to keep the sample
self-weighting (ork times as much if
there arek hits in the same practice). It
is also possible for the same practice to
be hit multiple times over the year,
thereby adding to variable and
unpredictable response burden and
resulting in irritation in some dentists
toward the survey taker. The number of
multiple hits will be difficult to predict
and probably will vary considerably
from one type of provider to another.
For example, multiple hits seem
unlikely to be much of a problem for
chiropractors but do seem a likely
problem for emergency rooms. If this
unpredictability is a problem with
providers, one solution would be to wait
until an entire year of NHIS had made
nominations before following up any of
the nominations. This, of course, implies
an extra time lag between the time the
survey is approved and when data
collection may begin. Another problem
with such an approach would be the
destruction or transfer to long-term
storage of service records.

With list sampling, it is possible to
plan the visits in advance, possibly
leading to cost savings and
improvements in response rates. On the
other hand, if the list does not have a
good measure of size, the number of
records to be abstracted per practice
becomes even more unpredictable than
with network sampling. This might have
unfavorable implications for costs and
response rates. In the example of
dentists just given, the number could
vary from 1 to more than 100.

One problem inherent in both
sampling approaches is the existence of

joint practices. If the provider named by
the list or nominated by the patient has

a joint practice with one provider or

more, establishing the exact definition of
the sampling unit is an important and ]
possibly difficult task. If separate
appointment logs are kept, there is no

real problem. If no separate logs are

kept and each patient is simply seen by e
the next available provider, the entire
practice may have to be viewed as the
sampling unit. Alternatively, it may be
possible to select an oversample of
patient records and subsample them

after inspection to just those of patients e
seen by the provider of interest. This
problem’s existence does not seem to
favor either network or list-based
sampling.

Last is the consideration of multiple
provider surveys. Such surveys would
undoubtedly involve some economies of
scale. The cost, for the network
sample and the list sample would be
lower per survey if multiple surveys
were done. The reduction might be
sharper for network sampling, however,
than for list sampling.

Conclusion

If a reasonable list with a
reasonable measure of size can be
found, list-based sampling is probably
preferable; otherwise, it appears that
network sampling should be considered.
Factors that would tilt the balance in
favor of network sampling include the
following:

® Primary interest is on event
characteristics, not provider
characteristics.

e Considerable uncertainty exists
about the quality of the lists,
particularly with respect to coverage
and currentness.

e Available lists do not have
reasonable measures of size; and
either:

— The numbers of events per
provider varies widely, control
totals for poststratification are not
available, and only a small
number of providers can be
sampled or

— The numbers of events per
provider varies widely, and

variation in the number of records
to be abstracted per provider
increases abstracting costs or
nonresponse rates.
The cost of forming a list is
projected to be greater than the cost
of collecting nominations from
NHIS.
The difficulties in tracing nominated
providers are thought to be less
onerous than finding providers
mentioned on State licensing lists
(or lists obtained through other
sources).
Flexibility in scheduling visits to
providers (including multiple visits)
is not problematic, or an extra delay
in the survey schedule can be
accommodated.

Formulas have been provided in this

report that will facilitate deciding which
approach is less expensive for fixed
precision. Some of the parameters will
be extremely difficult to project;
however, considerable room for
judgment will remain.



Chapter 15.

The National Health
Interview Survey as a
Tool for Linking
Beneficiary and
Provider Perspectives
on Health Care

Q great deal of attention has

recently been focused on the

possibility of fundamentally

redesigning NHIS in such a manner that
it provides a more complete picture of
the health care process, incorporating
data from the beneficiaries and
providers. Ideally, health economists
would like to be able to use NHIS as a
tool for assessing the beneficiaries’
satisfaction with different treatment
modalities for various conditions and the
cost of those treatment modalities.

Other Surveys

Several of the recommendations of
the Panel on the National Health Care
Survey, if implemented, would make
NHIS resemble other Federal surveys
more closely. This brings up the
question of the proper goals for NHIS
vis-a-vis those other surveys.
Specifically, the panel’s call for detailed
medical cost and utilization data to be
collected through longitudinal follow
ups of the health care providers to NHIS
respondents would make NHIS resemble
the National Medical Expenditure
Survey (NMES) rather closely. Along
with its predecessors, the National
Medical Care and Expenditure Survey
and the National Medical Care
Utilization and Expenditure Survey, and
the Medicare Current Beneficiary
Survey conducted by HCFA, NMES
allows the linkage of health care costs
with the outcomes of health care.

National Health Interview
Survey as a Baseline or as
a Follow Up?

If NHIS is to be used to obtain
dual-perspective data on health care
(data about the same events from both
the provider and the beneficiary), the
question arises of whether it is better to
track patients from a sample of provider
records or to track providers from a
sample of patient nominations. A
different research effort (2) funded by
NCHS has been underway to study the
feasibility of the first approach. NMES
stands as an example of how the second
approach can work. Both approaches
obviously involve problems. The Panel
of the National Research Council
favored the NMES approach. This report
takes no position.
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Part V.
Decisions on Sample Design and
Contingency Options
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Chapter 16. Decisions
on Sample Design
on the assumption that the field

I budget for NHIS can be boosted

(starting in 1995) by 50 percent (over
the level needed to support 50,000
household interviews with the 1985-94
design) to pay for improved precision
on health statistics about black and
Hispanic persons. Starting in 1991, the
U. S. Bureau of the Census undertook
all necessary preparations for the
recommended design. As discussed in
chapter 17 there was not a budget
increase in 1995. Also, the preparation
costs in 1994 for the recommended
design are substantial. Thus, an
alternative was also designed that would
lead to some improvement in the
precision of Hispanic statistics under a
level 1995 budget (equal to the 1988
budget after adjustment for inflation).
The recommended design is referred to
as the alpha option; the alternative is
known as the beta option.

he recommended design is based

Reconciliation of
Objectives

It was recognized early in the
research that there were some
fundamental tensions between the
objectives for the redesign. The desire
for improved statistics on the black and
Hispanic populations implied a need to
increase the sample in the major
metropolitan areas of the large States.
This desire also implied a need to
stratify PSU’s by ethnic composition,
with a lower priority for respect of State
boundaries. Furthermore, for this
objective, nonself-representing PSU'’s
with significant numbers of minority
persons should be oversampled. Last,
for this objective, all household
members should be interviewed in black
and Hispanic households. Pulling in a
second direction, the desire for
improved State statistics implied a need
to allocate a disproportionate share of
the sample to small States where
relatively few minority persons live, to
define and stratify nonself-representing

PSU’s in such a manner that State
boundaries were strictly respected, and
to select nonself-representing PSU’s
solely in proportion to population within
States. Pulling in a third direction, the
desire to integrate the provider surveys
with NHIS implied a need to define

variance for the current definition and
measure of size. To answer this question
objectively, it is necessary to have
precise county-level summary
information on the characteristic of
interest for every county in the Nation.
Such information exists for

large PSU’s as sometimes crossing Statecharacteristics tabulated in the decennial

lines (so that most inhabitants of a PSU
would receive their medical services
within the boundaries of the PSU) and
to oversample PSU’s that tend to
provide disproportionate amounts of
medical services to nonresidents. Pulling
in a fourth direction, the desire for
reduced response bias through
self-response implied a need to
interview just one randomly selected
adult per household.

These inherent conflicts were
resolved by placing the highest priority
on improving NHIS statistics about the
black and Hispanic populations despite
interviewing just one random adult per
household. Deviations from optimal
design features for this objective were
tolerated where the effect on the primary
objective was not severe.

Primary Sampling Unit
Definition and Measure of
Size

The definition of PSU’s and the
measure of size used to select sample
PSU’s have important impacts on
between-PSU variances. For PSU’s with
cost functions such as NHIS, it is
important that there be more
heterogeneity within PSU’s than across
PSU’s. Thus, for example, it would be
inefficient to define the suburbs of a
metropolitan area as a PSU separate
from the central city. With respect to the
measure of size, the between-PSU
variance on a particular statistic is
closely related to the correlation
between the measure of size and the
PSU totals for the characteristic of
interest. If the correlation is perfect, the
between-PSU variance will be zero.

Unfortunately, it is extremely
difficult to project the between-PSU
variances that would result from
alternate definitions and/or measures of
size. The current survey can provide
information only about between-PSU

census, the Census of Agriculture, the
Economic Census, Internal Revenue
Service studies of payrolls, and other
sources. Unfortunately, none of these
sources has much information that is
relevant to NHIS. NCHS also has the
U.S. Department of Health and Human
Services Area Reference File that
contains county-level information on
hospitals and doctors as well as other
health providers. These, however, still
have very little to do with the aspects of
health about which the population is
gueried in NHIS. Some conclusions can
be reached using basic demographic
data from the census, but much of the
work in this area is highly speculative
and driven by expert opinion.

Primary Sampling Unit
Definition

A study conducted by the U. S.
Bureau of the Census showed that using
the Health Care Service Areas as PSU'’s
would decrease survey precision,
assuming that the budget was held
constant (32). This is because the
HCSA'’s tend to be much larger in terms
of land area than traditional PSU’s. The
larger land area would mean more
within-PSU travel expense. To offset
that increase in cost, it would be
necessary to reduce the number of
sample PSU’s. The decrease in the
number of sample PSU’s would
decrease survey precision. Although
there is some question about just how
large a budget-neutral cut in the number
of sample PSU’s would have to be and
some question about the impact of the
cut on between-PSU variance, Westat,
Inc., agreed with the overall thrust of
this research.

Having ruled out HCSA’s as PSU's,
the next question was whether the PSU
definitions used for any of the other
current surveys at the U. S. Bureau of
the Census might be suitable for NHIS.
The PSU'’s for theCurrent Population



Surveyrespect State and metropolitan
statistical area (MSA) boundaries (as
defined in 1990). Given the desire to
make NHIS flexible for State
expansions, the NHIS PSU’s need to
respect State boundaries. So from that
perspective, the CPS PSU’s were
attractive. Administrative data that might
be useful in small area estimation
projects, however, are generally
available only at the county level, even
in New England, where MSA'’s violate
county boundaries. Thus, the CPS
PSU’s in New England were unsuitable
for NHIS. The PSU's for the Survey of
Income and Program Participation
(SIPP) do not respect State boundaries
outside New England and are thus
unsuitable for NHIS, but the SIPP
PSU’s in New England respect State
and NECMA (New England county
metropolitan area) boundaries, which
means they also respect county
boundaries.

The final NHIS PSU’s were
therefore defined to be coincident with
CPS PSU'’s outside New England and
SIPP PSU’s within New England. This
resulted in 1,955 PSU'’s.

Primary Sampling Unit
Measure of Size
Based on the research described in

chapters 4and 13, the recommendation
was made to use total population (all

based on multivariate clustering
techniques and used more than a dozen
dimensions to define similarity between
PSU’s. This efficiency is particularly
impressive given the fact that health
characteristics were not among the
dimensions used for stratification. The
clustering program appears to have
identified natural clusters that made for
efficient strata for a wide range of
statistics.

One type of statistic was not well
served by the stratification, however.
Statistics for individual States are
subject to very high between-PSU
variances in the 1985-94 design. This is
because the strata do not respect State
boundaries. (The strata for the 1973-84
design did not respect State boundaries
either, leading to similar high
between-PSU variances for State
statistics.) PSU’s with similar
demographic, social, and economic
characteristics were grouped together
from different States. Thev on many
State estimates is 100 percent or worse.

Because the flexibility to
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boundaries and metropolitan status. In
these small strata, just one sample PSU
was selected with probability
proportional to total population.

Selection of Blocks

As discussed irthapter 1 NHIS
utilizes a mix of area and permit
sampling rather than the list sampling
used by most of the other demographic
surveys conducted by the U.S. Bureau
of the Census. To facilitate coordination
across surveys and the preparation of
field materials, dummy entities are set
up to represent all the housing units
(HU’s) and group-quarter equivalents
(GQE'’s) reported in the 1990 census to
exist in a PSU. (A GQE is a collection
of usually three persons in
noninstitutional group quarters. This
collection is counted as equivalent to a
household for sampling purposes.)
Census Bureau headquarters personnel
select placeholders rather than HU'’s and
GQE'’s directly for NHIS. Census
Bureau field personnel then list the

supplement NHIS for specific States was blocks that contain the sample

a major goal of the 1995 redesign, it
was decided that the strata should
strictly respect State boundaries. To
counteract the increase in between-PSU
variances that would affect regional and
national statistics, it was also decided to
force the strata to respect metropolitan
status and to increase the number of

ages) as the measure of size. This is the Samp|e PSU’s to a level Comparab|e to

same measure of size that was used in
the 1985 redesign.

Primary Sampling Unit
Stratification

The stratification performed for the
1985 redesign was extremely efficient
for regional and national statistics.
Despite a drop in the number of sample
PSU'’s from 376 in 1984 to 198 in 1987
and beyond (because of budget
problems, not all of the 198 sample

that of the 1973-84 design.

Primary Sampling Unit
Selection

The methodology used for selecting
PSU’s was much the same for 1995 as
for 1985. In strata where two PSU’s
were selected, the U.S. Bureau of the
Census selected two PSU’s without
replacement using the Brewer-Durbin
methodology. The measure of size was
total population (all ages). No attempt

PSU’s were used in 1985 and 1986), the was made to maximize or minimize

level of between-PSU variance stayed
about the same. (Estimates of
between-PSU variances are quite
unstable from both surveys; this
instability may be masking some level
of change.) The 1985 stratification was

overlap with the old NHIS design or
with the new design for the CPS or any
other current survey at the U.S. Bureau
of the Census. The only difference from
1985 was that some strata were quite
small as a result of respecting State

placeholders. Census Bureau
headquarters personnel then draw a
correspondence between the sample
placeholders and the physically listed
HU’s and GQE'’s to identify the final
sample of NHIS.

The selection of placeholders
involves two stages. First, blocks must
be selected. As the first step in block
selection, these placeholders were sorted
by the characteristics of their parent
blocks and, within that sort, by their
block labels. One of the block
characteristics used in the sort was
minority density stratum, as described
later.

Blocks with fewer than four known
HU’s and GQE’s were combined with
neighboring blocks and given a
combined block label. A larger
minimum combined block size was
considered but rejected by U.S. Bureau
of the Census staff because of concerns
about coordination with other current
surveys.

Each block was classified into one
of the 24 minority density strata defined
in table 59 A different optimal cluster
size was identified for each minority
density stratum. The possibilities were
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Table 59. Initial cluster sizes (in terms of placeholders)

Percent of block that is Hispanic

Percent of block that is black <5 5-10 10-30 30-60 60+
<10 .. 16 16 16 12 8
10-30 . . 12 12 12 8 8
3060 ... 12 12 12 8 8
B0+ . 8 8 8 8 8

8, 12, and 16. Although intermediate

for interview in NHIS in a particular

the Census is that the unused NHIS

sizes, not multiples of 4, might have been year. The 8 and the 35 are referred to as subsample will not represent the entire

even better for NHIS, coordination with
the Bureau’s other current surveys
required the clusters be multiples of 4.
The formula used to determine the
optimal cluster size for thieth stratum

was
+ 0.5}

"

whereQ; is the proportion of the
stratum that is neither black nor
Hispanic (derived frontables 17and

18), andr; is the planned retention rate
for such other householdsaple 23.

The idea of the formula is to inflate the
cluster size enough so that eight
households are still designated for full
interviews after screening and
subsampling. Although it would have
been easier to equalize the number of
placeholders per cluster, it was thought
that field operations would be more
efficient with a more uniform number of
full interviews per cluster.

The placeholders were strung
together into initial clusters of
corresponding lengths. Each such cluster
is also known as a segment. (The word
“segment” has two common usages at
the U.S. Bureau of the Census. It is also
used to refer to the block or collection
of blocks from which the HU’s and
GQE's are drawn corresponding to the
placeholders. For example, a block
might have 35 HU'’s, with 8 scheduled

8
— X
l—Oi(l—l‘i)

1
4

a “segment.”) Consecutive groups of 10
initial clusters were strung together to
provide enough sample for 10 years of
interviewing. Thus, each string consisted
of 80, 120, or 160 placeholders.

A systematic sample was then
drawn of the strings from each PSU
with a single sampling interval of
40 x Pr{PSU} and a single random start.
(PSU’s with a probability of selection
less than 1/40 were grouped into
rotating clusters.) This sampling plan
will yield an overall sample of 1/40th of
all U.S. housing. The number 40 was
chosen so that the sample would yield
10 samples of 200,000 interviewed
households each. The number 200,000
was chosen because it corresponds to 4
times 50,000, and the largest
oversampling ratio specified itable 20
is 4.0. No measure of size was used in
the selection, so long strings had the
same probability of selection as short
strings. (Because string length is
inversely related to frequency, the
probability of selection for an
individual placeholder is 1/40 whether
it is in a long or short string.) This
resulted in a random clustered
equiprobability sample comprising
2.5 percent of the universe. The
placeholders in this sample are
reserved for the sole use of NHIS
even though NHIS will use only a

U.S. population.

As is discussed ichapter 5the
best plan identified for nonelderly black
persons and Hispanic persons involves a
combination of oversampling and
screening. The strata and oversampling
rates desired for the oversampling are
those shown irtable 20 The initial
string selection previously described
resulted in an oversampling rate of 4 in
all the strata. Thus, some strings had to
be dropped in some strata. The string
retention rates are shown table 60
These rates were calculated by dividing
the desired oversampling rates in
table 20by 4.

Within-Block Selection

At the end of block selection, the
U.S. Bureau of the Census had a list of
sample blocks and, for each block, a
count of how many placeholders were to
be allocated to NHIS. They have
procedures in place to list physically the
residential structures in the block and to
line them up with the placeholders.
These procedures guarantee that the
HU’s and GQE'’s assigned to each
survey will be nonoverlapping even if
several current surveys have selected the
block. To make this possible, all blocks
that were selected by NHIS had to be
converted to area-type sampling

subsample of them. The reason for not procedures for all the current surveys,

sharing the unused portion with other
current surveys at the U.S. Bureau of

Table 60. Percent of initially selected strings to be retained for actual listing (all others are put aside)

even though good address registers exist
for many of the blocks, and the other

Percent of block th

at is Hispanic

Percent of block that is black <5 5-10 10-30 30-60 60+
<10 L 40.0 50.0 80.0 100.0 100.0
10-30 . .. 40.0 50.0 87.5 100.0 100.0
30-60 ... 42.5 50.0 87.5 100.0 100.0
60+ . .. 48.8 50.0 87.5 100.0 100.0




surveys could have used them to select However, when CAPI interviewing was
samples more cheaply. The listing began implemented in 1997, this procedure

sometime in 1994.

Westat, Inc.’s, projection is that the
listing operation for the year 2000 will
yield 123,900 HU’s and GQE's to be

was not implemented; the paper-based
screening process described later was
retained.)

With CAPI screening, the

screened. Of course, there is considerable interviewer will approach the door with

uncertainty when projecting the results
even a few years into the future. Factors
that can affect the accuracy of the
projection include new housing
construction rates, housing demolition

rates, residential/nonresidential conversion interview after ascertaining the race and

rates, and the growth rate of the

the computer to enter the race and

ethnicity of the occupants. The computer
will have preloaded instructions to guide

the interviewer through the regular
NHIS interview or to terminate the

ethnicity of all occupants. If any of the

population living in group quarters such as occupants are black or Hispanic, the

dormitories. The details of the listing

decision will always be for a regular

procedures can also affect the accuracy of interview. If none of the occupants are
the projections. It is important to note that either black or Hispanic, the computer

the number of units listed each year is

likely to increase from 1995 through 2004 whether to proceed with a full interview

and that as a result, some adjustment of

will draw a random number to decide

or to terminate. The random decision

the string retention rates might be required will give the correct retention

over time.

Screening

The new sample was introduced in
January 1995. Screening of the sample
housing units began immediately. All
households with black or Hispanic
occupants will be retained for full
interviews. Other households will be
retained at the rates shown table 22

Of the 123,900 HU’s and GQE'’s
that are projected to be designated for
screening in the year 2000, not all will
have cooperative occupants, some will
have no occupants at all, and some will
not even be inhabitable. The U.S.

Bureau of the Census made a projection the occupants is either black or Hispanic

probability for these other households,
but there will be some variability from
expected yields. Consideration was
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the occupants. To keep response rates
high without raising costs exorbitantly
through many repeat visits, interviewers
will be trained to use information from
neighbors under some circumstances.
(Screening using neighbors was
discontinued in 1997.) After two
unsuccessful attempts on different days
to find anyone at home, interviewers
will call on neighbors. With CAPI,
interviewers will be required to obtain
consistent information from two
neighbors before accepting their reports
on the race and ethnicity of the targeted
household. Upon obtaining consistent
information, the computer will decide
whether additional attempts are needed
to conduct a regular interview or
whether the HU can be closed as
successfully screened and subsampled
out. In the latter case, considerable
expense will have been saved. In the
first case, the interviewer is not much
worse off than prior to contacting the
neighbors, and valuable information has

given to coordinating the random draws been gathered to inform the weighting
across households, but this will probably procedures for nonresponse adjustment
not be feasible across interviewers, and even if the household is never

it is not clear that it is worth the effort
to coordinate across households
screened by a single interviewer.

With paper-based procedures,
interviewers will have an instruction for
each assigned HU on whether to

interviewed. Note that the base weights
are formed based on the neighbor
information and are unbiased even if the
neighbor information turns out to be
wrong.

With paper-based procedures, the

conduct a regular interview regardless of interviewer will never bother to contact

the race or ethnicity of the household
occupants (an “I” instruction for

interview) or whether to only conduct
the regular interview if at least one of

that in the average year about 80 percent(an “S” instruction for screen). These

of the listed units will have occupants
who will cooperate with the screening
effort. These 99,100 successfully
screened HU's are expected to consist
of 12,300 black households, 12,500
Hispanic households, and 74,400
“other” households.

Turning to the mechanics of

instructions will be made up in the
central office after the listing phase for
sample blocks and will ensure the
desired retention probabilities.
Furthermore, it will be possible to
coordinate the sampling instructions

across interviewers. However, there will

still be some variance about expected

screening, the exact procedures that are yields as can be seen from the

used to cope with HU’s that are difficult

possibility that just by chance, the

to screen will depend on whether laptop households that are neither black nor

computers are used by the interviewers

Hispanic could happen to fall into the

as they screen. The screening proceduresl” category at disproportionate rates.

are described separately for CAPI and
paper-based screening.
(The next paragraph describes a

With either procedure, allowance

needs to be made for housing units that

are difficult or impossible to interview,

neighbors for an HU that is marked “l.”
For an HU marked “S,” the interviewer
will start to contact neighbors after two
unsuccessful attempts at direct contact
on different days. If the first neighbor
says that no one in the targeted
household is black or Hispanic, the
interviewer will close the case as
successfully screened out. Otherwise,
the interviewer will try a second
neighbor. If both neighbors say that the
household has some members who are
black or Hispanic, the interviewer will
resume attempts to contact the
household directly. If the interviewer
eventually succeeds and it turns out that
the neighbor’s information was wrong
(there are not any members who are
black or Hispanic), the interviewer will
close the case as successfully screened
out. Note that this procedure results in a
slight bias in the baseweights, but this

proposed procedure for CAPI screening. even just to get the race and ethnicity of bias should be quite small. To make the
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paper-based procedure unbiased, it
would be necessary to seek neighbor
information on all the “I” households
that are difficult to contact. It was the
U.S. Bureau of the Census’ decision that
using neighbors for “I” households
would be expensive and
incomprehensible to interviewers.
Because there was some initial
skepticism about using neighbors at all,
the U.S. Bureau of the Census Bureau
conducted a field test of screening
procedures in the summer of 1993. They
focused in particular on the accuracy of
neighbor information on race and ethnic
origin. The results were strongly
supportive of the utility of neighbor
contacts during screening. Information
about race from neighbors was shown to
be extremely accurate, at least for the
dichotomy of black versus not black.
Information about Hispanic origin was
less reliable but still useful.

New Construction

A plan was considered where new

construction would be treated the same;

as the stratum for old construction
least dense with minorities (under

10 percent black and under 5 percent
Hispanic). This would have required
taking a considerably larger sample of
new construction and then screening it
for minorities. This recommendation
was rejected out of concern that the
new construction sample would be
more expensive to screen because it is
difficult to cluster effectively. There
was also a feeling that the new
construction universe would contain
even fewer minorities than the least

Table 61. Sample sizes for elderly minorities

minority-dense old construction
stratum. (This supposition may be
tested with the 1995 design after
implementation. Such a study would
provide useful input to the 2005
redesign.) Current plans are not
specific on the sampling interval to be
used in new construction, but it is
likely to be larger than that used in
the 1985-94 design.

Dual-Frame Sampling for
Elderly Minorities

The oversampling and screening
plans described earlier will not yield
satisfactory precision for elderly black
persons or elderly Hispanic persons
unless NCHS allows all elderly minority
adults found in a household to be
interviewed, in addition to a randomly
selected adult between the ages of 18
and 64. These groups are simply too
rare to allow within-household
subsampling. As discussed @mapter 6
there are attractive dual-frame sampling
systems employing SSA lists that could
improve the precision for elderly black
persons and Hispanic persons at
reasonable cost, while keeping the
restriction that only one adult be
interviewed per household. Such a
dual-frame system is not part of the
formal plan for the 1995 design at this
time. As of this writing, a dual-frame
system may be implemented in 1996.
Table 61shows the projected effective
sample sizes for elderly black persons
and Hispanic persons from the planned
design (the alpha option). It also
shows the desired effective sample
sizes, the projected effective sample

sizes that could be attained with
dual-frame sampling, and the numbers
of additional screening interviews that
would be necessary to obtain those
effective sample sizes with dual-frame
sampling.

Panel Construction

This section begins with a review of
panel formation in 1985 and continues
with a review of the objectives for
panels, a discussion of the additional
complexities for 1995, a description of
some adjustments to the methods used
in 1985, and a couple of brief notes on
implications for weighting.

Panel Design for 1985

Four panels were defined in the
1985 design. To support panel definition,
self-representing PSU’s were divided
into three classes: Large, medium, and
small. The panels were defined at the
PSU level for NSR PSU’s and small SR
PSU’s. They were defined at the
assignment level for large- and
medium-sized SR PSU’s. (This may not
have been done in 1985 itself but was in
place for 1986 and beyond.) An
assignment was a collection of segments
within a PSU that were scheduled to be
interviewed in the same week. A PSU
was defined as the first-stage unit in
sample selection, not as the unit for
interviewer assignment as used for field
management and control. The panels
were defined by first forming pairs of
strata and then randomly assigning panel
designations 1 and 2 to the two PSU'’s
in one stratum and 3 and 4 to the two
PSUr’s in the other stratum within the

Effective sample sizes

With extra With extra
Projected Projected screened screened
under alpha under alpha 2,800 cases 5,800 cases
option option from SSA from SSA
Domain Desired (1 household) (all households) (1 household) (1 household)
Black
Male .. ... 1,000 600 1,150 1,000 1,000
Female . ...................... 1,000 740 1,710 1,000 1,000
Hispanic
Male ... ... . . 1,000 350 910 770 1,000
Female . ...................... 1,000 495 1,270 920 1,000




superstratum. The random assignment was

not independent across superstrata.

The fourth use of the panels was
conducting randomized experiments

Dependence was created to better equalizewith the NHIS sample. This potential
panel sizes. For example, if a PSU with a does not appear to have been used. The expansions, the NSR strata were defined

large workload was assigned to panel 1 in
one superstratum, a PSU with a smalll
workload was chosen for panel 1 in the
next superstratum. The panels were
exhaustive and mutually exclusive. Each
panel was an equally valid national
sample. (Se®esign and Estimation for
the National Health Interview Survey,
1985-94(33) for more details on 1985
procedures.)

Objectives

Panels had several uses in the 1985
design. The first use was sample
reduction. When adequate funds were not
available in 1985 and 1986 for the full
sample design, the panels were a quick
and efficient way to cut back the sample
because whole NSR PSU’s and complete
assignments in SR PSU’s were dropped.

The second use was advance
selection of a conveniently sized PSU
sample for occasional surveys such as
the National Hospital Discharge Survey.
Selecting general purpose designs in
advance saves some time and effort if a
survey comes along that needs
approximately that number of PSU'’s.
There are also some operational
efficiencies in terms of knowing where
the U.S. Bureau of the Census should
maintain an interviewing potential.
Subsamples could obviously be drawn
when necessary, but it seemed
convenient to have plans in place for
such subsampling.

The third use of the panels was
splitting retired NHIS samples up
among competing followup surveys such
as the National Survey of Family
Growth. By stating that survey A could
have panels 1 and 3, and survey B could
have panels 2 and 4, none of the sample
was wasted or used twice. It is not clear
whether this capability was actually
used. Whether this would have been the
best way to split the sample between the
two surveys is also unclear. For some
pairs of surveys, it would probably have
been better to randomize segments or
even to split each segment between the
competing surveys.

panels would not necessarily have
yielded a good experimental design
anyway, because randomization would
have been at a high level in the
sampling, allowing between-PSU and
between-interviewer variances to
obscure the results. A better design for
many purposes would be obtained by
splitting each work assignment, or even
each segment, between treatments.
Given the utilization patterns of the
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Neither of these two statements applies
to the 1995 design. To provide the
flexibility in the 1995 design for State

by mostly State and metropolitan status.
In slightly fewer than one-half of the
State-by-metro-status domains, it was
possible to stratify more deeply than
that. The most strata that were defined
within a State-by-metro-status domain
was five. In States where either the NSR
metropolitan population or the
nonmetropolitan population is small,
only one PSU was selected from the
stratum instead of two. In larger strata,

panel structure in the 1985-94 decade, ittwo PSU’s were selected. Some smaller

seems clear that the highest priority in
designing panels for the next decade
should be on the potential for orderly
cuts in the sample. (Cutting PSU’s
makes sense if a desire exists to reduce
costs while maintaining the same
relative sampling rates for minorities as
proposed for the full design. If, instead,
the decision is made to drop back to an
equiprobability sample, dropping PSU'’s
is not the best way to cut the sample.
Seechapter 17for more details.) Based
on the cuts experienced in 1985 and
1986 (25 percent and 50 percent,
respectively) and the fact that the
number of PSU’s in the 1995 design

metropolitan areas were selected with
certainty because they made up a large
portion of the State metropolitan
population. The total number of PSU’s
in the 1995 design is 358. (Consolidated
metropolitan areas are just counted once,
regardless of how many administrative
PSU’s they might be divided into. A
number of smaller metropolitan areas
are counted twice, however, because
they cross State lines and multiple
fragments were selected.)

To minimize the variation in
baseweights for a reduced NHIS, it is
important to form the superstrata in such
a manner that the number of full-design

was chosen based on the assumption of sample PSU’s per superstratum is

a 50-percent budget increase, it is

constant and the original strata within a

convenient to have panels that can make superstratum are nearly constant in size.

cuts of the following magnitudes easy:
25 percent, 33 percent, 50 percent,
67 percent. The second priority should

Also, the full-design sample PSU’s
should be subsampled with equal
probability within a superstratum. It

be to have conveniently sized, first-stage does not matter for this objective

designs available for the provider surveys

and other new or occasional surveys; or at

least there should be a clear mechanism
for generating appropriately sized
subsamples of the NHIS first-stage design
with short lead times. The uses for
splitting the sample for either follow-on
surveys or experiments seem less
important and should probably not be

whether the superstrata vary in size.

For the second objective of having
the subdesigns serve as appropriate
first-stage samples for provider surveys,
however, the superstrata for subsampling
PSU’s should be nearly equal in size
(population, health care providers, health
care events, etc.). This means collapsing
unequal numbers of original strata of

considered at all. It also seems reasonable various sizes together to form

to abandon all support for State estimates
in subdesigns.

Problems for 1995

The NSR strata in the 1985 design
were roughly equal in size. Two PSU’s
were selected from each NSR stratum.

superstrata. For this objective, the
full-design sample PSU’s should be
subsampled with probability
proportionate to stratum size. If one
superstratum contains seven sample
PSU’s and another contains three, there
is no simple way of coming up with
exhaustive and mutually exclusive sets
of NSR PSU'’s.
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and half the size of the 2-ps stratum.)
The second adjustment is that it may be
more difficult to pair strata that are
equal in size while still respecting

regional and metropolitan category
Subsequently, NCHS created a par?el boundaries. On the one hand, original
structure consisting of four subsets; that ¢ o4 vary much more in size, and on

is the panel structure that has been used o gther hand. there are more original

in the 1995-2004 redesign.) strata to work with. Although adequate

It was decided to construct two data were not available at the time of
distinct panel structures. For the first of g writing to project the numbers of
these, to be constructed immediately, it gr psu's by size class that the

was decided that the same general  prqcedure will yield, this will be a

procedures would be followed as in routine task for staff at the U.S. Bureau
1985, forming superstrata with a fixed  of the Census. It is currently anticipated
number of sample PSU's per 5 the resulting set of panels could
superstratum and then subsampling with yield nested subdesigns with roughly
equal probabilities. For the second 110 PSU's, 200 PSU'’s, 280 PSU's, and
structure, to be constructed when 358 PSU’s. (Of course, the set of six

needed, it was decided to form panels will provide additional options
superstrata with equal populations and beyond these.)

then to subsample with probability Within the large and medium SR

proportionate to stratum populatior_L The PSU’s, the reduction panels can be set
plans for each of these structures is up along the same lines as in

discussed in more detail later. The first 1985—that is, by systematically

panel structure will serve the first, third, subsampling assignments. Current plans
and fourth objectives just discussed. The .| for assignments to be all roughly
second panel structure will efficiently
satisfy the second objective. At the
conclusion of this section, the penalties
that would be suffered if the decision
were reached to use the first panel
structure to serve the second objective
are discussed.

Panel Construction for 1995

(This section describes panel
structures created by Westat, Inc., and/or
the U.S. Bureau of the Census.

incorporate a measure of size into the
sampling. The sort for the subsampling
should probably include region, PSU,
administrative PSU, and an indicator of

: central city or suburb. The systematic
Reduction paneis-The general subsampling should probably be done
procedures used in 1985 need only across PSU’s with alternating sorts on
minor adjustments. The most significant ¢ ingicators for central city status. The
of these adjustments is to provide the  g,psampling interval should be four so
capability of cuts of 16.7, 25.0, 33.3, that the populations in SR and NSR

50.0, 66.7, 75.0, and 83.3 percent. T pgiys have the same probabilities of
provide this capability, two panel selection.

structures will actually be created for An additional feature of the

reduction purposes—one with four procedure for 1985 for assigning panel
panels and one with six. Both will be numbers to the four subsets of the

created using the same methodology.  psiy's will be retained: Either expected
Only the four-PSU case is discussed in o actyal NHIS sample sizes (in terms
detail here, but the generalization to six segment counts) by sample PSU will

PSU's is straightforward. be used to try to equalize total panel
The first adjustment to the old sample sizes.

four-PSU procedure is that, rather than Subdesigns for other surveysor a
pairing only two 2-ps strata (strata in - mper of reasons, it was decided to
which two PSU’s are selected per delay forming panel structures for other

stratum), it will be necessary t0 group g yeys. Although this work could be
together either two 2-ps strata, one 2-pS yone in advance, the panel structures

stratum and two 1-ps strata, or four 1-ps iy he more efficient if designed after

strata. (If one 2-ps stratum is paired the actual requirements of other surveys
with two 1'pS strata, it is |mp0rtant that are known. That will allow different

the 1-ps strata be roughly equal in size g5 and specialized measures of size.

For example, for a survey of hospices,
data on local numbers and sizes of
hospices could be used for stratification
and also be built into the measure of
size of each PSU to create a more
efficient design.

As was discussed iohapter 3
further research is planned on the
benefits of concentrating all the provider
surveys into a single set of PSU'’s.
Based on current research, however, and
assuming that U.S. Bureau of the
Census interviewers will be visiting all
358 NHIS PSU's (i.e., that there are no
sample cuts), it is unclear whether there
are substantial additional operational
efficiencies from concentrating all the
provider surveys into a single subset of
NHIS. This suggests that it might be
best to custom-select a different subset
of the NHIS PSU’s for each of the
provider surveys.

It may be determined later that
there are important benefits in having
the provider surveys nested within each
other. The rest of this section indicates a
reasonable method for creating such a

equal in size, so there will be no need to set of subdesigns.

Two surveys that are likely to share
the NHIS design are NHDS and
NAMCS. These have recently (the early
1990’s) been carried out in the 112 PSU

whether the assignment is predominantly two-panel subdesign of the 1985 NHIS.

Another recurring survey is the National
Nursing Home Survey (NNHS). It has
traditionally not been clustered. To ease
into clustering so as to avoid large risks
in the changeover process, it might
make sense to have a design with as
many as 200 PSU’s for it. (With more
than 1,200 sample facilities, even 200
PSU’s should generate enough
clustering to yield substantial

operational efficiencies.) After having
been fielded once with 200 PSU'’s, it
would be possible to study the
components of variance to see whether
a smaller number of PSU’s would
serve survey objectives adequately.
Other surveys of providers are planned
but are brand new, so there is no basis
for choosing an optimal number of
PSU’s for them. For demographic
surveys, past (not publicly
documented) experience has shown
that between-PSU variance on
minority estimates is important at 100
PSU’s and small at 200 PSU’s.



Interpolation between those extremes
is uncertain and not attempted here.
The 52 largest SR PSU'’s in the full
1995 design (358 PSU'’s) were identified
with the thought that they would be
appropriate for a national survey of
approximately 200 PSU’s. Additional
SR PSU’s were identified for State
purposes, but there is no guarantee that
all the PSU’s that should be SR for a
national survey of more than 200 PSU’s
are in the sample. Thus, it is

equal is important because it reduces
design effects and gives greater control
over workloads. (Workload control is
not that important for NHIS with its
itinerant interviewers but may be for the
provider surveys.) Of course, it is very
likely that it will be difficult to find a
stratification that respects all these
constraints and has internally
homogeneous strata. The phrase
“roughly equal” already provides some
slack, but it may be necessary to relax

recommended that the largest subdesign the constraint on strictly metro and

contain 200 sample PSU’s. These 200

nonmetro superstrata. This would not be

should be selected in such a manner thatcatastrophic because the definitions of

each sample PSU represents an
approximately equal number of persons.
Once that subdesign has been selected,
it will then be possible to split this set
of 200 sample PSU’s into panels in the
same manner as was done for the 198
PSU’s in the full 1985 design. In this
manner a set of nested subdesigns can
be created with 62 PSU’s, 113 PSU'’s,
155 PSU’s, and 200 PSU'’s.

The 306 full-design sample PSU’s
outside of the 52 largest consolidated
metropolitan areas should be grouped

into about 74 superstrata. This means anthe hyper-superstrata. One superstratum

average of 4.2 sample PSU’s per
superstratum. The superstrata should be
formed by applying the stratification
software developed at the U.S. Bureau
of the Census directly to the 306 PSU's.
The measure of size for a PSU should
be defined as the stratum population
represented by the PSU (one-half of
stratum population in the case of PSU’s
from 2-ps strata). Substantive
characteristics of the sample PSU itself
should be used to define similarity
rather than stratum characteristics. (It is
permissible and indeed most efficient to
use the characteristics of the sample
PSU itself rather than just those of the
stratum that it represents. However,
unbiased estimates of variance are
then not possible, and reasonable
estimates of variance components are
likely to be particularly problematic. See
“Using Sample Information for
Stratification” (34).) The superstrata
should be constrained to respect region
and metro status and to be roughly
equal in size. Respecting region and
metro status is important because these
are likely variables in NCHS reports.
Keeping the superstrata sizes roughly

metropolitan areas change over time
anyway.

Within each superstratum, two
PSU’s should be selected by the
Brewer-Durbin method with probability
proportionate to the measure of size
defined earlier. Then the stratification
program should be applied to the
superstrata to form hyper-superstrata.
The hyper-superstrata should also
respect regional and metropolitan
boundaries to the greatest extent
compatible with roughly equal sizes for

should then be selected from each
hyper-superstratum with probability
proportionate to superstratum size. With
four sample PSU’s per hyper-

superstrata, the four subpanels can then

easily be identified.

An alternative that is less efficient
but more elegant to describe is to form
just 37 superstrata to begin with and
then select four PSU’s from each
superstratum by either the
Durbin-Sampford method or the
Rao-Hartley-Cochran method with
probability proportionate to the measure
of size defined earlier. The Durbin-
Sampford method is generally more
efficient than the Rao-Hartley-Cochran
method but is substantially more
difficult to implement forn = 4.

Why not a unified set of panels?
Two distinct panel structures have been
recommended in this report because
each will be more efficient for a
particular objective and because no
serious disadvantages are foreseen. To
play the devil's advocate, however,
suppose there were a cut in the NHIS
sample size to 280 PSU’s and there
were a survey of dentists in 200 PSU'’s
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for which the U.S. Bureau of the Census
could promise substantial budget savings
if the sample were concentrated within
NHIS PSU’s. Because some of the 200
PSU’s in the national subdesign for
provider surveys would probably have
been among the 78 PSU’s dropped (in
this example) by NHIS, some efficiency
would have been lost. If the cost savings
are great enough, however, it would be
possible to pick a new national design

of 200 PSU’s from the 280 still in the
NHIS.

If the smaller design effects and
more stable workloads associated with
uniform superstratum sizes are not
important for a particular provider
survey or for some other piggyback
survey, however, the subdesigns
prepared for NHIS cuts could also be
used for such a survey. To recapitulate
the sizes that will be available under the
plans recommended here, it will be easy
to reduce the NHIS to (roughly) either
85, 110, 140, 200, 250, 280, or 300
PSU’s from the planned 358 PSU’s; and
subdesigns readily available for surveys
with a requirement for more equal
workloads will have 62, 113, 155, or
200 PSU's.

Note that the two 200-PSU
subdesigns will have quite different
characteristics. The NHIS will be
self-weighting (within block strata)
across the set of 200 PSU'’s designed for
a reduced NHIS, but NHIS workloads
will vary widely across those 200
PSU’s. NHIS will not be
self-weighting across the set of 200
PSU’s designed for a piggyback
survey nor will it have equal
workloads across those PSU'’s
(because of oversampling minority
density strata). However, a uniform
survey of total population could be
made self-weighting with equal
workloads across the set of 200 PSU'’s
designed for a piggyback survey.

Weighting Implications

If it is necessary to breach
metropolitan boundaries when
assembling superstrata, it would
probably make sense to incorporate a
first-stage adjustment with metro and
nonmetro cells into the weighting. Also,
if a piggyback survey uses one of the
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fixed subpanels designed for
multipurpose use even though the ideal
measure of size for the survey is very
different from total population, a
first-stage adjustment based on the ideal
measure of size should be incorporated
into the weighting for that survey.

Summary of Design
Characteristics

Figure 1shows the projected sample
sizes for the new design. It shows the
total number of listing lines designated
for screening, total number of screened
households, number of interviewed
households, and effective person-sample
sizes for both options of interviewing all
adults and for interviewing just one
adult per household.

Primary Sampling Units

PSU’s were selected for the 1995
design. The PSU’s are clusters of whole
adjacent counties. In nonmetropolitan
areas, the clusters were formed subject
to minimum constraints on population
and maximum constraints on land area.
In metropolitan areas, the PSU’s are
complete 1990 MSA'’s except where
MSA'’s cross State lines and in New
England. Multistate MSA's were split
into State components. PSU’s in New
England were based on NECMA's.

After the PSU’s had been defined,
they were stratified by State and
metropolitan status. Large MSA’s were
designated SR and placed into separate
strata. In States with large numbers of
NSR MSA PSU’s or large numbers of
nonmetropolitan PSU’s, the PSU’s were
further stratified by income with the
constraint that the strata within a State
and metropolitan category be
approximately equal in size.

After stratification, one or two
PSU’s were selected from each stratum
with probability proportionate to size.
The measure of size was the 1995
estimated total resident population (all
ages). Where two PSU’s were selected,
the selection was done without
replacement using the Brewer-Durbin
method. A total of 358 PSU’s were
selected.

124,000 HU'’s
selected for
screening

99,000 HHD’s with
251,000 occupants
successfully
screened

59,900 HHD’s
interviewed

occupants
rule

159,000 59,900 interviewed
adults with 1/HHD

46,800 children
(under age 18)

Effective sample sizes:

Blacks: 31,000 Blacks:
Hispanics: 37,000 Hispanics:
Others: 83,000 Others:
Total: 124,000 Total:

Effective sample sizes:

Effective sample sizes:

Blacks: 10,200
Hispanics: 14,700
Others: 19,000
Total: 36,600

Figure 1. Summary of sample sizes for new design (alpha option)

Household Clusters

Placeholders were created for all
HU'’s reported in the 1990 census in a
PSU. These placeholders were sorted by
the characteristics of their parent blocks
and, within that sort, by their block
labels. (Blocks with fewer than four
known housing units were collapsed
with other blocks and given a combined
block label.) One of the block
characteristics used in the sort was
whether there were substantial additional
operational efficiencies from
concentrating all the provider surveys
into a single subset of NHIS. This
suggests that it might be best to
custom-select a different subset of the
NHIS PSU’s for each of the provider
surveys.




Chapter 17.

t the time the research described

Contingency Plans
in this report was performed, it

l \ was not clear whether the

50-percent budget increase needed to
implement the recommended design
would be available. Consequently, a
number of contingency plans were
developed. After intense study and
discussion, one of these options was
chosen as the fallback position. It is
referred to as the beta option. (The
intended redesign described ¢hapter
16 is referred to as the alpha option.)

In fact, in late 1994, a decision was
made to implement the beta option
rather than the alpha option. The beta
option assumes the same level of
funding as in 1988 (after adjustment for
inflation). It calls for the continued
oversampling of black persons at the
current modest rate and for new
oversampling of Hispanic persons at a
rate high enough so that the precision
for Hispanic estimates is comparable to
that for black estimates.

Several other alternatives that were
seriously considered are briefly
described later for documentary
purposes.

The Beta Option

The beta option is similar to the
recommended design but has a much
lower level of screening. Instead of
designating 123,900 HU’s and GQE'’s
for screening, only 71,500 will be
designated. Also, the number of “other”
households discovered during screening
to be retained for full interviews will be
reduced from 35,100 to 28,900. These
two steps will reduce the cost from a
level 50 percent over a survey with
50,000 regular interviews, to a level
5 percent below such a survey. Because
the 1988 NHIS had about 47,500 regular
interviews, these reductions will make
the beta option close to budget-neutral
relative to 1988, after correcting for
inflation.

This cut was crafted in such a way
that the precision for black statistics will
be about the same as in 1988, the
precision for Hispanic statistics will be
sharply improved over 1988 levels to
about the same level as the precision of
black statistics, and the precision for all
other statistics will drop fairly sharply
relative to 1988. These decisions were
guided by NCHS perceptions of
precision needs for the domains. The
basic directive was to hold the precision
for black statistics steady, improve the
precision for Hispanic statistics to bring
them into parity with black statistics,
and let the precision for other statistics
fall into place as dictated by the budget.
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Table 62shows the oversampling
rates that are projected to generate the
required numbers of black and Hispanic
households with an approximately
optimal tradeoff between cost for
screening and higher design effects for
black and Hispanic statistics. These rates
are relative to the sampling rate for a
hypothetical equiprobability survey that
would yield 50,000 completed
interviews. These rates can be compared
with those for the alpha option in
table 20 Note that under the beta
option, blocks with heavy concentrations
of Hispanic persons and light
concentrations of black persons are
actually sampled more heavily than
blocks with heavy concentrations of
both minorities. This was arranged
deliberately to gain parity between black
and Hispanic effective sample sizes.

From a systems engineering
standpoint, it was important that all
sample clusters for the beta design be a
subset of those selected for the alpha
design. The U.S. Bureau of the Census
had done a tremendous amount of work
by the fall of 1994 to select and prepare
the clusters for the alpha option. Any
use of different clusters by the beta
design would have resulted in at least a
2-year delay in the 1995 NHISable 63
shows the percentages of the sample
selected for the alpha option that will be
needed for the beta option. These were
calculated by the formula

Table 62. Oversampling rates for the beta design (relative to a design that would yield 50,000 interviews)

Percent of block that is Hispanic

Percent of block that is black <5 5-10 10-30 30-60 60+
<10 L 1.0 1.5 1.5 1.6 2.3
10-30 ... 1.0 1.5 1.5 1.5 2.0
30-60 . ... 1.0 1.0 1.0 1.5 2.0
B0+ . . 1.0 1.0 1.2 1.5 1.5
NOTE: Compare with table 20 for the alpha design.
Table 63. Percent of total sample reserved for alpha option to be retained for the beta option

Percent of block that is Hispanic

Percent of block that is black <5 5-10 10-30 30-60 60+
<10 L 62.5 75.0 46.9 40.0 57.5
10-30 ..o 62.5 75.0 42.9 37.5 50.0
30-60 ... ... 58.8 50.0 28.6 37.5 50.0
60+ . .. 51.3 50.0 34.3 375 375
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ki

keep= K

proportion of listed HU’s (and GQE’s)
that would be used for the alpha design
that still need to be used for the beta

where the numerator is the oversampling design. Lets ands; be the optimal

rate for the beta design frotable 62

cluster sizes for the alpha and beta

and the denominator is the oversampling designs, respectively. Thgnandz are

rate for the alpha design fromable 20
The cut in the designated alpha
sample will be achieved by a mixture of

dropping whole clusters before listing
and subsampling listed HU’s in other
clusters. Although it would have been
possible to achieve the cut either by
only dropping whole clusters or by only
subsampling listed HU’s within the
whole set of clusters selected for the
alpha option, the mixture approach will
result in the smallest variation in the
number of interviewed households per
cluster.Table 64shows the optimal
cluster sizes for the beta design by
stratum. These may be compared with
those intable 59and were calculated by
the formulas given irchapter 16

Lety; be the proportion of clusters
selected for the alpha design that will be
kept for the beta design. Let be the

obtained by solving the set of equations

=yzk and
s =75

The results of solving this system of
equations are shown iables 65and 66.
Tables 67—7(aralleltables 21-24
showing persons in screened households
by domain, retention rates for “other”
households by stratum, effective sample
sizes by domain when all household
members are sampled, and effective
sample sizes by domain when just one
adult is sampled per household,
respectively. These tables were derived
using the same formulas and methods as
discussed irchapter 5As in chapter 5
the effective sample sizes reflect the
reduced power of the sample (relative to
a simple random sample of the same

Table 64. Desired cluster sizes for beta design (in terms of placeholders)

size) due to differential weights but not
the reduced power due to clustering.
The effective sample sizes are best
compared with an equiprobability design
that is subject to the same clustering as
the 1985-94 design of NHIS.

The total number of screened
households with cooperative occupants
is projected to be about 57,200 in the
year 2000 with a total of 144,000
occupants of all ages, of whom 106,000
will be 18 years and over. The
distribution of these screened
households across the domains of
interest is shown iable 67 The total
of 57,200 screened households is too
many to retain for full interviews given
an inflation-adjusted 1988 NHIS budget.
According to the projection of a
screening cost equal to one-third of a
full interview cost, the total number of
households that can be kept for full
interviews is 41,400. This means that
only 64.7 percent of the “other”
households discovered during screening
can be retained. The retention rates in
table 68restore the sample for “other”

Percent of block

that is Hispanic

Percent of block that is black <5 5-10 10-30 30-60 60+
<10 . 12 12 12 12 8
10-30 . . . 12 12 12 8 8
30-60 .. ... 8 8 8 8 8
B0+ . . 8 8 8 8 8
NOTE: Compare with table 59.
Table 65. Percent of strings reserved for the alpha option to be retained for the beta option

Percent of block that is Hispanic

Percent of block that is black <5 5-10 10-30 30-60 60+
<10 .. 83.3 100.0 62.5 40.0 57.5
10-30 . ... 62.5 75.0 42.9 375 50.0
3060 . ... 88.2 75.0 42.9 37.5 50.0
60+ . ... 51.3 50.0 34.3 375 375

Table 66. Percent of listing lines reserved for NHIS within strings retained for the beta option that are actually to be screened for the beta

option

Percent of block that is Hispanic

Percent of block that is black <5 5-10 10-30 30-60 60+
<10 L 75 75 75 100 100
10-30 . ... 100 100 100 100 100
30-60 ... 67 67 67 100 100
B0+ . .. 100 100 100 100 100
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Table 67. Persons in screened households for the beta option

All adults in each household

Race, Hispanic origin, and age Male Female Total

Black
underS . ... 743 712 1,454
517 2,117 2,019 4,136
18-24 . . . 785 919 1,704
2544 2,125 2,695 4,821
A5-64 . . 1,363 1,760 3,122
65andover .. ... ... 630 932 1,561
Total . . .. 7,762 9,036 16,798
Total 18 and over . . ... ......... .. ... 4,903 6,305 11,208
Households . . . ... ... ... ... ... ... ....... ... .. 6,192

Hispanic

under5 . ... 1,275 1,221 2,496
517 3,064 2,926 5,989
18-24 . . . 1,161 1,123 2,284
2544 3,243 3,165 6,408
A5-64 . . 1,457 1,650 3,107
65andover . ... ... 525 736 1,261
Total . .. 10,725 10,821 21,546
Total 18 and over . ... .. ... ... .. .. .. ... ... 6,386 6,674 13,060
Households . . . . ... ... ... ... ... ....... ... .. 6,340

Other
under5 . ... 3,080 2,919 5,999
517 9,306 8,825 18,131
18-24 . . . e 4,476 4,517 8,993
2544 15,450 15,670 31,119
A5-64 . . 12,693 13,178 25,871
65and OVer . . . ... 6,265 9,055 15,320
Total . .. 51,269 54,164 105,433
Total 18 and over . .. ... ... ... .. .. .. ... ... 38,883 42,419 81,302
Households . . . . ........ ... ... ... ....... ... ... 44,671

Total
under5 . ... 5,098 4,852 9,950
517 14,486 13,771 28,257
18-24 . . 6,422 6,558 12,981
2544 20,817 21,530 42,347
A5-64 . 15,512 16,588 32,100
65and over ... ... 7,420 10,722 18,142
Total .. ... 69,756 74,021 143,777
Total 18 and over . . ... ...... ... ... ..., 50,171 55,399 105,570
Households . . . . ...... ... ... .. ... ... ..... e e 57,204

... Category not applicable.

NOTE: Figures may not add to totals because of rounding.

Table 68. Percentage of other households discovered during screening to be kept for full interviews, beta option

Percent of block that is Hispanic

Percent of block that is black <5 5-10 10-30 30-60 60+
<10 L 71.2 47.4 47.4 44.5 30.9
10-30 . . 71.2 47.4 47.4 47.4 35.6
30-60 . ... 71.2 71.2 71.2 47.4 35.6

60+ . ... 71.2 71.2 59.3 47.4 47.4
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Table 69. Effective sample sizes for beta design when all household members are sampled

All adults per household

Race, Hispanic origin, and age Male Female Total

Black
under5 . ... 719 689 1,408
517 2,049 1,955 4,004
18-24 . . e 760 889 1,649
2544 2,057 2,609 4,667
A5-64 . . 1,319 1,703 3,023
65andover .. ... ... 610 902 1,511
Total .. ... 7,514 8,748 16,262
Total 18 and over . . ... ... .. ... ... 4,746 6,104 10,850
Households . . . . ... ... .. ... ... ... ....... .. L. 5,994

Hispanic

under5 . ... 1,179 1,129 2,307
517 2,831 2,704 5,635
18-24 . . . e 1,073 1,038 2,111
2544 2,997 2,925 5,922
A5-64 . . 1,346 1,525 2,872
65andover . ... ... 486 680 1,165
Total . .. 9,912 10,001 19,913
Total 18 and over . ... .. ... ... .. .. .. .. ... 5,902 6,168 12,070
Households . . .. ..... ... ... ... ... ....... S ... 5,859

Other
under5 . ... 1,993 1,889 3,882
517 6,021 5,710 11,731
18-24 . . . 2,896 2,922 5,818
2544 9,996 10,138 20,134
A5-64 . . 8,212 8,526 16,738
65and OVEr . . . . ... 4,053 5,859 9,912
Total . .. 33,171 35,044 68,215
Total 18 and over . ... .. ... ... . ... .. ... ... 25,157 27,445 52,602
Households . . . . ...... ... ... ... ... ....... .. ... 28,902

Total
underS ... 3,335 3,173 6,508
517 9,606 9,128 18,734
18-24 . . 4,305 4,410 8,716
2544 14,080 14,601 28,681
A5-64 . 10,715 11,434 22,149
65and over . ... 5,165 7,469 12,634
Total .. ... 47,206 50,215 97,421
Total 18 and over . . ... ....... . . ... ..., 34,265 37,914 72,179
Households . . . .. ... ... ... ... ... .. ...... Ce S 37,821

... Category not applicable.

NOTE: Figures may not add to totals because of rounding.

households to an equiprobability basis. members. For questionnaire items that 4-percent drop under the alpha option.

The design effects implied by the are administered to just one random The effective sample size for total
oversampling rates itable 62are 1.033, selected adult per househotdple 70 population declines by about 10 percent
1.082, 1.000, and 1.095 for the black,  shows the effective sample sizes that under the beta option, compared with
Hispanic, “other,” and total populations, can be used to predict precision. about a 10-percent improvement under
respectively. Application of these design Table 71contrasts the alpha and the alpha option. There are two

effects to the raw sample sizes in beta options with both the old design equiprobability designs shown in the
table 67and allowing for the random (1988) and equiprobability samples. table. One consists of 47,000
subsampling of “other” households Note that under either option, the interviewed households (the same size
leads to the effective sample sizes precision for black and Hispanic as the 1988 NHIS) and the other
shown intable 69 These are the sample estimates will be comparable to each consists of 50,000 interviewed

sizes that should be used to predict other. With the beta option, the effective households (the design that was the
precision for the core questionnaire sample size for “others” drops by about basis of projections ihapter 4. The

items that are asked of all household 20 percent, much steeper than the effective sample sizes for the black
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Table 70. Effective sample sizes for beta design when one adult is sampled per household

One adult per household

Race, Hispanic origin, and age Male Female Total
Black
under5 . ...
517 C s L
18-24 . . e 328 384 712
2544 888 1,126 2,014
A5-64 . . 569 735 1,305
65andover .. ... ... 263 389 652
Total . . .. L L C
Total 18 and over . . .. ....... ... ... ... 2,048 2,635 4,683
Households . . . . ... ... .. ... ... ... ....... o ... 5,994
Hispanic
under5 . ...
517 S s L
18-24 . . . 417 403 820
2544 1,164 1,136 2,300
A5-64 . . 523 592 1,115
65andover .. ... ... 185 264 453
Total . ... L L. e
Total 18 and over . ... .. ... ... . ... .. ... ... 2,292 2,395 4,688
Households . . . . ... ... ... .. ... ........ o ... 5,859
Other
underS . ...
517 e S L
18-24 . . . 1,337 1,349 2,686
2544 4,615 4,681 9,296
A5-64 . . 3,792 3,937 7,729
65and OVEr . . .. ... 1,871 2,705 4,577
Total . .. S L C.
Total 18 and over . ... .. ... ... .. .. .. ... ... 11,616 12,672 24,288
Households . . . . ..... ... ... ... ... ....... o ... 28,902
Total
under5 ...
517 S S L
18-24 . . 1,942 1,993 3,935
2544 6,203 6,460 12,663
A5-64 . 4,517 4,874 9,391
65and over . ... 2,144 3,098 5,242
Total .. ... C e L
Total 18 and over . . . ......... .. ... ..., 14,805 16,425 31,230

... Category not applicable.

NOTE: Figures may not add to totals because of rounding.

population declines under either Hispanic effective sample sizes under  policies and economic conditions abroad
equiprobability design relative to the the equiprobability design are mostly and in the United States.

1988 NHIS because of the oversampling due to the projected growth of the

of the black population _that was done in American Hispani(_: popu_la_tio_n between New Construction

the 1985-94 NHIS design. Because that 1988 and 2000. Finally, it is important .

oversampling was not very effective, the to remember the caveats about the Samp“ng

declines in the black effective sample projections given irchapter 4 All the
size associated with a switch to an projections are very sensitive to
equiprobability design would be modest. undercoverage rates for the black and
The oversampling in the 1985-94 design Hispanic populations, and it is well

Sampling of permits for new
residential buildings is being done about
the same for the 1995 design as for the
1985 design. The permits carry no

also explains the increases in the established that these rates fluctuate information on race or ethnicity of
effective sample sizes for the “other” considerably from year to year for no future occupants. Furthermore, it is
and total populations under the known reason. Also, the projections of

. - ) ) ; ! ; extremely difficult to map individual
equiprobability designs relative to the  the growth of the Hispanic population permits into blocks defined for the 1990

1988 NHIS. The strong increases in the are quite sensitive to immigration decennial census. The main reason for
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Table 71. Effective adult sample sizes for the year 2000 by redesign option and population domain relative to the 1988 NHIS design when

just one adult is sampled per sample household

Budget Total Black Hispanic Other

1988 NHIS 95 35,600 4,500 2,200 30,900
Projections for the year 2000
Alphaoption .. ......... ... .. .. . ... ... 150 38,400 8,900 8,800 29,600
Betaoption .. ...... ... ... ... ... 95 31,230 4,700 4,700 24,300
Equiprobability . . . ... ... oo 95 39,500 4,100 3,000 32,400
Equiprobability . ... ... ... 100 41,600 4,300 3,100 34,100
Percent change from 1988

Alphaoption ... ........ .. ... . 150 +8% +97% +299% —4%
Betaoption .. ..... ... . ... 95 -12% +4% +113% -21%
Equiprobability . . .. ... ... ... 95 +11% -8% +35% +5%
Equiprobability . . . ... ... . 100 +17% -3% +42% +10%

NOTE: Budget for 1988, adjusted for inflation, equals 95.

this difficulty is that much new
construction takes place along new
roads that did not exist at the last
census. Also, sometimes the permits are
identified in terms of legal language
(e.g., plots, land grants) rather than by
street addresses. Given that the
occupants of newly constructed housing
units tend to be disproportionately white
and not Hispanic, and given the higher
cost of screening permits, the decision
was reached to sample permits at the
same rate as “other” housing is sampled
after screening. This means that new
construction permits will be sampled at
rather low rates and that any black or
Hispanic households that happen to be
found there will have rather large
weights compared with other black and
Hispanic households in the sample.

Restoration of an
Equiprobability Design at
Level Cost and Other
Contingency Plans

Another option seriously considered
as a contingency plan was to drop back

to an equiprobability sample that would
cost the same as the 1988 survey after

adjustment for inflation. (The idea here
was an all-or-nothing approach on
minority statistics.) One idea was to
bring back dropped segments and then
do a uniform cut. Theoretically, this

proposed redesign includes large
oversamples (relative to a design with
50,000 completes) in all strata for
screening even after dropping initial
clusters. In fact, after dropping clusters

would work because (as discussed in theaccording to the alpha option, the

fifth section ofchapter 1% the U.S.
Bureau of the Census initially selected a
random clustered equiprobability
5-percent sample of the universe. Much
of this sample in the lower minority
density strata was set aside as not to be
used. These “dropped” clusters are
being reserved for NHIS use, but
nothing is being done to make them
ready for quick use. During the course
of the redesign research, the U.S.
Bureau of the Census estimated that

2 years or more of lead time would be
required to restore any dropped clusters.
This is a longer lead time than is
compatible with quick response to
funding contingencies. Thus, in
designing a contingency plan to restore
an equiprobability design, it was
important to think of a way to do it
without using the dropped clusters.

This is indeed possible. The key to
the feasibility of restoring an
equiprobability sample without using the
dropped clusters is the fact that the

Table 72. Percent of sample originally selected that would be retained for an equiprobability design

sample is still 60 percent higher even in
the lowest minority density stratum than
under the old design. The only
drawback to not being able to bring
back dropped clusters on short notice is
that the expected segment sizes will be
larger than desired in several strata. The
retention rates for an equiprobability
sample (designed to yield about 48,500
completed household interviews) are
shown intable 72

Note that if the subsampling is done
on the household level after listing in
the low-minority-density strata rather
than subsampling whole segments, the
variation in segment size can be reduced
considerably. The drawbacks of such a
procedure would be decreased savings
in listing cost and increased complexity
in sampling systemslables 73and 74
show retention rates at the segment and
within-segment levels that would
minimize the variation in segment size.

Projections of effective sample sizes
for this plan are given inable 71 Note

Percent of block that is Hispanic

Percent of block that is black <5 5-10 10-30 30-60 60+
<10 L 62.5 50.0 31.3 25.0 25.0
10-30 . . . 62.5 50.0 28.6 25.0 25.0
3060 . .. 58.8 50.0 28.6 25.0 25.0
B0+ . . 51.3 50.0 28.6 25.0 25.0
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Table 73. Percentage of strings to keep in conjunction with post-listing subsampling for equiprobability design

Percent of block that is Hispanic

Percent of block that is black <5 5-10 10-30 30-60 60+
<10 .. 100.0 100.0 62.5 375 25.0
10-30 .. 93.8 75.0 42.9 25.0 25.0
3060 ... 88.2 75.0 42.9 25.0 25.0
B0+ . 51.3 50.0 28.6 25.0 25.0

Table 74. Percentage of listed HU’s to keep in retained strings in conjunction with string subsampling for equiprobability design

Percent of block that is Hispanic

Percent of block that is black <5 5-10 10-30 30-60 60+
<10 .. 62.5 50.0 50.0 66.7 100.0
10-30 . .. 66.7 66.7 66.7 100.0 100.0
30-60 . ... 66.7 66.7 66.7 100.0 100.0
B0+ . . 100.0 100.0 100.0 100.0 100.0

that the effective sample size for black
persons would drop relative to the 1988
design because they would not be
oversampled. Effective sample sizes for
Hispanic persons would rise simply
because of their projected population
growth.

By using the reduction panels
described inchapter 16n the section on
1995 panel construction, it is also
possible to shrink the whole design
proportionately.
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to migrate out of heavily segregated

Chapter 18 inner-city neighborhoods into less

Recommendations fOr segregated city and suburban

. . neighborhoods. Some white persons are
CO”tlﬂUlng ResearCh likely to leave these neighborhoods; if
they do, new predominantly black
neighborhoods will have formed. As this
process continues, the oversample in the

Minority Populations old black neighborhoods will yield
smaller and smaller black samples, and

Across DenSIty Strata the black persons who are found in the

As the decade progresses, it will be New, formerly white, areas will have
possible to use the NHIS to estimate the large weights, reducing precision for
proportion of each domain living in minorities. _
each minority density stratum by using A middecade census with a
the technique used to estimate the 1988 crosswalk to 1990 blocks would largely
distributions (as described in “Cost solve this problem, but given the low
Functions for NHIS and Implications for Probability of a mid-decade census,
Survey Design” (15)). Such tracking aIFern_atives were sought to update the
might indicate that adjustments should ~Minority density of blocks, block
be made in the allocation of the sample 9roups, or even just tracts.
across the strata. These adjustments canUnfortunately, no viable alternatives
be made by adding and/or dropping are currently apparent. A study
segments (within the 2.5 percent performed in a number of local
reserved for NHIS) and by adjusting Jurlsd|ct|ons fqund almost all of them
postscreening retention rates. A lag will do not maintain data bases that would
occur, probably of several years, in be helpful (35). The sole exception
implementing such adjustments. Itis ~ Was a school district involved in
recommended that estimates of the court-ordered desegregation.
proportion of minorities in the density It would be useful to repeat this
strata be made every year. Furthermore, Study in 1998-99. It is possible that
these should not be viewed as done 0n|ylocal area administrative requirements
for research purposes but that will make such data bases more
consideration of modification of common. They would permit updating

regular intervals. kind of research is quite modest.

Intercensal Tracking of

Updating Minority Density ~ Coverage Improvement

Areas As the research was underway, an
aspect of NHIS emerged that had not
been previously identified as a
high-priority concern. NHIS coverage
rates for adult black males (where
coverage is defined as the proportion of
the census “adjusted” total population
that is covered in the survey) appears to
be in the 60- to 75-percent range for
most age groups. Coverage rates for
Hispanic persons are not computed on a
regular basis, but the U.S. Bureau of the
Census’ experience witGurrent
Population Surveyndicates that black
and Hispanic male coverage rates are
roughly comparable. Black female
coverage is not as low as the male rates,
but Current Population Survegvidence
indicates that Hispanic female coverage

By the year 1998, the information
on the distribution of minorities by
density strata was 8 years old. Data
from the 2000 census will not be
available at the block level for another 3
years. Even when available, it will
probably take several years to update
the 1990 data about the blocks. Work
comparing 1980 and 1988 showed
significant movement of black persons
out of areas that had strong black
concentrations in 1980. Many of these
migrants’ new neighborhoods were also
predominantly black by 1988, although
they were mostly white in 1980. Similar
trends may be expected for the 1990’s.
Black persons are predicted to continue

is probably not much different than that
for Hispanic males.

It is fairly obvious that the health
and social characteristics of the
uncovered population are quite different
from those of the covered population.
Furthermore, it is unlikely that the
weighting procedures fully compensate
for the differences. The resulting bias in
the NHIS estimates could be quite
serious, possibly more troubling than the
bias due to accepting proxy response.
NHIS research may have been focused
too tightly on sampling error at the
expense of bias. Unfortunately, this
problem is extremely difficult to
alleviate. At a meeting of staff members
of NCHS, the U.S. Bureau of the
Census, and Westat, Inc., a number of
suggestions were made for additional
research on the causes of the
undercoverage. Westat, Inc., staff felt
strongly that enough basic research had
been done, however, and that it was
time to start testing methods of
changing NHIS procedures, using some
of the ideas that had been put forward
previously. The U.S. Bureau of the
Census subsequently started to
implement such research. For
preliminary results, see “Coverage
Improvement from Experimental
Residence Questions” (36).
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Appendix |
List of the National Health Interview Survey Redesign Memorandums

No. Date Tot From Letter/Memo (if memo, subject)
1 October 3, 1989 Malec Judkins (Letter) Draft Specifications for NHIS Extract for Westat
2 October 10 Malec Waksberg (Letter) Specifications for NHIS Extract for Westat
3 October 17 Malec Westat Research Plan
4 October 20 Malec Waksberg Notes on October 12 Meeting Regarding NHIS Redesign
5 October 24 Malec Judkins Letter (Draft NHIS Variance Estimation)
6 November 19 Malec Judkins Letter (NHIS Variance Estimation)
7 November 29 Malec Waksberg Letter
8 December 13 Malec Judkins Letter (Merge of NHIS and Payroll Files)
9 December 13 Malec Waksberg Preliminary Analysis of Revisions in NHIS Sample Design Required for Subdomain Statistics
10 January 3, 1990 Malec Waksberg Preliminary Analysis of Revisions in NHIS Sample Design Required for State Statistics
11 January 11 Malec Waksberg Numbering of Memoranda and Reports
12 January 12 Malec Judkins Preliminary Report on Choice of First-Stage Probabilities
13 January 16 Malec Waksberg Condition Items in NHIS
14 January 16 Malec Judkins Preliminary Report on Network Sampling Application
15 January 17 Malec Judkins Corrected Variance Specifications
16 January 24 Malec Waksberg Further Analysis of Revision in NHIS Sample Design Required for Subdomain Statistics for
Blacks and Hispanics

17 March 26 Malec Waksberg Households as Sampling Units for Subdomain Statistics in the NHIS

18 March 28 Malec Waksberg Interim Report on Oversampling Techniques

19 March 30 Malec Judkins Preliminary Report on Dual Frame Sampling with Medicare Lists

20 April 6 Malec Waksberg NHIS Sample Size at Constant Cost When Screening is Necessary for Oversampling of
Subdomains

21 April 30 Malec Waksberg Current Status of Westat's NHIS Design Research

22 June 7 Malec Judkins The limits of oversampling without screening

23 June 12 Malec Judkins Research on Minimum Sample Size for Desired Reliability

24 June 13 Malec Judkins Supplemental Report on Minimum Sample Size for Desired Reliability

25 June 14 Malec Judkins Variance Decomposition and Multi-Year Estimation

26 June 18 Malec Waksberg Oversampling of Hispanic Spanish Origin Subgroups

27 June 18 Malec Judkins State Grouping

28 June 21 Malec Judkins Required Sample Sizes by Age

29 June 26 Malec Judkins NHIS Redesign Research — Minutes and Feedback to Requests from Meeting of May 8, 1990

30 June 26 Massey Waksberg Census Bureau’s Cost Estimates for Using Designated Respondents within Households in
NHIS

31 July 3 Malec Marker Hispanic Estimates by Geographic Area

32 July 9 Malec Judkins NHIS Redesign Research — Comparison of Oversampling with Screening versus
Oversampling by Itself

33 July 12 Malec Waksberg First Draft of Executive Summary of NHIS Redesign Research Report

34 July 19 Malec Waksberg Comparison of Sampling Plans that Produce Acceptable Race/Ethnicity Data for NHIS

35 July 26 Malec Judkins More Thoughts on Oversampling Procedures

36 August 6 Malec Judkins Revisions to Table in Memoranda 22, 32, and 33

37 August 23 Malec Judkins Revised Report on Network Sampling Applications

38 September 25 Malec Judkins Variation in Segment Size

39 September 25 Malec Judkins Comparison of Oversampling Strategies for Several Cost Assumptions

40 September 26 Malec Judkins Draft report on variance estimation attached

41 October 19 Malec Waksberg Robustness of Race/Ethnic Stratification Based on Decennial Census Data

42 November 7 Malec Marker Model-Based Hispanic Estimates by Geographic Area

43 October 30 Malec Judkins Draft Report on Subdomain and Design-Based Small Area Estimates

44 November 29 Malec Judkins Oversampling Implications Tables

45 December 12 Malec Waksberg Unlocatable Building Permit Records

46 December 19 Malec Judkins Costs of Using HCFA Lists

46A  December 19 Malec Marker Subnational Research Plan for FY 91

a7 December 26 Malec Wright (David) Master Area Reference File

48 January 11, 1991 Massey Waksberg Sample Sizes, Screening Levels and Relative Costs of Alternative Sample Designs in Your
December 28 Memo

48R January 4, 1991 Massey Waksberg Sample Sizes, Screening Levels and Relative Costs of Alternative Sample Designs in Your
December 28 Memo

49 January 11, 1991 Massey Waksberg Information Requested in Your December 28 Memo that Was Not Covered in Our Memo
Number 48

49R  January 8, 1991 Massey Waksberg Information Requested in Your December 28 Memo that Was Not Covered in Our Memo
Number 48

1The normal distribution list is: Westat, Inc.: Joe Waksberg, Mansour Fahimi, David Judkins, David Marker, and David Wright; CODA: Doris Northrup; NCHS: Dr. James
Massey (2 copies), Dr. Owen Thornberry, Dr. Monroe Sirken, and Tommy McLemore; Census Bureau: Thomas Moore; and one copy for the chronological file. (Listing goes
only to J.M., J.W., and chronological File.)
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No. Date Tot From Letter/Memo (if memo, subject)
50 February 14, 1991 Malec Judkins Design for a 50% Increase in Budget Authority
50R  February 14, 1991 Malec Judkins NHIS Redesign Research Design for 50% Increase in Budget Authority
50A  February 15, 1991 Massey Judkins Brief Description of Current Projects
51 February 19, 1991 Massey Waksberg Use of Nonhousehold Respondent in NHANES llI
52 February 19, 1991 Malec Marker Comparison of Model-Based Estimators for States
53 March 12, 1991 Malec Fahimi/Judkins Simulation Study on First-Stage Probabilities
54 March 27, 1991 Massey Judkins Components of Variance for Minority and Nonmetropolitan Statistics
55 April 20, 1991 Massey Judkins Integrated Survey Design
56 May 1, 1991 Massey Marker Area Sample-Based and RDD Supplemented State Level Estimates
56R  June 5, 1991 Malec Marker, Waksberg Area Sample-Based and RDD Supplemented, State-Level Estimates
57 May 14, 1991 Massey Waksberg Effect of Oversampling PSU’s with High Proportions of Blacks or on Rural Statistics
58 May 30, 1991 Massey Waksberg, Wright, Robustness of Distribution of the Population by Minority Density and Effect on Sample Designs
Judkins Which Oversample Strata with High Minority Density
59 June 3, 1991 Massey Waksberg Additional Tasks on NHIS Research
60 June 12, 1991 Massey Waksberg Current Status of Tasks Listed in the Contract
61 June 12, 1991 Massey Judkins/Searls Univariate Exploration of Health Characteristics by Minority Density Stratum
62 June 14, 1991 Massey Waksberg Cost Estimates for Random Digit Dialing Surveys to Supplement NHIS
63 June 19, 1991 Massey Judkins Allocation of Strata and PSU’s given State Stratification
64 July 17, 1991 Massey Judkins Use of Phone Number for Medicare Supplement
65 July 17, 1991 Massey Judkins Sensitivity and Specificity of SSA Indicators for Institutionalization
66 August 2, 1991 Massey Judkins NHIS Redesign Research — Revised Sampling Parameters
67 October 8, 1991 Massey Marker Precision of RDD Supplementation for State Level Age/Sex Estimates
68 October 9, 1991 Massey Judkins NHIS Redesign Research — Further Results of PL-94 Tabulations
69 October 14, 1991 Massey Judkins Decomposition of NHDS Variances
70 October 17, 1991 Massey Judkins NHIS Redesign — Census Screening System
71 November 12, 1991 Massey Marker Comparison of Stand-Alone RDD with Unbiased Dual Frame Estimators
72 November 14, 1991 Massey Waksberg Oversampling Density Strata for Statistics on Asian and American Indian Subdomains
73 December 9, 1991 Massey Marker Comparison of stand-alone RDD with biased dual frame estimators
74 December 20, 1991 Moore Judkins NHIS Redesign — Sample Selection Specifications for the Medicare Pilot Study
75 January 10, 1992 Massey Judkins/Edmonds Documentation of Variance Estimation Software
76 January 15, 1992 Massey Goksel Specifications for the Data File to Analyze Measures of Size for the NCHS
77 February 3, 1992 Massey Judkins Restoration of an Equi-Probability Sample
78 February 4, 1992 Massey Judkins Within Household Sampling Rules
78R March 4, 1993 Massey Judkins Within Household Sampling Rules (Revised)
79 February 19, 1992 Massey Marker Comparison of Stand-alone RDD with Dual Frame Estimators
80 February 21, 1992 Massey Judkins New Construction Sampling
81 February 25, 1992 Massey Wright/Judkins Logistic Regressions on Health Characteristics of Blacks and Hispanics by Minority 82 Density
Strata
82 March 6, 1992 Massey Judkins Questionnaire Implications of SSA Sampling
83 April 20, 1992 Malec Marker Detailed plan for empirical comparison of small area estimators
84 April 27, 1992 Thornberry Marker Comments on the Interviewer Assignment Period for the 1995 NHIS
85 May 29, 1992 Massey Goksel The correlations among the health care service based and population based measures of size
for NHIS
86 June 2, 1992 Massey Judkins NHIS Redesign Research—Interim Report on the Use of List of Surnames to Oversample
Hispanics
87 June 11, 1992 Massey Judkins NHIS Redesign: Variance Implications of a Macro-level Incorporation of the SSA Disabled List
Sample
88 June 11, 1992 Massey Judkins Comments on Third Working Draft of UCF Specifications
89 June 24, 1992 Massey Waksberg Current Status of Westat's Research on ISD Research Contract
90 July 7, 1992 Massey Judkins NHIS Redesign: Utility of Hispanic Surname List for Elderly
91 July 31, 1992 Massey Waksberg Interim Report on Oversampling Persons Whose Income Is Below the Poverty Level
92 July 8, 1992 Malec Edmonds Gibbs Sampler Software Research
93 July 15, 1992 Massey Judkins Interviewing Other Household Members in the 1992 SSA List Pilot for NHIS
94 July 15, 1992 Massey Judkins Dual-Frame Estimation for 1992 Pilot
95 July 22, 1992 Massey Judkins Construction of Panels for the 1995 NHIS Design
96 July 23, 1992 Massey Waksberg NHIS Coverage Research
97 July 31, 1992 Massey Goksel Variance Estimation for NAMCS
98 August 20, 1992 Malec Waksberg Feasibility of Updating Geographic Distribution of Minorities in Postcensal Years
99 August 28, 1992 Sirken Judkins Decisions from Meeting of July 30, 1992, on NHIS Panel Formation
100 August 31, 1992 Malec Marker Update on Empirical Comparison of Model-Based Estimators
101 September 8, 1992 Malec Judkins Assistance on Preparation of Sample Size Tables for Questionnaire Design
102 September 23, 1992  Shimizu Judkins Network Sampling of Health Care Events Based upon the National Health Interview Survey
103 October 5, 1992 Hoffman Judkins Comments on Draft Analytic Plan for SSA List Sample Pilot
104 October 6, 1992 Malec Judkins Possible Benefits of a Mid-Design Update to the Minority Density Strata
105 October 12, 1992 Sirken Judkins NHIS Redesign: Improvement Due to Screening and Equivalency to Multi-Year Reuse

1The normal distribution list is: Westat, Inc.: Joe Waksberg, Mansour Fahimi, David Judkins, David Marker, and David Wright; CODA: Doris Northrup; NCHS: Dr. James
Massey (2 copies), Dr. Owen Thornberry, Dr. Monroe Sirken, and Tommy McLemore; Census Bureau: Thomas Moore; and one copy for the chronological file. (Listing goes
only to J.M., J.W., and chronological File.)
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No. Date Tot From Letter/Memo (if memo, subject)

106 October 20, 1992 Sirken Judkins NHIS Redesign: Oversampling/Screening Designs for a 15-Percent Increase in Budget
Authority

107 October 27, 1992 Massey Waksberg Updating Minority Density Areas

108 November 12, 1992 Sirken Judkins NHIS Redesign: Changes in Effective Sample Sizes for Several Designs Options relative to the
1985-94 Design

109 January 25, 1993 Massey Judkins County-Level Clustering for Surveys of Health Care Facilities

109R  February 16, 1993 Massey Judkins County-Level Clustering for Surveys of Health Care Facilities

110 December 3, 1992 Massey Judkins NHIS Redesign: Changes in Effective Sample Sizes for Several More Design Options Relative
to the 1985-94 Design

111 December 7, 1992 Massey Waksberg Undercoverage in Sample Household Surveys

112 February 8, 1993 Massey Judkins NHIS Redesign: Draft Outline for Final Report

113 February 16, 1993 Massey Judkins Comments by Daniel Horvitz on Memorandum #102

114 February 26, 1993 Massey Judkins Tables on Benefits of SSA Sample of Disabled Beneficiaries

102R  March 1, 1993 Massey Judkins Network Sampling of Health Care Events Based upon the National Health Interview

115 August 5, 1993 Massey Goksel Variance Estimation for NAMCS Report, cover letter

116 August 17, 1993 Massey Waksberg Distribution of Poverty in Census Block Groups and Implications for Sample Design

117 December 6, 1993 Milliken Judkins Draft NHIS Neighbor Screening Plan

118 September 20, 1994  Moore Judkins Corrections to Specifications for the 1995 NHIS

119 September 27, 1994  Moore Judkins Revised Retention Rates for the 1995 NHIS

1The normal distribution list is: Westat, Inc.: Joe Waksberg, Mansour Fahimi, David Judkins, David Marker, and David Wright; CODA: Doris Northrup; NCHS: Dr. James Massey (2 copies), Dr. Owen
Thornberry, Dr. Monroe Sirken, and Tommy McLemore; Census Bureau: Thomas Moore; and one copy for the chronological file. (Listing goes only to J.M., J.W., and chronological File.)
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Appendix I
National Health Interview Survey Estimates and Coefficients of Variation

Subdomain
Black not Other not
Age Category Male Female Hispanic Hispanic Hispanic Asian Not Asian
Substantive variable: Number of chronic arthritis conditions
Aged under 5years . . . . .. Estimate 10,834.15 0.00 0.00 10,834.15 0.00 0.00 10,834.15
cv (%) 100.42 0.00 0.00 100.42 0.00 0.00 100.42
Aged 5to 17 years . . .. .. Estimate 20,936.29 102,472.95 2,989.95 88,779.63 31,639.65 0.00 123,409.24
cv (%) 72.06 36.06 110.05 32.99 85.01 0.00 32.25
Aged 18 to 24 years . . . .. Estimate 185,408.77 312,945.07 57,570.42 428,290.51 12,492.91 0.00 498,353.84
cv (%) 28.64 20.29 33.17 19.97 99.51 0.00 18.67
Aged 25 to 44 years . .. .. Estimate 1,704,849.19 2,992,162.51 462,040.58 3,843,956.66 391,014.45 24,536.29 4,672,475.41
cv (%) 9.19 5.78 13.80 5.35 17.75 71.47 511
Aged 45 to 64 years . .. .. Estimate 4,183,376.07 7,471,621.61 1,114,563.03 10,078,130.83 462,303.82  122,063.96 11,532,933.72
cv (%) 4.99 3.85 8.86 3.42 15.44 31.80 3.31
Aged 65 years or older . . . .  Estimate 4,467,372.24 8,933,255.70 1,067,112.78 12,030,460.38 303,054.77 74,758.73  13,325,869.20
cv (%) 4.72 3.76 8.75 3.52 23.39 48.58 3.31
Total . .............. Estimate 10,572,776.71 19,812,457.84 2,704,276.77 26,480,452.17 1,200,505.61 221,358.98 30,163,875.56
cv (%) 2.87 2.54 5.24 2.30 10.90 24.08 2.19
Age. ... ... Category Northeast Midwest South West New England Mid-Atlantic East North Central
Aged under 5years . . . . .. Estimate 0.00 0.00 10,834.15 0.00 0.00 0.00 0.00
cv (%) 0.00 0.00 100.42 0.00 0.00 0.00 0.00
Aged 5to 17 years . ... .. Estimate 32,556.67 24,084.00 45,325.06 21,443.51 21,342.66 11,214.01 2,989.95
cv (%) 55.18 103.70 45.66 70.41 71.02 87.10 110.05
Aged 18 to 24 years . . . .. Estimate 90,312.81 117,621.35 153,598.07 136,821.61 12,749.08 77,563.72 93,995.48
cv (%) 30.80 33.42 29.18 40.28 93.92 35.07 38.30
Aged 25 to 44 years . . . .. Estimate 942,920.08 1,211,535.27 1,614,182.24 928,374.10 336,063.52  606,856.56 900,800.67
cv (%) 12.38 9.10 9.00 13.36 26.65 15.06 11.08
Aged 45 to 64 years . .. .. Estimate 2,241,755.71 3,160,059.56 4,285,532.46 1,967,649.95 463,956.43 1,777,799.28 2,402,975.30
cv (%) 7.57 7.24 6.55 7.61 21.64 9.45 9.48
Aged 65 years or older . . . . Estimate 2,742,113.80 3,636,458.13 4,917,022.86 2,105,033.14 709,838.86 2,032,274.94 2,696,136.12
cv (%) 6.93 6.38 6.26 8.22 14.83 8.18 7.98
Total . .............. Estimate 6,049,659.07 8,149,758.31 11,026,494.85 5,159,322.31 1,543,950.55 4,505,708.52 6,096,897.52
cv (%) 4.75 3.85 3.97 5.33 14.69 6.17 5.30
Age . ... ... Category West North Central South Atlantic East South Central West South Central Mountain Pacific Total
Aged under 5years . . . . .. Estimate 0.00 0.00 0.00 10,834.15 0.00 0.00 10,834.15
cv (%) 0.00 0.00 0.00 100.42 0.00 0.00 100.42
Aged 5to 17 years . ... .. Estimate 21,094.04 22,659.13 0.00 22,665.93 21,443.51 0.00 123,409.24
cv (%) 116.94 72.33 0.00 56.20 70.41 0.00 32.25
Aged 18 to 24 years . . . .. Estimate 23,625.87 101,341.64 13,338.67 38,917.76 58,444.31 78,377.30 498,353.84
cv (%) 66.51 35.79 101.16 59.05 53.65 49.02 18.67
Aged 25 to 44 years . .. .. Estimate 310,734.60 560,452.09 306,884.03 746,846.13 236,257.40  692,116.70 4,697,011.70
cv (%) 21.90 15.87 22.71 14.57 25.39 14.87 511
Aged 45 to 64 years . .. .. Estimate 757,084.26 2,013,710.77 922,738.94 1,349,082.75 509,677.94 1,457,972.01 11,654,997.68
cv (%) 16.23 10.23 21.37 14.03 19.66 10.86 3.22
Aged 65 years or older . . . . Estimate 940,322.01 2,303,120.77 1,059,233.05 1,554,669.04 646,225.28 1,458,807.86  13,400,627.93
cv (%) 13.04 12.19 14.31 12.95 20.29 9.46 3.29
Total . .............. Estimate 2,052,860.79 5,001,284.41 2,302,194.69 3,723,015.76 1,472,048.44 3,687,273.87 30,385,234.54

cv (%) 12.09 8.89 12.69 11.02 14.03 7.39 2.15
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Subdomain
Black not Other not
Age Category Male Female Hispanic Hispanic Hispanic Asian Not Asian
Substantive variable: Number of acute digestive system conditions
Aged under 5years . . . .. Estimate 1,516,847.23 540,828.34 308,811.96 1,247,309.73 501,553.88 0.00 2,057,675.57
cv (%) 22.01 27.00 44.33 19.84 46.42 0.00 17.40
Aged5tolyears ...... Estimate 1,920,859.80 1,830,977.12 568,326.74 2,810,454.68 373,055.50 183,761.45 3,568,075.47
cv (%) 15.11 19.63 28.24 14.95 57.91 61.36 12.30
Aged 18to 24 years . . . . . Estimate 865,943.43 835,393.36 453,038.64 1,085,033.40 163,264.75 54,640.27 1,646,696.51
cv (%) 26.72 22.64 30.41 21.64 53.71 99.10 17.34
Aged 25to 44 years . . . . . Estimate 1,367,065.02 2,675,392.92 955,278.74 2,882,052.71 205,126.50 0.00 4,042,457.94
cv (%) 20.76 15.25 23.59 15.09 50.84 0.00 12.09
Aged 4510 64 years . . . . . Estimate 552,387.05 1,318,405.62 174,859.12 1,587,611.76 108,321.79 103,691.29 1,767,101.39
cv (%) 31.39 18.72 50.71 18.40 70.59 71.34 16.61
Aged 65 years or older . . . . Estimate 750,600.42 1,115,956.27 224,480.32 1,345,371.22 296,705.15 0.00 1,866,556.69
cv (%) 28.53 23.45 52.74 20.76 52.73 0.00 17.99
Total . ............. Estimate 6,973,702.97 8,316,953.63 2,684,795.51 10,957,833.50 1,648,027.58 342,093.01 14,948,563.58
cv (%) 10.00 8.44 11.91 7.74 29.29 42.64 6.78
Age ... ... Category Northeast Midwest South West New England  Mid-Atlantic  East North Central
Aged under 5years . . . .. Estimate 174,007.40 660,931.80 762,888.36 459,848.02 49,837.06 124,170.34 567,035.82
cv (%) 52.10 37.50 2841 36.44 99.77 60.55 40.53
Aged 5to 17 years . .. .. Estimate 508,359.98 913,315.35 1,458,410.70 871,750.89 93,690.31 414,669.67 626,789.38
cv (%) 31.30 29.43 16.58 28.79 64.51 35.49 36.98
Aged 18to 24 years . . . . . Estimate 452,404.79 569,220.92 396,622.16 283,088.91 163,168.59 289,236.20 397,032.36
cv (%) 31.89 30.55 36.32 4457 38.62 44.76 38.38
Aged 25to 44 years . . . . . Estimate 774,154.66 600,205.98 1,893,077.96 775,019.35 407,873.05 366,281.60 428,158.27
cv (%) 25.25 29.86 16.71 32.45 34.55 37.13 34.73
Aged 4510 64 years . . . . . Estimate 304,545.80 527,534.64 716,149.61 322,562.62 100,013.74 204,532.06 270,751.80
cv (%) 40.88 31.23 26.46 36.36 65.91 51.58 43.01
Aged 65 years or older . . . . Estimate 411,102.33 214,092.39 891,701.57 349,660.41 0.00 411,102.33 64,588.35
cv (%) 48.04 46.51 24.95 27.98 0.00 48.04 71.87
Total . ............. Estimate 2,624,574.96 3,485,301.08 6,118,850.36 3,061,930.19 814,582.75 1,809,992.21 2,354,355.97
cv (%) 14.01 16.00 10.23 15.71 23.35 17.85 20.55
Age ... ... Category West North Central  South Atlantic  East South Central West South Central Mountain Pacific Total
Aged under 5years . . . .. Estimate 93,895.98 198,849.70 133,896.93 430,141.73 99,251.95 360,596.07 2,057,675.57
cv (%) 99.42 50.43 55.59 41.35 70.40 42.88 17.40
Aged5to 17 years .. ... Estimate 286,525.97 452,778.38 374,560.87 631,071.45 137,701.16 734,049.73 3,751,836.92
cv (%) 41.11 35.04 56.55 34.02 56.94 31.64 12.70
Aged 18to 24 years . . . . . Estimate 172,188.56 87,461.85 191,202.69 117,957.62 110,378.83 172,710.08 1,701,336.79
cv (%) 53.00 63.08 56.30 64.06 71.11 57.47 16.94
Aged 25to 44 years . . . . . Estimate 172,047.72 602,939.16 385,299.81 904,838.98 253,513.58 521,505.77 4,042,457.94
cv (%) 58.20 32.93 37.61 24.80 45.28 40.47 12.09
Aged 4510 64 years . . . . . Estimate 256,782.85 322,385.23 188,064.42 205,699.96 153,669.10 168,893.52 1,870,792.67
cv (%) 45.37 40.08 49.83 59.82 49.25 53.27 16.23
Aged 65 years or older . . . . Estimate 149,504.04 536,324.46 106,945.02 248,432.09 183,360.34 166,300.07 1,866,556.69
cv (%) 58.91 30.98 70.13 51.93 49.92 61.82 17.99
Total . ............. Estimate 1,130,945.11 2,200,738.79 1,379,969.75 2,538,141.83 937,874.96 2,124,055.23 15,290,656.60
cv (%) 21.58 19.04 31.24 18.68 24.56 19.56 6.87
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Subdomain
Black not Other not
Age Category Male Female Hispanic Hispanic Hispanic Asian Not Asian
Substantive variable: Number of acute bronchitis conditions
Aged under 5years . . . .. Estimate 1,132,721.10 932,992.47 174,278.96 1,681,713.59 209,721.03 0.00 2,065,713.57
cv (%) 22.35 23.35 50.24 20.16 41.04 0.00 16.46
Aged5to 17 years ... .. Estimate 863,924.92 939,198.84 230,337.38 1,480,137.09 92,649.29 0.00 1,803,123.76
cv (%) 23.77 24.94 46.15 19.16 62.65 0.00 17.64
Aged 18to 24 years . . . . . Estimate 111,977.36 342,820.50 62,544.24 328,439.51 63,814.11 0.00 454,797.86
cv (%) 74.34 40.60 98.78 41.82 96.60 0.00 35.79
Aged 25to 44 years . . . . . Estimate 726,719.19 1,313,878.85 198,576.82 1,842,021.22 0.00 0.00 2,040,598.04
cv (%) 29.77 21.24 48.82 16.91 0.00 0.00 15.69
Aged 4510 64 years . . . . . Estimate 283,565.40 479,666.93 0.00 737,641.85 25,590.48 0.00 763,232.33
cv (%) 41.33 31.07 0.00 26.74 99.85 0.00 25.97
Aged 65 years or older . . . . Estimate 604,458.85 349,479.40 0.00 953,938.25 0.00 0.00 953,938.25
cv (%) 35.16 36.86 0.00 27.12 0.00 0.00 27.12
Total . ............. Estimate 3,723,366.82 4,358,036.99 665,737.40 7,023,891.50 391,774.91 0.00 8,081,403.81
cv (%) 11.82 10.42 29.54 8.24 33.03 0.00 7.77
Age ... ... Category Northeast Midwest South West New England  Mid-Atlantic  East North Central
Aged under 5years . . . .. Estimate 307,542.36 598,984.08 717,203.55 441,983.59 49,837.06 257,705.30 458,693.50
cv (%) 38.13 32.18 27.15 27.27 102.98 40.64 39.54
Aged5to 17 years .. ... Estimate 180,212.05 421,801.37 564,983.09 636,127.24 48,594.05 131,618.01 243,749.11
cv (%) 48.53 36.05 29.23 30.06 83.39 59.20 45.28
Aged 18to 24 years . . . . . Estimate 51,563.12 113,522.21 233,592.39 56,120.14 51,563.12 0.00 113,522.21
cv (%) 99.76 70.60 50.94 99.80 99.76 0.00 70.60
Aged 25to 44 years . . . . . Estimate 347,465.61 1,040,638.57 343,083.46 309,410.40 51,555.03 295,910.58 586,994.94
cv (%) 41.49 22.84 39.53 33.61 99.11 45.45 27.21
Aged 45t0 64 years . . . . . Estimate 202,146.32 260,811.67 49,327.30 250,947.04 0.00 202,146.32 163,370.52
cv (%) 51.08 44.90 101.54 44,78 0.00 51.08 57.67
Aged 65 years or older . . . . Estimate 99,848.26 206,471.86 358,928.78 288,689.35 0.00 99,848.26 206,471.86
cv (%) 71.44 50.50 37.96 56.76 0.00 71.44 50.50
Total . ............. Estimate 1,188,777.72 2,642,229.77 2,267,118.57 1,983,277.76 201,549.25 987,228.47 1,772,802.14
cv (%) 20.70 14.76 17.43 17.96 48.50 22.96 17.87
Age ... ... Category West North Central  South Atlantic  East South Central West South Central Mountain Pacific Total
Aged under 5years . . . .. Estimate 140,290.58 140,473.88 242,401.58 334,328.09 91,121.73 350,861.85 2,065,713.57
cv (%) 70.85 58.70 35.88 47.01 69.85 29.01 16.46
Aged 5to 17 years ... .. Estimate 178,052.27 149,421.31 101,987.37 313,574.41 241,046.73 395,080.52 1,803,123.76
cv (%) 53.04 75.27 68.48 37.10 48.93 38.18 17.64
Aged 18 to 24 years . . . . . Estimate 0.00 55,451.51 0.00 178,140.88 0.00 56,120.14 454,797.86
cv (%) 0.00 105.88 0.00 58.10 0.00 99.80 35.79
Aged 25to 44 years . . . . . Estimate 453,643.63 233,637.93 0.00 109,445.53 96,819.49 212,590.91 2,040,598.04
cv (%) 44.82 46.61 0.00 73.03 70.79 50.34 15.69
Aged 45to 64 years . . . . . Estimate 97,441.14 0.00 0.00 49,327.30 48,694.13 202,252.91 763,232.33
cv (%) 71.30 0.00 0.00 101.54 101.42 50.00 25.97
Aged 65 years or older . . . . Estimate 0.00 157,907.61 0.00 201,021.17 47,540.24 241,149.11 953,938.25
cv (%) 0.00 57.71 0.00 50.44 101.31 65.02 27.12
Total . ............. Estimate 869,427.62 736,892.24 344,388.95 1,185,837.37 525,222.32  1,458,055.44 8,081,403.81
cv (%) 35.44 35.64 38.90 23.40 33.18 20.97 7.77
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Subdomain
Black not Other not
Age Category Male Female Hispanic Hispanic Hispanic Asian Not Asian
Substantive variable: Number of acute urinary conditions
Aged under 5years . . . .. Estimate 49,837.06 201,295.03 0.00 251,132.09 0.00 0.00 251,132.09
cv (%) 100.69 49.98 0.00 4491 0.00 0.00 4491
Aged5to 17 years ... .. Estimate 0.00 319,296.08 88,479.72 230,816.36 0.00 0.00 319,296.08
cv (%) 0.00 38.68 73.83 44.73 0.00 0.00 38.68
Aged 18to 24 years . . . . . Estimate 83,394.94 799,442.55 81,427.18 688,390.59 113,019.73 0.00 882,837.49
cv (%) 77.78 31.83 75.66 35.09 69.76 0.00 30.56
Aged 25to 44 years . . . . . Estimate 587,183.97 2,134,905.33 377,161.26 2,081,547.32 263,380.73 49,899.27 2,672,190.03
cv (%) 37.06 15.80 34.88 17.20 44.48 99.71 14.91
Aged 4510 64 years . . . . . Estimate 444,449.11 974,334.29 72,700.28 1,346,083.12 0.00 0.00 1,418,783.40
cv (%) 33.31 23.99 74.84 20.44 0.00 0.00 19.78
Aged 65 years or older . . . . Estimate 444,834.40 807,739.79 138,542.87 1,051,811.77 62,219.54 0.00 1,252,574.19
cv (%) 35.96 23.26 48.54 22.00 102.89 0.00 18.86
Total . ............. Estimate 1,609,699.47 5,237,013.08 758,311.31 5,649,781.24 438,620.00 49,899.27 6,796,813.28
cv (%) 21.15 10.84 23.24 10.65 38.96 99.71 10.02
Age ... ... Category Northeast Midwest South West New England  Mid-Atlantic  East North Central
Aged under 5years . . . .. Estimate 58,172.05 96,937.60 46,185.39 49,837.06 0.00 58,172.05 51,115.62
cv (%) 99.37 69.27 101.34 100.69 0.00 99.37 99.21
Aged5to 17 years .. ... Estimate 88,479.72 0.00 135,191.30 95,625.05 0.00 88,479.72 0.00
cv (%) 73.83 0.00 57.64 71.04 0.00 73.83 0.00
Aged 18to 24 years . . . . . Estimate 118,529.80 344,193.21 309,007.16 111,107.31 53,585.91 64,943.90 281,350.14
cv (%) 71.10 58.95 41.85 70.99 100.19 100.52 53.44
Aged 25to 44 years . . . . . Estimate 238,666.14 692,642.11 1,270,746.34 520,034.72 154,706.16 83,959.98 431,523.91
cv (%) 42.14 27.31 25.08 26.71 48.65 79.83 33.93
Aged 4510 64 years . . . . . Estimate 365,603.96 509,122.92 494,821.01 49,235.51 0.00 365,603.96 301,864.91
cv (%) 40.93 31.64 32.16 100.27 0.00 40.93 40.73
Aged 65 years or older . . . . Estimate 0.00 298,918.98 612,170.27 341,484.94 0.00 0.00 157,433.20
cv (%) 0.00 47.06 24.62 37.48 0.00 0.00 59.42
Total . ............. Estimate 869,451.67 1,941,814.83 2,868,121.47 1,167,324.59 208,292.07 661,159.60 1,223,287.78
cv (%) 24.97 17.39 14.41 20.08 44.58 32.12 20.27
Age ... ... Category West North Central  South Atlantic  East South Central West South Central Mountain Pacific Total
Aged under 5years . . ... Estimate 45,821.98 0.00 46,185.39 0.00 0.00 49,837.06 251,132.09
cv (%) 96.52 0.00 101.34 0.00 0.00 100.69 4491
Aged 5to 17 years . .. .. Estimate 0.00 89,982.98 0.00 45,208.32 51,177.33 44,447.73 319,296.08
cv (%) 0.00 70.56 0.00 99.14 100.36 100.32 38.68
Aged 18 to 24 years . . . . . Estimate 62,843.07 103,181.26 58,890.15 146,935.75 0.00 111,107.31 882,837.49
cv (%) 114.54 69.39 99.10 61.19 0.00 70.99 30.56
Aged 25to 44 years . . . . . Estimate 261,118.20 576,214.70 222,177.88 472,353.76 100,789.16 419,245.56 2,722,089.30
cv (%) 46.63 32.91 77.76 36.15 69.13 32.56 14.74
Aged 45 to 64 years . . . . . Estimate 207,258.01 236,053.19 0.00 258,767.82 49,235.51 0.00 1,418,783.40
cv (%) 49.67 47.35 0.00 43.82 100.27 0.00 19.78
Aged 65 years or older . . . . Estimate 141,485.79 204,100.43 144,310.85 263,758.98 139,487.22 201,997.72 1,252,574.19
cv (%) 74.36 45.11 39.81 40.26 57.76 49.35 18.86
Total . ............. Estimate 718,527.05 1,209,532.57 471,564.28 1,187,024.62 340,689.22 826,635.38 6,846,712.55
cv (%) 28.48 22.96 39.15 24.64 37.67 26.01 10.00
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Subdomain
Black not Other not
Age Category Male Female Hispanic Hispanic Hispanic Asian Not Asian
Substantive variable: Number of chronic color blindness
Aged under 5 years . . . .. Estimate 0.00 0.00 0.00 0.00 0.00 0.00 0.00
cv (%) 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Aged5to 17 years ... .. Estimate 360,797.82 11,117.47 0.00 347,494.82 24,420.47 0.00 371,915.28
cv (%) 17.34 99.21 0.00 17.58 70.63 0.00 16.99
Aged 18to 24 years . . . . . Estimate 217,425.86 11,899.18 0.00 215,055.95 14,269.09 0.00 229,325.04
cv (%) 28.12 100.14 0.00 28.28 100.29 0.00 27.17
Aged 25to 44 years . . . . . Estimate 1,011,047.67 94,985.16 42,279.77 978,638.48 85,114.58 26,619.79 1,079,413.04
cv (%) 10.65 33.58 55.55 10.79 42.11 70.74 10.47
Aged 45 to 64 years . . . . . Estimate 631,363.19 51,355.20 37,329.58 633,092.92 12,295.89 12,295.89 670,422.51
cv (%) 13.07 49.73 48.93 13.45 100.58 100.58 12.93
Aged 65 years or older . . . . Estimate 309,106.73 52,550.96 14,983.71 346,673.97 0.00 0.00 361,657.69
cv (%) 19.06 45.98 70.01 17.52 0.00 0.00 17.05
Total . ............. Estimate 2,529,741.27 221,907.97 94,593.07 2,520,956.15 136,100.02 38,915.68 2,712,733.56
cv (%) 7.08 23.34 33.12 7.17 29.70 57.68 6.97
Age ... ... Category Northeast Midwest South West New England  Mid-Atlantic  East North Central
Aged under 5 years . . . .. Estimate 0.00 0.00 0.00 0.00 0.00 0.00 0.00
cv (%) 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Aged 5to 17 years . .. .. Estimate 80,121.74 158,797.64 22,949.32 110,046.58 11,171.90 68,949.85 112,792.10
cv (%) 37.90 27.65 70.34 36.34 99.44 40.99 33.08
Aged 18 to 24 years . . . . . Estimate 0.00 130,077.01 49,724.29 49,523.74 0.00 0.00 67,149.61
cv (%) 0.00 40.00 46.17 49.46 0.00 0.00 42.56
Aged 25to 44 years . . . . . Estimate 241,773.09 398,900.33 262,240.34 203,119.08 57,600.08 184,173.01 290,119.27
cv (%) 19.63 17.38 24.80 25.41 43.19 22.73 21.27
Aged 45 to 64 years . . . . . Estimate 210,933.25 161,375.08 203,393.67 107,016.40 57,416.53 153,516.72 127,973.21
cv (%) 25.46 26.77 23.04 31.88 33.82 30.88 29.54
Aged 65 years or older . . . . Estimate 131,820.55 115,353.27 45,505.75 68,978.12 35,697.90 96,122.65 93,819.43
cv (%) 30.64 31.41 50.01 40.51 57.08 36.19 34.93
Total . ............. Estimate 664,648.63 964,503.32 583,813.38 538,683.91 161,886.40 502,762.23 691,853.62
cv (%) 12.03 11.41 17.06 15.10 27.37 14.37 12.91
Age . ... Category West North Central ~ South Atlantic  East South Central West South Central Mountain Pacific Total
Aged under 5years . . ... Estimate 0.00 0.00 0.00 0.00 0.00 0.00 0.00
cv (%) 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Aged 5to 17 years . .. .. Estimate 46,005.54 22,949.32 0.00 0.00 56,502.03 53,544.54 371,915.28
cv (%) 50.48 70.34 0.00 0.00 44.41 58.94 16.99
Aged 18 to 24 years . . . . . Estimate 62,927.40 11,849.17 0.00 37,875.13 25,665.47 23,858.27 229,325.04
cv (%) 62.06 100.45 0.00 52.18 71.24 68.22 27.17
Aged 25to 44 years . . . . . Estimate 108,781.05 118,806.37 92,391.81 51,042.17 103,037.96 100,081.12 1,106,032.84
cv (%) 36.06 36.90 43.17 43.94 36.93 31.57 10.42
Aged 45 to 64 years . . . . . Estimate 33,401.86 93,450.63 28,806.17 81,136.88 35,220.62 71,795.77 682,718.39
cv (%) 61.51 38.29 60.53 36.84 49.79 40.67 12.56
Aged 65 years or older . . . . Estimate 21,533.84 34,466.02 0.00 11,039.73 33,202.75 35,775.36 361,657.69
cv (%) 72.01 57.22 0.00 101.13 58.40 56.96 17.05
Total . ............. Estimate 272,649.69 281,521.51 121,197.98 181,093.90 253,628.84 285,055.07 2,751,649.24
cv (%) 27.85 27.01 33.11 25.32 23.77 20.82 6.87
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Subdomain
Black not Other not
Age Category Male Female Hispanic Hispanic Hispanic Asian Not Asian
Substantive variable: Number of chronic epilepsy conditions
Aged under 5years . . . .. Estimate 54,167.69 10,658.17 8,326.56 33,322.19 23,177.11 0.00 64,825.86
cv (%) 44.47 100.01 104.12 56.63 70.05 0.00 40.54
Aged 5to 17 years . . . .. Estimate 16,635.28 69,835.91 16,635.28 57,747.66 12,088.25 0.00 86,471.19
cv (%) 77.13 39.51 77.13 42.90 100.78 0.00 33.08
Aged 18to 24 years . . . . . Estimate 55,308.01 24,206.85 17,707.41 48,242.72 13,564.73 0.00 79,514.85
cv (%) 44,57 69.99 71.36 49.36 99.89 0.00 43.97
Aged 25to 44 years . . . . . Estimate 144,131.23 183,932.50 57,489.96 240,461.87 30,111.90 12,845.05 315,218.68
cv (%) 35.51 25.20 47.67 25.15 59.54 99.72 21.50
Aged 4510 64 years . . . . . Estimate 113,211.68 133,631.76 24,478.67 210,732.62 11,632.16 0.00 246,843.45
cv (%) 31.71 29.69 48.89 23.09 100.34 0.00 21.08
Aged 65 years or older . . . . Estimate 56,905.22 59,396.44 22,686.32 58,557.18 35,058.16 0.00 116,301.66
cv (%) 35.34 44.73 58.03 39.34 58.11 0.00 28.89
Total . ............. Estimate 440,359.11 481,661.63 147,324.20 649,064.24 125,632.30 12,845.05 909,175.69
cv (%) 16.50 17.20 24.56 14.16 30.41 99.72 11.90
Age ... ... Category Northeast Midwest South West New England  Mid-Atlantic  East North Central
Aged under 5years . . . .. Estimate 23,177.11 13,084.48 28,564.27 0.00 0.00 23,177.11 13,084.48
cv (%) 70.05 99.66 55.81 0.00 0.00 70.05 99.66
Aged 5to 17 years . .. .. Estimate 0.00 11,961.48 63,848.35 10,661.35 0.00 0.00 11,961.48
cv (%) 0.00 100.59 36.81 102.01 0.00 0.00 100.59
Aged 18to 24 years . . . . . Estimate 36,733.13 30,836.97 0.00 11,944.75 0.00 36,733.13 20,194.85
cv (%) 74.51 60.24 0.00 97.13 0.00 74.51 75.13
Aged 25to 44 years . . . . . Estimate 66,198.97 76,137.71 116,095.06 69,632.00 11,138.18 55,060.79 52,692.82
cv (%) 59.58 38.90 33.55 40.74 83.50 69.77 45.76
Aged 4510 64 years . . . . . Estimate 47,773.59 61,273.37 88,991.71 48,804.77 23,162.50 24,611.10 37,552.77
cv (%) 49.25 44.49 33.95 46.08 68.91 70.18 59.05
Aged 65 years or older . . . . Estimate 12,183.05 23,077.76 58,629.13 22,411.73 0.00 12,183.05 23,077.76
cv (%) 100.71 70.90 41.03 54.19 0.00 100.71 70.90
Total . ............. Estimate 186,065.84 216,371.77 356,128.52 163,454.61 34,300.68 151,765.16 158,564.17
cv (%) 31.32 23.09 20.78 25.33 53.82 36.40 27.10
Age ... ... Category West North Central  South Atlantic  East South Central West South Central Mountain Pacific Total
Aged under 5years . . . .. Estimate 0.00 8,326.56 13,448.12 6,789.59 0.00 0.00 64,825.86
cv (%) 0.00 104.12 89.17 92.43 0.00 0.00 40.54
Aged5to 17 years .. ... Estimate 0.00 11,214.93 23,013.69 29,619.73 0.00 10,661.35 86,471.19
cv (%) 0.00 104.51 70.71 55.24 0.00 102.01 33.08
Aged 18to 24 years . . . . . Estimate 10,642.12 0.00 0.00 0.00 11,944.75 0.00 79,514.85
cv (%) 98.62 0.00 0.00 0.00 97.13 0.00 43.97
Aged 25to 44 years . . . . . Estimate 23,444.89 66,752.50 17,835.18 31,507.38 34,640.88 34,991.11 328,063.73
cv (%) 71.66 46.49 74.33 61.60 57.85 57.16 21.03
Aged 4510 64 years . . . . . Estimate 23,720.60 30,218.27 32,359.11 26,414.33 11,712.11 37,092.66 246,843.45
cv (%) 66.44 61.00 58.61 56.98 100.17 51.50 21.08
Aged 65 years or older . . . . Estimate 0.00 19,042.88 27,415.07 12,171.18 11,125.20 11,286.53 116,301.66
cv (%) 0.00 73.19 59.97 80.84 42.73 99.48 28.89
Total . ............. Estimate 57,807.61 135,555.15 114,071.16 106,502.21 69,422.94 94,031.67 922,020.74
cv (%) 44.28 33.62 40.41 37.19 38.11 33.94 11.97
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Black not Other not
Age Category Male Female Hispanic Hispanic Hispanic Asian Not Asian
Substantive variable: Number of moving motor vehicle injuries
Aged under 5 years . . . .. Estimate 0.00 91,643.96 0.00 91,643.96 0.00 0.00 91,643.96
cv (%) 0.00 99.89 0.00 99.89 0.00 0.00 99.89
Aged 5to 17 years . . . . . Estimate 172,150.80 435,241.14 53,453.18 499,541.00 54,397.76 0.00 607,391.94
cv (%) 48.70 35.24 70.09 32.68 99.64 0.00 28.22
Aged 18to 24 years . . . . . Estimate 737,646.81 432,467.37 91,416.57 853,135.17 225,562.44 0.00 1,170,114.18
cv (%) 37.76 34.30 67.82 34.40 50.45 0.00 28.03
Aged 25to 44 years . . . . . Estimate 769,740.68 774,975.18 224,596.54 1,158,288.58 161,830.73 101,395.75 1,443,320.10
cv (%) 31.41 26.45 50.96 24.27 61.67 100.30 20.83
Aged 45 to 64 years . . . . . Estimate 172,682.31 260,628.76 50,214.68 328,234.13 54,862.26 48,694.13 384,616.93
cv (%) 58.90 42.60 71.03 41.51 98.85 100.60 36.85
Aged 65 years or older . . . . Estimate 203,736.01 109,345.86 48,149.92 208,638.38 56,293.58 0.00 313,081.87
cv (%) 46.82 70.54 62.72 50.23 99.49 0.00 46.07
Total . ............. Estimate 2,055,956.60 2,104,302.26 467,830.89 3,139,481.21 552,946.77 150,089.88 4,010,168.98
cv (%) 20.37 16.62 32.59 16.16 32.18 75.26 13.91
Age ... ... Category Northeast Midwest South West New England  Mid-Atlantic  East North Central
Aged under 5 years . . . .. Estimate 0.00 0.00 0.00 91,643.96 0.00 0.00 0.00
cv (%) 0.00 0.00 0.00 99.89 0.00 0.00 0.00
Aged 5to 17 years . . . . . Estimate 97,230.71 46,289.09 366,611.44 97,260.70 45,547.58 51,683.12 0.00
cv (%) 65.72 100.48 33.73 70.86 83.53 99.87 0.00
Aged 18to 24 years . . . . . Estimate 109,813.31 233,824.37 391,893.97 434,582.53 58,743.07 51,070.24 176,929.60
cv (%) 69.12 53.49 49.98 38.01 99.93 97.84 58.87
Aged 25to 44 years . . . . . Estimate 440,352.42 149,464.55 546,029.86 408,869.02 201,656.79 238,695.63 149,464.55
cv (%) 35.38 56.77 38.04 39.90 48.15 51.20 56.77
Aged 45 to 64 years . . . . . Estimate 5,0703.93 130,989.73 148,061.01 103,556.39 50,703.93 0.00 130,989.73
cv (%) 100.00 61.77 61.18 70.40 100.00 0.00 61.77
Aged 65 years or older . . . . Estimate 108,160.19 0.00 101,202.21 103,719.48 0.00 108,160.19 0.00
cv (%) 99.77 0.00 59.39 71.70 0.00 99.77 0.00
Total . ............. Estimate 806,260.56 560,567.74 1,553,798.49 1,239,632.08 356,651.38 449,609.18 457,383.87
cv (%) 30.90 31.94 22.18 23.29 44.47 39.64 34.62
Age ... ... Category West North Central  South Atlantic  East South Central West South Central Mountain Pacific Total
Aged under 5 years . . . .. Estimate 0.00 0.00 0.00 0.00 91,643.96 0.00 91,643.96
cv (%) 0.00 0.00 0.00 0.00 99.89 0.00 99.89
Aged5to 17 years .. ... Estimate 46,289.09 47,891.53 103,080.35 215,639.55 50,575.91 46,684.79 607,391.94
cv (%) 100.48 87.17 70.71 45.62 100.57 100.39 28.22
Aged 18to 24 years . . . . . Estimate 56,894.78 289,788.91 0.00 102,105.05 164,983.75 269,598.78 1,170,114.18
cv (%) 117.04 62.89 0.00 70.47 58.48 53.39 28.03
Aged 25to 44 years . . . . . Estimate 0.00 59,956.38 123,477.46 362,596.02 150,941.13 257,927.89 1,544,715.85
cv (%) 0.00 99.97 99.81 42.94 57.88 52.84 20.63
Aged 45 to 64 years . . . . . Estimate 0.00 0.00 66,351.30 81,709.72 54,862.26 48,694.13 433,311.06
cv (%) 0.00 0.00 99.98 75.82 98.85 100.60 34.57
Aged 65 years or older . . . . Estimate 0.00 0.00 53,052.29 48,149.92 0.00 103,719.48 313,081.87
cv (%) 0.00 0.00 99.56 62.72 0.00 71.70 46.07
Total . ............. Estimate 103,183.87 397,636.83 345,961.39 810,200.27 513,007.00 726,625.07 4,160,258.86
cv (%) 78.71 49.56 48.08 28.20 37.41 30.30 13.66
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Black not Other not
Age Category Male Female Hispanic Hispanic Hispanic Asian Not Asian
Substantive variable: Percentage unable to carry out major activity

Aged under 5 years . . . .. Estimate 0.49 0.59 1.08 0.35 1.10 0.00 0.56
cv (%) 17.20 21.70 25.01 19.08 40.12 0.00 13.03
Aged 5to 17 years .. ... Estimate 0.31 0.41 0.48 0.33 0.37 0.00 0.37
cv (%) 17.18 15.22 23.77 12.94 30.69 0.00 11.66
Aged 18to 24 years . . . . . Estimate 1.86 141 2.46 141 2.17 1.91 1.62
cv (%) 9.57 9.44 15.11 9.05 19.80 63.53 6.61
Aged 25to 44 years . . . . . Estimate 2.99 2.42 4.80 2.36 3.18 1.40 2.74
cv (%) 4.11 5.16 7.08 3.92 11.25 29.27 3.32
Aged 4510 64 years . . . . . Estimate 10.05 7.18 14.40 7.82 9.09 3.87 8.65
cv (%) 3.09 3.85 4.44 2.67 11.36 25.76 2.38
Aged 65 years or older . . . . Estimate 11.79 9.71 19.67 9.67 11.91 10.26 10.57
cv (%) 4.02 3.29 6.05 291 13.30 28.15 2.68
Total . ............. Estimate 4.35 3.72 5.89 3.83 3.21 1.88 4.08
cv (%) 1.90 2.34 3.08 1.82 7.10 17.81 1.56

Age ... ... Category Northeast Midwest South West New England  Mid-Atlantic  East North Central
Aged under 5 years . . . .. Estimate 0.51 0.37 0.60 0.69 0.30 0.58 0.46
cv (%) 34.48 31.18 23.15 34.21 80.38 37.86 32.26
Aged 5to 17 years .. ... Estimate 0.18 0.35 0.47 0.33 0.26 0.16 0.36
cv (%) 37.57 23.45 17.22 22.44 73.88 42.15 25.30
Aged 18 to 24 years . . . . . Estimate 1.24 1.72 1.47 2.20 1.68 1.07 1.75
cv (%) 19.72 12.90 13.36 13.33 30.47 27.83 13.74
Aged 25to 44 years . . . . . Estimate 2.69 2.46 2.82 2.80 2.75 2.67 2.61
cv (%) 7.64 7.31 5.53 6.07 15.42 7.63 7.68
Aged 4510 64 years . . . . . Estimate 7.74 7.98 9.85 7.91 7.63 7.77 8.16
cv (%) 5.57 4.47 4.08 6.48 11.70 6.32 5.65
Aged 65 years or older . . . . Estimate 9.15 9.59 12.35 10.31 8.67 9.33 10.09
cv (%) 5.72 5.68 4.14 6.91 9.16 7.10 6.36
Total . ............. Estimate 3.84 3.68 451 3.83 3.78 3.85 3.83
cv (%) 3.86 3.22 2.83 4.40 8.15 441 3.81
Age ... ... Category West North Central  South Atlantic  East South Central West South Central Mountain Pacific Total
Aged under 5 years . . . .. Estimate 0.13 0.50 0.36 0.78 1.46 0.34 0.54
cv (%) 101.48 38.37 86.87 27.54 41.34 47.58 13.01
Aged 5to 17 years ... .. Estimate 0.33 0.63 0.13 0.46 0.53 0.25 0.36
cv (%) 40.58 2413 67.35 26.68 33.99 32.69 11.61
Aged 18 to 24 years . . . . . Estimate 1.64 1.19 1.86 1.64 1.73 2.38 1.63
cv (%) 32.36 22.93 25.23 19.77 29.59 15.05 6.34
Aged 25to 44 years . . . . . Estimate 2.08 2.37 4.25 2.74 3.27 2.62 2.70
cv (%) 15.44 8.44 10.94 9.82 8.65 8.18 3.30
Aged 4510 64 years . . . . . Estimate 7.47 8.53 12.86 9.96 7.89 7.92 8.55
cv (%) 7.66 6.60 8.64 853 15.20 5.96 2.33
Aged 65 years or older . . . . Estimate 8.25 10.62 15.83 13.09 9.78 10.50 10.57
cv (%) 10.32 5.96 8.83 6.59 15.21 7.48 2.61
Total . ............. Estimate 3.26 4.05 6.00 4.38 3.87 3.81 4.03
cv (%) 5.34 3.86 5.60 6.56 9.66 451 1.53
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Black not Other not
Age Category Male Female Hispanic Hispanic Hispanic Asian Not Asian

Substantive variable: Percentage with interval since last doctor visit more than 5 years

Aged under 5 years . .. ... Estimate 0.00 0.00 0.00 0.00 0.00 0.00 0.00
cv (%) 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Aged5to 17 years . ... .. Estimate 1.83 1.84 2.33 1.50 3.30 3.27 1.79
cv (%) 7.79 9.12 16.02 8.89 11.98 36.33 6.68
Aged 18to 24 years . . . . . . Estimate 4.64 141 3.59 2.47 6.02 6.61 2.88
cv (%) 6.97 12.13 12.25 7.65 13.62 23.38 6.65
Aged 25to 44 years . . . . . . Estimate 6.58 2.05 411 4.06 6.63 8.90 4.14
cv (%) 3.19 5.13 9.02 3.20 9.30 14.02 2.86
Aged 45to 64 years . . . . .. Estimate 6.17 4.11 4.12 5.17 5.83 6.37 5.07
cv (%) 3.84 4.34 9.50 3.52 9.71 16.77 3.20
Aged 65 years or older . . . . Estimate 4.10 3.26 3.35 3.55 5.89 4.78 3.60
cv (%) 6.78 511 15.22 4.66 17.77 62.55 4.13
Total . .............. Estimate 4.57 2.36 3.18 3.33 4.80 6.07 3.36
cv (%) 2.29 2.95 6.46 2.35 5.82 11.62 2.09
Age . ... Category Northeast Midwest South West New England  Mid-Atlantic  East North Central
Aged under 5 years . .. ... Estimate 0.00 0.00 0.00 0.00 0.00 0.00 0.00
cv (%) 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Aged5to17years ...... Estimate 0.65 1.05 2.61 251 0.78 0.60 0.81
cv (%) 24.07 16.72 8.86 11.19 58.31 23.11 18.10
Aged 18to 24 years . . . . . . Estimate 2.47 211 3.57 3.57 0.71 3.15 1.87
cv (%) 12.87 13.20 10.54 13.57 20.84 13.53 15.03
Aged 25to 44 years . . . . .. Estimate 3.99 4.23 4.16 4.78 3.85 4.05 4.24
cv (%) 6.08 5.56 5.31 5.84 10.69 7.41 6.14
Aged 45to 64 years . . . . .. Estimate 5.33 5.23 4.94 4.95 6.30 5.01 5.33
cv (%) 7.14 6.38 6.23 6.87 10.62 8.49 7.13
Aged 65 years or older . . . . Estimate 3.53 4.01 3.39 3.58 3.72 3.45 4.19
cv (%) 9.40 8.20 8.44 8.85 18.56 11.21 8.82
Total . .............. Estimate 3.19 3.22 3.53 3.74 3.16 3.20 3.19
cv (%) 4.17 4.08 4.12 4.65 751 511 4.15
Age . ... Category West North Central  South Atlantic  East South Central West South Central Mountain Pacific Total
Aged under 5 years . .. ... Estimate 0.00 0.00 0.00 0.00 0.00 0.00 0.00
cv (%) 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Aged 5to 17 years . ..... Estimate 1.66 1.58 3.36 3.34 3.17 2.24 1.83
cv (%) 30.33 17.83 17.92 13.84 19.64 13.67 6.64
Aged 18to 24 years . . . . .. Estimate 2.86 2.66 2.50 5.23 1.96 4.23 2.98
cv (%) 23.10 15.42 30.62 13.60 28.08 15.20 6.22
Aged 25to 44 years . . . . .. Estimate 4.20 3.44 3.89 5.10 4.41 4.92 4.27
cv (%) 11.51 7.02 10.39 8.64 8.30 7.58 2.67
Aged 45to 64 years . . . . .. Estimate 4.94 4.15 6.15 5.33 5.86 4.63 5.10
cv (%) 11.64 9.78 13.15 10.57 15.05 7.77 3.09
Aged 65 years or older . . . . Estimate 3.52 3.04 3.67 3.74 3.71 3.54 3.61
cv (%) 19.48 13.10 24,51 12.33 20.52 11.88 4.14
Total . .............. Estimate 3.29 2.86 3.79 4.21 3.69 3.76 3.43

cv (%) 9.02 5.98 8.82 5.92 8.71 5.75 2.05
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Age Category Male Female Hispanic Hispanic Hispanic Asian Not Asian
Substantive variable: Percentage reporting poor health

Aged under 5 years . .. ... Estimate 0.55 0.59 0.43 0.52 1.08 0.00 0.59
cv (%) 19.83 24.32 37.53 19.61 37.14 0.00 16.09
Aged5to17years ...... Estimate 0.22 0.37 0.49 0.23 0.43 0.00 0.30
cv (%) 25.15 14.87 35.42 16.75 31.29 0.00 13.93
Aged 18to 24 years . . . . .. Estimate 0.31 0.55 0.54 0.37 0.83 0.00 0.45
cv (%) 25.58 17.67 33.78 18.81 32.16 0.00 15.62
Aged 25to 44 years . . . . . . Estimate 1.29 1.29 2.44 1.10 1.61 0.76 1.30
cv (%) 6.65 5.87 8.87 4.75 14.32 42.31 4.60
Aged 45to 64 years . . . . .. Estimate 5.87 5.05 9.64 4.94 551 3.18 5.49
cv (%) 4.95 4.38 6.37 4.12 14.92 33.64 3.44
Aged 65 years or older . . . . Estimate 9.71 9.43 19.24 8.64 9.67 4.07 9.60
cv (%) 3.88 3.07 5.12 2.65 13.01 34.38 2.42
Total . .............. Estimate 2.63 2.82 4.09 2.60 1.99 0.99 2.77
cv (%) 2.45 2.58 4.10 2.36 8.09 24.81 2.00

Age . ... Category Northeast Midwest South West New England  Mid-Atlantic  East North Central
Aged under 5 years . .. ... Estimate 0.27 0.35 0.92 0.52 0.00 0.36 0.44
cv (%) 45.75 35.98 20.45 42.16 0.00 45.45 38.58
Aged5to17years ...... Estimate 0.16 0.25 0.41 0.27 0.17 0.16 0.25
cv (%) 28.20 27.54 22.66 28.47 66.78 40.01 32.54
Aged 18to 24 years . . . . . . Estimate 0.22 0.50 0.52 0.44 0.13 0.26 0.39
cv (%) 39.50 28.61 23.92 32.22 95.90 43.04 34.50
Aged 25to 44 years . . . . .. Estimate 1.08 1.14 1.69 1.03 0.98 1.12 1.26
cv (%) 10.52 10.40 6.65 9.95 24.00 12.84 11.93
Aged 45to 64 years . . . . .. Estimate 3.54 4.96 7.45 4.66 4.11 3.36 5.37
cv (%) 7.74 6.67 5.76 8.49 18.18 9.57 7.39
Aged 65 years or older . . . . Estimate 7.04 7.97 12.95 8.35 7.51 6.87 8.46
cv (%) 6.91 6.19 4.27 7.05 14.92 8.30 6.48
Total . .............. Estimate 2.07 2.35 3.68 2.22 2.17 2.03 253
cv (%) 521 4.35 2.90 5.64 13.86 6.25 4.88
Age . ... Category West North Central  South Atlantic  East South Central West South Central Mountain Pacific Total
Aged under 5 years . .. ... Estimate 0.13 0.65 114 111 117 0.23 0.57
cv (%) 102.85 41.73 42.25 27.81 50.58 62.30 16.13
Aged 5to 17 years . ..... Estimate 0.24 0.37 0.57 0.37 0.14 0.33 0.29
cv (%) 55.23 42.85 34.87 33.91 61.83 30.58 13.93
Aged 18to 24 years . . . . . . Estimate 0.81 0.38 0.51 0.71 0.39 0.46 0.44
cv (%) 43.10 41.68 43.66 36.19 61.34 38.23 15.64
Aged 25to 44 years . . . . . . Estimate 0.81 121 2.79 1.78 1.02 1.03 1.29
cv (%) 21.81 13.29 14.41 8.54 22.74 11.46 4.59
Aged 45to 64 years . . . . .. Estimate 3.83 6.76 9.99 6.99 4.58 4.69 5.44
cv (%) 12.06 9.15 12.31 9.57 14.87 9.52 3.42
Aged 65 years or older . . . . Estimate 6.67 12.07 16.39 12.52 8.97 8.12 9.55
cv (%) 13.44 5.79 9.89 8.54 11.62 8.37 2.40
Total . .............. Estimate 1.90 3.40 5.04 3.40 2.22 2.23 2.73

cv (%) 7.98 5.35 4.36 7.04 13.42 5.13 1.99
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Age Category Male Female Hispanic Hispanic Hispanic Asian Not Asian

Substantive variable: Percentage reporting at least 2 hospitalizations in the past year

Aged under 5 years . .. ... Estimate 1.47 1.15 1.26 1.36 1.05 0.00 1.35
cv (%) 14.02 14.10 2341 11.10 24.87 0.00 9.56
Aged5to17years ...... Estimate 0.32 0.35 0.21 0.39 0.13 0.00 0.35
cv (%) 16.36 16.34 35.06 12.12 49.27 0.00 11.49
Aged 18to 24 years . . . . .. Estimate 0.50 1.65 124 1.05 1.18 0.58 111
cv (%) 17.97 10.77 19.18 10.82 25.45 71.12 9.35
Aged 25to 44 years . . . . . . Estimate 0.79 1.40 151 1.05 0.99 0.09 1.13
cv (%) 8.57 5.81 12.14 5.47 18.27 100.07 4.68
Aged 45to 64 years . . . . .. Estimate 2.32 194 2.75 2.08 1.60 0.21 2.16
cv (%) 6.74 7.20 9.95 5.06 23.71 98.96 4.55
Aged 65 years or older . . . . Estimate 4.75 4.26 471 4.44 4.44 3.18 4.48
cv (%) 6.65 5.57 11.58 4.35 21.31 45.49 4.12
Total . .............. Estimate 141 171 161 161 1.03 0.29 1.60
cv (%) 3.55 3.94 6.16 297 9.97 3341 271
Age . ... Category Northeast Midwest South West New England  Mid-Atlantic  East North Central
Aged under 5 years . .. ... Estimate 0.95 164 1.67 0.66 1.01 0.93 1.80
cv (%) 23.17 19.28 14.99 26.99 42.01 27.77 18.37
Aged 5to 17 years . ... .. Estimate 0.15 0.40 0.41 0.28 0.18 0.14 0.40
cv (%) 30.94 19.00 20.39 26.60 71.78 32.12 22.54
Aged 18to 24 years . . . . . . Estimate 0.77 1.25 1.19 1.05 0.58 0.85 1.13
cv (%) 20.81 15.94 17.86 19.40 46.80 2411 21.03
Aged 25to 44 years . . . . . . Estimate 1.06 1.23 1.16 0.89 1.00 1.09 1.31
cv (%) 10.23 10.28 7.14 10.89 17.73 12.41 12.13
Aged 45to 64 years . . . . .. Estimate 2.06 231 2.23 1.78 21 2.04 2.49
cv (%) 9.27 9.06 7.18 13.11 16.39 11.19 9.35
Aged 65 years or older . . . . Estimate 3.55 4.41 5.27 4.15 3.26 3.66 4.32
cv (%) 8.46 9.09 6.85 10.14 15.53 10.58 9.49
Total . .............. Estimate 1.40 1.68 175 1.28 134 1.43 1.72
cv (%) 5.03 5.97 4.85 7.05 9.34 6.02 6.49
Age . ... Category West North Central  South Atlantic  East South Central West South Central Mountain Pacific Total
Aged under 5 years . .. ... Estimate 1.25 1.74 3.04 1.07 1.03 0.49 1.31
cv (%) 56.07 16.51 27.56 37.20 29.57 37.47 9.57
Aged 5to 17 years . ..... Estimate 0.41 0.24 0.86 0.40 0.40 0.23 0.34
cv (%) 36.48 39.90 33.09 34.66 32.30 34.39 11.51
Aged 18to 24 years . . . . .. Estimate 1.62 0.53 1.43 191 1.09 1.04 1.09
cv (%) 20.46 27.49 40.42 19.51 33.67 24.24 9.40
Aged 25to 44 years . . . . . . Estimate 1.02 0.91 2.10 1.06 0.98 0.86 1.10
cv (%) 17.52 15.08 10.72 13.67 21.05 13.38 4.67
Aged 45to 64 years . . . . .. Estimate 1.80 2.00 224 252 245 153 212
cv (%) 23.32 12.04 16.01 11.09 26.16 12.79 4.52
Aged 65 years or older . . . . Estimate 4.66 4.34 6.25 6.10 5.57 3.63 4.46
cv (%) 21.67 10.47 15.00 9.21 16.72 11.50 411
Total . .............. Estimate 155 1.46 2.36 1.82 1.60 115 157

cv (%) 11.97 6.38 8.98 851 10.79 7.52 271
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Subdomain
Black not Other not
Age Category Male Female Hispanic Hispanic Hispanic Asian Not Asian
Substantive variable: Percentage reporting at least 1 doctor visit in the past year

Aged under 5 years . . . .. Estimate 91.08 90.47 87.68 91.89 87.63 90.55 90.79
cv (%) 0.50 0.48 1.23 0.43 1.39 2.34 0.36
Aged 5to 17 years .. ... Estimate 72.97 74.54 66.95 76.21 66.80 68.40 73.88
cv (%) 0.69 0.74 1.77 0.65 1.54 3.99 0.57
Aged 18to 24 years . . . . . Estimate 59.37 80.23 65.50 71.97 61.73 59.53 70.36
cv (%) 1.14 0.78 2.16 0.71 2.79 5.97 0.67
Aged 25to 44 years . . . . . Estimate 60.55 79.10 69.24 70.69 64.14 60.36 70.28
cv (%) 0.68 0.44 1.22 0.45 1.35 2.87 0.39
Aged 45to 64 years . . . . . Estimate 69.22 78.62 75.41 74.21 70.47 68.56 74.25
cv (%) 0.68 0.49 1.26 0.54 1.84 3.18 0.47
Aged 65 years or older . . . . Estimate 81.69 85.27 82.29 84.00 81.38 76.37 83.85
cv (%) 0.68 0.45 117 0.44 2.61 5.40 0.44
Total . ............. Estimate 69.12 79.97 72.02 75.72 68.70 66.65 74.92
cv (%) 0.35 0.29 0.86 0.29 0.98 2.05 0.26

Age ... ... Category Northeast Midwest South West New England  Mid-Atlantic  East North Central
Aged under 5 years . . . .. Estimate 93.80 91.62 89.05 89.98 96.67 92.78 91.66
cv (%) 0.82 0.53 0.68 0.92 0.97 1.02 0.64
Aged 5to 17 years .. ... Estimate 81.47 75.89 69.52 71.53 85.15 80.21 76.71
cv (%) 0.98 1.16 1.00 1.12 2.45 1.13 1.26
Aged 18 to 24 years . . . . . Estimate 69.80 7212 68.92 69.76 76.58 67.19 71.23
cv (%) 1.59 1.14 1.33 1.69 2.09 1.86 1.23
Aged 25to 44 years . . . . . Estimate 69.27 71.65 69.20 70.10 72.23 68.15 71.73
cv (%) 0.92 0.78 0.83 0.83 1.96 1.05 0.91
Aged 45t0 64 years . . . . . Estimate 74.32 74.19 73.26 75.32 74.91 74.13 74.78
cv (%) 0.85 0.91 0.77 0.88 1.52 1.07 1.10
Aged 65 years or older . . . . Estimate 85.58 83.68 83.29 82.61 86.47 85.25 83.91
cv (%) 0.80 0.84 0.77 0.81 1.48 0.95 1.02
Total . ............. Estimate 76.28 75.96 73.20 74.20 78.98 75.31 76.17
cv (%) 0.53 0.50 0.49 0.61 0.92 0.61 0.56
Age ... ... Category West North Central  South Atlantic  East South Central West South Central Mountain Pacific Total
Aged under 5 years . . . .. Estimate 91.53 88.83 90.37 88.76 87.27 91.19 90.78
cv (%) 1.15 111 1.42 1.00 1.79 1.06 0.37
Aged 5to 17 years ... .. Estimate 73.69 71.23 69.07 67.94 69.62 72.32 73.73
cv (%) 2.78 191 2.20 1.53 2.29 1.32 0.57
Aged 18to 24 years . . . . . Estimate 74.84 69.63 70.15 67.44 70.48 69.47 70.06
cv (%) 2.36 1.92 3.20 1.82 2.73 217 0.67
Aged 25to 44 years . . . . . Estimate 71.43 68.99 71.54 68.44 69.74 70.24 70.01
cv (%) 1.32 1.32 1.41 1.27 1.55 1.02 0.40
Aged 45to 64 years . . . . . Estimate 72.58 73.73 74.06 72.22 73.74 75.88 74.13
cv (%) 1.84 112 1.89 157 2.36 0.96 0.48
Aged 65 years or older . . . . Estimate 83.06 82.62 83.77 84.00 81.75 82.93 83.78
cv (%) 1.59 1.17 1.49 1.24 1.97 0.96 0.44
Total . ............. Estimate 75.42 73.57 74.19 72.32 73.26 7457 74.72
cv (%) 1.05 0.82 0.97 0.66 1.20 0.72 0.27
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Subdomain
Black not Other not
Age Category Male Female Hispanic Hispanic Hispanic Asian Not Asian
Substantive variable: Average number of doctor visits per capita

Aged under 5 years . . . .. Estimate 4.49 4.35 3.25 4.69 4.15 3.56 445
cv (%) 2.28 2.65 3.80 2.12 6.68 8.34 171
Aged 5to 17 years .. ... Estimate 2.43 2.52 1.81 2.71 1.88 1.61 2.50
cv (%) 2.14 2.57 4.85 2.12 3.96 10.28 1.83
Aged 18to 24 years . . . . . Estimate 1.93 4.32 2.59 3.34 2.51 1.67 3.20
cv (%) 421 3.03 5.88 2.77 5.32 13.72 2.47
Aged 25to 44 years . . . . . Estimate 2.76 4.69 3.33 3.85 3.23 2.65 3.78
cv (%) 2.98 1.83 3.72 1.98 5.26 7.41 1.77
Aged 4510 64 years . . . . . Estimate 3.94 4.88 5.37 4.28 4.99 2.92 4.46
cv (%) 3.67 2.63 6.25 2.46 13.72 16.61 2.35
Aged 65 years or older . . . . Estimate 5.60 5.84 6.47 5.61 7.73 5.59 5.74
cv (%) 3.42 2.54 5.94 217 21.01 20.16 2.26
Total . ............. Estimate 3.26 4.43 3.45 3.98 3.31 2.58 3.89
cv (%) 1.43 1.08 241 i1 4.20 6.50 0.94

Age ... ... Category Northeast Midwest South West New England  Mid-Atlantic  East North Central
Aged under 5 years . . . .. Estimate 5.04 4.42 414 434 4.95 5.08 451
cv (%) 6.10 3.74 2.85 3.14 7.60 7.32 5.04
Aged 5to 17 years .. ... Estimate 2.63 2.66 2.25 2.49 2.76 2.59 2.72
cv (%) 3.10 3.69 3.09 3.85 6.16 3.85 4.04
Aged 18 to 24 years . . . . . Estimate 291 3.33 2.80 3.80 3.41 271 341
cv (%) 4.30 3.97 3.89 7.08 5.48 6.03 5.06
Aged 25to 44 years . . . . . Estimate 3.79 3.64 3.54 4.14 4.28 3.60 3.80
cv (%) 2.86 2.84 3.26 331 7.06 3.73 2.96
Aged 45t0 64 years . . . . . Estimate 4.70 4.16 4.29 4.70 5.19 4.54 4.36
cv (%) 5.48 3.93 4.50 5.03 16.02 4.46 4.58
Aged 65 years or older . . . . Estimate 6.38 5.31 5.42 6.13 7.23 6.06 5.49
cv (%) 5.99 4.12 3.36 5.28 20.08 4.43 4.92
Total . ............. Estimate 4.12 3.77 3.63 411 4.56 3.96 3.90
cv (%) 2.24 1.69 1.68 1.99 573 217 1.96
Age ... ... Category West North Central  South Atlantic  East South Central West South Central Mountain Pacific Total
Aged under 5 years . . . .. Estimate 4.19 4.08 4.25 4,16 4.59 4.22 442
cv (%) 3.08 3.90 7.00 4.64 5.15 3.63 1.68
Aged 5to 17 years ... .. Estimate 2.50 2.10 2.89 2.13 2.66 242 2.48
cv (%) 9.30 3.91 6.66 5.70 8.23 5.05 1.82
Aged 18 to 24 years . . . . . Estimate 3.10 2.92 2.48 2.82 4.63 3.46 3.16
cv (%) 7.01 6.17 6.71 4.72 17.27 4.54 242
Aged 25to 44 years . . . . . Estimate 3.23 3.562 3.75 3.47 4.39 4.05 3.74
cv (%) 6.23 4.71 5.02 4.78 7.85 3.10 1.75
Aged 45to 64 years . . . . . Estimate 3.64 4.04 4.77 4.36 5.02 4.58 4.43
cv (%) 6.01 6.40 6.92 8.47 12.73 4.79 2.35
Aged 65 years or older . . . . Estimate 4.85 5.28 5.68 5.50 5.97 6.18 5.74
cv (%) 7.86 4.22 4.25 5.43 13.38 4.82 2.26
Total . ............. Estimate 3.42 3.57 3.91 3.56 4.36 4.02 3.86
cv (%) 3.10 2.48 3.13 2.48 4.79 2.03 0.94
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Subdomain
Black not Other not
Age Category Male Female Hispanic Hispanic Hispanic Asian Not Asian
Substantive variable: Average number of bed days per capita

Aged under 5 years . .. ... Estimate 3.23 3.33 2.61 3.40 3.33 2.26 3.31
cv (%) 4.15 5.65 9.54 4.16 7.87 15.48 3.59
Aged5to17years ...... Estimate 2.54 3.14 1.99 3.07 2.42 1.21 2.88
cv (%) 3.65 341 7.75 2.92 9.02 12.53 2.73
Aged 18to 24 years . . . . . . Estimate 2.36 4.14 3.35 3.35 2.58 1.57 3.32
cv (%) 5.24 4.78 14.35 3.75 9.05 16.08 3.76
Aged 25to 44 years . . . . . . Estimate 3.66 5.25 5.90 4.33 3.92 2.16 4.54
cv (%) 411 2.98 5.60 2.96 8.41 15.14 2.54
Aged 45to 64 years . . . . .. Estimate 7.16 7.95 1.16 7.22 6.49 3.71 7.65
cv (%) 4.84 4.34 8.35 4.03 17.47 28.93 3.64
Aged 65 years or older . . . . Estimate 0.76 1.67 9.59 0.55 0.26 8.47 1.32
cv (%) 5.43 5.15 10.19 4.15 15.72 33.60 4.12
Total . .............. Estimate 4.64 6.00 6.32 5.35 3.89 2.45 5.42
cv (%) 243 2.35 4.20 2.23 6.10 10.78 2.03

Age . ... Category Northeast Midwest South West New England  Mid-Atlantic  East North Central
Aged under 5 years . .. ... Estimate 3.52 2.95 3.39 3.27 3.48 3.54 3.08
cv (%) 8.74 7.41 6.31 7.16 8.84 11.15 9.28
Aged 5to 17 years . ... .. Estimate 3.01 2.79 2.69 2.97 3.39 2.88 2.90
cv (%) 7.45 4.69 4.99 4.30 7.57 9.97 5.68
Aged 18to 24 years . . . . .. Estimate 3.13 3.34 3.16 3.52 3.32 3.05 3.45
cv (%) 7.61 7.44 7.58 5.63 15.46 10.31 9.07
Aged 25to 44 years . . . . .. Estimate 4.58 3.84 4.84 4.52 491 4.46 411
cv (%) 6.28 5.10 458 4.49 8.18 8.32 6.17
Aged 45to 64 years . . . . .. Estimate 7.69 7.12 8.05 7.19 9.00 7.26 7.80
cv (%) 7.57 7.85 6.41 7.75 14.76 8.55 9.16
Aged 65 years or older . . . . Estimate 0.30 8.68 3.67 1.53 8.83 0.87 9.39
cv (%) 7.75 8.63 6.84 8.77 17.04 8.96 9.55
Total . .............. Estimate 5.47 4.70 5.79 5.25 5.68 5.40 5.03
cv (%) 3.47 4.67 331 3.70 6.63 4.62 5.54
Age . ... Category West North Central  South Atlantic  East South Central West South Central Mountain Pacific Total
Aged under 5 years . .. ... Estimate 2.62 3.03 4.04 3.50 3.64 311 3.28
cv (%) 9.40 7.70 12.91 12.22 9.90 9.25 3.60
Aged 5to 17 years . ..... Estimate 2.51 242 2.97 2.83 3.46 2.77 2.83
cv (%) 9.26 8.59 7.14 7.36 8.63 4.85 2.71
Aged 18to 24 years . . . . .. Estimate 3.02 2.63 4.34 3.24 3.48 3.54 3.27
cv (%) 10.80 9.45 24.17 8.20 10.28 6.85 3.73
Aged 25to 44 years . . . . .. Estimate 3.13 4.01 7.42 4.74 4.59 4.49 4.47
cv (%) 7.26 7.21 9.49 5.75 7.36 5.62 2.54
Aged 45to 64 years . . . . .. Estimate 5.27 6.11 0.71 9.17 6.51 7.44 7.57
cv (%) 12.01 8.49 11.05 11.58 10.95 9.41 3.64
Aged 65 years or older . . . . Estimate 6.83 1.00 8.87 4.90 9.18 2.40 1.29
cv (%) 16.34 10.00 15.11 8.79 17.68 9.96 4.08
Total . .............. Estimate 3.79 4.81 7.97 5.97 4.96 5.36 5.34

cv (%) 6.55 5.05 6.74 5.49 551 4.63 2.02
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Subdomain
Black not Other not
Age Category Male Female Hispanic Hispanic Hispanic Asian Not Asian
Substantive variable: Average number of conditions per capita

Aged under 5 years . . . .. Estimate 217 1.90 1.64 2.15 1.84 124 2.06
cv (%) 2.76 3.00 6.10 2.63 6.75 15.81 2.18
Aged 5to 17 years .. ... Estimate 2.19 2.12 1.64 2.32 1.79 0.84 2.19
cv (%) 2.02 2.22 4.07 1.69 5.45 18.72 1.57
Aged 18 to 24 years . . . . . Estimate 2.06 3.00 1.97 2.73 1.87 1.35 2.57
cv (%) 2.81 2.45 5.26 2.05 6.95 23.30 1.80
Aged 25to 44 years . . . . . Estimate 3.06 4.08 3.40 3.68 2.84 1.89 3.63
cv (%) 1.66 1.18 261 1.25 4.15 8.43 1.08
Aged 45 to 64 years . . . . . Estimate 5.68 6.62 7.05 6.12 5.37 3.58 6.23
cv (%) 157 141 2.95 1.29 5.27 8.88 1.21
Aged 65 years or older . . . . Estimate 8.80 0.25 1.11 9.52 9.36 4.95 9.69
cv (%) 171 1.32 3.56 1.25 5.68 11.21 1.28
Total . ............. Estimate 3.78 4.78 3.86 4.50 2.93 1.97 4.36
cv (%) 0.85 0.72 1.92 0.78 2.83 6.02 0.66

Age ... ... Category Northeast Midwest South West New England  Mid-Atlantic  East North Central
Aged under 5 years . . . .. Estimate 1.84 214 2.03 2.10 2.00 1.78 2.09
cv (%) 6.09 4.51 3.80 4.99 11.04 7.08 5.04
Aged 5to 17 years .. ... Estimate 2.02 2.34 2.01 2.27 2.24 1.94 2.38
cv (%) 3.85 2.98 3.28 3.18 6.82 4.53 3.61
Aged 18to 24 years . . . . . Estimate 2.09 2.70 252 2.84 2.31 2.00 2.71
cv (%) 3.81 3.67 2.99 5.00 8.03 4.61 421
Aged 25to 44 years . . . . . Estimate 3.19 3.78 3.58 3.74 3.40 3.1 3.82
cv (%) 2.34 2.1 2.33 2.06 4.44 3.15 2.37
Aged 45 to 64 years . . . . . Estimate 5.19 6.33 6.74 6.07 5.64 5.05 6.54
cv (%) 2.55 2.30 2.50 2.30 4.80 3.00 2.68
Aged 65 years or older . . . . Estimate 8.38 9.73 0.57 9.38 9.27 8.04 9.88
cv (%) 212 2.18 2.64 2.90 3.27 2.78 2.88
Total . ............. Estimate 3.87 4.43 4.47 4.26 4.22 3.75 4.51
cv (%) 1.39 1.39 1.50 151 2.87 1.74 1.74
Age ... ... Category West North Central  South Atlantic  East South Central West South Central Mountain Pacific Total
Aged under 5 years . . . .. Estimate 2.27 1.75 2.70 2.06 2.10 2.10 2.04
cv (%) 7.81 6.45 9.45 5.19 7.35 6.32 2.14
Aged5to 17 years .. ... Estimate 2.26 1.78 253 2.02 2.57 2.15 2.15
cv (%) 4.77 4.67 6.96 5.05 5.88 3.73 1.59
Aged 18to 24 years . . . . . Estimate 2.68 2.35 2.79 2.61 3.10 2.74 2.54
cv (%) 8.41 5.08 8.16 5.08 6.62 6.39 1.85
Aged 25to 44 years . . . . . Estimate 3.65 3.13 4.74 3.61 4.04 3.63 3.58
cv (%) 5.02 2.80 6.73 2.88 4.36 2.66 1.09
Aged 45to 64 years . . . . . Estimate 5.78 6.12 8.48 6.61 6.54 5.90 6.17
cv (%) 3.64 3.18 5.36 3.16 4.44 251 1.20
Aged 65 years or older . . . . Estimate 9.32 9.54 3.72 0.50 0.37 9.02 9.65
cv (%) 3.26 3.75 6.39 3.04 6.01 3.20 1.26
Total . ............. Estimate 4.24 411 5.75 4.32 4.55 4.14 4.30
cv (%) 321 2.03 3.80 2.1 3.43 1.71 0.67
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