


Preface

The Nationa Survey of America's Families (NSAF) is part of Assessing the New Federalism (ANF), a
multi-year Urban Inditute research project to anayze the devolution of respongbility for socid
programs from the federal government to the States, focusing primarily on hedth care, income security,
job training, and socid services. In collaboration with Child Trends, researchers from the Urban Indtitute
monitor program changes and fiscd developments, aong with changes in the well-being of children and
families. Data collection for the NSAF was carried out in 1997, 1999 and 2002 by Westat. Further
information about the ANF project is available on the internet &t:

http://Aww.urban.org/Content/Research/NewFederali st/AboutANF/AboutANF.htm
or by writing to:

Assessing the New Federalism
The Urban Inditute

2100 M St. NW

Washington, DC 20037

The project is funded by a consortium of private foundations including the Annie E. Casey Foundetion,
the Robert Wood Johnson Foundation, the W.K. Kellogg Foundation, the Ford Foundation, the David
and Lucile Packard Foundation, the John D. and Catherine T. MacArthur Foundation, the Henry J.
Kaiser Family Foundation, the Charles Stewart Mott Foundation and others.

The NSAF is a household survey that can be used to produce cross-sectiond estimates for awide
variety of child, adult and family well-being indicators a the Sate leved for 13 sates and the nation asa
whole. The NSAF questionnaire content can be found in Report No. 1: 1999 NSAF Questionnaire.
Other reportsin the NSAF Methodology Series cover sample design, weighting, variance estimation
procedures, data collection and data editing.

This report provides documentation for using the 1999 NSAF Public Use Files. It provides an
overview of the survey, including descriptions of the sample desgn and data collection procedures.
Chapter 2 provides information on the content and structure of the 1999 NSAF Public Use Files.
Chapter 3 gives ingructions and examples on how to use NSAF weights to obtain survey estimates.
Chapter 4 describes procedures for calculating variances and standard errors of survey estimates.
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Chapter 1. Overview of the National Survey of America’s Families (NSAF)

1.1 Introduction

This report presents basic information on the 1999 Nationd Survey of America's Families (NSAF)
public use data. The god of this report is to provide users with enough information on the survey itself
and data filesto be able to use the data. The NSAF is part of Assessing the New Federalism (ANF),*
a multi-year Urban Inditute research project to analyze the devolution of responsbility for socid
programs from the federal government to the states, focusng primarily on hedth care, income security,
job training, and socia services. In collaboration with Child Trends, researchers from the Urban Indtitute
monitor program changes and fiscd developments, dong with changes in the well-being of children and
families. Data collection for the NSAF was carried out in 1997, 1999 and 2002 by Westat. Further
information about the ANF project is available on the internet at:

http://www.urban.org/Content/Research/NewFederdism/AboutANFAboutANF.htm
or by writing to:

Assessing the New Federalism
The Urban Inditute

2100 M St. NW
Washington, DC 20037

This introductory chapter gives an overview of the survey, indluding descriptions of the sample design
and data collection procedures. Chapter 2 provides information on the content and structure of NSAF
public use files for the 1999 NSAF.? Chapter 3 gives instructions and examples on how to use NSAF
weights to obtain survey edtimates. Chapter 4 describes procedures for cadculating variances and
standard errors of survey estimates.

1.2  About the Survey

1.2.1 Overview

During this period of devolution, the Urban Inditute began a project entitted Assessing the New
Federalism (ANF). The project’s gods are to give policymakers, state adminigtrators, and advocates
information they need to make better decisons and to help the nation determine the consequences of
devolution.

! Assessing the New Federalism is funded by a consortium of private foundationsincluding the Annie E. Casey
Foundation, the Robert Wood Johnson Foundation, the W.K. Kellogg Foundation, the Ford Foundation, the David
and L ucile Packard Foundation, the John D. and Catherine T. MacArthur Foundation, the Henry J. Kaiser Family
Foundation, the Charles Stewart Mott Foundation and others.

?1n the near future, we hope to re-release public use data from the 1997 NSAF in the same structure that we are
releasing public use datafrom the 1999 NSAF.
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The project is premised on the notion that better information yields better policies. With increased
date-leve authority, state data becomes increasingly more important; yet such data are currently very
limited. Of course, devolution should not be “evauated” with a pronouncement of success or falure at
the end, but should be monitored, with continuous input into the policy and implementation process. This
implies that a new reationship between research and practice is necessary and a long-term effort
needed.

One of the project’ s defining features is the breadth of topicsit covers:

Wedfare Reform
Employment and Training
Hedlth Care

Hedth Insurance Coverage
Child Care

Child Support

Child Wdfare

Child Well-Being

While the focusis on states, the scope is national—uwith a primary emphasis on low-income families with
children.

Data collection and andysis are extensve and varied, with wide dissemination amgor component. The
project has employed four mgjor data sources:

(1) Thecompilation and integration of existing State databases;

(2) In-depth, state-specific basdine case studies with follow-up monitoring;
(3) Specid surveys of dates; and

(4) Our topic here, the Nationd Survey of America's Families.

1.2.2 Goalsfor the NSAF

The unfolding New Federalism can be viewed as 51 “naturd experiments.” ldedly, the effects of
devolution should be examined by conducting intensve case studies and tracking changes in well-being
in all dates, as wel as by contralling for subgtate variation in program implementation. However, this
would be prohibitively expensive. Instead, the Urban Ingtitute decided to focus on just 13 states, shown
in Figure 1. These study aress (see Figure 1) were sdected by the Urban Indtitute to vary in terms of
thelr Sze, geographic location, fiscd capacity, citizens needs, and traditions of providing government
services.
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Intensive case studies were conducted in these 13 states during 1997 and 1999 to obtain an in-depth
understanding of each state’s responses to the New Federdism. Monitoring continues as each date's

circumstances change.

NSAF data from dl rounds are used to explore linkages between state policy and child and family well
being. The data were collected with the purpose of dlowing andysts at the Urban Indtitute and Child
Trends to look at changes over time—with the NSAF used to make comparisons across states at a
point in time, within a Sate over time, and across dates over time.

Figure 1: 13 Targeted NSAF States

Given these objectives for the ANF project, we identified four key requirements for the design of the
survey. These requirements were:

Large, representative samples of families with children in the intensvely studied
gates and the nation;
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Large, representative samples of low-income families with children in the intensvely
sudied states and the nation;

Obsarvations a multiple pointsin time; and

A broad range of well-being indicators that are uniformly measured across sates.

Because of the survey’s breadth, which encompasses the economic, hedth, and socid dimensions of
well-being, the NSAF permits comprehensive assessments of child and family well-being and program
participation, while controlling for important socioeconomic characteristics.

1.3 Limitationsof Existing Surveys

The ANF Project determined that the NSAF was necessary after we reviewed existing surveys and
found them to be lacking in severd aspects for meeting the survey objectives.

In 1997, many mgor nationd household samples—such as the Survey of Income and Program
Paticipation (SIPP—were not date representative, which meant that relisble state-specific
estimates could not be produced from them. At that time, exceptions were the Current Population
Survey (CPS) and the National Hedlth Interview Survey (NHIS). However, as will be described
shortly, neither the CPS nor the NHIS met the project’ s needs because of limitations with respect to
content and sample size.

State-representative surveys either focused on narrow aspects of wel-being or did not include
variables that reate to the anticipated policy changes. For example, the CPS focuses mainly on
employment, and a the time of the 1997 NSAF it did not include information on hedlth services use
or accessto care. The NHIS has the needed hedlth questions, but lacks both information on receipt
of AFDC and food stamps, and detailed income information. In addition, neither the CPS nor the
NHIS contains information on the need for and use of socia services or child care.

Findly, even with date-representative sample frames, the existing surveys sample szes in most
dates were too smal (particularly for the low-income population). Without some supplementation,
the assessment of changes over timein individud states would be very imprecise.

In summary, with the data sources available in 1997, it was Smply not possible (without the NSAF) to
make reliable state-specific estimates on a wide range of well-being indicators, ether because the
samples were not state representative or because the survey content was too narrow. In addition, even
if one were willing to narrow the scope of well-being measures to just a few dimensions, the sample
szes available for examining low-income househol ds would make comparisons over time very imprecise
for most states.

There have now been two rounds of NSAF, fielded during 1997 and 1999. The data collection for the
survey was done by Westat for the Urban Ingtitute and Child Trends. A third round is being conducted

14



in 2002. Each round of the survey collects information on the economic, hedth, and socia dimensions of
the well being of children, adults under the age of 65, and their families. While the survey is nationd, 13
dates are targeted for specid study. Wisconsin was targeted for particularly intensve study, with
separate large samples for Milwaukee® and the balance of the state. Data are also collected in the
baance of the nation to permit nationd estimates.

1.4  NSAF Sample Design

The NSAF is designed to produce estimates that are representative of the civilian, noningitutionalized
population under age 65. Aswith virtualy al household surveys, some segments of the population (e.g.
the homeless) could not be sampled because of their living arrangements and are not included in the
survey results.

The NSAF draws households from two separate sampling frames. The firgt frame condsts of a
households from arandom-digit dia (RDD) sample of households with telephones. The RDD gpproach
was adopted because it is a cost-effective means to collect the data. However, because households
without telephone service contain a digproportionate number of low-income children, a supplementary
area sample was conducted in person for those households without telephones. Nationaly, Giesbrecht
et d. (1996) estimate that about 20 percent of families in poverty have no telephone and that about 10
percent of families with one child age three or under have no telephone. The area sample provides data
for these and other families without current phone service. A szable area sample was screened to find
such households. No other households were interviewed from the area sample.

In addition to the use of RDD sampling to reduce costs (compared to pure area sampling), costs were
further reduced through the use of screener-based subsampling of households contacted in the RDD
component. With this gpproach, a single income question was asked during the RDD screening
interview. Those households that reported an absence of children or reported incomes above 200
percent of the poverty threshold were subsampled. More detailed and reliable income questions were
asked during the extended interview for those not “subsampled out.” In Round 1, there was less
consstency between the screener and extended versons of the income question than had been
anticipated. This led to aserious review of how to re-optimize the subsampling rates for the households
that initidly report high income for Round 2 (see section 3.3 of chapter 3 in the 1999 NSAF
Methodology Report No. 2).

For the 1997 NSAF the RDD telephone sample started out with 483,260 randomly generated phone
numbers in 100-banks® with at least one listed residential phone number. Out of these, 48 percent were
found or imputed to be working resdentia phone numbers. Screening data were obtained from 76
percent of the working residentia numbers, yielding a total screened sample of 176,791 households.
Given the sampling rules described above, 32,474 households with children were selected for extended
interviews, as well as another 19,800 adult-only households. From these, 40,400 children, 3,500 other

® Milwaukee County will not be oversampled in the 2002 design.
* A 100-bank is a block of 100 consecutive phone numbers with the same first eight digits. Thus, the telephone
numbers between 212-555-5500 and 212-555-5599 would make up one 100-bank.
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adults in households with children, and 22,100 adults in adult-only households were sdected. The
nontelephone sample for 1997 was sgnificantly smaler than the telephone sample. It consisted of
1,682 interviews from about 1,500 digible nontelephone households. These households were found by
screening an initid sample of 44,400 dwelling units across 1,388 segments in 114 primary sampling units
(PSUs). Note that one MKA interview can provide data on up to two sample children and that there
were afew MKA interviews with parents under the age of 18.

In contrast to the 1997 NSAF, the second round of the survey built in part on the RDD sample selected
in the initid round, augmenting it with an additiond sample of newly sdlected teephone numbers. This
overlap was quite large and led to both cost savings and some reduction in the variance of change
measures from round to round (See Report No. 2 and Report No. 4 in the 1999 Methodology Series).
For the 1999 sample, a total of 383,653 telephone numbers were used. Of these numbers, about
217,421 were drawn from the round 1 sample of telephone numbers. These numbers were subsampled
from round 1 numbers at different rates based on the round 1 screener result code. Overal for round 2,
147,623 households were screened, and detailed extended telephone interviews were conducted in
40,874 households. For a complete description of the NSAF telephone survey methods, see Report
No. 9, in both the 1997 and 1999 NSAF Methodology Series.

The nontelephone sample for 1999 dso built on the earlier 1997 sdections, in that for 1999, we
returned to mogt of the same sample ssgments used in 1997. There was, however, some
supplementation in the baance of the US to reduce the large variances that were found to exist across
PSUs. In the 1999 NSAF in-person component, 1,676 extended interviews were conducted in 1,486
households.

Overall, the samples for 1997 and 1999 were roughly of equa sze. Appendix A provides a state-by-
gate summary of the achieved sample sizes for 1997 and 1999, for children and adults separately—
both in total and for low-income individuas.

15 NSAF Interviewing Process

In the RDD portion of the NSAF, the interviewing conssted of a short screener to determine if the
household was to be selected for an extended interview. There were two types of extended interviews.
The longer type of extended interview (45 minutes), referred to as an Option A interview, was
adminigered in households with children under 18. The shorter interview (27 minutes), called Option B,
was given to adults under 65 without children under 18. Option A interviews asked questions about
both children and their families, while Option B interviews contained only the questions from Option A
that were relevant to adults. The questionnaire was divided into severa sections, including the following
topics: education, hedlth care coverage and access, child care, employment and earnings, family income,
welfare participation, housng and economic hardship, socid services, problems, race, ethnicity, and
nivity.

The interviews and screener were programmed into Westat's CATI system to facilitate administration
and data editing. Data collection for the screener and extended interview started on February 15,
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1999. For the 1997 survey, the screening began before February 15 with the extended interviewing
beginning a approximately the same time. In both rounds, therefore, the timing of data collection was
planned to alow respondents a chance to receive dl of their 1998 tax information documents (W-2s,
Forms 1099, etc.) before the interview and thus be able to answer questions about their prior year's
income in a more informed way. The survey was completed on early November for the 1997 NSAF
and in early October for the 1999 NSAF. For more information about the interview process, see
Report No. 5, on the in-person interviews, and Report No. 9, on telephone interviews, in the both the
1997 and 1999 Methodology Series

Households without telephones were administered an dtered version of the screening instrument. Since
al nontelephone households with at least one age-eligible person (under 65) were interviewed, this
verson of the screener did not screen out any households because of income. The screener merdly
verified that there was not a working telephone in the household and, if not, continued with the same
series of sample person selection questions described above for telephone househol ds.

1.6 Within Household Sampling

For the entire NSAF sample of households, there was a decison to subsample household members to
reduce the respondent burden. If there were multiple children under age 6, one was randomly sdlected.
The same was done for children ages 6 to 17. No more than two children were sampled from each
household. For example, if a household had three children al under the age of five, then only one child
was sampled and there was not a second focd child.  Furthermore, if there were two families in the
household and each had two children (one between 0 and 5 years old and one between 6 and 17 years
old), only one child age 0 to 5 and one child age 6 to 17 were sampled. Both children could be from
the same family or there could be one child from each family.

Data were collected about each of these sample children through the most knowledgeable adult in the
household for tha child. In choosing the MKA, interviewers asked to speak to the person in the
household who knew the most about the sampled child’ s education and hedlth care. Therefore, sdlection
of MKAs was not a random process, rather, the interviewer sought to obtain the highest qudity
information possible for each child. In families with two sampled children, the MKA was not
necessaxily the same person for both children. Consequently, there were cases in which one family had
two MKAs.

For households without children, up to two childiess adults between the ages of 18 and 64 were
sdected for interviewing. If two childless adults were sdected for interviewing, they could not be
spouse/partners of each other. For households with children, up to two adults between the ages of 18
and 64 who were not identified as having children under the age of 18 in the household could dso have
been sdected for interviewing. As in households without children, these additiona adults selected for
interviewing could not be spouse/partners of each other.

17 NSAF Questions
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A summary table of survey content is shown in Table 1-1. All items for the 1997 and 1999
guestionnaires are provided in Report No. 12 (1997 NSAF Questionnaire) and Report No. 1 (1999
NSAF Questionnaire). For interviews with MKAS, most items about adults were asked about both the
MKA and his or her spouse/partner if the spouse/partner aso lived within the household. Items on
current hedlth insurance satus, employment, education and training were asked about both the MKA
and spouse/partner. However, some questions were asked only about the MKA. These questions
concerned fedings, religious and volunteer participation, and attitudes and opinions. Other questions
concerning past year's health insurance coverage and hedlth care utilization were randomly asked about
one of the two when both were present. The subject for the latter questions—the MKA and his or her
spouse/partner—was randomly sdected by the survey insrument.  The concern was that collecting
information about the child, the MKA, and the spouse of the MKA dl by proxy through the MKA
would tire the MKA excessvely. By asking these questions about only the MKA or his or her spouse
or partner, the burden on the MKA was reduced. This protocol was applied identicaly in the RDD and
area components.

For interviews with childiess adults, as with MKA interviews, many items were asked of both the
childless adult respondent and his or her spouse/partner.  Items on religious and volunteer participation
and attitudes towards welfare and raising children were asked only of the respondent. However, unlike
in MKA interviews, in childless adult interviews, both the respondent and the spouse/partner were
subjects of questions on hedlth insurance and hedth care utilization.

It is important to note that most NSAF items are not asked of al persons in families or households.
This means that for many measures of adult or child wel-being, it will not be possble to congruct
aggregate measures of well being based on individua information for families or households that will be
vdid for dl families or households. For example, current employment satus is only ascertained for
respondents and their spouse/partners. There may be other adults in the household for whom current
employment datusis not determined. Therefore, trying to build a measure of the number of adultsin the
family or household who are currently employed will yidd an invalid measure, unless one were to restrict
the population to families or households with only two adults where the adults are spouse/partners of
eech other. Similarly, mogt of the items on child well-being are only determined for foca children and
not al children in the household or family.
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Table 1-1.

Summary of Well-Being Measuresin the 1997 and 1999 NSAF

Well-Being Construct/
Items Measured

Per son/Unit for Whom M easur ed:

Child

Parent/
Adult

Family/
Household

Economic Security
Poverty/family income
Parent/Adult employment/earnings/work stability
Health insurance coverage (includes Medicaid)
Parent/Adult use of education and training
Child support
Use of public assistance (includes AFDC, SSI)
Use of food assistance (includes Food Stamps, WIC,

school lunch and school breakfast)

Economic hardship
Food Security
Use of housing assistance
Housing adequacy/stability/crowding

X

X X X X X X

x

X

X X X X

X X X X

Health and Health Care
Health status/limitations
Hospitals stays and Physician visits
Health care access, use, and satisfaction
Health care monitoring (includes dental visits, well-
care/preventive care)
Ability to afford medical/dental care, medicine

X X X X

x

X X X X

x

Child's Education/Cognitive Devel opment
Grade for age
Problem doing well in school, with school work
Whether parents read or tell storiesto child
Whether parents take child on outings
Child care use (including amount, type, quality, stability)

X X X X X

Child's Social Development and Positive Devel opment
Employment and participation in training programs
Participation in recreational activities: Teams, clubs,

scouts, religious groups

x

Child's Behavior Problems
Behavior Problems Index
Cut classes/suspended expelled from school

Family Environment
(A Family Srructure
Whether two-parent family, whether biological parents
present
Visitation with noncustodial parent (if relevant)
Stability/turbulence (includes changes in family
composition, housing, child care)
(B) Parent/Adult Psychological Well-Being
Depression
Attitudes toward Parenting
Participation in volunteer/religious activities
(C) Family Sress
Problemsin family (includes mental health, family conflict)
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(D)  Immigration Satus
(E)  Child-Rearing Practices
Monitoring; well-child care; dental visits

Community Environment
Knowledge of community services availability
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Chapter 2: NSAF Data Overview

2.1 General Design

The NSAF data are organized into rectangular public use files, including household-, family-, person-,
adult-, and child-level data sets. This hierarchicad structure was adopted for two reasons. First and
foremog,, this Structure is consgtent with the manner in which the data are collected in the NSAF.
Second, this structure corresponds to the different weights that are gpplied to the various data e ements.
Organizing the varigbles into multi-level data sets with the gppropriate weights attached facilitates
andydss of the data.

Each data set contains five types of variables:

Survey variables give information obtained directly from questions asked on the survey. Each of these
variables begins with the | etter corresponding to the section of the survey from which it was obtained.

Constructed variables, which begin with the letter "U," were created by Urban Inditute staff for
andyss purposes.  Some of these are draightforward recodes of individua survey items.  Others
involve aggregating information from severd or many survey varigbles to creste more complex
measures, such as family income as a percentage of the poverty threshold (eg. UINCRPOV,
U_SOCPOV). Users should check to see if a constructed variable has been created that meets their
andys's needs before going directly to the use of survey variables, epecidly if they bdieve that the
measure they are trying to creste will involve alarge number of survey items,

Administrative variables provide information that was not obtained from the interview, such as the
geographic location of the household and information about the interviewing process itsdf. Also
included are identifier variables.

Imputation flags indicate which observations had data imputed for a given variable. Imputation flags
begin with an "X," generdly followed by the name of the varigble for which data was imputed.

Weights, as mentioned above, are included on the appropriate files. Weight variables begin with the
letter "W". For more information on weights, see chapter 3 of this report.
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Table 2-1.
Summary Data Set Descriptions

Data Set Name Data Set Description Weights
HOUSEHLD Onerecord for each household. (None)
Household-level dataitems.
SOCFAM Onerecord for each social family. WGSOCADO -
Family-level dataitems (all survey sections plus created variables). WGSOCADG0
CPSFAM Onerecord for each CPS family. WCPSADO -
Family-level dataitems (created variables). WCPSADG0
FAMRESP Onerecord for each respondent. (None)
Family / respondent level dataitemsfrom all sections.
PERSON Onerecord for each person living in the household. (None)
Person-level dataitems from sections E (Health Insurance Coverage), J
(Income), and O (Demographic).
FOCALCHD Onerecord for each focal child. WGFCADO -
Person-level dataitems from extended interviews. WGFCADG0
ADULT_PR Onerecord for each respondent (both Option A and Option B). WGPRADO -
One record for each spouse/partner of the respondent. WGPRADO
Information from sections | ( Employment and Earnings) and L
(Education and Training).
ADULT RN Onerecord for each Option A interview (either for the respondent or his/ | WGRNADO -
her spouse/partner depending on which oneis chosen). WGRNADG0
Onerecord for each Option B respondent.
Onerecord for spouse/partner (if one exists) of Option B respondents.
Person-level dataitems from sections E (Health Insurance Coverage)
and F (Health Care Access and Utilization).
ADULT_RB Onerecord for each Option B respondent only (not spouse/partners). WGRBADO -
Person-level dataitemsfrom sections N (Issues, Problems and Social WGRBADG0

Services) and P (Closing section).

2.2 Data Sets

This release of the NSAF Public Use Files includes one household-level data set, HOUSEHLD. There
are two family-level data sets, SOCFAM and CPSFAM; each aggregates family information based on
a different definition of a family. In addition, one respondent-level data set, FAMRESP, is included.
There are five person-level data sets. PERSON, FOCALCHD, ADULT_PR, ADULT RN, and
ADULT_RB. The PERSON data set has one observation for each person living in the household, and
the remaining four contain information collected about sampled people during the extended interview.
That is, these data sets contain information about foca children, respondents (Option A and Option B),
and spouses/partners of respondents.

221 HOUSEHLD

°> Emancipated minors appear on the FOCALCHD data set as well as on the ADULT_PR, ADULT_RN, and
ADULT_RB data sets along with their dataitems from the Option B interviews.
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There is one household-level data set cdled HOUSEHLD. This data set contains household and
adminigrative varigbles. The HOUSEHLD data sat has one linking variable, HHID, which should be
used in order to merge between HOUSEHLD and any other data set.

222 SOCFAM

The SOCFAM data set contains items that were asked about the socia family as well as variables that
were aggregated a the socid family leve using the UFAMID varidble (socid family ID). Among the
survey items included in the SOCFAM data set are those variables indicating whether anyone in the
socid family had a particular type of income (e.g., JAFDC) or a particular type of hedth insurance (eg.,
EEMP1COV). The SOCFAM data set aso contains created variables that summarize information
across dl socid family members, such as UNFAMILY (indicating the number of family members). The
SOCFAM fileincludes the linking varidble UFAMID, which is the socid family 1D.

223 CPSFAM

Because the socid family definition was used in fidding the NSAF, the CPSFAM data set includes only
variables created using the UCPSID. The CPS family 1D varigble UCPSID is dso the linking variable
for this data st.

224 FAMRESP

There is one family/respondent-level data set cdled FAMRESP. The term “family-level” is accurate, to
some extent, in that information collected about the respondent’s family is contained in this data .
However, observations are actudly at the respondent level. Because in the NSAF there may be two
respondents within a family and some family-level questions are asked of each respondent, it is possible
to have two different answers for the same family-level variable. Idedly, the answers from both
respondents will be the same, but thisis not true dl of the time. The FAMRESP data set has two linking
variables, HHID and RESPID. The RESPID variable should be used in order to merge between the
FAMRESP and any person-level data set. The HHID varigble should be used to merge to the
HOUSEHLD data st.

2.2.5 PERSON

This data set contains one observation for each person living in the household. Records for non-resident
household members have been removed from this data set, because very little information, if any, was
collected about these individuds. This data set contains demographic information (age, sex, marita
datus of adults, racelethnicity, etc.) as well asinformation on current health insurance status and income.
The primary linking varigble on thisfile is PERSID.

226 FOCALCHD
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This data set contains data € ements from the extended interview that are pecific to either the FC1 or
the FC2. Sdlect data items asked only of MKASs are aso included in this data set because the unit of
andysis with respect to these questions will usudly be children. These items are primarily from sections
N and P. The PERSTY PE variable indicates whether the observation is an FC1 or an FC2 observetion.
The value when PERSTYPE is equa to ‘1’ means the observation is for a younger foca child (FC1)
and the value when PERSTY PE is equd to'2 means the observation is for an older foca child (FC2).
A PERSTYPE vaue of ‘23 indicates the observation is for an FC2 who is aso the spouse/partner of
an MKA. Similarly, a PERSTY PE vaue of ‘24’ indicates that the observation is for an FC2 who is dso
an MKA (of the FC1). There are severd linking variables on the FOCALCHD data st; these include
the person ID of the child (PERSID), the respondent 1D of the MKA who provided information about
the child (RESPID), the CPS family ID (UCPSID), the socid family ID (UFAMID), and the household
ID (HHID).

2.2.7 ADULT_PR

The gtructure of the ADULT_PR, ADULT_RN, and ADULT_RB data sets was driven by the NSAF
questionnaire design and sampling. In the survey, some questions are asked about both the respondent
and higher spouse/partner (if one exists), others are asked about ether the respondent or higher
spouse/partner (randomly chosen), and ill others are asked about only the respondent. Thus, three
different person level adult weights are needed for the three different types of data dements. To make it
less confusing for users to match data eements to the gppropriate weight, these three data sets have
been created so that weights and data itemsin the files are consistent.

The ADULT PR data set contains data dements from the extended interview that are collected about
both the respondent (Option A and Option B) and hisher spouse/partner. There is one observation per
respondent and one per spouse/partner (if one exists) in this data set. This data set contains information
primarily from sections | (Employment and Earnings) and L (Education and Training). The PERSTY PE
varidble indicates whether the observation belongs to a respondent or to the respondent’'s
spouse/partner. A vaue of 4 (MKA) or 6 (Option B respondent) means the observation is for a
respondent, while avalue of 3 (spouse/partner of MKA) or 5 (spouse/partner of Option B respondent)
means the observation is for the respondent’ s spouse/partner. The linking variables on the ADULT_PR
data set include PERSID, RESPID, UCPSID, UFAMID, and HHID.

2.2.8 ADULT_RN

The ADULT_RN data set contains data elements from the extended interview that are specific to a
randomly sdected adult (either the respondent or the spouse/partner). This Stuation occurs only in
sections E (Health Insurance Coverage) and F (Hedth Care Access and Utilization) for Option A
interviews. In Option B, questions are asked from sections E and F about both the respondent and the
spouse/partner. However, rather than splitting observations for variables across two data sets,
information from sections E and F for Option B adults is included in this data set. Thus, for Option A
interviews, there is one observation per interview, whereas for Option B interviews, there may be one
or two records, one for the respondent and one for the spouse/partner (if one exists). Here again, the
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PERSTY PE variable indicates whether the observation belongs to a respondent or to the respondent’s
spouse/partner. The linking variables on the ADULT RN data set include PERSID, RESPID,
UCPSID, UFAMID, and HHID.

229 ADULT_RB

The ADULT_RB data set contains data eements from the extended interview that are asked only of the
respondent in Option B interviews. These are items from sections N (Issues, Problems, and Socia
Services) and P (Closing section). There is one record per Option B interview in this data set. As
described above, smilar data e ements collected only about the respondent in Option A interviews are
included in the FOCALCHD data set, because the unit of andysis for these data items will be the foca
child. Thus, some "respondent only” varigbles are contained in both the FOCALCHD and the
ADULT_RB data sets. The linking variables on the ADULT_RB data set include PERSID, RESPID,
UCPSID, UFAMID, and HHID.

2.3  Comparison to 1997 Public Use File Structure

Researchers who have previoudy used the 1997 NSAF Public Use Files will note that the Structure of
this datardlease is Sgnificantly different from previous releases. In Round 1, data were made availablein
pieces—focd child, MKA, non-MKA, and family files—as work was finished. As a reault, the
gructure of the Public Use Files differed from that of the internd Urban Ingtitute data files. Work on the
1999 Public Use Files was completed more quickly, dlowing the public release of files in a Sructure
identica to that of the internd files. In the interests of uniformity, the 1997 NSAF datais dso being re-
released in the nine file format. The new format should facilitate andysis of both Round 1 and Round 2
data by researchers, while not affecting in any way conclusons drawvn from the previoudy released
1997 NSAF Public Use Files.

24  UsingthePublic UseFiles

Each NSAF Public Use File is available as a compressed ASCII file contained in a salf-extracting
program that must be downloaded and uncompressed. To download the file and save it to your hard
drive, click on the file name. A window will appear asking for the location where the file will be saved.
Enter the location and choose “Save.” To unzip the file, go to the File Manager or Windows Explorer
and double-click the downloaded file. The extraction program will unzip the ASCII file into the same
directory and create a new subdirectory. The new subdirectory will contain six files: (1) filenamepdf,
the data dictionary for the file, in Adobe PDF format; (2) filenametxt, the record description, including
variable names, types (i.e, character or numeric), positions (i.e., the columns the variable occupies),
and labds, (3) an ASCII copy of the Public Use Data File the researcher has sdected; (4) a SAS
sample read-in statement for use with the data; (5) an SPSS input statement for use with the data; and
(6) readFN.me, aread me file which describes the content of the files.
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To convert the ASCII file to an SAS data set, use the SAS sample read-in data step and change the
infile satement to refer to the location of the downloaded, uncompressed file. To convert the ASCII file
to an SPSS data set, use the SPSS sample read-in data step and change the file statement to refer to
the location of the downloaded, uncompressed file.

25 Missing Values

There are four types of missing valuesin NSAF data: Ingpplicables, Refusds, "Don’'t Know" responses,
and Not Ascertained. The firgt, Ingpplicables, occurs when a sampled person is not digible to receive a
certain question. Refusas take place when a respondent refuses to answer a question. "Don’'t Know™
values occur when a respondent does not know or cannot answer a question. Findly, Not Ascertained
vaues occur when a respondent is digible for a certain question but for some reason or other the
guestion was not asked. In this release missing vaues are represented in different ways to accommodate
both SAS and SPSS users.

SAS Usars: The SAS read in datement contains an array that converts dl missng values to
character format. Inapplicables are denoted by (.1), refusals (.R), "Don't Know™ responses (.D),
and not ascertained (.N).

SPSS Users: In this reease missaing vaues are Sgnified by negative numbers. Ingpplicables are
represented by (-1), refusals (-7), "Don't Know" responses (-8), and not ascertained (-9).

Table 2-2. Missing Values

Missing Value SAS SPSS
Inapplicable A -1
Refused .R -7
"Don't Know" .D -8
Not Ascertained .N -9

2.6  Usngthe DataDictionary

The data dictionary, or codebook, provides information on the variables released on the NSAF Public
Use Files. Previous users of the NSAF Public Use Files may note that this data dictionary has a dightly
different format than that used in the codebooks released as part of the 1997 NSAF Methodology
Series. Each entry in this data dictionary has eight fidds variable name, labd, type, length, question
number, question text, description, and frequenciesmeans. When the Round 1 files are re-released, two
additiond fidds, ‘R1-R2 Changes and ‘R1-R2 Availability,” will be added to the data dictionary for a
totd of ten fidds. In the meantime, researchers interested in analyzing changes across time are
encouraged to check the appropriate Round 1 data set codebook for any differences in question text or
dlowable non-missing values.
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Each of the data dictionary fieldsis described in more detail below:

Variable. For each entry, a mnemonic string of characters is provided as the variable name.
The fird letter of the varidble name indicates the section of the questionnaire from which the
variable was obtained, while the remaining characters (up to seven more) are a short description
of the variable. For example, the variable CCHGSC comes from section C of the questionnaire,
which dedls with the child's education. The remaining characters are a mnemonic reference to
the variable description "Changed (shortened to CHG) school (shortened to SC) past 12
months."

Notable exceptions to this naming convention include created variables and demographic
variables. Variables beginning with a U have been created by Urban Ingtitute analysts and do
not come directly from a survey question. To avoid confusion, demographic variables, most of
which were obtained during the initid household screening, congst only of one relevant word.
For example, the varigble indicating gender is smply SEX. Hags for imputed variables begin
with letter “X,” replacing the section identifier that normaly occupies the firgt letter of avariable
name. Finaly, weghts begin with the letters "W."

Label. The labd is a short description of the variable. In some cases, the label contains dight
abbreviations. For example, the variable BDISBL has the labe "Has hith condition that limits
activity," in which the word "hedth" has been shortened to "hith.”

Type. Variables can either be character variables, designated by ‘C’, or numeric, designated by
‘N’. Researchers should note that values for character variables are case-sengtive, s0 that while
'AL' is an dlowable value for the character varidble STATE, 'd' isnot.

L ength. Thisfidd indicates the length of the varidble.

Question Number. The question number is provided if the variable was obtained directly from
the survey. Thisfidd is left blank for dl imputation flags, weight varidbles, and andyss variables
crested using other variables from the survey.

Question Text. Text from the questionnaire is provided if the variable was obtained directly
from the survey. This fidd is left blank for dl imputation flags, weight variadles, and andyss
variables crested using other variables from the survey.

Description. The description fidd lisgts any specid indructions given to the interviewer for the
question. In addition, the description fidd darifies some of the terms used in the question and
variable label, and, when possible, reates these terms to those that are used by the U.S. Census
Bureau in its Current Population Survey (CPS). Comments on the appropriateness of the
variable for andyss and changes between round one and round two are located in the
description field.
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Frequencies/M eans. Weighted and unweighted variable counts, aong with vaue labels, are
provided here for categorica variables. Means are provided here for continuous variables,
adong with the variable' s range of vaues. SPSS users should note that frequencies of variables
denote missing vauesin character format.
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Chapter 3: Using Weightswith NSAF Data

3.1  Overview of the NSAF Weights

Responses to NSAF items were weighted to provide gpproximately unbiased aggregate estimates for
each sudy area and for the country as awhole. The weights were gpplied to dl survey itemsin an effort
to:

Compensate for differentid probabilities of salection for households and persons,
Reduce biases occurring where nonrespondents have different characteristics than respondents;

Adjug, to the extent possible, for undercoverage in the sampling frames and in the conduct of
the survey; and

Reduce the variance of the estimates by using auxiliary information.

The weighting can be described as involving three stages for both the random-digit dia and in-person
components of the NSAF to produce person and family weights.

The firgt stage was the computation of the base weight. The base weight is the inverse of the
probability of sdection, which accounts for the unequa screening rates. This weight dso
includes an adjusment for the planned excluson of nontdephone households from the area
sampling frame and for the subsampling of personsin selected households.

The second stage was an adjustment for unit nonresponse (entire households and persons who
did not respond to the survey). This was done by adjusting the weights of respondents in
particular groups to account for the nonrespondents in those groups.

In the third stage, the nonresponse-adjusted weights were post-diratified so that the NSAF
sample estimates agreed with independent population totas derived from U.S. Census Bureau
sources’ on the number of persons by age, education, ethnicity, gender, race, and housing
tenure. Thiswas done for each sudy area and for the nation as awhole.

These three stages incorporate screener data to create household weights and extended interview data
to create the person and family weights. The weights account for the unequa probability of sampling (at
both the household and person levels) and include adjustments for nonresponse and undercoverage.
The find result is a series of estimates consstent with Census Bureau population totas that reduce
biases due to undercoverage and nonresponse. In some cases, the adjustment to Census Bureau
population controls may aso reduce the sampling error of the estimates.

®In Round 1, two sets of weights were released: One that adjusted for the Census undercount and one that did not.
In Round 2, only undercount-adjusted weights will be released.
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Weights were attached to each responding case to facilitate producing approximately unbiased
estimates for each study area and for the entire nation using the 1999 NSAF data. Estimates for 1999
are cdled cross-sectiona because they provide a mechanism for making inferences about the unitsin the
population at that point in time. The 1997 NSAF Snapshot Survey Weights, Report No. 3, described
the weights and procedures for making cross-sectional estimates for that year. (See dso Report No. 14
in the 1997 NSAF Methodology series) In addition to these estimates at two specific points in time,
estimates of changes in the population between 1997 and 1999 can be produced using data collected in
both rounds of the NSAF.

Because, as we have seen, households and persons were sampled with differentid probabilities, the use
of weights is essentid to produce cross-sectional and change estimates that are representative of the
population. The next section describes procedures that should be followed to produce cross-sectional
and change edimates from the NSAF, focusng on which weights should be used in different
circumstances. In order to make appropriate statements based on the NSAF data, researchers should
aso be aware that some questions are asked of subsets of respondents, and this must be taken into
account to make vaid statements from the data

Approximate unbiased estimates of characteristics of persons and families in the study areas and for the
nation can be produced by appropriately weighting the survey responses. The estimates are of the
nonindtitutionalized” population of persons under age 65 in the study aress and in the nation. For
families, the estimates are limited to those families with a least one person who is under 65 years old.
The weights used to produce study area estimates are the same as those used to produce national
estimates.

3.2  Description of the NSAF Weights

Five categories of weights are currently available with the NSAF data, each appropriate for a different
set of respondents or group of questions from the survey. The five categories of weights are: the foca
child weights, the adult pair weights, the random adult weights, childiess adult weights, and family
weights. These weights are described briefly in the next section, with further discussion and examples of
using the weights in subsequent sections.

The focal child (FOCALCHD) weights are the weights developed to enable users to produce
estimates of the number and characterigtics of children less than 18 years old. These weights, which
should be used to produce most estimates of children, include:

WGFCADQO: Thisisthe full sample weight for foca child varigbles.

"Most persons living in group quarters (housing with many unrelated persons such as boarding houses) were also
excluded.
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WGFCAD1-WGFCADG0: These replicate weights for focd child variables can be used in
variance estimation, as described in Report No. 4 of both the 1997 and 1999 NSAF Methodology
Series.

The child weights include factors that adjust for the probability of selecting the child (indluding differentia
factors by reported poverty level on the screener and the number of children per household), and
nonresponse a the household and person leve. Furthermore, the weights are adjusted to be consistent
with known totas of the number of children by race, Higpanic ethnicity, age, sex, and tenure (renting or
owning a home) for each study area and the nation.

While the WGFCADO, WGFCAD1 — WGFCADG0 weights can be used for most child based
edimates, users interested in child based estimates on many of the child care item in the survey should
use an dternative set of weights. Note that most of the questions on child care arrangements ask about
care during the last month. In both rounds of the NSAF, some interviews were conducted during the
summer months, when care arrangements could differ from those during the school year. Furthermore,
questions about child care that were asked during the summer months differed between the two rounds.

Anaydts should use the foca child school year weight, WSFCADO and replicate weights, WSFCAD1
—WSFCADGO, for both rounds, to get estimates on child care arrangements during the school year.

WSFCADQO: This is the basic weight for obtaining estimates about child care arrangements
during the schoal yesr.

WSFCAD1-WSFCADG0: These are the replicate weights that that can be used for variance
estimation for estimates about child care arrangements during the school year.

The adult pair (ADULT_PR) weights are the weights devel oped to produce estimates of al adults 18
to 64 years old, for most of the questions relevant for adults in the NSAF. When an adult was sampled
from a household, most of the questions about adults were asked about both the sampled adult and
hisher spouse/partner, if the spouse/partner lived in the household. Because both the adult and the
spouse/partner were effectively sampled as a pair for these questions, these weights are cdled the adult
pair weights. For each study area and the nation, these weights adjust for the probability of sdection (of
the pair of adults), nonresponse, and adjustments to known totas of the number of adults by race,
Hispanic ethnicity, age, sex, tenure, and educationd attainment. ADULT_PR weightsinclude:

WGPRADO: Thisisthe basic weight for ADULT_PR varigbles.
WGPRAD1-WGPRADG0: These replicate weights for ADULT_PR variables can be used in

variance estimation, as described in Report No. 4 of both the 1997 and 1999 NSAF
Methodology Series.
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Anaysts should use the MKA school-year weight, WSMKADO and replicate weights, WSMKAD1 —
WSMKADEO, for both rounds, to get estimates on adult-level child care measures during the school
year (e.g., child care expenses).

WSMKADOQO: Thisis the basc weight for obtaining estimates about child care measures during
the school year.

WSMKAD1- WSMKADG0: These are the replicate weights that that can be used for variance
estimation for estimates about child care measures during the school year.

Therandom adult (ADULT_RN) weights are the weights developed to produce estimates of 18- to
64-year-old adults for questions in sections E and F dedling with hedth insurance over the last 12
months (items E37-E43 and section F). In households with children, these items were asked only of
either the respondent or his or her spouse/partner, but not both. In households without children, these
guestions were asked about both members of the pair. The probability of sdection of the adult for the
ADULT_RN variablesis the same as for the ADULT_PR, except for MKAS with a spouse/partner in
the household. In this latter case, the probability of seection for the adult randomly selected is generdly
haf the par sdection probability. Thus, the ADULT_RN weight is generdly twice the ADULT PR
weight. The weighting procedures and control totals are the same for the ADULT_RN weights as for
the ADULT_PRweights. The ADULT_RN weights include:

WGRNADQ: Thisisthe basic weight for ADULT_RN varigbles.

WGRNAD1-WGRNADG0: These replicate weights for ADULT_RN variables can be used in
variance estimation, as described in Report No. 4 of both the 1997 and 1999 NSAF
Methodology Series.

The third category of adult weights conssts of the childless adult weights, used to produce estimates
of adults without children in the household for a few questions. These questions were asked only of
respondents and never of the respondent’s spouse/partner. Adults without dependent children were
randomly selected from among dl childless adults, so they (and their spouse/partners) dl had a chance
of being asked the questions. The childless adult weights are gppropriate for these adults, for the
questions asked only of respondents. The childless adult weights were produced by modifying the adult
pair weights for the probability of sdecting the particular member of the pair, without further adjustment
to contral totas. The childless adult weights include:

WGRBADO: Thisisthe basic weight to be used with adults without children.

WGRBAD1-60: These replicate weights for childless adults can be used in variance estimation,
as described in Report No. 4 of both the 1997 and 1999 NSAF Methodology Series.

Note that there is no weight that can be used to generdize to dl adults with children for items asked only
of respondents. Since MKA respondents were not randomly selected, the spouse/partner of the MKA
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(often the mae spouse/partner) had no chance of being sampled and thus no estimates for adults with
children are possible for these questions.

The family weights are gppropriate for making estimates of the number and characteristics of families
that have at least one member who is under 65 years old. Familiesin which dl members are over 65 are
not included in the NSAF. Families studied by the NSAF were defined using two dternate sets of rules.
A socid family includes not only married partners and their children, but dso unmarried partners, dl of
their children, and members of the extended family (anyone related by blood to the MKA, hisher
spouse/partner, or ther children). The second family definition, the CPS family is limited to the
householder, spouse of the family householder, children in the family, and other relatives of the family
household respondent.

The family weights are derived from the ADULT PR weights, with adjusments for the probability of
sampling the family. No family-level control totals are applied, but the weights using the control totas
from the ADULT_PR weights are the bagis for this weight. In most cases, the ADULT_PR weights for
the MKA and the family weight are identicd. However, in some families more than one person is an
MKA and in these cases the family weight may not be equd to the ADULT_PR weights for ether of
the sampled MKAs. Even in common stuations, such as a family with one parent and a child who is
over 17 years old, the ADULT_PR weights and the family weight will not be identicd. The family
weight should only be used for estimates of the number and characteridtics of families. Family weights
indude:

WCPSADQ: Thisisthe basc weight for CPS family variables.

WCPSAD1-WCPSADGE0: These replicate weights for CPS family variables can be used in
variance estimation, as described in Report No. 4 of both the 1997 and 1999 NSAF
Methodology Series.

WSOCADQO: Thisisthe basic weight for socid family varigbles.

WSOCAD1-WSOCADG0: These replicate weights for socid family variables can be used in
variance estimation, as described in Report No. 4 of both the 1997 and 1999 NSAF
Methodology Series.

Even though most households have no more than one family, households and families are not equivaent.
For example, households of exactly one person are not family households by definition. Thus, the
number of familiesis subgtantidly less than the number of households. No household weight is available
for andyss, athough one was created as a part of the weighting process. Rather, for the few questions
that are asked at the household leve, the data can best be andyzed by changing the unit of andyssto a
different population. For example, rather than estimate the percentage of households with at least one
person born outsde the United States, estimate the number of persons living in households in which at
least one person was born outside the United States.
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3.3  Sdecting the Unit of Analysis

One of the firgt tasks facing the researcher is to determine the gppropriate unit of andyss or the
population of interest. Once the unit of andysis is determined, the choice of the appropriate weight is
relatively smple. If the child is the unit of analyss, the child weight is gppropriate; if the family is the unit,
then the family weight is used; and, if the adult (or MKA) is the unit, then the adult pair weight, the
random adult weight, or the childless adult weight is used.

Example 1. Characteristics of Children

The focd child weights are used for virtudly al estimates deding with children. Severd
examples are the number of children who are mae, the percentage of children who arein a
specific grade in school, the percentage of children who live in afamily that owns acar, the
percentage of 14- to 17-year-olds who work, and the percentage of children with an
MKA who reports the family has problems paying for food. Notice that some of the
examples were of subgroups of children, and no specia consderation is needed for these
types of esimaes. The following SAS programming example demongrates how to
edtimate the number of children living in various family structures.

PROC FREQ DATA=focalchd;
TABLES ufamstr;

WEIGHT wgfcadO;

RUN;

Generates the following table:
Living arrangements of children

Cumulative Cumulative
UFAMSTR Frequency Percent Frequency Percent

1 2801410 3.9 2801410 3.9
2 17798569 24.8 20599979 28.7
3 5597077 7.8 26197056 36.4
4 45693947 63.6 71891003 100.0

Frequency Missing = 73147.033602

For many datitics available from the NSAF, researchers must choose between family-level estimates
and person-level estimates. For example, it is possible to estimate either the number of children who live
in a family that is bedlow FPL, or the number of families with children that are blow FPL. In many
gtuations, the former is the preferred atistic because it gives information about the number of children
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irrespective of the number of children per family. If the researcher chooses to present the child estimate,
the child weight is appropriate rather than the family weight.

A related dtuation arises for estimates about characterigtics related to the MKA of a child. For
example, the percentage of children who have an MKA who reports worrying about having enough
food (M9A) or the percentage of children with an MKA who fed's cam and peaceful (item P1b) could
be estimated by using the child weight.

34  Applying the Correct Weight for Adult Estimates

For producing smple estimates for adults (18 to 64 years old), it is necessary to take into account the
person for whom the survey item of interest was asked. NSAF items about adults are asked by design
of 1) the respondent and the spouse/partner, 2) the respondent only, or 3) the respondent or the
spouse/partner (for MKA interviews).

Example 2 - Characteristics of All Adults

For questions asked of both the respondent and the spouse/partner, the adult pair weight is
used. Examples are: the percent of adults with a high school education, the number of
adults born outside the U.S., and the percent of adults who live in households with children.
Subgroup estimates such as the percent of Hispanic adults who are currently employed can
aso be made usng this weight. The following programming example demongrates how to
eslimate the percentage of adults with a high school educetion.

PROC FREQ DATA=adult_pr;
TABLES Ihsdip;
WEIGHT wgpradO;

RUN;
Generatesthis table:
Earned high school diploma
Cumulative Cumulative
LHSDIP Frequency Percent Frequency Percent
1 7792609 63.7 7792609 63.7
2 4447724 36.3 12240334 100.0

Frequency Missing = 154384747.33

For questions asked randomly of either the respondent or the spouse/partner (items E37-
E43 and F1-F29), the ADULT_RN weight is used. Some examples of such estimates are
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Example 3.

the number of times the individua vidted the doctor in the last 12 months and the
percentage of adults who had hedth insurance continuoudy for the last 12 months. Once
again, subgroup andysis presents no specia problems, but the ADULT_RN, and not the
ADULT _PR weight, should be used whenever a question is asked only of the randomly
sdected adult. The following programming example demondrates how to estimate the
percentage of adults who postponed getting medica care a some point during the last 12
months.

PROC FREQ DATA=adult_rn;
TABLES fwhmed;

WEIGHT wgrnadO;
RUN;

Generates the following table:

Postponed medical care last year

Cumulative Cumulative

FWHMED Frequency Percent Frequency Percent
1 12645694 7.6 12645694 7.6
2 1.5398ES8 92.4 1.6663E8 100.0

Characteristics of MKAS

Quedtions asked of dl MKAS can be andyzed usng the adult pair weight. This includes
questions asked of the MKA and the spouse/partner of the MKA and questions asked
only of the MKA. Two examples in which the adult pair weight is the correct weight are:
the percent of MKAS that reported arguing with their children, and the percent of MKAS
that never attended religious services in the last 12 months. Estimates of any subgroup of
MKASs such as MKAs that are under 40 years old can aso be made using this weight.
Note that MKAs who are outside the 18- to 64-year-old age range are not represented in
these estimates.

If the characteristic of the MKA is asked only for the randomly sdlected adult (items E37-
E43, F1-F29), then the random adult weight should be used. For example, the number of
MKAS, aged 18-64, that had more than one vist to the emergency room in the last 12
months is edimated usng the random adult weight. In the following example, the
ADULT_PR weight is used to estimate the number of MKAs who were working a more
than one job &t the time of the survey. Note that a WHERE statement is used to subset out
those adults who are MKAs.
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PROC FREQ DATA=adult_pr;

TABLES ijobs;

WHERE perstype in (4, 34, 47, 48);
WEIGHT wgpradO;

RUN;

Produces the following table:

More than one job now

Cumulative Cumulative

1JOBS Frequency Percent Frequency Percent
1 1485330 6.2 1485330 6.2
2 22450772 93.8 23936102 100.0

Frequency Missing = 15532013.876

Example 4. Characteristics of Adultsin Households With No Children

For most questions, adults living in households with no children can be handied as a
subgroup and the ADULT_PR weight or ADULT_RN weight is gppropriate, as discussed
in example 2. However, a few questions were asked only of respondents and estimates of
adults without children in the household. For these items; the childless adult weight must be
used. For example, the percentage of adults without children in the household who never
attended rdigious services in the lagt 12 months can be estimated using childless adult
weight. For estimating characteristics of subgroups that are based on these questions, even
if other questions involved in the estimates are asked of al adults, the childless adult weight
must be used.

The following SAS example uses the ADULT_PR weight to estimate the number of adults
from childless households who took college courses. Note that to separate the adults living
in households with no children, a SAS proc merge by household ID is employed. Those
adults whose household I1Ds have no maich on the focd child dataset live in households
with no children. The PERSTYPE variadle cannot be employed as in the previous
example, snce it does not differentiate childiess adults living in households with children
(referred to as Option B dragglers) and childiess adults living in households with no
children.

PROC SORT DATA=adult_pr OUT=aprtemp;
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BY hhid;
RUN;

PROC SORT DATA=focalchd OUT=fctemp;
BY hhid;
RUN;

DATA wkids wokids fcnotapr;
MERGE aprtemp(in=a) fctemp(in=b);
BY hhid;
IF a AND b THEN OUTPUT wkids;
IF a AND not b THEN OUTPUT wokids;
IF b AND not a THEN OUTPUT fcnotapr;
RUN;

PROC FREQ DATA=wokids;

TABLES lIwhcrdt;

WEIGHT wgpradO;

TITLE "Adults from Households without Children Took College
Courses”;

RUN;

Produces the following table:
Took college courses

Cumulative Cumulative
LWHCRDT Frequency Percent Frequency Percent

1 12164683 82.9 12164683 82.9
2 2510555 17.1 14675238 100.0

Frequency Missing = 72350818.753
Example 5. Characteristics of Families

Posshle edimates of families include the percentage of families with children and the
percentage of families with children and two parents. Subgroup andysis of families can dso
be conducted. As described in earlier examples, sometimes the preferred method is to
make estimates of children (foca child weight) in families with a certain characteridtic or
adults (ADULT_PR weight or ADULT_RN weight) in families with a certain characterigtic
ingdead of making family estimates directly. However, caution is needed when making
family estimates so that characteristics of a specific individua are not presumed to hold for
the entire family. For example, even if the sampled adult did not have any emergency room
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vigts in the lagt year, this does not mean that no one in the family did. The following
programming example demongirates how to estimate the percentage of CPS families with
income below the poverty leve.

PROC FREQ DATA=cpsfam;
TABLES uincrpov;
WEIGHT wcpsadO;

RUN;

Generates the following table:

CPS family income as % of poverty

Cumulative Cumulative
UINCRPOV Frequency Percent Frequency Percent

0.5 3029254 4.5 3029254 4.5
1 4673934 6.9 7703188 11.3
1.5 5778429 8.5 13481617 19.8
2 5565786 8.2 19047403 28.0
3 11429562 16.8 30476965 44.8
4 37573648 55.2 68050614 100.0

3.5  Combining Adult Data Files

When choosing among the three adult weights, bear in mind that if the characteristic can only be
obtained from a subset of the sampled adults (respondents and spouse/partners), then the weight for
that subset must be used in the andysis.

Example 6. Characteristics of Adults from Merged Files

A more complex example is the percentage of adults who are currently employed and have
had continuous hedth coverage for the past 12 months. Current employment is available
for dl adults and could be estimated using the ADULT_PR weight, but continuous hedth
coverage over the past 12 months is only avalable for randomly sampled adults and
requires the use of the ADULT_RN weight. Since the smdlest subset is the randomly
sampled adults, the ADULT_RN weight must be used in this andyss. Thus, the following
SAS code:

PROC SORT DATA=adult_rn OUT=arntemp;

BY persid;
RUN;
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PROC SORT DATA=adult_pr OUT=aprtemp;
BY persid;
RUN;

DATA adult anotb bnota;
MERGE arntemp(in=a) aprtemp(in=b);
BY persid;
IF a AND b THEN OUTPUT adult;
IF a AND NOT b THEN OUTPUT anotb;
IF b AND NOT a THEN OUTPUT bnota;
RUN;

PROC FREQ DATA=adult;

TABLES eccovt*iempnow/nofreq;
WEIGHT wgrnadO;

RUN;

Generatesthistable:

Percent |1 2 Total
Row Pct
Col Pct
1 68.88 | 19.74 | 88.62

77.72 | 22.28
88.21 ( 90.08

2 9.21 |2.17 11.38
80.90 | 19.10
11.79 | 9.92
Total 78.08 [ 21.92 | 100.0
0

Frequency Missing = 26968310.401
The same principle holds for doing subgroup andlyss. If any of the characteristics that define the
subgroup or areinvolved in the estimates within the subgroup are from the randomly sampled adult, then
the random adult weight must be used.

3.6  Combining Adult and Child Data files
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Obtaining estimates for dl persons under 65 is farly sraghtforward, in that the weight chosen should
correspond to whether or not the survey items of interest include those among items E37-E43 and F1—
F29. If 50, the random adult weight (and accompanying data items) must be concatenated with the child
weight (and data) to produce the gppropriate estimates. If the adult survey item is not among items
E37—E43 or F1-F29 and can be asked of both the respondent and spouse/partner, the adult pair
weight should be used.

Example 7. Characteristics of Persons Under 65 from Merged Files

To edimate the number of persons under 65 (children as well as adults) with a given
characterigtic, concatenate the child and gppropriate adult files, rename the weights so that
they are the same, and then carry out the analysis. For example, to estimate the number of
persons under 65 who live in a family with income below 200 percent of the poverty levd,
merge together the child and adult pair files and rename the focd child weight and the
ADULT_PR weight to be, say, TOTW. The anaysis can then proceed with TOTW. The
SAS codefor this processis:

DATA focalchd;
SET focalchd (RENAME=(wgfcadO=totw));
RUN;

DATA adult_pr;
SET adult_pr (RENAME=(wgpradO=totw));
RUN;

DATA all;
SET focalchd adult_pr;
RUN;

PROC FREQ DATA=all;
TABLES uincrpov;
WEIGHT totw;

RUN;

This code produces the following table:
CPS family income as % of poverty

Cumulative Cumulative
UINCRPOV Frequency Percent Frequency Percent

0.5 13328121 5.6 13328121 5.6
1 18353705 7.7 31681826 13.3
1.5 21607979 9.1 53289805 22.3
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2 21707700 9.1 74997506 31.4
3 41810227 17.5 1.1681E8 49.0
4 1.2178E8 51.0 2.3859E8 100.0

If the andlysis was to be of persons under 65 who were uninsured a sometimein the last year, then the
child (with the focd child weight) and the random adult (with the ADULT_RN weight) files would have
to be concatenated. This follows because the insurance question is only asked of random adullts.

3.7  Subgroup Analyses

The other principle in the choice of which weight is appropriate depends on the subgroups the questions
are about-in other words the questionnaire skip pattern. In the examples above, we have discussed
items that are asked of mgjor subgroups, such as the randomly selected adult or the respondent or focal
children. But for NSAF survey items, the skip pattern will further determine the items that are asked of
more distinct subgroups.

An example that brings this point out more clearly involves the few questions that are asked only about
the male member of an adult respondent and spouse/partner pair? Estimates of adult maes can
generdly be conddered as a smple subset and the rules regarding the use of the adult pair weight or the
random adult weight can be applied as described earlier, (i.e. it depends on the questions being

andyzed).

Some egtimates involve questions asked only about the mae in a spouse/partner Stuation, but these
items can Hill be andyzed usng the ADULT_PR weight. These indlude items identifying whether or not
the male respondent or mae spouse/partner has any children under 18 living outside the household and
whether or not they made payments to support ther children outside the household. To estimate the
number of males who have children under 18 years old living outside the household, the adult pair
weight is used. Similarly, the number of adult males paying child support can do be estimated using the
adult pair weight.

Example 8. Characteristics of Adult Males Under 65

Only adult maes are asked if they have any children under 18 years old who live outside
the adult’s household. To estimate the number of maes who have children under 18 years
old living outsde the household, the ADULT PR weight is used. This easily extends to
questions only asked of the randomly sdected adult. The following example estimates the
percentage of males who have children under 18 years old living outside the household
who have had insurance continuoudy for the past 12 months, the ADULT_RN weight is
used.

8 In 37 cases both the MKA and spouse/partner were male and these questions were only asked about the
respondent. Thisresultsin avery small biasin these estimates.
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PROC SORT DATA=adult_rn OUT=arntemp;
BY persid;
RUN;

PROC SORT DATA=adult_pr OUT=aprtemp;
BY persid;
RUN;

DATA adult anotb bnota;
MERGE arntemp(in=a) aprtemp(in=b);
BY persid;
IF a AND b THEN OUTPUT adult;
IF a AND NOT b THEN OUTPUT anotb;
IF b AND NOT a THEN OUTPUT bnota;
RUN;

PROC FREQ DATA=adult;

TABLES eccovt/nofreq;

WEIGHT wgrnadO;

WHERE dkidohh = 1;

TITLE "Adult Males with Children Outside Household Covered by
Insurance Continuously During Last 12 Months"®;

RUN;

Generding the following table:

Adult Males with Children Outside Household Covered by Insurance Continuously
During Last 12 Months

Cumulative Cumulative
ECCOVT Frequency Percent Frequency Percent

1 4679353 87.0 4679353 87.0
2 701971.5 13.0 5381324 100.0

Frequency Missing = 2269856.5608

3.8  ChangeEstimates

The NSAF data collected in 1997 and 1999 is a vauable source for estimating changes over the two-
year time period. Estimates of change such as the difference in the percentage of children under age 6
who livein families below the poverty level can be produced using the data from Rounds 1 and 2. These
are cdled estimates of net change. Estimates of net change can be produced by caculating separate
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estimates for each round of NSAF and then the difference between the two rounds. No specid
adjustments to the weights are required.’

As noted earlier in the discussion of the NSAF sample design, the round 2 sample of telephone numbers
conssted of a partid overlap of telephone numbers that were used in round 1 as well as a new sample
of telephone numbers. Furthermore, the telephone numbers from round 1 that were used in round 2
were based only on the screener result code.  This means that in most cases where an extended
interview was obtained in round 2 from a telephone number that was used in round 1, an extended
interview was not completed in round 1. Furthermore, we did not follow up with persons interviewed in
round 1 as you would in a true pand survey. The overlap of telephone numbers for the RDD sample
(and segments for the area sample) was done for the purpose of improving the precison of estimates of
change over time, not for the purpose of estimating gross change, or change a the individua level.’® As
such, we do not provide longitudinad weights that would alow you to produce gross change estimates.

® Estimating the standard error of estimates of net change are covered in the next chapter.
10 We have decided not to release information that would allow analysts to link persons between rounds of the
NSAF in public usefilesfor confidentiality reasons.
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Chapter 4: Calculating Standard Errors

The sample of households and persons obtained in a survey is just one of many possible samples that
could have been obtained. Sampling error refers to error in survey estimates that arise due to the fact
that estimates are based on a sample of observations rather than the population of observetions. This
form of error is usudly expressed in terms of the standard error of an estimate, or the square of the
gtandard error, the sampling variance. Standard errors are also required to conduct hypothesis tests or
tests of gatistica sgnificance. Any honest presentation of estimates from a survey or hypothess testing
should include measures of uncertainty associated with using a sample for inference as opposed to the
entire population.

In this chapter, we show how to obtain standard errors for estimates using NSAF data. The NSAF
sample design features dratification, clustering and oversampling.  Speciaized software or procedures
must be used in order to obtain standard errors that reflect these aspects of the sample design. While
survey estimates obtained from standard Statistical packages will be correct, andard error estimates
from these packages will be incorrect (and most often understate the true standard error). For
rescarchers without the technical ability to caculate standard errors appropriately, we provide
ingructions on how to use design effects to obtain gpproximate standard errors for some survey
edimates. Findly, we briefly describe how standard errors can be cdculated correctly usng severd
datistical packages, including Wesvar, SAS and STATA.

4.1  Limitationsof Standard Statistical Packages

Note that standard statistical packages such as SAS or SPSS can till be used to obtain approximately
unbiased estimates from NSAF data. 'Y ou can use the WEIGHT option for any number of SAS PROC
steps (as shown in the previous chapter) to obtain correct estimates in SAS. In SPSS, you can use the
Weight Cases option under the Data menu to obtain weighted estimates. So, if dl you are interested in
iS getting weighted estimates, standard Statistical packages can be used in a straightforward manner.

However, you may want to get some sense of the uncertainty around these estimates due to the fact that
you have only one sample out of many possible samples that could have been drawn. Or, you may
want to congtruct confidence intervals or conduct hypothesis tests. Most standard dtatistical packages
such as SAS, SPSS, or STATA use formulas to caculate standard errors which assume that the data
are from a smple random sample. More formally, observations are assumed to be independent of one
another and identically digtributed (iid). Severa features of the NSAF sample design however should
convince you that NSAF data are not from a smple random sample, including oversampling by study
area, oversampling by household type and household income, clugtering in the area sample of
nontelephone households, subsampling within households, having observations (sample persons) within
the same household, and for the second round, differentia sampling by round 1 screener result codes.
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4.2  Using Design Effectsfor Approximate Standard Errors

Researchers without the technicd ability to caculate variances on their own can consder employing
design effects, an dternate method of describing the variability of an estimate from a survey. The term
design effect (DEFF) is used to describe the variance of sample estimates for a particular sample design,
relaive to the corresponding variance of a smple random sample with the same sample sze. DEFFs
are used to evduate the efficiency of the sampling design and estimation procedure used to develop the
estimates.

The concept of the design effect was popularized by Kish (see, for example, Kish 1965) to ded with
complex sample desgns involving dratification and clusering, desgns like that of the NSAF.
Straification generdly leads to a gain in efficiency over smple random sampling. On the other hand,
clustering usudly leads to deterioration in efficiency. This latter effect arises due to pogitive intracluster
correlaion among the subunitsin the clusters. For example, the DEFF is larger for children because we
sometimes sampled more than one child from the same household. This clugtering effect increases the
vaiance over that which would pertain in a smple random sampling of children. There is ds0 a
dratification effect to consder in the NSAF. By oversampling Missssippi, for instance, we obtain
excdlent results for that state—roughly as good as those for the much larger Cdifornia. However, this
oversampling means that our estimates of the nation as a whole are not as good as if we had drawn a
smple random sample of the country asawhole.

In order to determine the total effect of any complex design on the sampling variance in comparison with
the dternative smple random sampling, one caculates a ratio of variances associated with an estimate,
namely:

sampling variance of acomplex sample
sanpling variance of asmple random sample

DEFF =

This retio is cdled the design effect of the sampling design for the estimate. This ratio measures the
overdl efficiency of the sampling design and the estimation procedure used to develop the estimate. At
the analys's stage, the DEFF is ussful because most datistical andyss software (such as SAS and
SPSS) assumes the data are from a smple random sample when computing sampling errors of
esimates. The DEFF can, in some circumstances, indicate how gppropriate thisis and can be used to
adjust these smple estimates to produce ones that are closer to the actud sampling errors of the
estimates (Skinner, Holt, and Smith 1989).

For example, the design effect for a proportion can be expressed as:
Varges(P)

DEFF =
Varg |p)
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Where:
p denotes the weighted estimate of the population proportion P,

_ plL- p)
Srs n

Varggp) istheestimated simple random variance V( p) , and

Varge(p) isthevariance of the complex sample calculated appropriately

In the NSAF and in most other large-scde surveys, a large number of data items or variables are
collected from respondents. Each variable has its own design effect. One way to represent dl of these
is to compute design effects for anumber of smilar variables and then try to generalize about the impact
of the complex sample design. Appendix tables B-1 through B-8 enable us to do this by showing the
average, maximum, and minimum design effects for 33 estimates of children and adults from the 1999
NSAF (For the corresponding tables from the 1997 NSAF, see 1997 NSAF Methodology Report
No. 4).

In most cases, design effects for complex samples are larger than one. Thisis true of the NSAF, with
some design effects consderably greeter than one, especialy those for the nation as a whole, where the
DEFFs range from 0.81 to 10.02. The most important factors that result in design effects larger than
onein the NSAF include:

1. Oversampling by Study Area. The need for both study area and nationa estimates required
oversampling to produce stable separate estimates for the 13 specified study areas. This
oversampling increased the design effect for nationd estimates.

2. Household Screening. Additiond varigbility comes from the subsampling of households without
children and those above 200 percent of the federd poverty level (FPL). The misclassfication of
households as above 200 percent FPL when they actudly fell below 200 percent of the poverty
level dso increases the variance of estimates restricted to persons at or below 200 percent of the
poverty level. See Flores-Cervantes et a. (1998) for a discussion of thistopic.

3. Within-Household Subsampling. Differentia sampling rates at the person level dso contribute
to increases in design effects.  Children and adults were subsampled within households for both
the RDD and area sample components.™

4. Differential Sampling Rates of Round 1 Telephone Numbers. Teephone numbers from
Round 1 were subsampled at different rates in Round 2, depending on their result codes in that
round of data collection. This increases the design effects for Round 2 estimates somewhat but
improves precison for estimates of change and reduces overdl data collection codts.

" Househol ds without children and households above 200 percent of the poverty level were not subsampled in the
area component of the study, so design effects associated with such subsampling were not incurred in the area
sample but were for the RDD sample.
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5. Clustering of Households in the Area Sample. For the area sample component of the
survey, households were clustered within segments and segments were clustered within primary
sampling units (PSUs). Design effects increase to the extent that respondents in the same cluster
are amilar in their responses to survey items. Larger design effects resulting from the area sample
clustering are more likely to affect low-income households because a larger percentage of low-
income persons are in nontel ephone households.

A find point about the DEFF tables is that they show Milwaukee and the balance of Wisconsn
separatdy. Using the publicly avalable ste variable (SITE), researchers can treast Milwaukee and the
balance of Wisconsin as separate Sudy areas. Alternately, researchers can smply use the larger of the
two sets of design effects shown, or employ the replicate structure of the NSAF files to cdculate
variances directly.

For some of thefilesin this public use release, the average DEFTS shown above can be used directly by
cdculaing from the file an unbiased estimate of the smple random sampling error. Below, we have
carried out an extended example in detail.

We begin by modifying a conventiona 95 percent confidence interva for the population proportion P.
Thismodification is of the form

p+ L96(DEFT) (Varg<(p)*? ,

where p is the estimate from NSAF of the true population value P obtained (as in section 5 above) by
cdculation of the weighted totd. Because we are usng a conventiond 95 percent confidence interva
and under the assumption of normality, the confidence coefficient is 1.96. The DEFT will depend on the
particular P wetry to estimate, as set out in the NSAF Appendix tables mentioned above.

(Varsrs(p))l’2 Is an estimate of the standard error of p under smple random sampling (SRS). It can be
useful to think of the SRS standard error as

SRS standard error = (population standard deviation)/(unweighted sample size) *

For a proportion, this is the familiar v(p),, = pi2- p) that was used above. Notice that for
n

proportions, dl that is needed is to properly caculate the weighted estimate p, then the SRS standard
error isimmediate and the adjusted confidence intervas follow readily.

Consder the following example, worked out here in detail. In particular, consder estimating average
earningsin the previous year, U_EARN. Wefirgt use the SAS PROC MEANS statement

PROC MEANS DATA=adult_PR VARDEF=WDF N SUMWGT MEAN VAR STD;
VAR u_earn;
WEIGHT wgpradO;



TITLE “Total Earnings Last Year Using (Sum of Weights) 1 to
Calculate the Variance’;
RUN;

to obtain

n Sum Wgt Mean Variance Std Dev
27,599 37,298,973.02|18,873.51 |901,697,957|30,028.29

The smple random sampling standard error is then:
(population standard deviation)/(unweighted sample size) *= (30,028.29 )/( 27,599 )"

This caculation yields 181.55. Since U_EARN average = 18,873.51 and from Appendix table B-4,
DEFT = 2.16, thefind confidenceintervd is

18,873.51 + 1.96 * 2.16 * (181.55)
or
18,873.51 + 768.10

It might be worth noting that our basic approach here is amilar to that taken in Census Bureau
publications from the CPS (e.g., see P-60, No. 198, which is the CPS publication most comparable to
the 1997 NSAF study).

4.3 Methodsfor Obtaining Correct Standard Errors

The design effect approach can be used to obtain approximate standard errors for percentages,
proportions and means. However, they cannot be used for estimates such as ratios, regresson
coefficients and totas. In addition, design effects have only been provided for some specific subgroups.
Findly, the average design effects shown in Appendix B are based on a rdaively smal number of
estimated variances from the survey, and these variances are aso sample estimates.  The particular
estimates used to generate the tables in Appendix B dso affect the averages. The estimates used were
gpecificaly sdlected, and many of them are related to lower income status. Other choices of estimates
would give different averages. It is recommended that you use the methods described in this section to
obtain optimal estimates of standard errors.'

12 A good starting point for learning about variance estimation in complex design samples with links to software can
be found at the website of the Survey Research Methods Section of the American Statistical Association
(http://www.amstat.org/sections/ SRM S/index.html).
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There are basicdly two methods for obtaining standard errors for NSAF estimates. Y ou can ether use
only the O weight (eg. for child estimates, use only the WGFCADO weight) dong with varigbles that
describe the structure of the replicate weights (VARUNIT and VARSTRAT) or you can use the O
weight dong with the replicate weights (i.e. WGFCADO, WGFCAD1, WGFCAD?2,
WGFCADG0).

Users who wish to obtain slandard errors using packages that rely upon linearization methods (Taylor
series gpproximations) such as in SUDAAN, the “svy” commands in STATA and the PROC
SURVEYMEANS and PROC SURVEYREG commands in SAS do not need to use the replicate
weights. Ingead, you will only use the ‘O weight dong with the VARUNIT and VARSTRAT
variables. We will not ded with usng these packages for estimating standard errors in this report. A
discussion of using these methods to calculate stlandard errors is covered in chapter four of Report No.
4 of the 1999 NSAF Methodology Series™

4.4  Using Replicate Weightsto Calculate Standard Errors

The basic idea behind replication is to draw subsamples from the sample, compute the estimate from
each of the subsamples, and estimate the variance from the variability of the subsample estimates.
Specificdly, subsamples of the origind full sample are selected to calculate subsample estimates of a
parameter for which a full-sample estimate of interest has been generated. The variability of these
subsample estimates, around the estimate for the full sample, provide an estimate of the standard error
of the estimate. The subsamples are caled replicates and the estimates from the subsamples are called
replicate estimates. Baanced repeated replication (BRR) and jackknife replication are two gpproaches
to forming subsamples. Rust and Rao (1996) discuss these and other replication methods, show how
the units included in the subsample can be defined using variance strata and units, and describe how
these methods can be implemented using weights.

Replicate weights are created to derive the corresponding set of replicate estimates. Each replicate
weight is derived using the same estimation steps as the full sample weight but using only the subsample
of cases comprising each replicate. Once the replicate weights are developed, it is a straightforward
meatter to compute estimates of variance for sample estimates of interest. Estimates of variance take the
following form:

V(d): c aG (d(k) - d)z (2-1)

where

3 SUDAAN version 8 al'so has an option that allows the user to cal cul ate variances using jackknife replicate weights
supplied by the user. We have not tested this version of SUDAAN and cannot provide advice or guidance on using
NSAF replicate weights with this package.
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d isthe estimate of q based on the full sample.
(k) isthe k-th estimate of g based on the observations included in the k-th replicate.

G isthe tota number of replicates formed.
Is a congtant that depends on the replication method.

c
V(A) isthe estimated variance of (i .

Thus, imagine using each of the 60 replicate weights, one replicate weight & a time, to obtain 60
separate weighted estimates of the same statistic, such as amean. Take these 60 estimated means and
cdculae the sum of the squared deviations from the mean estimated using the full sample weight. This
sum of the squared deviations from these 60 means is your estimated variance. In turn, the standard
eror isthe square root of the estimated variance.

Thislogic gpplies to any gatigtic for which you wish to estimate the standard error. For example, if you
wish to obtain standard errors of a regresson coefficient, you would essentidly estimate the same
regresson mode 60 times, once using each of the 60 replicate weights. Y ou would then caculate the
sum of the squared deviations of the regresson coefficient from the full sample estimate (and then take
the square root) to get the estimated standard error of that regression coefficient. Similarly, if you are
interested in calculating the standard error of the difference between two means, you would caculate the
difference between those means 60 times, once using each replicate weight. 'Y ou would then caculate
the sum of the squared deviations from these 60 differences and take the square root of that to get the
standard error of the difference.

Replicate weights were created for both the 1997 and 1999 NSAF using a paired jackknife approach.
Full details of cresting these replicate weights are provided in Report No. 4 of both the 1997 and 1999
NSAF Methodology Series.

4.5 WesVar

WesVar  is a package developed by Wedtat for the persona computer (PC). WesVar uses
replication methods such as the jackknife and BRR to compute variance estimates. Through the use of
replicates, adjustments made during weighting (nonresponse, raking) can be taken into account by
making the same adjusments to each replicate separatdy. Replication is computer intensive, but
powerful PCs have largely diminated this as an issue. However, it is ill possble thet for very large
data sets the computations will exceed the capacity of the machine or take a long time.  Although
replication can be used for most estimates, replication techniques are not necessarily gppropriate for al
sample gatigtics of interest. Specid care is needed when trying to estimate standard errors of medians,

1% The latest version of WesVar is version 4.0. An older version of WesVar that can be used to produce many
estimates and standard errors (including regression and logistic regression) is freely available for download at
(http://www.westat.com/wesvar/demo/index.html).
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quartiles, or other quantiles. Direct estimates of quantiles using the jackknife method are not supported,
but an dternative method is supported.

WesVar is an interactive program centered on sessons called workbooks. A workbook is a file linked
to a specific WesVar data set. 1n aworkbook, the user can request descriptive Statistics and regression
models, as well as andyze and create new datisics. The information about the design is incorporated
into the replicate weights when the data file is created. Regresson requests support both linear and
logistic regression (both dichotomous and multinomid). Outputs include satistics of interest, such asthe
sum of weights, means, totas, percentages, ratios, regresson coefficients, and log odds-ratios, aong
with their corresponding standard errors, CV, and confidence intervals. Chi-square tests of
independence are performed on two-way tables, and goodness of fit dtatistics are produced for
regresson modes. WesVar can dso edimate linear combinations of parameter estimates (eg.
differences and sums of regresson coefficients) and perform hypothess tests. Design effects can be
output for al the above statistics except compiled statistics such asratios.

When you import NSAF data into WesVar, you will not need to creste replicate weights since they
have dready been created. The ‘0 weight (eg. WGFCADO on the focd child file) is the full sample
weight and the weights with names ending in 1 — 60 (e.g. WGFCAD1 — WGFCADG0) are the replicate
weights. Specify K2 asthe method of replication.

4.6 SASand STATA Macros

The SAS macros are programs written by Urban Ingtitute (Ul) staff to enable researchers to generate
accurate variance estimates from the Nationa Survey of Americas Families (NSAF) without using
additiona software. By default, lower versons of SAS and other standard statistical packages cannot
make ready use of certain complex survey designs for datistical andyss. More specificaly, SAS does
not have the built-in capability to properly anayze NSAF and its use of replicate weights.

Appendix D describes the macros, their capabilities, and the syntax required to invoke the macros
correctly. In the second section of Appendix D, we present examples of sample programs to run the
macros, and follow these examples with the output resulting from the submitted statements. The third
section contains the actua macro programs. The macro programsin section 3 can be used asis, or can
be modified to run other satistica tests (e.g., logistic regression). For basic questions about the macros
and their use, please contact nsaf @ui.urban.org. However, please note that while these macros are
being made available to externa researchers as a convenience, we cannot provide support beyond
generd technica assstance.

Appendix E describes macrosfor usein STATA. This section dso reviews the commands that are
currently developed and their syntax, discusses their limitations, and illustrates their structure usng OLS
with JRR standard errors as an example. With this example, users of the NSAF with experience
programming in STATA should be able to readily extend the method to other regresson commands or
customize the routines described here.
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4.7  Estimating Variancesfor Change Estimates

An important god of the 1999 NSAF is to estimate changes that have occurred in the population since
the 1997 NSAF data callection (e.g., the change in the percentage of children who live in poverty by
sudy area or the percentage of adults without insurance). The retention of a substantia number of
telephone numbers and nontelephone sampling aress, as described in 1999 NSAF Methodology
Report No. 2 dedling with sample design, was designed to help accomplish this goa by reducing the
variance of estimates of change.

The method for computing variances for estimates of change over time in the NSAF is afunction of the
designs of the 1997 and 1999 surveys. This will be clear once some notation is established. Let ¢ be

the estimate of a characterigtic or tota for timet, and v((it) be its estimated variance (the square of the
standard error). The estimated change between times t; (1997) and t, (1999) for this characteristic or
totdl is D =q,, - q, . Weareinterested in estimating its variance, v(D).

If the NSAF sample for Round 1 and Round 2 were selected independently, standard statistical theory
could be gpplied. Under independence, the variance of the difference is the sum of the variances for the
two time periods,

V(D) = V(G,) +V(Ch2) (31)

The two variances on the right-hand side are computed separately, using the replication procedures
described in Report No. 4 of both the 1997 Methodology Series. Smilarly, this report (briefly) and the
1999 NSAF Methodology Report No. 4 delineate the procedures for Round 2. The estimated
difference and its variance can then be computed smply by using equation (3.1).

This approach is not completely appropriate for the NSAF because the two samples are not
independent. In fact, the sample design for Round 2 was ddiberatdly established to make the samples
dependent. With dependent samples, the variance of the estimated change has an additional component
to account for the correlaion in the samples. The estimated variance is

V(D) =\{G, )+ Vigke)- 25 %Mo, Maiz) (32)

where the last term accounts for the dependence of the two estimates. When the corrdation, r, is large
and positive, then the variance of the estimated change may be much smaller than obtained from
independent samples. With independent samples, the correation is zero, and equation (3.2) reduces to
equation (2.1). When the samples patidly overlap like they do in the NSAF, then corréation is
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typicaly smdler than with a complete overlap (see Kish 1965, section 12.4 for more discusson of this
case). Tables of these correlations for NSAF are provided in Appendix C.

One way of estimating change (and the variance of a change estimate) from the NSAF is to concatenate
the 1997 and 1999 datafiles into one file that contains dl the variables needed for the analys's, including
al of the replicate weights. For example, the variables from the child files for 1997 and 1999 that will
be used in the change andyss would be included in the concatenated file. In preparing the
concatenated file, the variables for both rounds have been given the same variable name (e.g., poverty
datus for 1997 and poverty status for 1999 should have the same variable name). The weights for the
two rounds are aso given the same variable names. In addition, a binary variable that indicates the data
collection round should be crested.

Estimates of change are the difference between subgroups in the concatenated file, where the subgroups
are defined by the round indicator. The issues raised in the previous section that concern making cross-
sectiona estimates can now be gpplied directly to producing estimates of change. The choice of the
gppropriate cross-sectiona weight determines the weight to be used to estimate change.
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Appendix A

Sample Sizes
Table A-1.
Round 1 Extended Interview Sample Sizes
Children MKAs and Spouse/Partners Childless Adults

State All Low Income All Low Income All Low Income

Alabama 2,098 1,160 2,875 1,386 1,412 569
California 2,060 1,242 2,698 1,471 1,666 596
Florida 2,063 1,176 2,792 1,383 1,231 454
Massachusetts 2,381 1,016 3,314 1,148 2,048 494
Michigan 2,143 960 3,009 1,143 1,756 510
Minnesota 2,360 1,033 3,347 1,250 2,307 634
New Jersey 2,566 1,029 3,577 1,192 2,476 630
New York 2,252 1,230 2,959 1,395 1,381 474
Texas 2,249 1,367 3,079 1,704 1,177 421
Washington 2,469 1,174 3,465 1,443 2,415 777
Mississippi 1,984 1,219 2,612 1,392 1,434 640
Milwaukee 1,804 1,002 2,300 1,053 1,255 420
Wisconsin 2,320 977 3,389 1,217 2,068 563
Bal. of U.S. 3,392 1,808 4,736 2,210 3,322 1,096
Colorado 2,298 1,078 3,258 1,332 2,167 680
Total 34,439 17,471 47,410 20,719 28,115 8,958

Table A-2.
Round 2 Extended Interview Sample Sizes
Children MKAs and Spouse/Partners Childless Adults

State All Low Income All Low Income All Low Income

Alabama 1,827 891 2,583 1,076 1,373 568
California 1,917 823 2,702 1,019 1,225 432
Florida 1,989 860 2,873 1,050 1,106 400
Massachusetts 2,564 773 3,784 899 1,575 400
Michigan 2,177 735 3,180 883 1,547 467
Minnesota 2,510 738 3,826 906 2,238 530
New Jersey 2,931 812 4,311 949 1,459 305
New York 2,197 966 3,038 1,121 1,125 376
Texas 2,163 1,055 3,068 1,325 665 269
Washington 2,381 822 3,439 988 1,366 366
Mississippi 1,734 927 2,328 1,049 1,186 498
Milwaukee 1,991 802 2,709 850 1,336 436
Wisconsin 2,543 720 3,871 900 1,633 425
Bal. of U.S. 4,557 1,861 6,673 2,349 3,636 1,279
Colorado 2,457 830 3,643 1,041 1,221 355
Total 35,938 13,615 52,028 16,405 22,691 7,106
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Appendix B
Design Effect Tables

Each of the eight tables has a row for each date, four columns for dl children or adults, and four
columns for low-income children or adults. The first column is the average design effect (DEFF), the
second is the maximum DEFF, the third is the minimum DEFF, and the fourth is labeled the DEFT. The
DEFT is the square root of the DEFF, o it is Smilar to the DEFF but on the scale of the standard
deviation of the estimate rather than the variance. The figures labdled DEFT in the tables are actudly the
average of the DEFTSs.

Table B-1 gives the average DEFTSs for al children and for low-income children by study area. The
average DEFT for dl the study areas is generdly in the range of 1.3 to 1.5, or about 30 to 50 percent
above what would be found in a smple random sample of the same sze. The average DEFT for the
nationd estimate of dl childrenisjust under 2.0. For children in low-income families, the average DEFT
is dmog the same as for dl children. These averages (and the maximum and minimum shown in the
table) were computed from 25 estimates of dl children in each sudy area and 29 estimates for low-
income children.

Table B-2 gives the average DEFTs for Higpanic children. The averages for some of the study areas are
based on a very smal number of datistics because any edimate with a sample sze of less than 10
children was excluded from the computations. For example, in Alabama only five estimates of Hispanic
children have sample szes (the numerator of the estimated percentage) of 10 or more, so the estimated
average DEFT for Higpanic children in Alabama is unstable. The smal sample Sze is a consegquence of
there being so few Higpanicsin Alabama. The other study areas where the averages are based on 15 or
fewer gatistics (of the 25 or 29 for low-income children that could have been used) were Michigan,
Minnesota, and Mississppi, and the balance of Wisconsin. The average DEFT for Hispanicsis generdly
dightly lower than the average DEFT for dl children shown in table B-1, but it should be remembered
that these averages may be ungtable.

Table B-3 is the corresponding table of average DEFTSs for black children. Only two study areas have
averages based on fewer than 15 datistics Colorado and the baance of Wisconsn. The average
DEFTSs for dl black children and the low-income black children are about the same as the average
DEFTs for dl children given in table B-1. Given the indability of al these average DEFTS, there does
not seem to be agreat ded of variability acrossthe dl, Hispanic, and black children categories.

Table B-4 shows the average DEFT for estimates of dl adults in each study area. The median of these
average DEFTSs across the study aress is dightly less than 1.5, so the average standard error of the
estimate is about 40 to 50 percent greater than expected from a smple random sample. The average
DEFT for Colorado is the largest; this is due in part to one gatistic with a particularly large DEFT (the
maximum DEFF in Colorado is the largest in the table). The average DEFT for the nationa estimate of
adults is 2.2, which is larger than the study area average as expected because of the oversampling by
sudy area. The average DEFT for low-income adults in the table is about the same as for dl adullts,
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with little variation across study aress. All of the averages in the table are based on the same 22
datistics computed by study area and for the nation.

Tables B-5 and B-6 give the estimates for adult Hispanics and blacks, respectively. The average DEFT
for Hispanicsis very ungable for many of the sudy areas because the average is computed from only a
few datidics. For example, in Alabama and Mississppi, only five of the adult Satigtics had the sample
szes of 10 or more needed to be included in the average DEFT. Other study areas in which the average
DEFT was based on less than 15 statitics for either dl adult Hispanics or low-income adult Hispanics
are Michigan, Minnesota, and the balance of Wisconsin. For blacks, only Colorado and the balance of
Wisconsn have average DEFTs based on less than 15 datidtics for dl adults or low-income adults. The
average DEFTs by study area are rdatively consstent for Higpanics and blacks, with some variaion by
study area.

The lagt two tables of adults are for those who live in households with and without children (tables B-7
and B-8). The average DEFT for dl adults in households with children is very smilar to the average
DEFT for low-income adults in households with children. In addition, there is little varidion in the
average DEFTSs across study areas. The same holds true for adults in households without children. The
average DEFT is smdler for adults in households without children. For example, the average DEFT for
al adults in households without children in Horida is 1.2; for adults in households with children, the
average DEFT for FHoridais 1.6.

Table B-1.
Average DEFF and DEFT for Estimates from the 1999 NSAF Child Filefor All Children and
L ow-income Children, by Site

Study Area All Children L ow-income Children
Average Maximum Minimum DEFT | Average Maximum Minimum DEFT
Alabama 180 245 0.86 133 174 2.85 047 130
Balance of Wisconsin 228 445 116 148 225 4.69 0.73 145
Cdifornia 1.89 2.88 094 136 189 314 0.55 135
Colorado 187 281 0.79 135 187 3.00 0.74 134
Florida 224 6.08 0.86 146 2.09 584 0.60 141
Massachusetts 178 232 1.06 133 186 2.76 0.86 135
Michigan 231 8.67 0.70 147 196 7.50 0.65 135
Milwaukee 13 2.69 113 134 183 319 0.50 133
Minnesota 179 574 0.86 131 177 5.61 0.69 130
Mi ssissippi 178 434 105 132 172 424 0.55 128
New Jersey 173 256 113 131 174 2.68 0.76 131
New York 174 2.80 084 131 182 322 051 133
Texas 209 399 103 143 196 411 04 137
Balance of the U.S. 172 3.09 093 130 176 2.78 0.62 131
Washington 1.86 3.20 0.90 134 190 318 0.72 136
National 392 6.04 2.34 197 391 5.70 129 1.96
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Table B-2.
Average DEFF and DEFT for Estimates from the 1999 NSAF Child Filefor All Hispanic
Children and L ow-income Hispanic Children, by Site

All Hispanic Children

L ow-income Hispanic Children

Study Area - — - —

Average Maximum Minimum DEFT | Average Maximum Minimum DEFT
Alabama 216 252 165 147 156 224 049 121
Balance of Wisconsin 148 185 1.10 121 154 169 143 124
Cdifornia 220 3.60 0.87 146 193 353 0.37 135
Colorado 218 3.65 0.78 145 201 3.69 0.46 137
Florida 154 3.20 0.76 122 146 330 057 118
M assachusetts 170 253 0.72 129 166 246 0.39 126
Michigan 174 234 0.99 131 153 229 091 122
Milwaukee 1.89 262 0.85 1.36 1.70 2.88 0.27 126
Minnesota 197 245 127 140 133 192 0.67 114
Missi ssippi 161 284 0.99 123 159 310 084 120
New Jersey 180 299 101 133 163 243 046 126
New Y ork 188 2.66 116 1.36 171 253 0.36 129
Texas 253 507 0.96 156 218 513 0.32 143
Balance of the U.S. 156 220 1.06 124 145 245 059 119
Washington 19 283 105 138 1.80 282 046 132
National 346 4.96 1.76 184 3.09 493 0.81 172

Table B-3.

Average DEFF and DEFT for Estimates from the 1999 NSAF Child Filefor All Black
Children and L ow-income Black Children, by Site

All Black Children

L ow-income Black Children

Study Area - — - —

Average Maximum Minimum DEFT | Average Maximum Minimum DEFT
Alabama 175 279 0.80 131 165 2.70 0.26 126
Balance of Wisconsin 235 277 169 153 188 301 129 136
Cdifornia 184 247 053 134 192 248 1.00 138
Colorado 172 195 115 131 1.70 2.28 0.57 128
Florida 234 442 084 151 207 398 0.78 141
Massachusetts 201 353 1.00 140 1.96 39 0.98 138
Michigan 256 9.94 050 153 192 723 0.30 133
Milwaukee 183 291 1.06 134 177 319 041 131
Minnesota 223 398 118 147 188 352 116 136
Missi ssippi 194 441 107 138 177 4.19 0.53 131
New Jersey 1.66 254 097 127 1.70 261 0.71 129
New Y ork 193 355 0.98 137 179 4.39 0.60 131
Texas 175 282 0.63 130 164 2.78 0.50 125
Balance of the U.S. 173 263 0.90 130 162 2.78 0.71 126
Washington 2.36 4.07 1.09 152 220 411 0.82 145
National 4.58 7.31 2.35 212 4.70 843 214 215
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Table B-4.
Average DEFF and DEFT for Estimates from the 1999 NSAF Adult Pair Filefor All Adults
and L ow-income Adults, by Site

Study Area 'AII AduI.ts. Lovy-incomeA@lts

Average Maximum Minimum DEFT | Average Maximum Minimum DEFT
Alabama 211 324 109 144 214 350 0.71 145
Balance of Wisconsin 215 3.30 115 145 223 382 141 148
Cdifornia 200 371 112 140 2.08 412 0.82 142
Colorado 326 7.19 102 177 275 5.90 113 163
Florida 249 4.09 130 156 249 383 125 157
M assachusetts 243 3.96 132 154 242 4.98 131 154
Michigan 225 34 114 148 219 365 109 146
Milwaukee 229 4.30 0.98 149 187 272 112 1.36
Minnesota 192 2.80 0.92 138 192 292 107 137
Missi ssippi 197 404 103 139 2.09 481 121 142
New Jersey 277 470 185 165 244 435 112 154
New Y ork 210 346 0.80 144 238 404 0.73 152
Texas 3.00 521 1.08 170 3.07 522 125 173
Balance of the U.S. 201 3.36 0.92 140 207 2.70 097 143
Washington 2.26 313 145 150 214 350 102 145
National 4.92 6.77 249 2.20 454 7.19 252 211

TableB-5.

Average DEFF and DEFT for Estimates from the 1999 NSAF Adult Pair Filefor All Hispanic
Adultsand L ow-income Hispanic Adults, by Site

All Hispanic Adults

L ow-income Hispanic Adults

Study Area Average Maximum Minimum DEFT | Average Maximum Minimum DEFT
Alabama 558 1251 2.28 226 218 272 146 147
Balance of Wisconsin 234 343 121 151 179 250 121 133
Cdifornia 191 368 0.65 136 190 291 0.75 136
Colorado 257 4.73 150 158 220 4.36 134 146
Florida 281 7.72 114 164 235 3.77 109 152
M assachusetts 2.32 487 0.71 149 242 429 133 154
Michigan 192 4.30 0.76 136 163 249 101 127
Milwaukee 220 358 0.97 1.46 2.06 3.16 130 142
Minnesota 203 4.34 0.99 140 150 218 0.77 121
M i ssissi ppi 125 162 081 11 0.95 107 0.87 0.97
New Jersey 242 421 135 154 200 329 102 140
New York 232 3% 146 151 235 384 0.95 152
Texas 356 6.59 0.96 184 356 7.39 151 184
Balance of the U.S. 189 270 0.96 136 163 312 0.88 125
Washington 187 342 0.97 134 179 302 0% 132
National 346 6.36 193 184 3.56 6.02 150 1.86
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Table B-6.
Average DEFF and DEFT for Estimates from the 1999 NSAF Adult Pair Filefor All Black
Adultsand Low-income Black Adults, by Site

Study Area All Black Adults L ow-income Black Adults

Average Maximum Minimum DEFT | Average Maximum Minimum DEFT
Alabama 203 307 1.09 141 213 3.68 115 144
Balance of Wisconsin 142 255 0.99 117 152 221 0.61 121
Cdifornia 212 385 114 143 2.28 574 122 148
Colorado 177 3.78 0.73 128 152 339 0.98 121
Florida 252 383 105 157 232 333 137 151
M assachusetts 328 11.88 0.85 173 248 504 0.86 154
Michigan 220 4.83 0.98 146 223 361 094 147
Milwaukee 193 298 0.93 138 1.66 2.37 103 127
Minnesota 2.86 6.93 126 163 216 5.56 0.92 142
Missi ssippi 202 332 103 141 197 372 122 139
New Jersey 227 381 121 149 223 554 136 147
New Y ork 234 4.49 118 151 229 3.70 0.90 150
Texas 251 399 144 156 218 345 084 146
Balance of the U.S. 225 440 0.72 148 192 291 0381 137
Washington 223 393 103 146 232 3.88 104 149
National 5.81 10.02 2.36 2.37 487 6.69 254 2.19

TableB-7.

Average DEFF and DEFT for Estimates from the 1999 NSAF Adult Pair Filefor All Adultsin
Householdswith Children and L ow-income Adultsin Householdswith Children, by Site

Sudy Area All Adults, Householdswith Children LOW"“mmeACdﬁi'ltjr';ouseho'dSW'th

Average Maximum Minimum DEFT | Average Maximum Minimum DEFT
Alabama 195 2.87 0.93 1.38 1.93 3.29 1.10 138
Balance of Wisconsin 2.05 324 0.40 140 223 4,06 0.77 147
Cdifornia 195 3.02 1.09 1.38 1.82 3.37 0.75 133
Colorado 228 3.67 091 149 219 350 0.93 146
Florida 253 490 1.00 156 243 471 113 153
Massachusetts 220 5.09 0.78 145 255 6.23 0.95 154
Michigan 2.25 470 053 147 2.08 3.89 1.00 142
Milwaukee 2.25 6.08 0.75 146 1.93 3.63 0.78 137
Minnesota 195 384 056 137 187 376 0.93 135
Missi ssippi 1.98 484 0.82 137 201 5.09 0.64 138
New Jersey 2.39 422 0.86 152 1.98 3.27 0.85 1.39
New York 258 435 0.98 158 247 517 0.66 153
Texas 2.85 5.81 112 164 243 454 127 154
Balance of the U.S. 182 291 050 133 183 324 0.82 133
Washington 2.03 417 0.81 1.39 204 391 0.72 1.39
National 4,62 7.80 1.16 211 404 751 1.96 1.98
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Table B-8.
Average DEFF and DEFT for Estimates from the 1999 NSAF Adult Pair Filefor All Adultsin
Households with No Children and L ow-income Adultsin Households with No Children, by Site

Study Area All Adults, Householdswith No Children "OW"”ComeAd(“:';ﬁ dHrg‘feho'dSW'th No

Average Maximum Minimum DEFT | Average Maximum Minimum DEFT
Alabama 152 249 0.66 122 1.99 267 107 140
Balance of Wisconsin 1.26 1.80 0.47 111 1.38 1.89 0.65 116
Cdlifornia 151 336 0.91 122 184 358 117 134
Colorado 160 2.76 0.67 125 159 2.83 0.70 124
Florida 150 219 055 121 158 261 0.85 124
Massachusetts 1.36 191 0.72 116 155 247 0.99 123
Michigan 164 297 0.81 127 193 315 0.72 137
Milwaukee 153 216 0.65 123 161 2.80 0.86 1.26
Minnesota 141 218 0.69 118 155 2.36 0.91 123
M i ssi ssippi 155 3.10 0.72 123 1.80 312 0.96 133
New Jersey 149 229 0.82 121 152 3.00 0.66 122
New York 125 177 0.80 111 162 245 091 126
Texas 146 259 0.70 119 163 393 0.60 125
Balance of the U.S. 154 315 0.68 122 199 276 115 140
Washington 138 182 100 117 141 215 0.67 118
National 3.50 552 181 185 3.76 5.83 179 193
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Appendix C
Round 1-Round 2 Correlations

Table C-1 gives summary measures of correlations computed for 26 dtatistics nationdly and by
sudy area using the child data from the 1997 and 1999 NSAF. The first column is the mean
corrdation and the other columns are order datistics for the corrdations. The median
correlation will be used in our discussion as the average correletion.

Table C-2 gives the etimated correlations for a subset of the records, those children who were
low-income in Round 1 or Round 2. The subsetting has the effect of reducing the correlation
because a common set of children is not included. This method was used because it most
closdly corresponds to the types of estimates andysts are likely to produce. For example, thisis
the correlation appropriate for estimates of the change in the percentage of low-income children
with hedth insurance across the two years. The average nationd correlaion is 0.09, nearly
equa to the average for dl children. By study ares, the average corrdations for low-income
child estimates are lower than the corresponding estimates for dl children.

Tables C-3 and C-4 give the corrdations for estimates of change from the ADULT_PR file, the
firg for dl adults and the second for low-income adults. For dl adults, the average nationd
corrdation is 0.06 and the study area correlations are somewhat lower. The estimated
correlations for low-income adult statistics are even lower for the nationa estimate for al adults
and about the same at the study arealevd.

For the ADULT_RN file, correlations were computed for nationa estimates of change and for a
few study aress. These estimated correlations were gpproximately the same for the nation and
the study areas examined as the estimated corraions from the ADULT_PR file.

The corrdations summarized in this section show that estimates of change are dightly more
precise because of the overlapping design, but the increase in precision is not as great as had
been anticipated at the design stage. Some of the reasons for this are discussed in detail in 1999
NSAF Methodology Report No. 4. Neverthel ess, some gains were achieved from the overlap.
Treating the estimates from the two rounds as if they were independent typicaly results in
dightly larger standard errors for edtimates of change than would be redized when the
correlation is taken into account.

Appendix tables C-5 and C-6 show the corrdations estimated for the subset of individuas
sampled in both rounds of the survey. The corrdations for this subset are typicdly larger than
the estimated corrdlations for dl children and adults shown in tables C-1 through C-4. For
example, the nationa average correlation for the subset of dl childrenin table C-51s0.12, while

> A record for achild was included if the child was low-income for the particular round. Thus, if a child was
low-income in Round 1 but not in Round 2, only the Round 1 record for the child was included in the
analysis.
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it is 0.08 for dl children. Thus, it appears that the newly added sample in Round 2 has fairly a
minor role in reducing the correlation.

The overlapping household corrdations in tables C-5 and C-6 ill do not measure the
population correlation because of nonoverlap due to nonresponse and sampling within the
household. To eiminate these effects, correlations were aso computed for the subset of persons
who were interviewed in both rounds of data collection. These matching persons were identified
by daff a the Urban Inditute usng matching techniques because no unique identifier was
available to do this at the person level. While there is undoubtedly some error involved in the
matching, this person-level overlgp is the best method for studying population correlations
directly. See Report No. 10 in the 1999 Methodology Series for more details on the matching.

Tables C-7and C-8 are for children and adults who were the subject of interviews in both the
1997 and 1999 NSAF. The correlations at the person level are about two to three times greater
than the household-level correlations for dl persons shown earlier. The average person-leve
correlations for children ranges from .23 to .42 across the study aress. For adult estimates of
change, the average estimated correlations go from .13 to .29 across study areas. While these
correlaions are much larger than the other correlations presented, they ill are much lower than
the expected correlation of 0.60 used in designing the sample. While some of the difference
might be due to errors in matching, it appears that the expected correlations, formulated based
on other surveys, were overestimates for these characteristics from the NSAF.

The average corrdations presented here smooth out some of the noise that is inherent in
estimating corrations. Correlations are second-order statistics, like variances, and are subject
to relaively large sampling errors. While the averaging should reduce the error in the estimates,
it is useful to remember that these are not particularly stable estimates.

The lower-than-expected correlaions in tables C-7 and C-8 have implications for the anadlysis
of estimates of change. The overlap was designed to improve the precison for estimates of
change, but the reductions in the sampling errors are not as large as expected. For example, if
the correations had been 0.60 (as expected), child estimates of change might have had sampling
errors that were 90 percent of the size expected from independent samples.

Two other observations follow from the lower-than-expected corrdaions. Firs, anaysts who
use the smpler procedure for estimating sampling errors for estimates of change given by
equation 1.1 for independent samples will not be overestimating by a large amount. Second, the
finding suggests that overlgpping the sample, even complete overlgp, will not likely produce
much more precise estimates of change for the types of dtatistics considered here.
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Table C-1.

Corréationsfrom 1997 and 1999 NSAF Child Filefor All Children, by Study Area

Study Area Mean Min 10% 25% Median 75% 90% Max
Alabama 011 -0.21 -0.09 0.02 0.12 0.19 0.26 0.52
Balance of Wisconsin 004 -0.33 -0.17 -0.11 0.01 0.18 0.26 0.47
Cdifornia 0.08 -0.08 -0.03 0.01 0.07 0.14 022 034
Colorado 0.06 -0.17 -0.09 -0.03 0.05 0.15 022 032
Florida 0.06 -0.15 -0.13 -0.10 0.04 0.20 0.28 047
M assachusetts 0.10 -0.19 -0.08 0.01 011 0.21 0.28 0.30
Michigan 0.08 -0.36 -0.20 -0.06 0.07 0.19 0.29 0.77
Milwaukee 0.06 -0.27 -0.16 -0.04 0.07 0.17 0.24 040
Minnesota 0.19 -0.22 -0.06 0.01 0.15 0.32 057 0.75
Mi ssissippi 0.13 -0.25 -0.13 -0.01 011 0.27 042 0.53
New Jersey 0.04 -0.33 -0.15 -0.06 0.05 0.15 0.20 0.28
New Y ork 0.06 -0.27 -0.12 0.00 0.10 0.15 0.18 0.30
Texas 013 -021 -0.08 -0.03 0.12 0.27 034 0.45
Balance of the U.S. 0.08 -0.12 -0.06 0.03 0.10 0.14 0.21 0.24
Washington 0.10 -0.26 -0.06 0.02 0.09 021 0.26 0.38
National 0.08 -0.19 -0.09 0.05 0.10 0.16 021 0.29
TableC-2.
Correationsfrom 1997 and 1999 NSAF Child Filefor Low-income Children, by Study
Area
Study Area Mean Min 10% 25% Median 75% 90% Max
Alabama 0.07 -0.29 -0.10 -0.03 0.09 011 0.26 052
Balance of Wisconsin 004 -0.21 -0.16 -0.06 0.02 012 024 0.40
Cdifornia 0.05 -0.14 -0.04 -0.02 0.03 0.08 0.19 0.24
Colorado 0.04 -0.28 -0.18 -0.09 0.01 0.17 022 033
Florida 0.06 -0.20 -0.15 -0.09 0.02 0.18 0.28 0.44
Massachusetts 0.03 -044 -0.17 -0.05 0.07 012 0.18 0.31
Michigan 0.06 -0.35 -0.22 -0.14 0.03 0.17 0.36 0.77
Milwaukee 0.03 -0.30 -0.18 -0.07 0.01 0.16 0.21 041
Minnesota 0.13 -0.28 -0.21 -0.10 0.09 0.36 0.47 0.74
M i ssissippi 0.10 -0.28 -0.16 -0.06 0.08 0.26 0.38 053
New Jersey 0.07 -0.15 -0.04 -0.01 0.05 011 0.22 0.28
New York 0.04 -0.17 -0.09 -0.01 0.04 0.09 0.14 0.32
Texas 011 -0.31 -0.05 0.05 0.07 0.23 0.32 042
Balance of the U.S. 0.10 -0.06 -0.01 0.04 011 0.15 0.21 0.28
Washington 0.03 -0.30 -0.18 -0.07 0.01 0.16 0.21 041
National 0.07 -0.12 -0.07 0.02 0.09 0.13 0.18 0.30
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Table C-3.
Correationsfrom 1997 and 1999 NSAF Adult Pair Filefor All Adults, by Study Area

Study Area Mean Min 10% 25% Median 75% 90% Max
Alabama 0.06 -024 -0.12 -0.07 0.03 0.20 0.33 0.37
Balance of Wisconsin 0.02 -0.24 -0.15 -0.07 0.02 0.10 017 031
Cdifornia 0.07 -0.19 -0.08 0.00 0.10 0.15 0.20 0.27
Colorado 0.05 -024 -0.14 -0.03 0.06 014 0.20 0.36
Florida -0.06 -0.25 -017 -0.12 -0.03 0.02 0.04 0.06
Massachusetts 0.00 -0.30 -0.15 -0.10 -0.02 0.09 017 0.30
Michigan 0.02 -0.20 -0.14 -0.07 0.03 0.08 013 0.30
Milwaukee 0.05 -0.20 -0.15 -0.06 0.04 0.19 022 033
Minnesota 004 -0.35 -0.10 -0.07 0.02 011 0.20 0.62
M i ssissippi 011 -021 -0.13 -0.01 0.09 0.19 0.36 0.48
New Jersey 0.04 -0.26 -0.10 0.00 0.05 012 021 0.26
New York -0.05 -0.41 -0.22 -0.14 -0.05 0.07 0.10 0.29
Texas 004 -0.24 -0.18 -0.10 0.02 0.19 0.27 0.33
Balance of the U.S. 0.02 -0.17 -0.08 -0.05 0.01 011 0.15 0.27
Washington 0.05 -0.16 -0.09 -0.03 0.04 011 0.16 0.29
National 0.04 -0.24 -0.10 -0.04 0.06 0.11 0.18 0.40
Table C-4.
Correationsfrom 1997 and 1999 NSAF Adult Pair Filefor Low-income Adults, by
Study Area
Study Area Mean Min 10% 25% Median 75% 90% Max
Alabama 0.08 -0.19 -011 -0.03 0.09 0.16 031 0.40
Balance of Wisconsin 0.02 -0.24 -0.16 -0.02 004 0.08 018 024
Cdifornia 0.08 -0.14 -0.03 0.00 0.09 0.16 0.20 037
Colorado 0.09 -013 -0.03 0.05 0.08 013 022 031
Florida 0.02 -013 -0.09 -0.08 0.01 0.08 0.15 0.19
Massachusetts 0.03 -0.14 -012 -004 0.02 011 020 0.26
Michigan 0.01 -0.26 -0.16 -0.05 0.02 0.10 0.17 0.19
Milwaukee 0.04 -0.29 -0.20 -0.09 0.00 0.18 0.30 041
Minnesota 004 -0.34 -0.18 -0.11 0.00 0.17 0.23 0.57
M i ssissippi 0.16 -013 -0.08 0.07 0.15 0.24 0.40 0.50
New Jersey 0.02 -0.15 -0.10 -0.08 0.03 0.08 012 0.16
New York -0.02 -0.28 -0.21 -0.07 0.01 0.06 0.09 0.26
Texas 0.06 -0.28 -011 0.03 0.05 0.16 0.29 034
Balance of the U.S. 0.00 -0.20 -0.16 -0.09 0.02 0.08 0.16 0.28
Washington 0.02 -0.17 -0.12 -0.05 0.02 0.07 0.08 033
National 0.03 -0.09 -0.07 -0.03 0.02 0.05 0.15 0.23
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Table C-5.
Corréations Estimated from Households Sampled in Both Roundsfor All Children, by

Study Area
Study Area Mean Min 10% 25% Median 75% 90% Max
Alabama 011 -0.17 -0.03 0.03 013 017 021 0.36
Balance of Wisconsin 011 -0.27 -0.03 0.03 0.10 0.19 0.30 0.39
Cdlifornia 0.06 -0.15 -004 -0.02 0.05 0.13 0.18 0.35
Colorado 0.09 -011 -0.03 0.00 0.10 0.16 021 0.38
Florida 0.02 -0.29 -0.17 -0.04 004 011 0.15 0.25
M assachusetts 0.14 -0.26 -0.03 0.04 0.16 0.26 0.30 0.38
Michigan 0.07 -0.38 -0.13 -0.03 0.06 0.18 0.28 040
Milwaukee 0.05 -0.18 -0.12 -0.07 004 013 024 043
Minnesota 0.20 -0.06 0.00 011 0.20 0.34 0.37 045
Mi ssissippi 010 -0.19 -0.09 -0.03 0.09 0.16 0.28 0.74
New Jersey 0.01 -0.30 -0.08 -0.05 -0.01 0.05 0.16 0.39
New York 0.04 -0.18 -0.16 -0.10 0.02 0.15 0.26 0.30
Texas 0.07 -0.33 -0.08 -0.01 0.06 0.15 0.25 043
Balance of the U.S. 0.10 -0.12 -0.03 0.04 0.08 0.17 0.24 0.39
Washington 011 -0.10 -004 0.02 0.09 0.20 0.25 0.35
National 011 -0.09 0.00 0.02 0.12 0.17 0.24 0.32

Table C-6.

Corrélations Estimated from Households Sampled in Both Roundsfor All Adults
(Adult Pair File), by Study Area

Study Area Mean Min 10% 25% Median 75% 90% Max
Alabama 0.03 -0.32 -0.13 -0.07 0.06 0.15 0.19 024
Balance of Wisconsin 004 -0.25 -0.07 -0.01 0.03 013 0.19 024
Cdifornia 0.07 -0.20 -0.14 -0.04 0.08 0.15 0.29 0.38
Colorado 0.08 -0.28 -0.07 0.02 0.08 0.13 0.29 033
Florida -0.03 -0.23 -0.20 -011 -0.01 0.04 013 0.14
Massachusetts 0.00 -0.31 -0.14 -0.09 -0.01 0.06 022 023
Michigan 0.00 -0.28 -0.13 -0.09 0.00 0.05 0.14 0.28
Milwaukee 0.07 -0.18 -0.05 -0.03 0.06 0.14 0.20 0.46
Minnesota 0.00 -0.19 -0.14 -0.06 -0.01 0.04 011 025
Missi ssippi 0.02 -0.28 -0.18 -0.05 0.03 0.12 0.18 0.30
New Jersey 0.05 -0.23 -0.08 -0.02 0.05 0.12 0.17 027
New York -0.03 -0.27 -0.17 -0.14 -0.04 0.02 011 0.38
Texas -0.01 -0.27 -0.19 -0.09 0.00 0.06 0.14 033
Balance of the U.S. 0.06 -013 -0.08 -0.03 0.04 0.15 023 0.30
Washington 0.06 -0.20 -0.09 -0.06 0.04 0.17 023 032
National 0.08 -0.12 -0.08 -0.02 0.07 0.17 0.27 034
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Table C-7.
Corréations Estimated from Children Sampled in Both Roundsfor All Children, by

Study Area
Study Area Mean Min 10% 25% Median 75% 90% Max
Alabama 0.38 0.02 0.06 0.19 042 054 0.60 0.86
Balance of Wisconsin 0.36 -0.19 0.01 0.29 0.34 055 0.62 0.70
Cdifornia 0.39 0.11 0.17 0.30 0.36 0.48 059 0.77
Colorado 0.34 -0.08 0.06 0.20 0.36 047 0.62 0.67
Florida 0.27 -0.21 -0.11 011 0.35 042 0.56 0.64
M assachusetts 0.39 0.10 0.20 032 0.37 053 0.58 0.67
Michigan 0.27 -0.20 -0.03 012 0.28 0.45 053 0.68
Milwaukee 021 -0.34 -0.01 0.16 0.24 0.32 043 0.45
Minnesota 034 -0.19 013 021 0.33 0.46 0.64 0.77
M i ssi ssippi 0.30 -0.15 0.03 014 0.30 045 058 0.65
New Jersey 0.25 -0.01 0.09 0.16 0.23 033 0.39 0.68
New York 0.29 -0.18 0.01 0.13 0.34 042 0.4 0.60
Texas 0.29 -0.07 0.03 0.17 0.26 0.40 0.61 0.76
Balance of the U.S. 0.27 -0.07 0.10 0.16 0.25 0.39 0.49 059
Washington 0.33 -0.02 0.08 0.15 0.35 0.50 057 0.66
National 0.28 -0.01 0.05 0.19 0.26 0.41 0.49 0.55

Table C-8.

Correations Estimated from Adults Sampled in Both Roundsfor All Adults (Adult Pair
File), by Study Area

Study Area Mean Min 10% 25% Median 75% 90% Max
Alabama 017 -0.03 -0.02 0.06 015 0.29 034 0.39
Balance of Wisconsin 0.22 -0.25 -0.11 0.04 025 0.39 0.61 0.63
Cdifornia 0.16 -011 -0.04 0.04 013 0.29 0.35 057
Colorado 0.21 -021 -0.01 0.06 0.20 0.36 042 0.68
Florida 0.15 -0.62 -0.05 0.01 0.18 0.29 0.45 053
Massachusetts 0.21 -0.15 -0.04 0.05 0.19 035 0.49 0.68
Michigan 0.23 -0.12 -0.06 0.08 0.27 0.40 0.46 059
Milwaukee 0.22 -0.07 0.00 012 020 0.29 044 0.62
Minnesota 0.26 -011 0.00 012 0.29 0.40 0.48 0.65
M i ssi ssippi 0.19 -0.33 -0.03 0.03 015 0.39 0.45 0.63
New Jersey 0.20 -0.27 0.00 0.09 022 0.27 042 0.88
New York 0.19 -0.16 0.02 0.05 017 0.33 0.46 052
Texas 021 -0.11 -0.06 0.08 021 0.37 0.48 051
Balance of the U.S. 0.22 -0.09 -0.02 0.05 023 034 0.45 0.63
Washington 0.24 -0.02 0.02 0.08 0.27 0.38 0.45 0.48
National 0.21 -0.06 0.02 0.09 021 0.32 043 0.63
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Appendix D. SASMacrosfor Usewith NSAF Data

Section 1.1 Overview

The SAS macros are programs written by Urban Ingtitute (Ul) staff to enable researchers to generate
accurate variance estimates from the Nationa Survey of Americas Families (NSAF) without using
additional software. By default, lower versons of SAS and other sandard statistical packages cannot
make ready use of certain complex survey designs for datistical analyss. More specifically, SAS does
not have the built-in capability to properly andyze NSAF and its use of replicate weights.

The first section of this gopendix describes the macros, their capabilities, and the syntax required to
invoke the macros correctly. In the second section, we present examples of sample programs to run the
macros, and follow these examples with the output resulting from the submitted statements. The third
section contains the actual macro programs. The macro programsin section 3 can be used asis, or can
be modified to run other satisticd tests (e.g., logistic regresson). However, please note that while these
macros are being made available to externa researchers as a convenience, we cannot provide support
beyond generd technical assstance.

Section 1.2 Description of Macros

The JRRFREQ macro can be used to generate a one-way to two-way tables showing a distribution of
variable vaues on observation counts, sum of weights, and percents. It also generates corrected
standard errors and t-statistics.

The JRRTTEST macro can be used to produce a T-test for the difference between two sample means
of acaegoricd vaiable. It dso dlows sdecting two categorica groups of a class variable for
comparison.

The JRROL S macro can be used to run an Ordinary Least Squares regression mode.

Section 1.3 Syntax

To use any of the macros, use a %include statement to reference the macro from within the SAS
environment. After invoking the macro, the data step should specify the input data set (containing your
andysis variable and replicate weights), variadle list (including dependent and independent variables as
necessary), replicate weight variable’, and output data set (containing the procedure results).  Some of
the macros have optiond formatting and subsetting parameters.  However, note that the SAS macro
programs do not require values for these macro parameters. order=, vadfmt=, or subset=. These
optiond parameters can be left blank or not specified at dl.
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%jrrireq

Yojrritest

%jrrols

(indata= input SAS dataset name,

classvar= class variable names,

weight= weight variable name,

outdata= output SAS dataset name,
valfmt="FORMAT" statement for class variables,
subset="Where' satement for selecting observations)

(indata= input SAS dataset name,

classvar= classvariable name,

weight= weight variable name,

outdata= output SAS dataset name,

subset=""Where" statement to select two categorica groups of the class
variable for comparison)

(indata= input SAS dataset name,
depvar= dependent variable,
indvar = independent variable lis,
weight= weight variable name,
outdata= output SAS dataset name)
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Section 2. Sample Macro Code and Output

JRRFREQ Code

l'i bname m' M\ Nsaf';

filename jrrfreq 'M\Nsaf\jrrfreq. sas';
% nclude jrrfreq;

proc format;

value valinc .5="LT50%

1="GE 50% LT 100%
1.5="GE 100% LT 150%
2="GE 150% LT 200%
3="GE 200% LT 300%

4=' GE 300% ;
value val 1fm 1="UBPIA LE 12' 0='UBPIA GI 12';
run;
data child;
m f ocal chd;
run;

% rrfreq(indata=child,

runj;

cl assvar =ui ncrpov ubpi aneg,

wei ght =wgf cad,

out dat a=out ,

val f mt =f or mat ui ncrpov valinc. ubpianeg val 1fm,
subset= if age>=6 AND age<=11);

JRRFREQ Output

CORRECTED STANDARD ERRORS 13: 41 Wednesday, June 19, 2002

DI STRI BUTI ON USI NG REPLI CATE WEI GHTS:

1
wgf cad0- wgf cad60

TABLE : uincrpov * ubpianeg if age>=6 AND age<=11
0 observations were omtted due to m ssing data

11614 observations used

CPS fam |y Negati ve
income as % behavi or Esti mate Nunmber of
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of poverty
Prob>| T

0.00
0.00

0. 00

LT50%
0. 00

LT50%
0. 00

LT50%
0. 00

GE 50% LT 100%
0. 00

GE 50% LT 100%
0. 00

GE 50% LT 100%
0. 00

GE 100% LT 150%
0. 00

GE 100% LT 150%
0. 00

GE 100% LT 150%
0. 00

GE 150% LT 200%
0. 00

GE 150% LT 200%
0. 00

GE 150% LT 200%
0. 00

GE 200% LT 300%
0. 00

GE 200% LT 300%
0. 00

GE 200% LT 300%
0. 00

GE 300%
0. 00

GE 300%
0. 00

6-11 years

UBPI A

UBPI A

UBPI A

UBPI A

UBPI A

UBPI A

UBPI A

UBPI A

UBPI A

UBPI A

UBPI A

UBPI A

UBPI A

LE

LE

LE

LE

LE

LE

12

12

12

12

12

12

12

12

12

12

12

12

12

Type

SUMAGT
SUMAGT
SUMAGT
SUMAGT
SUMAGT
SUMAGT
SUMAGT
SUMAGT
SUMAGT
SUMAGT
SUMAGT
SUMAGT
SUMAGT
SUMAGT
SUMAGT
SUMAGT
SUMAGT
SUMAGT
SUMAGT

SUMAGT

Observati ons

11, 389

10, 636

753

723

654

69

1,072

957

115

1, 348

1,232

116

1,380

1,276

104

2,207

2,074

133

4, 659

4, 443
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Esti mate

24, 251, 232.

22,719, 194.

1,532, 038.

1, 844, 248.

1,628, 441.

215, 806.

2,706, 222.

2,373, 245.

332, 976.

2,825, 147.

2,608, 922.

216, 225.

2,836, 687.

2,651, 654.

185, 033.

4,677, 104.

4,464, 871.

212, 233.

9,361, 821.

8,992, 059.

75

72

04

45

65

80

54

73

80

84

59

25

83

18

65

93

55

38

16

01

Error

182, 435.

199, 414.

130, 103.

101, 419.

84, 443.

64, 829.

132, 547.

122, 403.

68, 222.

108, 066.

102, 321.

37, 515.

135, 044.

139, 401.

33, 974.

209, 972.

209, 942.

34, 374.

212, 056.

206, 231.

48

09

86

72

39

69

41

09

11

06

90

60

27

67

17

90

19

31

91

46

t-Stat

132.

113.

11.

18.

19.

20.

19.

26.

25.

21.

19.

22.

21.

44,

43.

93

93

78

18

28

.33

42

39

. 88

14

50

.76

01

02

. 45

27

27

.17

15

60



GE 300% UBPI A LE 12 SUMAGT 216 369, 762. 15 49, 286. 16 7.50
0.00

PERCENT 11, 389 100. 00 0. 00 .
UBPI A GT 12 PERCENT 10, 636 93. 68 0.53 177. 33
0. 00
UBPI A LE 12 PERCENT 753 6. 32 0.53 11.96
0. 00
LT50% . PERCENT 723 7.60 0.42 18.13
0. 00
LT50% UBPI A GT 12 PERCENT 654 6.71 0. 35 19. 08
0. 00
LT50% UBPI A LE 12 PERCENT 69 0. 89 0.27 3.33
0. 00
GE 50% LT 100% . PERCENT 1,072 11.16 0.53 21.01
0. 00
GE 50% LT 100% UBPI A GT 12 PERCENT 957 9.79 0.50 19.74
0. 00
kkxkxkxxkkx  Class rows with blanks or . are TOTAL rows ***x*x*x
CORRECTED STANDARD ERRORS 13: 41 Wednesday, June 19, 2002
2
DI STRI BUTI ON USI NG REPLI CATE WEI GHTS: wgf cad0- wgf cad60
TABLE : uincrpov * ubpianeg if age>=6 AND age<=11
0 observations were omtted due to m ssing data
11614 observations used
CPS famly Negati ve
income as % behavi or Esti mate Nunmber of St andard
of poverty 6- 11 years Type Observati ons Esti mate Error t-Stat
Prob>| T|
GE 50% LT 100% UBPI A LE 12 PERCENT 115 1.37 0.28 4.90
0. 00
GE 100% LT 150% . PERCENT 1, 348 11. 65 0. 46 25.05
0. 00
GE 100% LT 150% UBPI A GT 12 PERCENT 1,232 10. 76 0. 44 24. 33
0. 00
GE 100% LT 150% UBPI A LE 12 PERCENT 116 0. 89 0. 15 5.77
0. 00
GE 150% LT 200% . PERCENT 1, 380 11.70 0.54 21.56
0. 00
GE 150% LT 200% UBPI A GT 12 PERCENT 1,276 10.93 0.56 19. 39
0. 00
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GE 150% LT 200%
0.00

GE 200% LT 300%
0. 00

GE 200% LT 300%
0.00

GE 200% LT 300%
0. 00

GE 300%

0.00

GE 300%

0. 00

GE 300%

0.00

LT50%
0. 00

LT50%
0. 00

LT50%
0. 00

GE 50% LT 100%
0. 00

GE 50% LT 100%
0. 00

GE 50% LT 100%
0. 00

GE 100% LT 150%
0. 00

GE 100% LT 150%
0. 00

GE 100% LT 150%
0. 00

GE 150% LT 200%
0. 00

GE 150% LT 200%
0. 00

GE 150% LT 200%
0. 00

GE 200% LT 300%
0. 00

UBPI A

UBPI A

UBPI A

UBPI A

UBPI A

UBPI A
UBPI A

UBPI A

UBPI A

UBPI A

UBPI A

UBPI A

UBPI A

UBPI A

UBPI A

LE

LE

LE

LE

LE

LE

12

12

12
12
12

12
12

12

12

12

12

12

12

12

12

PERCENT

PERCENT

PERCENT

PERCENT

PERCENT

PERCENT

PERCENT

COL %

COL %

COL %

COL %

COL %

COL %

COL %

COL %

COL %

COL %

COL %

COL %

COL %

COL %

COL %

COL %

104
2,207
2,074

133
4,659
4,443

216

11, 389

10, 636

753

723

654

69
1,072

957

115
1,348
1,232

116
1, 380
1,276

104

2,207

D-6

19.

18.

38.

37.

100.
100.
100.
. 60

14.

11.

10.

21.

11.

11.

14.

11.

11.

12.

19.

.76

29

41

. 88

60

08

.52

00
00
00

.17

09

16

45

73

65

48

11

70

67

08

29

.14

. 83

. 84

.14

. 84

. 82

.20

00
00
00
42

.37

. 86

.53

.51

.94

.46

.47

.37

.54

. 60

.10

.83

23.

22.

46.

45.

18.

19.

21.

20.

25.

24.

21.

19.

23.

.47

11

00

.19

19

46

.52

13

49

. 65

01

43

.52

05

22

. 96

56

31

.76

11



*rxxxkkxkxx Class rows with blanks or . are TOTAL rows *****xxx*

CORRECTED STANDARD ERRORS 13: 41 Wednesday, June 19, 2002
3
DI STRI BUTI ON USI NG REPLI CATE WEI GHTS: wgf cad0- wgf cad60
TABLE : uincrpov * ubpianeg if age>=6 AND age<=11
0 observations were omtted due to m ssing data
11614 observations used
CPS fam ly Negati ve
income as % behavi or Estimate Number of St andard
of poverty 6-11 years Type Observati ons Esti mate Error t-Stat
Prob>| T|
GE 200% LT 300% UBPI A GT 12 COL % 2,074 19. 65 0.89 22.01
0. 00
GE 200% LT 300% UBPI A LE 12 COL % 133 13.85 1.95 7.10
0.00
GE 300% . COL % 4,659 38. 60 0. 84 46. 19 0.
GE 300% UBPI A GT 12 COL % 4,443 39.58 0.85 46.71
0. 00
GE 300% UBPI A LE 12 COL % 216 24.14 2.99 8. 07
0. 00
. ROW % 11, 389 100. 00 0.00 .
UBPI A GT 12 ROW % 10, 636 93. 68 0.53 177. 33
0.00
UBPI A LE 12 ROW % 753 6.32 0.53 11. 96
0. 00
LT50% . ROW % 723 68. 15 469. 03 0.15
0.88
LT50% UBPI A GT 12 ROW % 654 60. 17 414. 10 0.15
0. 88
LT50% UBPI A LE 12 ROW % 69 7.97 54.93 0. 15
0. 89
GE 50% LT 100% . ROW % 1,072 100. 00 0. 00 .
GE 50% LT 100% UBPI A GT 12 ROW % 957 87.70 2.37 37.06
0. 00
GE 50% LT 100% UBPI A LE 12 ROW % 115 12. 30 2.37 5.20
0. 00
GE 100% LT 150% . ROW % 1, 348 99. 59 681. 16 0.15
0. 88
GE 100% LT 150% UBPI A GT 12 ROW % 1,232 91. 97 629. 03 0.15
0. 88
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GE 100% LT
0.88

GE 150% LT

GE 150% LT
0.00

GE 150% LT
0. 00

GE 200% LT

GE 200% LT
0.00

GE 200% LT
0. 00

GE 300%

GE 300%
0. 00

GE 300%
0.00

150%

200%
200%

200%

300%
300%

300%

UBPI A

UBPI A

UBPI A

UBPI A

UBPI A

UBPI A

UBPI A

LE

LE

LE

LE

12
12
12
12
12
12

12

ROW %

ROW %
ROW %

ROW %

ROW %
ROW %

ROW %

ROW %
ROW %

ROW %

¥k kkkkkkk*k

116

1,380
1,276

104

2,207
2,074

133

4, 659
4,443

216

Class rows with blanks or

D-8

100.
93.

100.
95.

100.
96.

are TOTAL rows

.62

00
48

.52

00
46

.54

00
05

.95

52.

Xk kkkkk*k

13

.00
.24

.24

.00
.75

.75

.00
.51

.51

75.

128.

187.

.15

51

.27

10

.09

26

.70



JRROL S Code

l'i bname m' M\ Nsaf';

filename jrrols '"M\Nsaf\jrrols.sas';

% ncl ude jrrols;

data kids6_11;
set m focal chd;
i f 6<=age<=11;
run;

% rrol s(indata=kids6_11,
depvar =ubpi a,
i ndvar =age,
wei ght =wgf cad,
out dat a=out ) ;
run;

JRROL S Output

UNCORRECTED STANDARD ERRORS

08: 22 Wednesday, June 12, 2
Si npl e OLS procedure using normalized b

The REG Procedu
Model : MODEL1
Dependent Vari able: UBPI A Age 6-11 Behav

Wei ght: nor magt

Anal ysis of Varia

Sum of

Sour ce DF Squar es
Model 1 265. 12248
Error 11387 46632
Corrected Total 11388 46897
Root MSE 2.02366

Dependent Mean 16. 07053

Coeff Var 12. 59236

D-9

002 8
ase wei ght:

re

ioral Problens |Index score

0
nce

Mean
Squar e

265. 12248
4.09519

R- Squar e
Adj R-Sq

NORMAGTO ONLY

F Val ue

64.74

0. 0057
0. 0056

Pr > F

<. 0001
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Par amet er Esti mates
Par anet er St andard
Vari abl e Label DF Esti mate Error t Val ue Pr > |t]
I nt er cept I ntercept 1 16. 83513 0. 09690 173.74 <. 0001
AGE Age 1 -0.09003 0.01119 -8.05 <. 0001
CORRECTED STANDARD ERRORS 08: 22 Wednesday, June 12,
Sinmpl e OLS using replicate weights: wgfcad0 - wgfcad60
11614 total observations
0 observations were omtted due to m ssing data
Approxi mately 11614 observations used in regressions (not adjusting for O weights)
DEPENDENT VARI ABLE: ubpi a
Par anmet er Esti mate St andard
Vari abl e Label Estimate Vari ance Error t- Stat p Signif.
AGE Age -0.090025 . *** p<, 01
age . 000601957 0. 024535 *** p< 01
intercep **x p<.01

D-11
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JRRTTEST Code

l'i bname m' M\ Nsaf';

filename jrrttest 'M\Nsaf\jrrttest.sas';

% nclude jrrttest;
data child;
set m focal chd;

runj;

% rrttest(indata=chi

I d,

cl assvar =uact pos,

varli st =uagg,
wei ght =wgf cad,

subset=if 6 <= age <= 11,
out dat a=out ) ;

runj;

JRRTTEST Output

The SAS System

Child is
invivd in at
| east one
activity

0
1

08:51 Friday, June 21, 2002 4
CORRECTED STANDARD ERRORS
TTEST using replicate wei ghts wgfcadO- wgf cad60

------------------------------------ Variabl e=UAGG -----------------m----

Label N mean Vari ance
Parent aggravation scale score 1874 13. 463 0.012
Parent aggravation scale score 9584 13. 884 0.001

The SAS System

CORRECTED STANDARD ERRORS
TTEST using replicate wei ghts wgfcadO-wgfcad60

St andar d T
Label Vari abl e estimte Error Statistic

D-12

St andar d
Error t - St at
0.108 124. 599
0.030 460. 289

08:51 Friday, June 21, 2002

Prob>| T|



di ff UAGG 0.420 0. 115 3.670 0. 001
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Section 3. Macro Code

JRRFREQ.SAS

R RS S S S S S S ES RS S SRS SRS RS SRS SRR SRS RS RS EE SRR R EEEEEEEEEEEEEEE S SN
* Program: jrrfFREQ.sas *;
* This program produces one-way to two-way tables. Tables show the *;
* distribution of variable values include: number of observations, *;
* sum of weights and percents. Two-way tables also have column percents*;
* and row percents. Statistics such as: standard errors, t valuesand *;
* Prob>|t| are calculated for sum of weights, percents, column percents*;
* and row percents. *;

R R RS RS S SRS SR SRS E R SRS S SRR SRS SRS RS SRR R SRR EREEREEEEEEEEEEEEEEE S SN
1

*

%macro jrrfreq(indata=, classvar=, weight=, outdata=, subset=, valfmt=);

*Datasets used;

* base : SUMWGT using base weights;

*_tmp(i): SUMWGT using replicate weight i;

*_matrix: Holds the matrix of SUMWGT from the replicate weights;

*Define local variables;

*

%local n; *Number of replicate weights;

%local k; *Number of class variables passed;

%local i; *Simple counter variable;

%local tmp; *Temp variable;

%local ncol; *Number of columns;

%local nrow; *Number of rows;

%local varl; *Thefirst variable on the classvar parameter
%local var2; * The second variable on the classvar parameter

*Number of replicate weights. Should be 60;
%let Nn=60;

*Remove trailing and leading spaces from list of class variables;
*Then count spaces+1 to determine the number of variables passed;
*Also create new string variable contains class variable with "*"
*for title of output

*

%do %while (Ysubstr(&classvar,1,1)="");
%l et & classvar=%substr(& classvar,2,%length(& classvar)-1);
%end,;
%do Yowhile (%substr(& classvar,%length(& classvar),1)=" ");
%let & classvar=%substr(& classvar,1,%length(& classvar)-1);
%end;

%let k=1,
%let crsstb=; * for crosstab title;
Y%let delim=*;
%l et tmp=%qscan(& classvar,&k,%str( ));
%do %while (&tmp ne);

%let crsstb=& crsstb & delim &tmp;

%let k=%eval(&k+1);

%l et tmp=%qscan(& classvar,&k,%str( ));
%end;
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%l et k=%eval (&k-1);
%l et len=%length(& crsstb);
%l et crsstb=%substr(& crsstb,3,%eval (& len-2));

*-- Check the "SUBSET" parameter for subseting  --*;
*-- the sas file provided on the "INDATA" parameter --*;

%l et chkwhere=%eval (%l ength(%l eft(& subset)));

%if & chkwhere GT 0 %then %do;
data_temp;
set & INDATA,;
& subset;
%l et indata=_temp;
%end;

*-- |dentify class variables in the classvar parameter--*;

%l et var1=%qscan(& classvar,1,%str( ));
%let var2=XXX;
%if &k > 1 %then %do;

%l et var2=%qscan(& classvar,2,%str( ));
Yend;

*-- Count missing class variables --*;

data_null_;
set & indata(keep=& classvar ) end=last;
length count cntmiss miss 3;

count+1;
miss=0;

x=put(&varl,3.);
if x=" "ortrim(left(x)) ="." then miss=1,

if &k > 1 then do;

x=put(&var2,3.) ;

if x=" "ortrim(left(x)) =" then miss=1,
end;
cntmiss+miss,

if last then do;
call symput('nmiss,cntmiss);
call symput('ncount’,count);
end;

run;

%l et nused=%trim(%eval (& ncount-& nmiss));
%l et nmiss=%trim(& nmiss);
%l et ncount=%trim(& ncount);

RS RS S S S ES S SRS E SRS R R EEEEEEEEEEEE S N

* Compute weighted counts *;

kkkhkkkkhkkkhkkhkkhkkkhkhkhkkhhkkhkkhkhkkhkkhkkhkhkkhkkkhkkhkhkkhkkkkkk*x.
’
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*-- Get sum weight using base weights(0) --*;

proc summary data=& indata(keep=& classvar &weight.0) ;
class & classvar;

var &weight.0;
output out=_sum(rename=(_freq_=N)) sum=b_sumwagt ;
&valfmt;

*-- Count # columns and # rows and save into macro variables: nrow ncol--*;
*proc print;
* title'_sum wgtO';
data_null_;
set _sum end=last;
retaincr O
if &k=2 then do;
if _type =1 then c+1,;
elseif _type =2 then r+1,;
end;

if last then do;
if &k ne 2 then do; * norow% & col% for 1 way crosstab - assign a dummy value;
c=1;
r=1,
if &k > 2 then do;
*-- Print ERROR message when users enter more than 2 ways crosstab --*;

file print;
put " rEEEEE ERRROR MESSAGE Fkkkkn
put” ****** YOU ENTERED &K CLASS VARIABLES Fhk kAN

put" ****** TH|S PROCEDURE ALLOWSUPTO 2 CLASSVARIABLES  ****x"
put' ***x*x SPECIFY "WHERE" STATEMENT USING ONE OF YOUR CLASS *****";
put' ******x \VARIJABLES ON THE "SUBSET=" PARAMETER AND Fkkkk!s
put' ****** RERUN YOUR PROGRAM FHREEKL
end;
end;
call symput ('ncol’,trim(left(c)));
call symput (‘nrow',trim(left(r)));
titlel "TABLE : &crsstb & subset"”;
title2 " "
end;
run;

*-- Select total counts and save in afile for computing percentages later--*;

%if &k=1 or &k=2 %then %do;
data _basetot(keep=sumall colsum1-colsumé&ncol rowsuml-rowsumé& nrow
colval1-colval&ncol rowval 1-rowval & nrow );
set _sum end=last;
retain col row sumall colsum1-colsumé&ncol rowsuml-rowsumé& nrow O
colval1-colval&ncol rowval1-rowval&nrow ' '

array colsum (*) colsuml - colsumé&ncol;
array colval (*) colvall - colval&ncol;
array rowsum (*) rowsuml - rowsumé& nrow;
array rowval (*) rowvall - rowva&nrow;

if _type_=0then sumall =b_sumwgt;
if &k=2 then do;

if _type =1thendo;
col+1;
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colsum(col) = b_sumwgt;
colval(col) = trim(left(put(&var2,3.)));
end;
elseif _type =2 then do;
row+1;
rowsum(row) = b_sumwagt;
rowval (row) =trim(left(put(&varl,3.)));
end;
end;
if last then output;
*proc print;
*  title'_basetot';
proc sort data=_sum; by & classvar _type_;
*proc print;
* title'_sum sorted by classvar type';

proc transpose data=_sum(drop=N _type ) out=_new(rename=(col 1=sumwgt));
by & classvar;

*proc print;

* title'_sum after transpose’;

*-- Compute percent, column percent and row percent --*;

data _base(drop=XXX _name_r ¢ sumall colsuml-colsum&ncol rowsuml-rowsumé& nrow);
set _new;
LENGTH XXX 3;
if _n_=1then set _basetot;

array colsum (*) colsuml-colsumé&ncol;
array colval (*) colvall-colval&ncol;
array rowsum (*) rowsuml-rowsumé& nrow;
array rowval (*) rowvall-rowval&nrow;

percent=sumwgt/sumall* 100;

if &k=2 then do;
do c=1to &ncol;
if trim(left(put(&var2,3.))) = colval(c) then col pct=sumwgt/col sum(c)* 100;
end;
if colpct=. then col pct=sumwgt/sumall* 100;
do r=1to &nrow;
if trim(left(put(&varl,3.))) = rowval(r) then rowpct=sumwgt/rowsum(r)* 100;
end;
if rowpct=. then rowpct=sumwgt/sumall* 100;
end;
*proc print;
* title'_base’;

*-- Get sum weight and compute percent, column percent and row percent --*;

*-- for each of the replicate weights -,

data_matrix;
set _null_;

%do i=1 %to &n;
proc means data=& indata(keep=& classvar & weight.&i) noprint ;
class & classvar;

var & weight&i;
output out=_tmp&i(drop=_freq ) sum=i_sumwgt;
&valfmt;
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data _tot(keep=sumall colsum1-colsum& ncol rowsuml-rowsumé& nrow
colval1-colval & ncol rowval 1-rowval& nrow);
set _tmp&i end=last;
retain col row sumall colsum1-colsumé&ncol rowsum1-rowsum& nrow O
colval1-colval&ncol rowval1-rowva&nrow ' *;
array colsum (*) colsuml - colsumé& ncol;
array colval (*) colvall - colval&ncal;
array rowsum (*) rowsuml - rowsumé& nrow;
array rowval (*) rowvall - rowva&nrow;

if _type_=0then sumall =i_sumwgt;

if &k=2 then do;
if _type =1thendo;
col+1;
colsum(col) = i_sumwagt;
colval(col) = trim(left(put(&var2,3.)));
end;
elseif _type =2 then do;
row+1,
rowsum(row) = i_sumwgt;
rowval (row) = trim(left(put(&varl,3.)));
end;
end;
if last then output;

proc sort data=_tmp&i; by &classvar _type_;
proc transpose data=_tmp&i(drop= _type ) out=_new(rename=(col1=i_sumwgt));
by &classvar;

data_tmp&i(drop=XXX _name_r ¢ sumall colsuml-colsum& ncol rowsum21-rowsumé& nrow);
set _new;
LENGTH XXX 3;
if _n_=1then set _tot;

i_pct=i_sumwgt/sumall* 100;

array colsum (*) colsuml-colsumé&ncol;
array colval (*) colvall-colval&ncol;
array rowsum (*) rowsuml-rowsum& nrow;
array rowval (*) rowvall-rowval&nrow;

if &k=2 then do;
do c=1to &ncaol;
if &var2 = colval(c) then i_colpct=i_sumwgt/colsum(c)* 100;
end;
if i_colpct=. then i_colpct=i_sumwgt/sumall* 100;
do r=1to &nrow;
if &varl = rowval(r) then i_rowpct=i_sumwgt/rowsum(r)* 100;
end;
if i_rowpct=. then i_rowpct=i_sumwgt/sumall* 100;
end;

data _matrix;
set _matrix _tmp&i;
%end;

proc sort data=_matrix; by &classvar ;

*Calculate deviation matrix;

* .
1

D-18



proc sort data=_sum; by &classvar;

data_deviat ;
merge _base _matrix;
by &classvar ;

variance=(sumwgt - i_sumwgt)**2;
pctvari =(percent - i_pct)**2;
colvari =(colpct - i_colpct)**2;
rowvari =(rowpct - i_rowpct)**2;

*Calculate sum of deviations;

* .

proc summary data=_deviat missing nway;
class &classvar ;
var i_sumwgt variance pctvari colvari rowvari;
output out=_deviat(drop= _type _freg_) sum=;

*Create output dataset;

data _temp;
merge _sum(keep=&classvar N) _base _deviat;
by & classvar ;
dof=60;

stderr=variance** (1/2);
t = sumwgt /stderr;
p=(1-cdf('T",abs(t),dof))*2;

std_pct=pctvari**(1/2);
t_pct =percent/std_pct;
p_pct=(1-cdf('T",abs(t_pct),dof))* 2;

std_col=colvari**(1/2);
t_col =colpct/std_col;
p_col=(1-cdf('T",abs(t_col),dof))*2;

std_row=rowvari**(1/2);
t_row =rowpct/std_row;
p_row=(1-cdf('T",abs(t_row),dof))*2;

data & outdata(keep=& classvar type value N count std t_stat prob);
set _temp;

array _cnt (i) sumwgt percent colpct rowpct;
array _std (i) stderr std_pct std_col std_row ;
array _t (i)t t_pct t_col t_row;
array _p (i)p p_pct p_col p_row;

doi=1to 4
count =_cnt;
std = _std;
t_stat = _t;
prob = _p;

ifi=1 then do; value="SUMWGT '; type="1"; end;
elseif i=2 then do; value="PERCENT'; type="2"; end,
elseif i=3 then do; value='"COL % '; type='3’; end;
elseif i=4 then do; value="ROW % '; type='4'; end;
output;

end;
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format N commal0. count std commal5.2 t_stat prob 10.2;
proc sort data=& outdata; by type & classvar ;

*-- Print output --*;

%if &k =1 %then %do;
proc print data=& outdata noobs label split="*",
where value in (SUMWGT','PERCENT") ;
id &classvar value;
var N count std t_stat prob;
&valfmt ;
label count ="Estimate"
std ="Standard* Error"
t_stat="t-Stat'
prob ='Prob>|T|
value ='Estimate* Type'
N ='Number of* Observation'

titlel "CORRECTED STANDARD ERRORS";

title2 "DISTRIBUTION USING REPLICATE WEIGHTS: &weight.0-&weight&n";
title3 " "

titled "TABLE : &crsstb & subset”;

titleb "& nmiss observations were omitted due to missing data’;

title6 "& nused observations used";

footnote "*****x*x** (|ass rows with blanks or . are TOTAL rows ***x*x%x.

%end,;
%if &k >1 %then %do;
proc print data=& outdata noobs label split="*";
id &classvar value;
var N count std t_stat prob;
&valfmt ;
label count ="Estimate"
std ="Standard* Error"
t_stat="t-Stat'
prob ='Prob>|T|
value ='Estimate* Type'
N ='Number of* Observations

titlel "CORRECTED STANDARD ERRORS";

title2 "DISTRIBUTION USING REPLICATE WEIGHTS: &weight.0-&weight&n";
title3 " "

title4 "TABLE : &crsstb & subset”;

titleb " & nmiss observations were omitted due to missing data";

title6 " & nused observations used”;

footnote "*******x** (Class rows with blanks or . are TOTAL rows **x*=x**x!.

proc datasets nolist;
delete _temp _base _deviat _matrix _tmpO-_tmp60 _sum _basetot _tot;

%mend;
*
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JRROLS.SAS

*

%macro jrrols(indata, depvar, indvar, weight, outdata);

%local n; * Number of replicateweights;
%local k; * Number of independent variables;
%local i; * Simple counter variable;

%local tmp; * Temp variable;

*-- Number of replicate weights. Should be 60 --*;
%let n=60;

*-- Remove trailing and leading spaces from list of independent variables --*;
*-- Then count spaces+1 to determine the number of variables passed -=*5

%do %while (Ysubstr(&indvar,1,1)="");
%l et &indvar=%substr(&indvar,2,%length(&indvar)-1);
%end;
%do Y%while (Yosubstr(&indvar,%length(&indvar),1)="");
%let &indvar=%substr(&indvar,1,%length(&indvar)-1);
%end;
%let k=1,
%l et tmp=%oqscan(&indvar,&k,%str( ));
%do %while (&tmp ne);
%let k=%eval (& k+1);
%l et tmp=%oqscan(& indvar,&k,%str( ));
%end;
%l et k1=%eval (&k);
%l et k=%eval (&k-1);

*-- Get stats for missing variables and zero weights --*;
data_null_;
set & indata(keep=& depvar &indvar) end=last;
length count cntmiss miss 3;

count+1;
miss=0;

array lookmiss{ &k1} &depvar &indvar;

doi=1to &k1;
if lookmiss{i}=. then miss=1;
end;

cntmiss+miss;

if last then do;
call symput('nmiss,cntmiss);
call symput('ncount’,count);
output;
end;
run;

%l et nused=%trim(%eval (& ncount-& nmiss));
%l et nmiss=%trim(& nmiss);
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%l et ncount=%itrim(& ncount);
*-- Normalize the base weight --*;

proc summary data=& indata nway;
var &weight.0;
output out=_mwgt0(drop=_type_ _freg_) mean=mwgtO0;
*proc print;
* title 'mean weight 0';
data _temp(keep=& depvar &indvar normwgtO);
set &indata;
if _n_=1then set _mwgtO0;
normwgt0=& weight.0/mwgt0;
*proc means data=_temp;
* var normwgtO;
* title'weight O after normalized';

*-- Get betas using base weights(0) --*;

proc reg data=_temp(keep=& depvar &indvar normwgtO
where=(normwgt0 gt 0)) outest=_beta0;
model &depvar = &indvar;
weight normwgt0;
titlel "UNCORRECTED STANDARD ERRORS";
title2 "Simple OL'S procedure using normalized base weight: NORMWGTO ONLY";

data tmpO(keep=match intercep basel-base& k rename=(intercep=base0))
_beta0(keep=intercep &indvar); *Store base weight betas for later;

set _beta0;

array indvar{ &k} &indvar;
array base{ &k} basel-base&k;

doi=1to &k;
base{i} =indvar{i};

end;

match=1;

proc transpose data=_beta0 out=_beta0;
data _beta0;
set _beta0(rename=( _name_=variable _label_=label coll=betahat));

if variable="INTERCEP" then variable=" INTERCF";
*-- Get betas for each of the replicate weights --*;

data tmpmatix;
set _null_;

%do i=1 %to &n;
proc reg data=& indata(keep=& depvar & indvar & weight.&i) outest=tmp&i noprint;
model & depvar = &indvar;
weight &weight.&i;
where &weight.&i gt 0;
data tmpmatix;
set tmpmatix tmp&i;
%end;
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*-- Clean up matrix for merge --*;

datatmpmatix;
set tmpmatix;
match=1,;
keep match intercep &indvar;

data tmpdiff;
merge tmpO0 tmpmatix;
by match;

array _betaO{ &k1} intercep &indvar;
array tmpbase{ & k1} base0-base&k;
doi=1to &kl;

_beta0{i}=(_beta0{i} -tmpbase{i})**2;

end;

proc summary data=tmpdiff nway;
class match;
var intercep &indvar;
output out=tmpdiff(drop=_type__freq_ match) sum=intercep &indvar;

proc transpose data=tmpdiff out=tmpdiff;

data tmpdiff;
set tmpdiff(drop=_label_ rename=( _name_=variable
col1l=variance));
*stderr=col1**(1/2);
if variable="INTERCEP" then variable=" INTERCF";

proc sort data=_beta0; by variable;
proc sort data=tmpdiff; by variable;
data & outdata;
merge _beta0 tmpdiff;
by variable;
stderr=variance** (1/2);
tstat=betahat/stderr;
dof=60 - &k;
p=(1-cdf('T",abs(tstat),dof))* 2;
select;
when (p It .01) signif="*** p<.01";
when (p It .05) signif="** p<.05";
when (plt.1) signif="* p<.1";
otherwise;
end;

if variable=" INTERCP" then variable='INTERCEP,

label variable="Original Variable Name"
label="Original Variable Label"
betahat="Beta Coefficient"
variance="Variance of Coefficient"
stderr="Standard Deviation of Coeffient"
tstat="t-Statistic"
signif="Significance";

*-- Clean up datasets used --*;

proc datasets nolist;

D-23



delete tmp0-tmp& n tmpmatix _beta0 tmpdiff;

proc print data=& outdata noobs uniform split="]";
var variable label betahat variance stderr tstat p signif;
label variable="Variable"
label="Label"
betahat="Parameter|Estimate"
variance="Estimate|V ariance"
stderr="Standard|Error"
tstat="t-Stat"
signif="Signif.";
titlel "CORRECTED STANDARD ERRORS';
title2 "Simple OL S using replicate weights: & weight.0 - &weight.&n";
title3 "&ncount total observations";
titled "& nmiss observations were omitted due to missing data";
title5 "Approximately & nused observations used in regressions (not adjusting for 0 weights)";
tittle6 "DEPENDENT VARIABLE: &depvar”;
run;
%mend;

*

JRRTTEST.SAS

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE SN

* program:jrrttest.sas *,

* This program computes sample means, standard errors for each of  *;
* two groups of observations identified by levels of a CLASS variables *;

* and tests the hypothesis that the population means are the same.  *;

R E R R R R EEEEEEEEEREEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEES N

*

%macro jrrttest(indata=, classvar=, varlist=, weight=, outdata= ,subset=);

*Datasets used;

*

* _mean0: Means using base weights;
*_tmp(i): Means using replicate weight i;
* _matrix: Holds the matrix of means from the replicate weights;

*Define local variables;

*

%local n; *Number of replicate weights;
%local k; *Number of variables passed;
%local i; *Simple counter variable;
%local tmp; *Temp variable;

*Number of replicate weights. Should be 60;
%l et n=60;

*Remove trailing and leading spaces from list of mean variables;
*Then count spaces+1 to determine the number of variables passed;

* .
’

%do %while (Yosubstr(& varlist,1,1)="");
%let &varlist=Y%6substr(&varlist,2,%length(&varlist)-1);
%end;
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%do %while (Yosubstr(& varlist,%length(& varlist),1)="");
%let & varlist=%substr(& varlist,1,%length(& varlist)-1);
%end,

%let k=1;
%l et tmp=%qscan(& varlist,&k,%str( ));
%do %while (&tmp ne);

%let k=%eval (&k+1);

%let tmp=Y%oqscan(& varlist,&k,%str( ));
%end,;
%let k=%eval (&k-1);

*-- Check the "SUBSET" parameter for subseting  --*;
*-- the sas file provided on the "INDATA" parameter --*;

%l et chkwhere=%eval (%l ength(%l eft(& subset)));

%if & chkwhere GT 0 %then %do;
data_temp;
set & INDATA,;
& subset;
%l et indata=_temp;
%end;

*Get means using base weights(0);

*

proc summary data=& indata(keep=& classvar & varlist & weight.0) nway ;
class & classvar;
var &varlist;
weight & weight.0;
output out=_mean00(drop=_type_rename=( _freq_=N)) mean=;
*titlel 'UNCORRECTED STANDARD ERRORS;
*title2 "MEANS USING BASE WEIGHT: &weight.0 ";

*Create dataset of base weight means for later merging;

* .
’

proc transpose data=_mean00
out=_base(rename=(_name_=variable coll=mean));
var &varlist;
by &classvar;

proc sort; by variable & classvar;

*Transpose base weight means dataset;

* .
’

proc transpose data=_mean00
out=_mean0(rename=(_name_=variable coll=mean_01 col2=mean_02 ));
var &varlist;
idl &classvar;

proc sort ; by variable;

*Get means for each of the replicate weights;
* .
data _matrix;

set _null_;

D-25



%do i=1 %to &n;
proc summary data=& indata(keep=& classvar & varlist & weight.&i) nway;
class &classvar;
var &varlist;
weight & weight&i;
output out=_tmp&i(drop=_type__freq_) mean=;
proc transpose data=_tmp&i
out=_tmp&i(rename=(_name_=variable coll=mean_il col2=mean_i2));
var &varlist;
idl &classvar;
data _matrix;
set _matrix _tmp&i;

%end;
proc sort data=_matrix; by variable;

*Calculate deviation matrix;
* .
data_deviat;
merge _mean0 _matrix;
by variable;

variance=((mean_i2-mean_i1) - (mean_02 - mean_01))**2;
variancl=(mean_i1l-mean_01)**2;
varianc2=(mean_i2-mean_02)**2;

*Calculate sum of deviations;

* .

proc summary data=_deviat nway;
class variable;
var variance variancl varianc2 ;
output out=_deviat(drop=_type__freq_) sum=;

data_deviat;
merge _mean0 _deviat;
by variable;

*-- compute T statistic --*;

|abel="diff";

stderr=variance** (1/2);
stderrl=variancl**(1/2);
stderr2=varianc2**(1/2);
estimate=mean_02 - mean_01;

t = estimate/stderr;

dof=60; *set degree of fredom;

p=(1 - cdf('T",abs(t),dof))* 2;
keep label t p variancl varianc2 stderr stderrl stderr2 variable estimate;

*Create output dataset;
* .

data _temp;
merge _base _deviat(drop=label estimate stderr t p);
by variable;
length label $ 40;
label=_label_;
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proc sort; by &classvar variable;

data _temp;
merge _temp _mean00(keep=& classvar N);
by &classvar;

data & outdata(keep=& classvar N variable |abel mean variance stderr t_val );
set _temp;
by & classvar variable;
if first.& classvar then group+1;

if group=1 then do;
variance=variancl,
stderr =stderr1;
t_val = mean/stderr;
output;

end;

elsedo;
variance=varianc2;
stderr =stderr2;
t_val = mean/stderr;
output;

end;

proc sort; by variable & classvar;

proc datasets nolist;
delete _base _matrix _mean0 _tmpO-_tmp&k _temp;

proc print data=& outdata noobs uniform split="*";

by variable;
var &classvar label N mean variance stderr t_val ;
format mean variance stderr t_val 12.3;
label variable="Variable"

label="Labd"

variance="Variance"

stderr="Standard* Error"

t_val="t-Stat';
title2 "CORRECTED STANDARD ERRORS';
title3 "TTEST using replicate weights & weight.0-& weight&n";

proc print data=_deviat noobs uniform split="*";
var label variable estimate stderr t p ;
format estimate stderrt p 12.3;
label |abel="Label’
variable="Variable
stderr="Standard* Error"
t ="T*Statistic"
p ="Prob>[T|";
%mend,;

*
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Appendix E. Computing JRR standard errorsfor means and regressionsin
STATA

Bowen Garrett
The Urban Indtitute
May 2000

To facilitate andyses of the NSAF for STATA users, | have written a series of STATA programs that
produce survey design-adjusted standard errors using the jacknife repeated replicate (JRR)
implemented for NSAF. This brief report describes the commands that are currently developed and
their syntax, discusses their limitations, and illugtrates their structure using OLS with JRR standard errors
as an example. With this example, users of the NSAF with experience programming in STATA should
be able to readily extend the method to other regresson commands or customize the routines described
here. These commands were writtenin STATA Verson 5 for Windows 95. STATA Verson 6 hasan
improved matrix language which should make the crestion of user-written programs more
draightforward.

The commands are implemented as STATA .ado files. The commands developed to date are:

JRMEAN - Produces a table of means with standard errors

JRTAB - Produces a table of means and standard errors by one categorica variable, with
ggnificant differences to areference group indicated by asterisks

JRREG - Linear regresson

JRLOGIT - Logit regression (optionally computes odds-ratios)

JRMLOGIT - Multinomid logit (optionaly computes relaive risk ratios)

Prdiminaries

Before running the JRR commands, the user must pecify which set of NSAF replicate weights to use.
For example, if the random adult weights are being used, at the command line (or in ado file) type:
global jrwt wgrn where wgrn isthe prefix of the set of random adult weights. The user will receive a
warning if the weights are not specified.

Commands and descriptions

1. jrmean [valid] if [exp] in[range]

Produces atable of means with sandard errors. The N is the number of obsarvations that contain no
missng vauesfor any of the varidblesin varlig.

2. jrtab [catvar] [valid] if [exp] in [range]
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Produces a table of means and standard errors of varlist by the categorica variable catvar. Catvar must
be awhole (positive) number, starting with O, where the O category is set to be the comparison
category. The N isthe number of observations that contain no missing vaues for any of the varigblesin
valid.

3. jrreg [depvar] [varlid] if [exp] in [range]

Estimates OL S regresson. Supports post-estimation testing and prediction. The unadjusted standard
errors are estimated with pweights.

4. jrlogit [depvar] [varlid] if [exp] in [range], or tab

Edtimates logit regression.  Supports post-estimation testing and prediction. The unadjusted standard
errors are estimated with pweights.

5. jrmlogit [depvar] [valid] if [exp] in [range], or tab
Edtimates multinomid logit regresson. Supports post-estimation testing and prediction. Uses aveights
because the STATA mlogit command does not support pweights. The interested user could produce

these in the usua way using svymlog in STATA. Unlike the usud mlogit commeand, this command
forces O to be the comparison group.

Options

The tab option creates additiond output that can be parsed with MS Word (using Table: Convert text
to columns) to create regression tablesin a conventiond format.

The or option produces odds ratios instead of logit coefficients.

The rrr option produces rddive risk ratios ingead of multinomia logit coefficients.

Masize

All of the JRR commands require that STATA's matsize be set to something greater than 61. Thisis
done automaticaly. Remove the matsize command if you are running STATA version for Win 3.1,
Dos, or Mac because STATA for Windows 95 or higher is needed to set matsze on the fly. Some
users may also need to increase matsize for certain gpplications, beyond the default setting of 100.

Simply edit the matsize command in jrwarn.ado accordingly. Unless oneis doing anayses on more than
99 variables, this can beignored.
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Example

Codefor the JRREG program (line numbers are added for presentation only):

XN O WNE

13.
14.
15.

16.
17.
18.
19.
20.
21.
22.

-}

24.

23

25.
26.
27.
28.
29.
30.

31.
32.

33.

.mark “touse' “if' “in
.jrwarn
i f $jrtest==1 {exit}

program define jrreg
version 5.0

set trace off

| ocal varlist "req ex"
local if "opt"

local in "opt"

parse " *'"

tempvar touse e

t enpnanme bb

| ocal i=0
regress “varlist' [pweight=$jrw i'] if “touse'
matri x bbO=get (_b)

| ocal i=1

while “i'<=60 {

quietly regress “varlist' [pweight=$jrw i'] if “touse'
matri x bb=get (_b)

if “i'==1 {matrix cc = bb}
el se {matrix cc=cc\ bb}
local i="i"+1

*Make mm a matrix where each row contains the coefficients fromthe
regression using the 0 weights

mat ones=J(60,1, 1)

matri x nmFones* bb0

*Make ee, a matrix of deviations

matri x ee=cc-nmm

*Make ff, the squared deviations = the covariance matrix of nD
matri x ff=ee' *ee

matri x post bbO ff
matri x m out

end

Lines 1-10 parse the command and define the analysis subsample.

Line 11 calls subprogram jrwarn that sets the matsize and verifies the user has specified weights. It displaysthe
weights being used if they were specified and gives areminder if the user did not. Line 12 exitsif jrwarnidentified a
problem.

Line 14 performstheinitial regression using the base weights (with suffix 0) for the full estimation sample. Line 15
puts the resulting coefficientsin vector bb0. These are thefinal coefficients.
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Lines 16-23 loop 60 times, reestimating the regression model using each set of replicate weights. These are
accumulated in matrix cc.

Lines 28-31 create eg, amatrix of deviations of the replicate coefficients from the base weight coefficients. Thenff,
which isthe matrix product ee*ee. The matrix ff is the covariance matrix of coefficient vector bbO.

The remaining lines post these resultsto STATA'sinternal memory areas and display the regression results. Post-
estimation commands can then proceed as usual.

Comparison of STATA JRR resultsto WESVAR results

We tested the proper functioning of these new STATA commands against output produced by WESVAR. The
variablesincluded an indicator of Medicaid/state insurance coverage, age, and poverty categories for a sample of
children who recently left welfare. Comparisons using the JRTAB command (Exhibit 1) and the JRREG command
(Exhibit 2) are reported below, with the result that the STATA commands produced estimates identical to those
produced by WESVAR.

Conclusion

Producing JRR standard errorsin STATA isamechanical process and the commands presented here add to the set
of tools available for analyzing the NSAF. The method here extends readily to other estimation commands. Users
who have needs that are not addressed by these commands can use these commands as a starting point for writing
their own. The command files, additional documentation, and the associated STATA help file will be made available
over the web at http://www.ui.urban.org. Users of these commands should contact nsaf @ui.urban.org if they have
further questions or to report any remaining bugsin the programs provided. Users are also encouraged to submit
any programs they write for possible inclusion among the programs we distribute.
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Exhibit 1. Comparison of WesVar and STATA JRTAB means by category output

WesVar Table Output:

MEDSTATE
0 1
age Estimate 30.9 28.7
Std Error 0.632 0.816
pov_1 25.0 30.0
4.5 5.6
pov_2 26.6 39.8
4.1 5.2
pov_3 20.6 13.7
3.3 3.6
pov_4 13.6 8.2
2.2 2.6
pov_5 7.8 5.6
1.9 1.7
pov_©6 6.5 2.7
1.6 1.3

STATA JRR Table Output:

medstate 0 1
N 594 410
age 30.9 28.7**x
(0.632) (0.816)
pov_1 .250 .300
(0.045) (0.056)
pov_2 .266 .398*
(0.041) (0.052)
pov_3 .206 .137
(0.033) (0.036)
pov_4 .136 .082
(0.022) (0.026)
pov_5 .078 .056
(0.019) (0.017)
pov_©6 .065 .027*

Note: Tests of significance are in comp
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Exhibit 2. Comparison of WesVar OL Sregression and STATA JRREG output

WesVar Regressi on Qutput:
PARAMETER

PARAMETER ESTI MATE

| NTERCEPT 0.701171
AGE -0.0070143
POV - 0. 0491332
R _SQUARE VALUE = 0.0370333

STATA JRR Regressi on Qutput:

jrreg nmedstate age pov;
(sumof wgt is 1.3773e+006)

STANDARD ERROR
OF ESTI MATE

0. 1293824

0. 0033038

0. 0207497

Regression with robust standard errors

| Robust
nedst at e | Coef Std. Err. t
age | -.0070143 . 003745 -1.873
pov | -.0491332 . 0196947 -2.495
cons | . 701171 . 1403251 4.997
Usi ng wei ghts with prefix: wgrn
| Coef Std. Err z
age | -.0070143 . 0033038 -2.123
pov | -.0491332 . 0207497 -2.368
_cons | . 701171 . 1293824 5.419

TEST FOR HO:
PARAMETER=0 PROB>| T|
5.4193701 0
-2.1231235 0. 0379
-2.3678977 0. 0211
Nunber of obs = 1004
F( 2, 1001) = 4.85
Prob > F = 0.0080
R- squar ed = 0.0370
Root MSE = .47291
P>| t] [ 95% Conf. Interval]
0. 061 -. 0143632 . 0003346
0.013 -. 0877809 -. 0104856
0. 000 . 425806 . 9765359
P>| z| [95% Conf. Interval]
0. 034 -. 0134896 -. 000539
0.018 -. 089802 -. 0084645
0. 000 . 4475862 . 9547557

‘The replicate weight variable assumes that you have 61 weight variables with identical names and a numeric suffix. For example,
passing a weight variable with the name WGFCAD, will assume that you have weight variables with the names WGFCADO,
WGFCAD1, WGFCAD2.... WGFCADGO in the input dataset.
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