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Preface
Introduction
1999 NSAF Technical Papers is the seventh report in a series describing the methodology of the
1999 National Survey of America’s Families (NSAF). It is a companion to the recently re-issued
1997 NSAF report on the same subject (which is No. 16 in that series). See also the related 1997
Methodology Report No. 7 on nonresponse in the first round of the NSAF.

About the National Survey of America’s Families (NSAF)
As discussed elsewhere (especially Report No. 1 in the 1997 NSAF methodology series), the
NSAF is part of the Urban Institute’s Assessing the New Federalism project, which is being done
in partnership with Child Trends. Data collection for the NSAF was conducted by Westat.
In each round of the NSAF carried out so far, over 40,000 households have been interviewed,
yielding information on over 100,000 people. The NSAF has focused on the economic, health,
and social characteristics of children, adults under the age of 65, and their families. The sample
is representative of the nation as a whole and of 13 states in particular. Due to its large state
sample sizes, the NSAF has an unprecedented ability to measure differences between the 13
states it targeted.

About the 1997 and 1999 NSAF Methodology Series
The 1997 and 1999 series of methodology reports have been developed to provide readers with a
detailed description of the methods employed to conduct the NSAF. The two series are nearly
parallel, except for the documentation of the public use files, where an on-line system is being
used for the 1999 survey, and we are planning to reissue the 1997 files on a similar basis.
Report No. 1 in the 1997 series introduces the survey. Reports 2 through 4 in both series—plus
Report No. 14 in the 1997 series—describe the sample design, how survey results were estimated
and how variances were calculated. Reports 5 and 9 in each series describe the interviewing done
in for the telephone (random-digit dial, or RDD) and in-person samples. Reports 6 and 15 in the
1997 series and Report No. 6 in the 1999 series display and discuss the comparisons we made to
surveys that partially overlapped NSAF in content—including the Current Population Survey
and the National Health Interview Survey. Reports 7 and 8 in both series cover what we know
about nonresponse rates and nonresponse biases. Report No. 10 in both series covers the details
of the survey processing, after the fieldwork was completed, including the imputation done for
items that were missing. Report No. 11 in both series introduces the public use files made
available.
In the 1997 series, there were additional reports on the public use files available in a PDF:
Reports No. 13, and 17 through 22. These will all eventually be superceded by the on-line data
file codebook system that we are going to employ for the 1999 survey. The 1997 and 1999
NSAF questionnaires are available as Report No. 12 in the 1997 series and Report No. 1 in the

1999 series. Report No. 16 for the 1997 series contains occasional papers of methodological
interest given at professional meetings though 1999, regarding the NSAF work as it has
progressed since 1996, when the project began.

About This Report
This seventh report in the 1999 Methodology Series collects occasional papers given at
professional meetings and workshops at the Urban Institute on technical issues in the design,
implementation, and operation of the 1999 round of the NSAF.

For More Information
For more information about the National Survey of America’s Families, contact Assessing the
New Federalism, Urban Institute, 2100 M Street, NW, Washington, D.C. 20037, telephone:
(202) 261-5886 fax: (202) 293-1918, Web site: http://newfederalism.urban.org. For information
about this report, contact fscheure@ui.urban.org.

Kevin Wang
and
Fritz Scheuren
January 2001
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Chapter 1
Overview Papers from the
1999 National Survey of America's Families

Chapter 1 consists of two overview papers which, each at a different point in time, present brief
technical descriptions of the National Survey of America's Families and how it fits into the
larger data collection activities that are aimed at devolution. For a longer treatment, see also
Report No. 1 in the 1997 NSAF Methodology Series. The two papers in this part are:
Adam Safir, Fritz Scheuren, and Kevin Wang (October 2000) National Survey of America 's
Families: Survey Methods and Data Reliability
This report was prepared to accompany the release of the second report, Snapshots of America's
Families. It is an excellent early short summary of the methods and reliability of the 1999
National Survey of America's Families (NSAF). Full details are found in the other reports in the
1999 Methodology Series..

NATIONAL SURVEY OF AMERICA’S FAMILIES
SURVEY METHODS AND DATA RELIABILITY, 1997 and 1999
Adam Safir, Fritz Scheuren, and Kevin Wang, The Urban Institute
Introduction
The 1999 National Survey of America’s Families (NSAF), like its 1997 counterpart, is a survey
of the economic, health, and social characteristics of children, adults under the age of 65, and
their families. NSAF data collection was conducted for the Urban Institute and Child Trends by
Westat, a nationally renowned survey research firm.
Interviews in 1999 were obtained from over 42,000 households, yielding information on more
than 109,000 persons under age 65. The scope and design of the 1997 survey was similar, with
over 44,000 interviewed households and again about 109,000 nonelderly persons.
These large representative samples have been taken for both 1997 and 1999 in each of 13
targeted states1 and in the balance of the nation. The 13 targeted states are Alabama, California,
Colorado, Florida, Massachusetts, Michigan, Minnesota, Mississippi, New Jersey, New York,
Texas, Washington, and Wisconsin (see figure 1-1). Collectively, these 13 states account for
over half of the U.S. population and represent a broad array of government programs, fiscal
capacity, demographic characteristics, and child well-being.
Figure 1-1
Targeted NSAF States
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The NSAF sample is representative of the civilian, noninstitutionalized population under age 65.
Data for the 1999 survey were obtained from February to October 1999. As with virtually all
household surveys, some important segments of the population (e.g., the homeless) could not be
sampled because of their living arrangements and therefore are not included in the survey results.
A small fraction of the sample consisted of what may be called “linguistically isolated”
households, where neither English nor Spanish was spoken by any person within the household.
Individuals in these living arrangements could not be interviewed either.2
Survey Process
The NSAF sample had two parts: The main sample consisted of a random-digit dial (RDD)
survey of households with telephones. This was supplemented with a second (area probability)
sample of households without telephones. In both the RDD and area samples, interviewing was
conducted in two stages: First, a short, five-minute screening interview was conducted in order to
determine household eligibility. Following the screener interview, if the household was eligible
and retained as a sample household, a more detailed, 27- to 45-minute extended interview was
conducted to ask about the main survey items of interest.
Sample Design
The NSAF sample was drawn separately for each of the 13 state study areas and for the balance
of the nation. Telephone households were subsampled, with the subsampling rates depending on
the presence of children in the household and the household’s response to a single screening
question about household income. All households screened as having children and low incomes
were given a full interview, while higher-income households with children and all households
without children (but with someone under 65) were subsampled before in-depth questioning.
Households with only adults age 65 and over were screened out of the survey. In all, 147,623
telephone households were screened for the 1999 survey. After screening, extended interviews
were conducted in 40,873 of these telephone households.
In the area sample, households within sampled blocks were screened, and all nontelephone
households with someone under 65 were interviewed. Because only a small fraction of
households do not have a telephone, block groups from the 1990 Census that had a very high
percentage of telephone households were eliminated from the area sampling frame. A special
coverage adjustment was made during the weighting process to account for excluding persons in
nontelephone households in these block groups. For this portion of the sample, screening
interviews were conducted with 39,817 households in 1999. Because only persons without
telephones were eligible, extended interviews were conducted after screening in just the 1,487
nontelephone households identified, making 40,873 telephone + 1,487 nontelephone = 42,360
interviewed households altogether. In 1997, the proportion of telephone to nontelephone
household interviews was very similar, with 42,973 telephone + 1,488 nontelephone = 44,461
households in that year.
For the 1999 NSAF, both the telephone and area samples contained partial overlaps of sampling
units used in the 1997 NSAF. For the telephone sample, this meant that about 60 percent of the
telephone numbers used in 1999 were drawn from the 1997 sample of telephone numbers.

1-2

Numbers from the 1997 round were sampled at different rates, depending upon the 1997 screener
result code. In general, those telephone numbers that had completed screeners from 1997 were
retained at higher rates than telephone numbers that resulted in noncontact, refusal, or
nonworking screener result codes. Of the 1,384 area segments interviewed in 1999, 1,265 had
come from the 1997 area sample.
Data Collection
Interviewing by telephone interviewers was carried out from centralized facilities using
computer-assisted telephone interviewing (CATI) technology. In-person interviewers provided
cellular telephones to connect respondents in nontelephone households to the interviewing
centers for the CATI interview; hence, the interviews were conducted in essentially the same
way in both telephone and nontelephone households.
Adults with Children. For households with children under the age of 18, up to two
children could be sampled for in-depth study: one under the age of 6 and another between
the ages of 6 and 17. Interviews were conducted with the most knowledgeable adult
(MKA)—that is, the adult in the household who was most knowledgeable about the
health care, education, and well-being of the sampled child. It was possible to have
different MKAs for each child, although it was more common to have a single respondent
(usually the mother) for both children. Overall, for the 1999 survey, 29,917 extended
interviews were conducted with the primary caregivers of children, netting information
on 35,938 children. In the 1997 NSAF there were 28,331 such extended interviews, and
information was obtained on 34,439 children.
Adults without Children. In households with children, in addition to the MKA, one or
two additional adults under 65 (those who did not have any of their own children under
the age of 18 living with them) were sampled and interviewed. Similarly, in households
without children, one or two adults (depending on the size of the household) were
randomly selected for interview. For the 1999 survey, 16,789 extended interviews were
conducted with the primary caregivers of children. In the 1997 NSAF, there were 20,168
such extended interviews. Altogether, combining interviews with MKAs and with adults
without children, information was obtained directly or by proxy on 73,535 adults in the
1999 NSAF—about the same as the 74,168 adults obtained in the 1997 survey.
As with the 1997 NSAF, the 1999 survey features an oversample of families with incomes below
200 percent of the federal poverty level. Forthcoming reports in the 1999 NSAF Methodology
Series provide details on the considerable success achieved here. See especially 1999 NSAF
Methodology Reports 2 and 3.
The interviews of most knowledgeable adults contained questions on the sampled children, the
MKA and his or her spouse/partner, and their families. The childless adult interviews, for the
most part, covered the same questions as the MKA interviews; except that detailed questions on
children were not asked. As was true in the 1997 survey, questions were asked on the topics
listed below.
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Economic Security
Child Support
Employment and Earnings
Family Income
Food Security
Housing and Economic Hardship
Welfare Program Participation

Family Environment
Family Stress
Family Structure
Parent/Adult Psychological Well-Being
Other Areas
Attitudes on Welfare, Work, Raising
Children
Demographics
Household Composition
Social Services Issues

Health and Health Care
Health Care Coverage
Health Care Use and Access
Health Status/Limitations
Child Well Being
Child Behavioral Problems
Child Care Use
Child Education and Cognitive
Development
Child Social and Positive Development

Some questions covered a family’s circumstances at the time of the survey; others were about the
12 or more months prior to the interview or about calendar year 1998. Some new questions were
asked in the 1999 survey, as detailed in Report No. 1 in the 1999 NSAF Methodology Series.
These were needed to cover changes in public programs between 1997 and 1999, such as the
introduction of the State Children’s Health Insurance Program (SCHIP). Improvements were
made in some 1997 questions when it was realized that they were not operating as expected. A
significant improvement was made for 1999, for instance, in the way the survey asked about
nativity, leading to better estimates of immigration status.
Estimation Methods
Responses to NSAF items were weighted to provide approximately unbiased aggregate estimates
for each study area and for the country as a whole. The weights were applied to all survey items
in an effort to:
•

Compensate for differential probabilities of selection for households and persons;

•

Reduce biases occurring where nonrespondents have different characteristics than
respondents;

•

Adjust, 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.
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The weighting can be described as involving three stages for both the random-digit dial and inperson components of the NSAF to produce person and family weights:
•

The first stage was the computation of the base weight. The base weight is the inverse of
the probability of selection, which accounts for the unequal screening rates. This weight
also includes an adjustment for the planned exclusion of nontelephone households from
the area sampling frame and for the subsampling of persons in 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-stratified so that the
NSAF sample estimates agreed with independent population totals3 derived from U.S.
Census Bureau sources on the number of persons by age, education, ethnicity, gender,
race, and housing tenure. This was done for each study area and for the nation as a whole.

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 unequal probability of
sampling (at both the household and person levels) and include adjustments for nonresponse and
undercoverage. The final result is a series of estimates consistent with Census Bureau population
totals that reduce biases due to undercoverage and nonresponse. In some cases, the adjustment to
Census Bureau population controls may also reduce the sampling error of the estimates.
Another estimation issue is how to handle item nonresponse—that is, where an interview was
obtained but some specific questionnaire items were missing. For most questions, the item
nonresponse rates were very low, often less than 1 percent. As is the case with any household
survey containing questions about sensitive information (such as income and mortgage amounts),
the NSAF occasionally encountered significant levels of item nonresponse. In particular,
nonresponse rates for items related to income were in neighborhood of 20 percent—consistent
with what is found elsewhere (e.g., the March Current Population Survey).
For estimates presented in Snapshots II, nearly all questions on employment, earnings, and
family income were imputed when missing, as were selected items from the sections on health
care coverage and health care use and access. The imputation of missing responses was intended
to meet two goals. First, it makes the data easier to use; for example, imputing missing income
responses permits the calculation of family income and poverty measures for all sample families.
Second, the imputation partially adjusts for bias, since the characteristics of nonrespondents may
differ from those of respondents.
Missing responses have been imputed at the person level (except for the economic hardship and
housing items, which were imputed at the household level). The method used to make the
imputations for missing responses in the NSAF was a standard “hot deck.”
In a hot-deck imputation, the value reported by a respondent for a particular question is given to
a similar person who failed to respond to that question. The hot-deck approach to imputing
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missing values is the most common method used to assign values for missing responses in largescale household surveys. For example, it is the method used for the March Current Population
Survey (CPS), the source of the official annual estimates of the poverty population.
Sampling Errors and Precision
As in all surveys, the estimates from the NSAF are subject to both sampling and measurement
errors. Sampling errors can be directly quantified and are discussed here. Nonsampling errors are
assessed separately.
The sample of households and persons selected for the NSAF is just one of many possible
samples that could have been selected. The standard error of an estimate is a measure of the
uncertainty of that estimate due to the fact that the sample selected is just one of the many
possible samples that could have been chosen (thus, it is also often called sampling error).4
This uncertainty in survey estimates due to sampling can also be expressed as a margin of error.
For estimates based on large sample sizes, the chance that an estimate would differ from a
complete census count (which has no sampling error) by more than the margin of error being
employed for the Snapshots is less than 10 percent. The margin of error being used thus
corresponds to a 90 percent confidence interval. That is, we can be 90 percent confident that the
NSAF estimate, plus or minus the margin of error, will cover the complete census count.
Despite the fact that specific details are given elsewhere on each estimate’s margin of error
(http://newfederalism.urban.org/nsaf/index.htm), it still may be worth showing how reliable the
NSAF is overall. This is done in table 1, where upper bound margins of error are given for both
1997 and 1999 NSAF proportions. Upper-bound margins of error are also provided for
differences between proportions from one round of the survey to another.
The margins of error reported in the table are averages that vary both across states and across
statistics. Still, they can be considered rough approximations of the actual sampling margin of
error. They are, however, conservative in the sense that they assume that our estimate is for a 50
percent attribute. Margins of error get smaller as we move away from a 50 percent attribute. In
calculating the margin of error of a difference, the conservative practice of assuming
independence has been employed between the two surveys. In later work with the NSAF, better
estimates of sampling error will be made and the Web pages cited above reloaded.
Nationally, the 1999 NSAF margins of error were designed to be somewhat lower5 than those
that were achieved for 1997, as is borne out in table 3. By design, NSAF achieved quite small
margins of error for the 13 targeted states. In fact, the margins of error were about the same in
both rounds. The one instance in which this was not true was for data on low-income children. In
part because of the decline in overall poverty rates, the state samples of low-income children
shrank, leading to an increase in the maximum margin of error from 3.4 percent to 3.9 percent.
Even so, the small margins of error for state-level estimates for low-income children and adults
remain one of the main achievements of the NSAF design in both 1997 and 1999.
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Table 1-1.
Maximum Margins of Error, 1997 and 1999 NSAF
(90 percent confidence interval upper bounds for proportions
and differences of proportions, 1999 versus 1997)

Item

1997

1999

Difference

1.0
1.4

0.9
1.4

1.3
2.0

2.2
3.4

2.3
3.9

3.2
5.2

0.8
1.2

0.7
1.1

1.1
1.6

2.0
3.0

1.8
3.2

2.7
4.4

Children

National
All
Low-income
State
All
Low-income
Adults

National
All
Low-income
State
All
Low-income

Note: Margin of error of difference calculated conservatively, assuming independence across
survey waves.

The margins of error computed for each estimate can be used as rough approximations for testing
statistical hypotheses as to whether an individual state, for example, was different in some way
from the nation as a whole or whether a particular state had changed significantly from 1997 to
1999. In the report itself, results are identified as statistically significant in various ways. All of
these statements are being made at the 10 percent level and imply that a 90 percent confidence
interval constructed around the difference does not include zero—the point of no difference.
Since multiple comparisons are being made, a Bonferroni adjustment was considered, but has not
been done since the comparisons were all specified ahead of time. Still, 1 out of every 10
statistically significant comparisons for differences (on the average) will not represent a real
change.
Nonsampling Errors and Biases
While sampling error is usually associated with the precision of estimates from a survey,
nonsampling errors are usually (but not exclusively) associated with bias in survey estimates.
Bias is simply the degree to which an estimated survey statistic (such as a proportion, total, or
mean) differs from the true population value. Biases in survey estimates can arise for many
reasons. Below, we provide some examples of NSAF methodological work focusing on three
potential sources of bias: undercoverage, nonresponse, and problems relating to measurement.
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Undercoverage
Survey estimates may be biased if certain elements of the population are not given a chance to be
sampled for the survey. For example, a survey that relied exclusively on telephones to conduct
interviews would exclude households without telephones. This would not be a problem if the
NSAF were only to be used to produce estimates for persons living in telephone households. But
since the NSAF has a primary focus on low-income families and families without telephones
make up a disproportionate percentage of the low-income population, the NSAF sample design
included households without telephones.
The NSAF, like all household surveys, suffers from a net shortfall or undercoverage relative to
independent Census Bureau figures. However, these effects appear to be consistent with those
achieved in other well-conducted surveys. To assess coverage, we compare survey estimates of
different population groups in the NSAF to what the Census Bureau believes to be the right total
(after adjusting for the 1990 Census undercount). Ideally, such coverage ratios should be close to
100 percent. For the 1999 NSAF, before adjustment, the coverage ratio of children was 90
percent—somewhat lower than the 94 percent ratio from the 1997 survey. For adults, the
coverage ratio was lower, but still good at about 87 percent (up from 86 percent in 1997).
As mentioned earlier, the use of independent population controls in the estimation mitigated the
potential undercoverage bias resulting from this source of error. For more information on
undercoverage concerns in the NSAF, see Reports 3 and 14 in the 1997 NSAF Methodology
Series and Report No. 3 in the 1999 NSAF Methodology Series (forthcoming).
Nonresponse
Unit nonresponse occurs when sampled units (such as households and families, in the NSAF) do
not respond to the survey. As a practical matter, unit nonresponse increases the cost of getting
the same number of completed interviews. From a statistical standpoint, unit nonresponse raises
concerns about possible biasing of estimates, since respondents and nonrespondents may be
systematically different from one another for key survey measures.
It is important to note that a low response rate is not itself a direct indicator of the actual
magnitude of nonresponse bias. Estimates will not suffer from nonresponse bias when there are
no differences between respondents and nonrespondents. Typically, survey methodologists focus
on response rates as proxy indicators of the presence of nonresponse bias because there is usually
little information available on nonrespondents that can be used to judge the magnitude of
differences between respondents and nonrespondents.
The household response rates achieved in the NSAF were quite respectable. The survey used
several measures of nonresponse. The one most comparable to surveys like the CPS has the 1997
NSAF response rate at just under 70 percent and that for the 1999 NSAF at about 64 percent.
Part of the reason that the 1999 survey rates were lower than for 1997 was the overlap built in to
the interviewing between rounds. RDD response rates have been declining across the board in
recent years for many surveys, and the NSAF appears to be no exception.
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Arguably, both of these rates are quite good, especially given the consensus that survey response
rates have been falling in recent years. Nonetheless, concerns about potential nonresponse bias
led us to conduct several special studies to understand what impact this level of response might
have on statistics of interest. We only cite three of the studies below:
•

For the 1997 survey, initially interviewed NSAF households were compared with
nonresponding households that were later reached with supplemental efforts. These analyses
showed no evidence of large or systematic nonresponse errors in the 1997 NSAF statistics
examined (see Report No. 7 in the 1997 NSAF Methodology Series).

•

Another effort to assess nonresponse bias was possible because the overlap between rounds
gave us situations where we obtained an interview in one round, but not the other. The results
so far indicate that for the items examined, NSAF nonresponse was largely ignorable—that
is, leading to virtually no bias after adjustment (Black and Safir 2000).

•

In a third study, a modeling approach was taken in estimating the potential nonresponse bias.
Based on the model, we were able to conclude that for nearly two-thirds of the households
that refuse at screening, the nonresponse is completely ignorable after adjustment and does
not lead to any bias. Based on other evidence, the remaining refusal cases probably
contribute no or minimal bias as well (Scheuren 2000).

Because of nonresponse bias concerns in the NSAF and the inadequacy of looking exclusively at
response rates as an indicator of bias due to nonresponse, further analyses are underway. These
show similar results and will be reported on at a later time in the 1999 NSAF Methodology
Series.
Measurement Error
Measurement error arises due to the imperfect nature of the data collection process in surveys.
The interviewer, the respondent, the questionnaire, and the mode of data collection are all
potential sources of measurement error.
Interviewer Errors. Interviewers can introduce measurement error if, for example, they
vary in the way they deliver questions to respondents and in the way they record the
answers obtained. For both rounds of the NSAF, heavy reliance was placed on extensive
interviewer training and monitoring procedures. For example, about 10 percent of each
interviewer’s work was silently monitored for quality control purposes.
Respondent Errors. Measurement error may also arise if respondents differ in their
abilities and motivation to answer specific survey questions. For example, due to the use
of a partial overlap of units sampled in the 1997 NSAF, some of the 1999 NSAF
respondents participated in both rounds of the survey. Their previous participation could
have caused them to either change the behavior being measured or to provide responses
that are in some way different from what they would have been had the respondents not
participated previously; this is sometimes called a panel effect.
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To test for panel effects (Wang, Cantor, and Safir, 2000), we compared 1999 survey
estimates of those respondents who were interviewed in both rounds of the survey with
survey estimates of respondents from the fresh cross-section (who were not interviewed
in the 1997 NSAF). We controlled for differences in basic demographic and household
characteristics. In general, we found little evidence of panel conditioning effects. Even in
those cases where we did find statistically significant differences, the magnitudes of the
differences were small enough that estimates for the overall sample for 1999 are largely
unaffected.
Questionnaire Errors. The NSAF questionnaire relied heavily on earlier survey
instruments as a source of the questions used. We believe that this approach has resulted,
for the most part, in reliable results comparable to other national surveys on similar
topics. Every effort was made to keep question wording unchanged from round to round
to improve estimates of change. As noted earlier, however, improvements had to be made
in some questions between the 1997 and 1999 NSAF when we realized that they were not
operating as expected. A significant improvement was made, for example, in the way the
survey asked about where persons were born, leading to improved information on
immigrant status in the 1999 survey. For more on these issues, see Report No. 10 in the
1997 NSAF Methodology Series and Report No. 1 in the 1999 NSAF Methodology
Series.
Mode Errors. The mode of data collection can lead to measurement error. For example,
respondents may be less likely to provide truthful responses to sensitive questions in
telephone- than in self-administered surveys (see de Leeuw and van der Zouwen 1988,
for example). For the NSAF, we believe the use of cellular telephones to conduct
interviews with nontelephone households reduced the potential for differential
measurement error due to mode differences between the two parts of the survey.
External Validation
Despite all the efforts made in the NSAF (only a few of which have been described here),
nonsampling errors could not be eliminated. The ability to quantify the effect of these errors
within the surveys themselves is very limited, unlike the case for sampling errors. To deal with
this, an extensive effort was made to compare the NSAF with other surveys whenever possible.
Overall, nonsampling errors in the NSAF were reasonably well controlled and do not appear to
have led to more than minor inconsistencies between the NSAF and other surveys that set out to
obtain similar information.
To illustrate this, below we make some comparisons with corresponding CPS estimates for both
the 1997 and 1999 NSAF.6 Two fairly typical examples are given in tables 1-2 and 1-3, where
the survey used for comparison is the CPS:
•

Table 1-2 compares the distribution of employment earnings for nonelderly adults (18 to
64 years of age) as estimated in the 1997 and 1999 NSAF and the CPS (for the previous
year; that is, 1996 and 1998). A remarkable degree of closeness exists, given that there is
sampling and nonsampling error in both surveys.
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•

Table 1-3 displays the household size distribution estimated from the 1997 and 1999
NSAF and CPS samples. Again, we see considerable closeness and no differences of any
substantive significance, although the smaller percentage of one-person households found
by the NSAF is worth noting.

In summary, for these and many other comparisons not shown (family composition, work
experience, income, and poverty, by key demographic characteristics), the NSAF estimates are
very close to the CPS estimates—for the most part, well within normal sampling variation.
Table 1-2.
Earnings from Employment: Distributions for Adults 18 to 64 Years Old, 1997 and 1999
NSAF and CPS Compared (in percent)
Earnings
Under $10,000
$10,000–14,999
$15,000–24,999
$25,000–34,999
$35,000–49,999
$50,000–74,999
$75,000+
Total

1997 (1996 Earnings)
NSAF
CPS
35.4
36.1
9.9
9.7
17.5
17.7
13.9
13.3
12.6
11.4
7.5
7.0
3.3
3.8
100.0
100.0

1999 (1998 Earnings)
NSAF
CPS
33.5
34.7
8.6
8.8
17.3
16.6
14.1
14.0
13.4
12.6
8.8
8.5
4.4
4.9
100.0
100.0

Sources: Current Population Survey (CPS), and National Survey of America’s Families (NSAF) information from Urban Institute
tabulations. Data may not add to totals due to rounding.

Table 1-3.
Household Size: Distributions for 1997 and 1999, NSAF and CPS Compared (in percent)
Household Size
1 Adult
2 Adults
3 Adults
4+ Adults
Total

1997
NSAF
13.2
57.4
18.8
10.5
100.0

CPS
13.5
56.8
19.1
10.7
100.0

1999
NSAF
CPS
13.0
14.1
57.3
57.1
19.4
18.7
10.3
10.2
100.0
100.0

Sources: Current Population Survey (CPS), and National Survey of America’s Families (NSAF) information from Urban Institute
tabulations. Data may not add to totals due to rounding.
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Concluding Comments
A brief overview of the 1999 and 1997 data collection and estimation procedures for the NSAF
has been shown here. The methods used to minimize errors and compensate for those that are
unavoidable in data collection have been described. We have also discussed the survey’s
resulting reliability in terms of both sampling and nonsampling errors. We were particularly
encouraged at how comparable CPS and NSAF estimates appear to be.
For the most part, the calculated sampling margins of error—available in the Snapshots II—offer
a solid guide to how reliable NSAF information is and how it might be used (either on its own or
in combination with other measures). More complete information on the 1997 NSAF’s design,
data collection procedures, and measures of quality has already appeared in an extensive series
of methodological reports, available online. The 1999 NSAF series of reports is now being
issued. To check on their availability, consult the NSAF Web page.
Over about the last year and a half, virtually the entire 1997 NSAF dataset has been released in
an anonymous form for public use. Beginning this November, when a data file focusing on
children will be released, researchers will be able to obtain access to the 1999 NSAF, which will,
again, be anonymous. Initially, this access will mainly be provided through an on-line Web
tabulator program, entitled CROSSTABMAKER.
Notes and Acknowledgments
This summary of NSAF survey methods and data reliability parallels that done earlier by
Genevieve Kenney, Fritz Scheuren, and Kevin Wang to accompany the 1997 Snapshots report.
Mike Brick of Westat contributed significantly to both.
As noted above, in keeping with the conventions used for the 1999 Snapshots, the margin of
error values shown here are for 90 percent confidence intervals. For the 1997 Snapshots, the
margins of error were set at 95 percent and hence are somewhat wider.
Endnotes
1.

Milwaukee was also designated as a study area in its own right, so Wisconsin can
be viewed as consisting of two study areas, Milwaukee and the balance of the
state.

2.

However, NSAF field procedures did allow for the use of proxy respondents or
“facilitators” to interview sampled respondents who could not be interviewed in
English or Spanish. We still had a loss of between 1 percent and 2 percent of the
sample due to this barrier. From the interviewer notes, these were often Chinese-,
Korean-, or Russian-speaking households.
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3.

The totals used were based on the 1990 decennial census counts, carried forward
by the Census Bureau to 1997 using birth and death records, plus information on
net migration. As is done in the Current Population Survey (CPS), the control
totals were adjusted to account for the 1990 decennial net Census undercount.
Other Census Bureau population estimates controlled were the percentage of
persons by home ownership (used in the derivation of the weights for children and
adults) and education level (used in the derivation of the weights for adults).
Occasionally, the variables needed in this weighting were missing. When this
occurred, the missing responses had to be imputed, although this was rarely
necessary. Race for persons of Hispanic origin is an exception here and had to be
imputed quite frequently, since many Hispanic respondents answered the race and
ethnicity questions with the designation “Hispanic.” For this reason, while we are
comfortable with the race data overall and with the designation of Hispanic
origin, we do not recommend that the race data for Hispanics be used separately.

4.

The sampling error introduced because of the imputation of missing responses to
specific questions is not estimated by the jackknife method used elsewhere in the
survey. See Report No. 4 in the 1997 NSAF Methodology Series for more details
on the jackknife. For the most part, though, this understatement should be very
small, as discussed in Report No. 10 in the 1997 NSAF Methodology Series.

5.

By design, the overall national estimates were improved between the two rounds.
This was done chiefly by substantially increasing the sample taken in the balance
of the United States. Thus, nationally, the margin of error for low-income children
dropped slightly, even though a drop was not achieved in most of the target states.

6.

For details on the extensive external validation efforts undertaken, see Reports
No. 6 and 15 in the 1997 NSAF Methodology Series and Report No. 6 in the 1999
Methodology Series (forthcoming).
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Chapter 2
Methodological Papers from the
1999 National Survey of America's Families

Chapter 2 of this report contains six papers, given in 1999 or 2000 that look at weighting the
second round of NSAF, at telephone coverage, nonresponse, possible panel bias, and other issues
that broadly can be considered to be NSAF nonsampling concerns.
Tamara Black and Adam Safir (August 2000) Assessing Nonresponse Bias in the National
Survey of America's Families
Kevin Wang (August 2000) Panel Conditioning in a Random-Digit Dial Survey
Fritz Scheuren (August 2000) Macro and Micro Paradata for Survey Assessment
J. Michael Brick, Jill Montaquila, and Fritz Scheuren (May 2000) Estimating Residency
Rates for Undetermined Telephone Numbers
David Cantor and Kevin Wang (May 2000) Correlates of Measurement Error When
Screening on Poverty Status for a Random-Digit Dial Survey
David Ferraro, J. Michael Brick, and Teresa Strickler (August 2000) Weighting Issues in
an RDD Panel Survey.
All of the papers were presented at meetings of the American Statistical Association (ASA) or
the American Association of Public Opinion Research (AAPOR). They are largely interim
reports on NSAF methods and how we handled NSAF problems. None of them has yet been
fully refereed.

ASSESSING NONRESPONSE BIAS IN THE
NATIONAL SURVEY OF AMERICA’S FAMILIES
Tamara Black and Adam Safir, The Urban Institute
1. Introduction
Sample surveys are attractive to social scientists in large part because of their low cost and
convenience relative to other measurement options. However, the ability to make statistically
reliable statements about population parameters, based on a smaller subset of the target
population, is becoming increasingly threatened by the long-term, downward trend in survey
participation.
Declining response rates are particularly troubling because of the uncertainty that surrounds their
impact. Although response rates are frequently used by the general public as an indicator of
survey quality and credibility, perhaps less commonly understood is that large nonresponse rates
represent a nontrivial source of bias only to the extent that nonrespondents differ from
respondents on characteristics of interest.
Using respondent information obtained in the second round of the National Survey of America’s
Families (NSAF), this analysis examines the extent and impact of nonresponse bias in the first
round of the NSAF. While there is some discussion around the relative size of nonresponse, the
primary focus is the degree of difference between respondents and nonrespondents. After
presenting contextual background information on the NSAF, the discussion reviews nonresponse
from a general perspective before linking specific issues of interest to the analysis. Finally,
findings and conclusions are discussed.
2. Survey Background
The NSAF is a survey of the economic, health, and social characteristics of children, adults
under the age of 65, and their families. Two rounds of interviews were conducted in 1997 and
1999, yielding information on over 40,000 households and 100,000 persons in each round.
Westat conducted the data collection for the NSAF.
Large representative samples of households were taken in each of 13 targeted states and the
balance of the nation. The 13 states were Alabama, California, Colorado, Florida, Massachusetts,
Michigan, Minnesota, Mississippi, New Jersey, New York, Texas, Washington, and Wisconsin.
These 13 states account for over half of the U.S. population and have a broad array of
government programs, fiscal capacity, and child well-being. The sample results from the first
round provide a wide range of characteristics for each of the targeted study areas and for the
country as a whole, in the period just before the era of the New Federalism (when major changes
in U.S. federal and state policies occurred). The sample results from the second round provide
information on the characteristics of the targeted study areas and for the country as a whole after
many of the changes of New Federalism had been implemented. Collectively, they form a sound
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baseline from which many of the changes brought about by the New Federalism can be
measured, assessed, and tracked.
The NSAF sample is representative of the civilian, noninstitutionalized population under age 65.
The first round of data was obtained from February to November 1997, and the second round of
data was collected from February to October 1999. The NSAF sample had two parts: The main
sample consisted of an RDD survey of households with telephones. This was supplemented with
a second (area probability) sample of households without telephones. Telephone households
were subsampled, with the subsampling rates depending on the presence of children in the
household and their response to a single household income-screening question. All households
screened with children and classified as low-income were given a full interview, while higherincome households with children and all households without children (but with someone under
65) were subsampled before in-depth interviewing. Households with only adults age 65 and over
were screened out of the survey.
3. Nonresponse
3.1 Defining Nonresponse.
Nonresponse is one source of survey error that almost all sponsors pay particular attention to, and
as such, the rate is an important quality indicator that is used to judge not only the specific
survey but also the survey organization itself (Lyberg and Dean 1992). As noted by Cochran
(1977), any sizable percentage of nonresponse makes the results open to question by anyone who
cares to do so.
Nonresponse is defined as the failure to obtain complete measurements on the survey sample
(Groves, 1989). There are two types of nonresponse:
Unit nonresponse results from the inability to obtain information from
some elements of the population that were selected and designated for the
sample (Churchill, 1999).
Item nonresponse refers to the failure to measure specific items of interest
from an otherwise complete survey element.
Response rates refer to the ratio of the number of units interviewed to the eligible number of
sampled units, weighted to represent the appropriate proportion of the population (Brick, et al.,
1999).
Nonresponse rates for RDD surveys are driven by the inability to contact persons associated with
sampled numbers within the time frame of the survey, the refusal by a sampled person to
participate in the survey, or the inability of a sampled person to provide survey information due
to a physical, mental, or language barrier. For example, the NSAF is conducted in English and
Spanish only, so sampled people who do not speak those languages would find it difficult to
complete the survey.
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In recent years, more pronounced refusal rates have been fueled by factors related to the
increased use of telephone interviewing as a polling, market research, and telemarketing tool. In
addition, recent low unemployment rates have led to a highly competitive hiring environment
that has made it more difficult for survey organizations to recruit and retain quality telephone
interviewers. Finally, noncontact rates have also risen, in large measure due to the increased
availability and use of mobile phones, answering machines, and incoming-call filtration systems
such as Caller ID and Call Blocking (Brick, et al., 2000).
3.2 Nonresponse Bias
Nonresponse introduces error into survey estimates to the extent that nonrespondents differ from
respondents on dimensions measured by the survey. For many descriptive statistics (e.g., the
sample mean estimate of the population mean), the nature of nonresponse error in a simple
random sample can be expressed as:
m
( y - y ),
n r m
where —
y r reflects the values on the respondents, —
y n reflects the values on the entire sample, m is
the number of nonrespondent cases, n is the total sample size, and —
y m reflects the values on the
nonrespondent cases. In this context, reducing nonresponse can have a dampening effect on both
bias and variance.
yr = yn +

3.3 Early NSAF Nonresponse Studies
In spite of extraordinary efforts that were conducted to attain high response rates in the first
round of the survey, the overall response rate in the 1997 NSAF was about 70 percent (Scheuren
and Wang, 1999). This is consistent with the experiences of other large telephone surveys. The
overall response rate is the product of the component rates. In the case of adults, the overall
response rate for estimates of adults is the product of the extended adult response rate and the
screener adult response rate.
To assess the possibility that nonresponse in the NSAF contributed to bias on the survey
statistics, a variety of studies have been conducted to gain insight into the characteristics of
nonrespondents. The findings showed that for a set of key statistics computed on the population
of telephone households with children, there was little evidence of important nonresponse errors
(Groves and Wissoker, 1997).
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4. METHODS
4.1 Analysis
The objective of this analysis was to assess the presence of bias due to unit nonresponse in the
first round of the NSAF. The analysis used the results from both the first and second round of the
NSAF. Specifically, second-round respondents were grouped according to first-round disposition
(e.g., complete, refusal, or noncontact) and tested for differences in demographic,
socioeconomic, health coverage, and program participation characteristics.
The following two hypotheses were tested:
1. There is no difference between the characteristics of completes and refusals.
2. There is no difference between the characteristics of completes and noncontacts.
Should the null hypothesis that completes are not significantly different from either refusals or
noncontacts be rejected, one may surmise that nonresponse bias due to that component of
nonresponse is non-ignorable. On the other hand, should either hypothesis fail to be rejected, one
may conclude that nonresponse bias due to that component of nonresponse is of a trivial nature
and may be ignored.
The analysis took advantage of an overlapping sample design feature of the NSAF. That is, a
portion of the starting sample of telephone numbers used in the second round came from a pool
of numbers used in the first round. This feature was included in the sample design in order to
reduce the variances of the estimates of change.
4.2 Comparison Groups
The control group, called Completes, was composed of sampled adults 18 to 64 in households in
which a completed interview was obtained in both rounds (see table 1). The test groups were
composed of adults in households for which an interview was not obtained in the first round, but
for whom a completed interview was obtained in the second round. The first test group, called
Refusals, was composed of adults for whom first-round nonresponse was due to a household
refusal. The second test group, called Noncontacts, was composed of adults for whom firstround nonresponse was due to noncontact (no answers, and nonresidential and non-working
numbers).
It is important to note that while the terms completes, refusals, and noncontacts are being
employed to describe the control and test groups, the terms refer ONLY to the disposition of the
household in the first round, and that for ALL units, completed interviews were obtained in the
second round (see table 2A-1)
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Table 2A-1.
Analysis Groups
Group
Completes
Refusals
Noncontacts

Round 1
Disposition
Complete
Refusal
Noncontact

Round 2
Disposition
Complete
Complete
Complete

However, there is the risk that using telephone number as the primary sampling unit may allow
for persons associated with a newly assigned telephone number to be included in the analysis
(i.e., a working telephone number in the first round may have been reassigned to a completely
new household in the second round), thus effectively undermining the unambiguous link
between telephone number and sampled persons across rounds.
To control for this possible “noise,” only those adults in households reporting they had the same
telephone number as two years ago were eligible for the analysis. As can be seen in table2A-2,
completes and refusals showed substantial telephone stability across rounds.
Table 2A-2.
Results of Controlling for Same Telephone Number
RD 1
Disposition
Complete
Refusal
Noncontact
Total

Total RD
2 Adults
17,965
2,646
7,614
28,225

RD 2 Adults with
Same Phone Num
16,989
94.6%
2,365
89.4%
3,920
51.5%
23,274
82.5%

However, as expected, a substantial number (almost half) of the noncontacts from the first round
who were contacted in the second round were eliminated from the analysis because the residents
reported that the telephone number where they were reached was not the same telephone number
they had two years ago.
4.3 Limitations
This analysis acknowledges some important limitations with regard to the findings. Clearly, the
results cannot be used to make statements about persons associated with households which either
refused or were not contacted in both rounds. The results of the analysis are only valid for those
first round refusals and noncontacts who were contacted and interviewed in the second round.
Further, the methodology uses information obtained from respondents in 1999 to make
statements about the characteristics of those same respondents in 1997. The number of changes
that may have occurred over a two-year span, particularly in a period of strong economic growth,
may confound the analysis. A substantial change in circumstance or socioeconomic makeup
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(e.g., in employment, income, or some other set of characteristics) may have caused
nonrespondents to look more similar to completes in the second round than they did in the first
round. Thus, if anything, this would tend to dampen any differences between completes, refusals,
and noncontacts.
A related area of concern is that this same change in circumstance might also lead to a greater
likelihood of contact and cooperation in the second round. While the NSAF cannot directly
measure a change in circumstance for nonresponding first-round households, some analysis on
this was conducted for first-round completed households. Finally, there is the problem that
household composition is not static. As dynamic arrangements, households gain and lose
members over time. To the extent that members who have joined a particular household after the
first round differ from existing household members, the overall demographic and socioeconomic
make-up of the household may have changed accordingly.
To better understand the phenomenon of dynamic household membership, sampled adults in
completed second-round households were matched to sampled adults from the same household
in the first round. Adults who matched by name, age, and sex between rounds were labeled as
Matchers, and all unmatchable—presumably new—household members were labeled as
Joiners.
Clearly, this procedure could only be done for completes, as the necessary information was not
available for first-round refusals and noncontacts. However, if the assumption is made that the
nature of the difference between matchers and joiners remains stable for responding and
nonresponding households, an understanding of the difference between matchers and joiners for
completes would allow for a corresponding adjustment in the interpretation of effects among
refusals and noncontacts.
As expected, joiners were found to be proportionately more likely to have an “other relative”
(e.g., in-law, grandparent) or “nonrelative” (e.g., boarder) relationship to the householder than
matchers (see table 2A-3). On characteristics of interest, further analysis showed that joiners
were more likely to be younger, renters, poor, uninsured, not married, and not U.S. citizens.
Based on these findings, the analysis moved forward with the assumption that while the degree
of difference between matchers and joiners across analysis groups may vary, the shape and
direction of this difference will remain constant.
Table 2A-3.
Distribution of Matchers and Joiners
Relationship to
Householder
Householder
Spouse
Child (18+)
Other relative
Nonrelative

Matchers
(%)
48.9
32.8
14.4
2.2
1.7
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Joiners
(%)
32.2
19.1
20.7
11.3
16.7

5. FINDINGS
5.1 General Findings
Using WesVar to account for the complex survey design, chi-square tests of significance were
conducted at the 0.05 level to compare completes with refusals and noncontacts on a broad array
of variables measuring demographic, socioeconomic, health coverage, and program participation
characteristics. Specifically, the groups were compared on the following dimensions: gender,
presence of children, age, race/ethnicity, household size, education level, U.S. citizenship,
marital status, household status (own/rent), employment status, family income as a percent of the
federal poverty level (FPL), Aid to Families with Dependent Children (AFDC) recipiency,
telephone interruption, insurance status, and food concerns (see table 2A-4).
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Table 2A-4.
Comparison of Completes vs. Refusals and Noncontacts
Completes

Gender
Males
Females
51.6
Total (Chi-sq p-value) 100
Presence of Children
Yes
No
Total (Chi-sq p-value) 100
Age
18-24
25-34
35-44
45-54
55-64
Total (Chi-sq p-value) 100
Race/Ethnicity
Black Non-Hispanic
Hispanic
9.5
Other Non-Hispanic
Total (Chi-sq p-value) 100
Household Size
1
2
3
4+
Total (Chi-sq p-value) 100
Education Level
No HS Diploma or GED 11.6
HS Diploma or GED
63.7
Bachelor’s Degree +
24.7
Total (Chi-sq p-value)
100
U.S. Citizenship
Yes
No
Total (Chi-sq p-value) 100
Marital Status
Married w/Spouse in HH
Other
Total (Chi-sq p-value) 100
Household Status
Own
Rent
Total (Chi-sq p-value) 100
Currently Employed
Yes
No
Total (Chi-sq p-value) 100
Total CPS Family Income
Less or Equal to 200 percent FPL
Greater than 200 percent FPL
Total (Chi-sq p-value) 100
AFD.C. Recipiency
Yes
No
Total (Chi-sq p-value) 100
Telephone Interruption
Yes
No
Total (Chi-sq p-value) 100
Currently Uninsured
Yes
No
Total (Chi-sq p-value) 100
Food Concerns
Yes
No
Total (Chi-sq p-value) 100

Refusals

%

N

48.4
9,201
16,989

7,788

54.9
45.1
16,989

14,113
2,876

14.1
18.8
28.7
24.9
13.5
16,989

1,294
3,382
6,758
4,115
1,440

10.7
1,505
79.8
16,989

1,447

5.5
21.9
25.4
47.2
16,989

%

N

% Diff

49.4
1,253
2,365

1,112
-2.1
(0.4675)

2.2

50.6
100

1,691
674
(0.0000)

-21.3
25.9

100

43.2
56.8
2,365

186
397
860
613
309
(0.0098)

-8.0
-18.5
-0.3
-8.2
49.7

100

12.9
15.3
28.6
22.9
20.3
2,365

157
-39.5
2,084
(0.0283)

-7.8

100

9.8
124
84.4
2,365

122
460
546
1,237
(0.0000)

22.9
71.2
-27.2
-21.1

100

6.8
37.5
18.5
37.3
2,365

8.2
67.3
24.5
100

175
1,475
715
2,365

-29.4
5.7
-0.9
(0.0507)
2,285
72
(0.5972)

0.5
-8.8

100

95.5
4.5
2,357

1,724
641
(0.9721)

0.1
-0.2

100

64.0
36.0
2,365

1,968
397
(0.8345)

-0.6
2.6

100

80.7
19.3
2,365

1,857
508
(0.2668)

-2.7
9.6

100

75.9
24.1
2,365

444
1,921
(0.6263)

5.5
-1.4

100

21.7
78.3
2,365

35
2,330
(0.9978)

0.0
0.0

100

1.3
98.7
2,365

69
2,295
(0.4777)

-18.1
0.5

100

2.2
97.8
2,364

198
2,167
(0.2305)

-15.4
2.2

100

10.5
89.5
2,365

333
2,023
(0.0221)

-23.8
4.0

100

11.0
89.0
2,356

5.8
14,037

502
1,851
3,807
10,829

1,777
10,374
4,838
16,989
95.1
4.9
16,961

16,064
897

64.0
36.1
16,988

12,703
4,285

81.2
18.8
16,989

13,746
3,243

78.0
22.0
16,989

13,420
3,569

20.6
79.4
16,989

4,793
12,196

1.3
98.7
16,989

314
16,675

2.7
97.4
16,986

647
16,339

12.4
87.6
16,989

2,036
14,953

14.5
85.5
16,984

3,281
13,703

Noncontacts
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%

N

% Diff

48.4
2,110
3,920

1,810
0.0
(0.9889)

0.0

51.7
100

2,914
1,006
(0.0133)

-12.1
14.7

100

48.2
51.8
3,920

518
1,169
1,226
733
274
(0.0000)

29.1
41.2
-6.0
-27.7
-23.9

100

18.2
26.6
27.0
18.0
10.3
3,920

563
64.1
2,764
(0.0000)

32.3

100

14.1
593
70.2
3,920

100

11.8
30.6
22.4
35.2
3,920

279
638
1,029
1,974
(0.0000)

16.1
61.0
22.9
100

567
2,317
1,036
3,920

39.7
-4.3
-7.3
(0.0013)
3,459
450
(0.0000)

-8.6
166.8

100

86.9
13.1
3,909

2,424
1,495
(0.0001)

-16.3
29.0

100

53.5
46.5
3,919

2,255
1,665
(0.0000)

-35.5
153.4

100

52.4
47.6
3,920

2,941
979
(0.0014)

-5.3
19.0

100

73.9
26.2
3,920

1,411
2,509
(0.0000)

67.6
-17.5

100

34.5
65.6
3,920

119
3,801
(0.0093)

80.0
-1.1

100

2.3
97.7
3,920

319
3,594
(0.0000)

152.5
-4.1

100

6.7
93.3
3,913

731
3,189
(0.0000)

64.8
-9.2

100

20.5
79.5
3,920

1,030
2,888
(0.0000)

82.7
-14.0

100

26.5
73.5
3,918

15.6
5.8

-12.0

114.5
39.8
-11.7
-25.5

The findings showed completes to be significantly different from both refusals and noncontacts
with respect to age and race/ethnicity. Complete households were also larger, more likely to
include minor children, and less likely to have experienced food concerns than other types of
households.
5.2 Completes vs. Refusals
Overall, completes and refusals were very similar. The two groups were identical with respect to
marital status, and although completes were slightly more likely than refusals to have a
bachelor’s degree; to be female, employed, and above 200 percent of the federal poverty level;
without health insurance; to own their homes; and slightly less likely to be U.S. citizens; none of
these differences were significant.
5.3 Completes vs. Noncontacts
There were several significant differences between completes and noncontacts. In addition to
differences in mobility and citizenship, as compared with completes, noncontacts were more
likely to have experienced phone interruptions, to live in one- or two-person households, and to
be renters. They were also less likely to be U.S. citizens.
The two groups also differed with respect to health coverage and participation in social welfare
programs. Compared to completes, noncontacts were more likely to be without health insurance
and to be receiving AFD.C.
Finally, completes and noncontacts were dissimilar in terms of educational attainment,
employment, and poverty. Of the two groups, noncontacts were less likely than completes to
have earned a bachelor’s degree or to be currently employed. Noncontacts were also more likely
to have family incomes at or below 200 percent of the federal poverty level.
6. Discussion
The evidence did not suggest that refusals differed meaningfully from completes. Rather,
relatively few statistically detectable differences were found between the two groups. This result
is consistent with the conjecture in Scheuren (2000) that a sizable percentage of NSAF refusals
are an ignorable form of missingness. With respect to the second research hypothesis, many
significant differences were uncovered between completes and noncontacts on the variables of
interest. Therefore, while nonresponse bias due to refusals may be ignorable, concern persists
about bias resulting from noncontacts.
However, once the relatively small volume of eligible noncontact cases is taken into
consideration (removing out-of-scope dispositions normally excluded by response rate
calculations, such as nonresidential and nonworking numbers), the resulting bias takes on a more
trivial nature.
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PANEL CONDITIONING IN A RANDOM-DIGIT DIAL SURVEY
Kevin Wang, The Urban Institute; David Cantor, Westat; and Adam Safir, The Urban
Institute
The National Survey of America’s Families (NSAF) is a random-digit dial (RDD) survey that
has been completed in two different cycles. Cycle 1 was done in 1997, while Cycle 2 was
completed in 1999. The purpose of the NSAF is to assess the well-being of children, families,
and adults across the country.
The sample for Cycle 1 was a list-assisted RDD to represent the nation as a whole, as well as to
provide estimates for 13 states in the United States. Two-thirds of the sample for Cycle 2 re-used
the telephone numbers from Cycle 1. The remaining one-third of the Cycle 2 sample was a listassisted RDD drawn to represent the study population for the NSAF in 1999. Numbers were reused in Cycle 2 to increase the precision of the estimates of change between the two cycles.
The purpose of this paper is to assess whether re-using the same telephone numbers on the NSAF
led to panel conditioning. In the first section, we briefly review previous research on panel
conditioning. The second section describes the NSAF and the analytic strategy used to assess
panel conditioning. The third section presents the results of the analysis, and the final section
provides a summary of the results.
Previous Research
Panel conditioning refers to when an earlier interview influences how a respondent reports at
subsequent interviews. Conditioning can take several forms. At one extreme, an interview may
influence the behavior of interest. For example, Traugott and Katosh (1979) found that preelection surveys had a positive influence on turning out to vote in the election. A second example
would be asking about participation in government programs at the first interview. This line of
questioning might then motivate a respondent to actually apply to one of the programs mentioned
during the interview. Other types of conditioning occur when exposure to the questionnaire
influences how the respondent interprets and reports subsequent administrations of the
questionnaire. One such effect is burden avoidance, where respondents learn at the first
questionnaire administration how to avoid being asked additional questions by answering key
filter questions in particular ways. The result is to generally reduce the number of reports of
phenomena of interest in later interviews (Bailar, 1975). A second variant of this type of
conditioning is when exposure to the questionnaire provides respondents with a better
understanding of the intent of the survey. This is how some interpret the effects of “bounding”
interviews on surveys that require retrospective recall, for example (e.g., Biderman and Cantor,
1984). During the initial interview respondents are anxious to report phenomena of interest, but
may not totally understand the need for precision with respect to placement in time. Once
exposed to the questionnaire, where detailed questions are asked about events (e.g., who, what,
where, when), the respondent is more aware of the precision needed and subsequently applies
this at future administrations.

2B-1

Both behavioral and conceptual conditioning are possible on the NSAF. Behavioral change may
occur, for example, if respondents become aware of particular government programs through the
questioning related to program participation. Respondent burden and increases in respondent
understanding of survey concepts may be affected for a number of items on the NSAF.
When discussing panel conditioning, it is useful to make the distinction between items that ask
about factual phenomena and those items that require subjective judgement. Factual items ask for
estimates of numbers or well-defined statuses. This would include, for example, asking about
having health insurance, income received by family members, or employment status. Items
requiring subjective judgement are those that refer issues or concepts that are not as clearly
defined. For the NSAF, this might include assessments of personal health (e.g., excellent, good,
poor, etc.), experiencing unmet medical needs, or descriptions of a child’s mood (e.g., “downhearted and blue”). One might hypothesize that given the differences in how respondents
interpret and report across factual and subjective items, the effects of panel conditioning may
also differ. In fact, one might expect that factual items should be less subject to conditioning,
since they may not be as subject to idiosyncratic interpretations of the study’s scope, purpose,
and terminology.
The NSAF Design and Analytic Strategy
The NSAF interview ranges from 25 to 45 minutes, depending on whether the questions are
intended to ask about a single adult or about children in the household. Interviews about adults
are conducted with a randomly selected adult over 18 years old. Interviews about children and
families are conducted with the person who knows the most about the health and well-being of
the children (Most Knowledgeable Adult, or MKA). Among the topics included in the interview
are demographics, health status, health care utilization, employment, income, welfare, program
participation, child care arrangements, social service needs, and Child/family well-being
measures.
To test for panel conditioning, a range of variables were selected. The intent was to select
variables that play a prominent role in the NSAF analyses, as well as cutting across “factual” and
“subjective” domains. The final list of variables included in the analysis are included in table 2B1. Factual variables included are insurance status, poverty status, and various measures of
program participation. Measures that require more subjective judgement are health status,
confidence in the medical care the family receives, and the degree of school engagement of the
child. To assess the latter, respondents were asked questions including the following:
…..please tell me if it describes (CHILD) all of the time, some of the time, or none of the
time….
-

cares about doing well in school
only works on schoolwork when forced to
does just enough schoolwork to get by
always does homework
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Each of these items requires respondents to make judgements about the child’s performance in
ways that can differ across respondents.
The analysis used several different comparison groups to test for panel conditioning. As noted
above, the Cycle 2 sample was divided into two parts. Two-thirds of the sample re-used
telephone numbers included in the Cycle 1 sample. This is the group that is subject to panel
conditioning, since respondents could have been interviewed in both cycles. The other third of
the sample was drawn as a fresh list-assisted RDD. Theoretically, therefore, the only difference
between the two is that one was interviewed twice and the other was interviewed only once.
However, in practice, this simple comparison is confounded because the overlap sample does not
consist entirely of households that were interviewed during Cycle 1. Some portion of the Cycle 2
overlap sample were not interviewed during Cycle 1 because: 1) the household associated with
the telephone number during Cycle 1 was not the same household associated with the number
during Cycle 2; 2) the households were the same between cycles but different persons within the
household were interviewed; 3) no household was associated with the telephone number during
Cycle 1; and/or 4) the household did not respond during Cycle 1.
Given this problem, two separate “overlap” groups were analyzed. The “Same Phone” group
restricts the overlap sample to those persons that reported during Cycle 2 as having the same
telephone number in 1997. This group is still subject to the problems noted above, except that it
eliminates persons who could not have been called during Cycle 2 because they had a different
telephone number.
The “Matched” group is restricted to just those persons identified as being interviewed during
Cycle 1. This identification was made by matching persons in the two data files by telephone
number and demographic characteristics. Unlike the “Same Phone” group, these respondents
only included those who were interviewed in both cycles. However, this is a more restricted
group than the “Same Phone” group, since it only includes persons who were in the same
household over the two cycles and cooperated with the survey at both times.
The analysis compared these two groups to the households that were part of the list-assisted
RDD sample drawn in 1999. To make this group as equivalent as possible, the “New Sample”
group was restricted to those persons who reported on the survey that their number had not
changed since 1997. Any differences between the Matched and New Sample groups or between
the Same Phone and New Sample groups are attributed to respondent conditioning.
Table 2B-2 provides the total sample sizes for the Child sample for each of the different groups
used in the analysis. As seen, the overlap Child sample includes 21,111 completed interviews.
This is reduced to 17,311 once it is restricted to persons who reported having the same phone
number in 1997. This is further reduced when it is restricted to just those with a matched
interview. For the New Sample group, there is a total of 13,720 interviews. This drops to 9,680
when it is restricted to the those reporting the same telephone number in 1997.
Use of two different groups in the comparisons provides for a way to bound the estimates of
conditioning. Comparisons between the Same Phone and New Sample group should provide an
underestimate of the presence of conditioning, since there are a number of persons in the Same
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Phone group who had not been interviewed during Cycle 1. Comparisons between the Matched
and New Sample groups have the potential to either under- or over-estimate the effects of
conditioning, since there are likely to be differences that can be accounted for by the differential
composition between the groups. If the effects of conditioning are in the same direction as the
compositional differences (e.g., New Sample group is both poorer and is more likely to report
being without insurance), then the estimates of the effects of conditioning would be overestimated. Under-estimates would occur if the effects of conditioning are in the opposite
direction of those implied by compositional differentials.
For space reasons, only the second set of comparisons are discussed below (i.e., “Matched” vs.
“New”). The analysis comparing the Same Phone and New Sample groups resulted in fewer
significant differences than those discussed below.
Results
Table 2B-3 provides demographic comparisons between the New Sample and Matched groups.
This provides an idea of the magnitude and direction of the differences in composition between
these samples. As expected, there are quite a few differences between the groups. The Matched
group has fewer minorities, fewer married couples, fewer people working, and significantly
fewer persons who are under poverty. These differences indicate that the persons in the New
Sample group tend to be more likely to be of lower socioeconomic status.
To initially test for conditioning effects, comparisons between the New Sample and Matched
groups were made along the 32 variables listed in table 2B-1. The results of these comparisons
found seven to be statistically significant at the 5 percent level or less. These, and several other
comparisons are shown in table 2B-4. The directions of these differences are such that the New
Sample has more social problems than the Matched group. For example, for the adult sample, the
New Sample has a higher percentage of persons who are not insured (13.4 percent vs. 10.9
percent) and are more likely to report food insecurity (17.8 percent vs. 13.8 percent). Similarly,
for the child estimates, the New Sample group is more likely to receive food stamps, to not have
a usual source of health care, and to be uninsured.
Taken at face value, these results would imply that conditioning generally leads to people’s
reported well-being to improve at later interviews. However, given that the New Sample is of
lower economic status, these results have to be viewed with some skepticism. There may be
more uninsured persons in the New Sample group simply because there are more poorer
respondents in this group relative to the Matched group.
To test this idea, seven logistic regressions were estimated that re-estimated the panel
conditioning effect, once controlling for important socio-demographic characteristics. In these
regressions, the dependent variable was one of the outcome variables in table 2B-1. The
independent variables included: sample group (New, Matched), age, employment status, poverty
status, marital status, region of the country, ethnicity, and race. These regressions found that
three of the seven differences shown in table 2B-4 were not significant at the 5 percent level:
receipt of food stamps, participation in volunteer activities, and insurance status. For the other
four variables, however, the coefficient for panel conditioning remained significant.
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Discussion
This analysis provides very mixed evidence of panel conditioning for the NSAF. Of the 32
simple comparisons made, 7 were significant at the 5 percent level. Four of these differences
were significant (at the 5 percent level) once we control for compositional differences between
the two groups.
The four variables that remained significant were: child participation in extracurricular activities,
adults feeling insecure about getting enough food, confidence in getting medical care, and
whether the respondent had heard of Medicare. These exhibit each type of conditioning
discussed above. Child participation in extracurricular activities is, to a large degree, a factual
question. Confidence about getting health care is a subjective question. Whether or not the
respondent had heard about Medicaid is analogous to the behavioral effects discussed above.
That is, the first interview may have informed the respondent about Medicaid so that at the
second interview the respondent who previously answered “no” would answer “yes” at the
second interview. The food security items are a bit more ambiguous with respect to the “factual”
/ “subjective” dimension. These questions asked respondents to agree or disagree with the
following statements:
We worried whether our food would run out before we got money to buy more.
The food that we bought just didn’t last and we didn’t have enough money to get any
more.
In the last 12 months,…did you ever cut the size of your meals or skip meals because
there wasn’t enough money for food? How often did this happen?
The first statement refers to a subjective judgement (e.g., “…worried whether our food would
run out…”). However, the other two statements are not as subjective, at least in the sense that
they refer to relatively specific situations. Nonetheless, it is possible that asking these questions
at the initial interview provoked additional thought on the part of some respondents who then
reconsidered their answers at the second interview. The topic is clearly a salient one and could be
of some concern for persons who are borderline with respect to having enough food to eat.
The limitations of this analysis preclude us from definitively concluding that the four variables
discussed above exhibit a conditioning effect. There are too many differences between the two
comparison groups that may not have been accounted for. As noted above, the Match group is of
higher socioeconomic status than the New Sample group. The differences shown above are in the
direction one would expect from these compositional differences (i.e., the “Match” group
exhibits higher levels of well-being than the New Sample group). Consequently, there is still the
possibility that the differences are due to compositional differences, rather than to conditioning.
We attempted to mitigate this problem by estimating logistic regressions that control for
socioeconomic and demographic variables. This eliminated three of the comparisons that were
significant at a bivariate level. However, it is unclear if these controls were sufficient to fully
equalize the two groups.
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With only four differences remaining after controlling for socioeconomic characteristics, one has
to wonder whether these significant effects appeared by chance, given the large number of
comparisons made (32 total). Even assuming that there is a conditioning effect, the size of this
effect appears to be relatively small, especially once the compositional differences between the
two groups are controlled for.
The negligible effect of any panel conditioning applies to a greater extent if one were to assess
how it may be affecting the overall estimates produced by the Cycle 2 of the NSAF not only
because any effect of conditioning appears to be relatively small, but also because of the
relatively small number of persons who were interviewed two times. As a way of illustrating
this, we calculated statistics for the entire NSAF Cycle 2 sample assuming that the persons with
a previous interview responded in the same way as those who did not have a previous interview.
This actually overestimates the effects of conditioning on overall estimates, since it does not
account for socio-demographic differences between the Matchers and the rest of the overlap
sample. Even with this assumption, however, the change in the overall statistics is relatively
small. For example, using this assumption, the percent who report food insecurity goes from 12.3
percent to 12.6 percent.
In conclusion, this analysis found some evidence of conditioning for 4 of the 32 variables tested.
There is some question whether the effects observed are due to design-related problems or actual
conditioning. Regardless of assumptions, the size of the effects are relatively small and do not
appear to have much consequence on the NSAF estimates of change.
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Table 2B-1.
Variables Compared in the Analysis of Panel Conditioning
Adults
Received AFD.C. in 1998
Received Food Stamps in 1998
No usual source of care
Unmet need, dental care
Unmet need, medical care
Unmet need, prescription drugs
Currently uninsured
Good, very good, or excellent health status
Food insecurity
Difficulties paying rent, mortgage, housing
Currently working full-time
Children
Received AFD.C. in 1998
Received Food Stamps in 1998
Parent asked about Medicaid
Applied for Medicaid
Parent asked about govt. child care
assistance
No usual source of care
Unmet need, dental care
Unmet need, medical care
Unmet need, prescription drugs
Currently uninsured
Participates in extracurricular activities
Negative behavior problems
Negative behavior problems (6–11)
Negative behavior problems (12–17)
Positive school engagement
Most Knowledgeable Adult
Volunteer participation—few times a month
or more
Religious participation—few times a month
or more
Negative (poor) mental health
High parent aggravation score
Not confident of family getting medical care
Heard of Medicaid
Heard of CHIP (Children’s Health Insurance
Program)
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Table 2B-2.
Sample Size for Child Sample, by Sample Group

Total

Same Phone
Number 2 Matched
Years Ago Person

Overlap sample

21,111

17,311

7,829

New sample

13,720

9,680

NA

Table 2B-3.
Demographic Characteristics, by Sample Group
New
New Sample Matched
Sample Same Phone Phone
Adults
Hispanic

10.0

9.3

8.9

White

83.7

84.9

86.7

Married

59.0

61.4

66.9

Born outside U.S.

11.2

10.1

9.0

Working

77.9

78.3

79.0

Less than high
school

13.1

12.4

11.0

Income below
poverty

9.9

8.2

5.9

Hispanic

13.6

12.0

13.8

White

78.0

80.3

84.6

Single parent

23.8

20.9

17.3

Income below
poverty

15.0

12.0

9.0

Children
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Table 2B-4.
Statistically Significant Differences between New and Matched Sample
New
Sample
(same
phone)

Matched Chi-square
Persons (p-value)

Adults
Currently
uninsured

13.4

10.9

6.81
(p = .009)

With food
insecurity

17.8

13.8

18.91
(p = .000)

9.5

8.3

1.97
(p = .161)

9.7

7.7

3.88
(p = .049)

85.3

88.0

6.17
(p = .013)

No usual source
of health care

5.7

4.3

3.72
(p = .054)

Currently
uninsured

9.5

8.2

2.55
(p = .110)

Volunteered few
times a month or
more

37.9

42.0

5.25
(p = .022)

Not confident
getting medical
care

8.0

6.1

8.60
(p = .003)

88.2

90.9

9.65
(p = .002)

With difficulties
paying rent
Children
Received Food
Stamps
Positive extracurricular activity

MKA

Heard of
Medicaid
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MACRO AND MICRO PARADATA FOR SURVEY ASSESSMENT
Fritz Scheuren, The Urban Institute
At present, we typically assess quality by relying heavily on summary process measures or
macro paradata that is a by-product of sample selection and survey administration (e.g., item
and unit nonresponse rates, response variances, sampling and coverage errors). These
measures are an outgrowth of the randomization-based approach to survey sampling that
triumphed in government agencies around the world in the two decades after the seminal
1934 paper of Neyman. When most of our present measures were developed, therefore,
nonsampling error problems, like nonresponse, were less serious or less well understood.
Now there is a widespread belief that the randomization paradigm needs to be replaced by a
more explicitly model-based approach that continues to incorporate features like random
selection. In this paper we will illustrate how the current macro paradata measures might be
revised or reinterpreted in the light of the concerns just mentioned. The changing partnership
between data producers and data analyzers also increases the need for a greatly expanded
use of micro paradata—that is—process details known on each case (such as how many
attempts it took to get an interview, whether the interview was in English or Spanish, etc.)
To illustrate, the paper will employ novel macro paradata summaries of coverage and unit
nonresponse, plus micro paradata measures of response variation. The examples will all be
taken from the National Survey of America’s Families (NSAF), but we believe the
perspective we advocate would be actionable in other settings too.
1. Introduction and Background
1.1 Introduction.
Paradata can be macro or micro. Macro paradata is very common and widely used. Most of the
familiar examples of macro paradata measures are in the form of global process summaries, like
overall response or coverage rates. The widespread dissatisfaction with existing quality measures
seems to lie in this area. The present paper stresses that while producer-based marginal
summaries can and should be improved, they are simply not adequate alone, when the
development of information is increasingly a joint undertaking of the data producers and their
clients.
Micro paradata is less familiar than macro paradata. A notable exception is that good survey
systems keep track of and flag, on individual records, data items that have been imputed. Seldom
are other micro paradata items provided to survey clients. Confidentiality concerns can be
legitimately cited for some of this practice. The main reasons may well be lack of end-researcher
interest and inability by producers to see any clear value added. The extra expense involved and
simple inertia are among the other reasons why clients seldom obtain or use micro paradata.
Instead, at present we assess data quality by macro paradata measures that are an outgrowth of
the randomization-based approach to survey sampling that triumphed in government agencies
around the world in the two decades after the seminal 1934 paper of Neyman.
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When most of our present measures were developed, therefore, nonsampling error problems, like
nonresponse, were less serious or less well understood. Arguably, the traditional summary
measures we still use often, implicitly at least, assume a quasi-randomization model for
nonsampling errors (Oh and Scheuren 1983).
Now there is a widespread belief (e.g., Särndal and Swensson, 1992) that the randomization
paradigm needs to be replaced by a more explicitly model-based approach that continues to
incorporate features like random selection but that appeals directly (rather than just implicitly) to
models when making inferences. It is also essential to fully incorporate the new quality
improvement approaches (Deming 1986) into our measures. Without a doubt, a holistic approach
is needed, similar in focus to the goal of a quality profile report (e.g., Jabine 1994, NCES
2000)—particularly as part of systematic quality planning (Juran 1988).
Finally, and of increasing importance, the client perspective needs to be recognized, both
organizationally (e.g., Petska and Scheuren 1992, Brackstone 1999) and in the development of
metadata and paradata systems (e.g., Dippo and Sundgren 2000). We are producing a service and
not a product (e.g., Fellegi 1999); thus, simply providing producer measures of product quality
will not be enough, no matter how good they are. In assessing the quality of a service, there are
three elements to look at, which we have expressed in equation form as:
Quality = Producer + Client + Joint.
In most of the survey literature on quality, the focus has been on the first term, when it may well
be the third (interaction) term that is key (Batcher and Scheuren 1996).
1.2 Barriers to Improved Assessment.
What are the biggest barriers to improving quality assessments in surveys? Reciting a few of the
perceived barriers, in addition to those touched on above, may be of value to help frame what
comes next:
(1) Need for change is not widely felt among producers. Probably the biggest barrier is
that the need to make a change is not felt by data producers. No compelling case has been
made to rethink a process that seems to have been highly successful historically.
Producers, even if they want to change, have not been given a workable alternative.
Clients often do not even realize that they are not fully utilizing survey results. They may
ignore nonsampling errors altogether or treat them just verbally, without any
quantification or sensitivity analyses.
(2) Producers do not usually make it possible for clients to do their own assessments of
nonsampling error. Because of confidentiality concerns, some survey public use files,
such as the CPS and SIPP, do not even make it possible to directly estimate sampling
error. Existing so-called quality measures are often very simple by-products of survey
operations and do not use either modern computational power or, indeed, to any serious
degree, the power of modern statistics.
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(3) Two-way communication and real listening systems are entirely too rare. Producers
need to better learn the language of their customers and especially to build better listening
mechanisms, like customer surveys, that get needed feedbacks. Right now, much of the
producer-client communication that goes on is systematically carried out in only one
direction. Failure to build adequate listening systems may be among the most serious
barriers to producer improvement. The idea that the creation of information is done
jointly with clients has not penetrated deeply enough into producer operating systems.
(4) Many survey organizations do an extremely good job of providing detailed
information about their processes and running training classes for users. All kinds of
interesting general tidbits can be had, except what they might mean to the interpretation
of a particular client result. The need for a “just-in-time” knowledge, like that possible
with Web-based metadata systems, can be a partial answer, but this movement is still at
an early stage (e.g., Dippo and Sundgren 2000).
(5) The slowness of large survey systems to change is discouraging. Budget pressures and
the need to focus on, in some settings at least, growing nonsampling problems, especially
unit nonresponse, absorb us. Whatever the reason, there is not enough creative energy
being expended on finding new and better ways to measure quality. The gap is especially
noticeable in aiding end users in the development of the quality measures that “fit their
use”—even though we (and they) cannot fully predict what that use will be ahead of time.
Survey products and documentation have had a one-size fits all character that needs to be
re-examined.
(6) Quality is a value and goal for many and not a tool. Quality is clearly an overused
word that has lost much of its motivational punch. Ironically, the hype around the word
quality may be a major barrier to improving the many sound existing survey assessment
tools. After all, who would tell you they are not trying to do a quality job?
(7) Fixing individual assessment measures is a trap, unless the overall assessment system
is fixed too. In an information age, producers alone cannot judge fitness for use; hence,
the system of assessment must be open to clients. Simply reciting a long list of places
where failures of different sorts occurred can create a misleadingly bad impression of
quality. Conversely, as noted already, substituting words for quantification can mislead in
the opposite direction. Clients need to know when the survey system may be said to have
“failed safe.” Some errors are corrected and have no bearing on final usefulness. For
example, adjustments are typically made for nonresponse and coverage, but generally
there are no measures of the improvement these adjustments may make.
To summarize, the need for change is not widely felt among producers, perhaps because twoway communication with clients and real listening systems are entirely too rare. Efforts to build
just-in-time metadata systems have begun to help, but these are still not mature. The slowness of
large survey systems to change is discouraging, but the change has begun and will accelerate as
the information age continues. Unfortunately, the word “quality” has largely lost its value and in
the remainder of this paper, it will be avoided to the extent possible. Finally, the listing of a
litany of defects is often readily available in good surveys, but how meaningful is it?
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What clients really want to know is how to deal with defects remaining after all survey
processing, and this is often the one thing that our current systems cannot readily help them
learn. A major effort is made in most government surveys to eliminate inconsistencies, impute
missing items, and adjust for nonresponse and coverage errors. None of these efforts get
“scored” in the usual quality measures. For example, the weighted response rate is generally
employed as a summary measure of how good a survey is, without regard to the post-survey
adjustment efforts made.
What about alternatives? There is no use complaining unless something better exists. The rest of
this paper illustrates alternatives that are actionable in some settings. A consistent approach will
be taken, where explicit models, sometimes computationally challenging, will be used for the
nonsampling error being measured. The use of explicit models may, in and of itself, help clients,
who often operate in a model-dependent world. And with producer help, clients may be able to
better integrate producer knowledge, as embedded in models, with subject matter knowledge also
expressed in models.
One admission should be made before going into the illustrations provided.. The paper is quite
incomplete and covers nothing like a full set of alternative paradata measures to the traditional
quality indicators now in wide use. This may discourage readers expecting more. To them, an
apology is in order. However, other readers may welcome the fact that few fully worked
alternatives exist. That is where the challenge is—to make a survey-going paradigm for our time
and technology as complete as Morris Hansen and others did in the 1940s and 1950s.
1.3 What Comes Next?
Ideally, the paper would deal in turn with errors arising from coverage, nonresponse,
measurement, and sampling. Only for the first three of these do we attempt to present something
new.
The coverage illustration being used in section 2 examines a new way to estimate residential
telephone coverage by using survival analysis. The approach taken is computationally intense
and makes full use of modern statistical ideas, borrowing heavily from the work of Lawless (e.g.,
1982). It illustrates how we can adapt ideas invented elsewhere to pressing quality measurement
problems and thereby improve existing macro paradata measures.
The nonresponse section (section 3) uses a model to motivate a new macro paradata response
rate; it may not be readily accepted. In fact, we are not fully ready yet to accept it ourselves.
What the presentation does, however, is represent a fresh approach and, if people could become
“unstuck” from the conventional implicit quasi-randomization models (Oh and Scheuren 1983)
still in use, we might as a community be led to better ideas. We again borrow our approach—
this time from the older work of Sekar and Deming (1949)—and employ a novel
capture/recapture model of nonresponse to attempt to distinguish ignorable from nonignorable
nonresponse.
The section on measurement of micro paradata (section 4) could be the most immediately
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actionable in a wide variety of settings, since it directly employs existing quantities and can be
used in virtually all surveys right now. This is unlike the coverage modeling (of section 2), which
is specialized to an RDD environment or the capture/recapture models of section 3, which
require more development and, potentially, additional data collection. As will be seen, what we
attempt in section 4 could be fairly readily duplicated in many surveys without a great deal of
new work. In major government surveys, the kinds of micro paradata items needed are certainly
going to be available.
Although there ought to be a section on sampling error, no concrete examples came to mind that
would be all that new. This area, in any case, is much further along than the others. So, instead,
the paper ends with a few tentative concluding comments (section 5).
1.4 Background on the NSAF.
In this paper, all examples are taken from the National Survey of America’s Families (NSAF) so
the remainder of the present section (section 1) will be spent on background details about that
survey.
In 1996, in response to welfare reform legislation that devolved many activities to the states, the
Urban Institute, along with Child Trends, initiated an effort entitled Assessing the New
Federalism. The NSAF is a major component of that effort. NSAF data collection is being
conducted for the Urban Institute and Child Trends by Westat. There have been two rounds, for
1997 and 1999, with a third planned for 2002. Each round is obtaining detailed information on
the economic, health, and social characteristics of children, adults under the age of 65, and their
families. In both 1997 and 1999, interviews were conducted with over 40,000 households,
yielding information on over 100,000 people.
By design, large representative samples of households are being taken in each of 13 targeted
states (Alabama, California, Colorado, Florida, Massachusetts, Michigan, Minnesota,
Mississippi, New Jersey, New York, Texas, Washington, and Wisconsin) and in the balance of
the nation—oversampling households under 200 percent of the federal poverty line.
The NSAF is a dual-frame survey with two separate components. One is a random-digit dial
(RDD) survey of households with telephones. The RDD approach was adopted because it is a
cost-effective way to collect the desired data. However, because households without telephones
contain a significant proportion of low-income children, a supplementary area sample was
conducted in person for those households without telephones. In the area sample, households
within sampled blocks were screened, and all nontelephone households with someone under 65
years of age were interviewed.
All interviews were conducted on the telephone by interviewers working in central interviewing
facilities, using computer-assisted telephone interviewing (CATI) technology. In-person
interviewers provided cellular telephones to respondents in nontelephone households to connect
those respondents to the interviewing centers for the CATI interview. Nontelephone household
interviews were conducted in essentially the same way as those for RDD households. About 10
percent of each telephone interviewer’s work was silently monitored for quality control
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purposes.
For a more complete summary description of the NSAF, see the paper by Scheuren and Wang
(1999). Full details on the survey are to be found in the NSAF Methodology Series found on the
Web at http://newfederalism.urban.org/nsaf/methodology.html.
2. Refining Coverage Measurement in RDD Surveys, Such as the NSAF
In random-digit dial (RDD) telephone surveys, some telephone numbers ring when dialed (at
least that is how it sounds to the person dialing the number), even though the telephone number
is not assigned for use. For these numbers, it is not possible to classify the residential status for
the number with certainty. We denote telephone numbers for which residential status is still not
resolved at the end of the data collection period as “undetermined” telephone numbers. If we
stopped at this point, we would be unable to separate differences in coverage from noncontact
nonresponse.
The percentage of undetermined telephone numbers encountered in RDD surveys has been
increasing over the last few years as a result of changes in the telephony system. Piekarski et al.
(1999) describe many of the changes related to this increase, including the competition for local
exchange service in some markets. They note that the number of telephone households increased
only 11 percent from 1988 to 1998, but the number of telephone numbers that could be dialed in
an RDD telephone survey increased by 80 percent. Even accounting for the increase in the
number of households with more than one telephone number and the increased demand for
business telephone numbers, many of these newly created numbers are not assigned to any user.
Piekarski et al. (1999) also suggest that since the changes are at least partially due to competition
in local markets, the percentage of telephone numbers that are undetermined may vary
substantially by geography.
To describe this situation analytically, we begin by explicitly defining the residency rate for all
telephone numbers and then discuss the new approach to estimating this rate. For ease of
description, we refer to the t-th call attempt as “trial t.” The trials do not refer to fixed points in
time, since one case might be receiving its eighteenth call attempt while another case is receiving
its second.
Let
rt

= number of cases (telephone numbers) resolved as residential at trial t; and

n

= total number of telephone numbers.

The residency rate at trial t is Rt , and this rate is estimated as:
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t
å rk
Rˆ t = k = 1 ,
n
where k denotes a trial (i.e., call attempt number) at which there are noncensored cases. The
status of a telephone number as residential or nonresidential is determined on the t-th call attempt
if it can be unambiguously classified on this attempt. Subsequent call attempts to obtain
cooperation from the household do not affect Rt , so these additional call attempts are not
included in this analysis.
A typical pattern for resolving RDD samples as residential shows that a large proportion of cases
is usually resolved within the first few call attempts, and then the curve flattens out. Note that
Rˆt t = 1,2,3, K is a nondecreasing sequence that converges to the asymptote R∞ , the overall

{ }

residency rate. If the residential status of all cases was resolved by some trial T, then R̂T could
be used as an estimate of the overall residency rate. However, in practice, it is neither feasible
nor cost-effective to resolve the residential status of all cases. Even after a large number of calls,
some cases will remain undetermined, with a status of “no answer” or “no answer, answering
machine”. Some of these cases are nonworking numbers (numbers that have not been assigned);
others include telephone numbers permanently connected to home computers and so on.
The estimated residency rate among cases with undetermined numbers is the difference between
the estimated number of residential numbers (an unbiased estimate of R∞ multiplied by the
number of telephone numbers) and the resolved number of residential telephone numbers,
divided by the number of undetermined numbers. For sake of illustration, suppose Rˆ∞ = 0.50 ,
where 900 telephone numbers are resolved as residential, 800 are resolved as nonresidential, and
300 are undetermined. Then we would estimate that 100 [= (.50*2,000) - 900] of those 300 cases
are residential, and that the residency rate for undetermined numbers is 33 percent [100/300].
All the variables needed to apply this approach are known, except the estimate of R∞ . A scheme
for estimating R∞ is to consider cases with undetermined numbers at the end of data collection
as right-censored data, with a varying number of call attempts. When cast in this light,
techniques from survival analysis can be used. In particular, we first employ a Kaplan-Meier
estimator to obtain the overall survival function from the data, where the survival function is the
probability that a telephone number is not resolved as either residential or nonresidential by a
specific trial. We then partition the survival function into a separate function that describes the
probability of a number being classified as residential. This function, evaluated at an infinite
number of call attempts, is an estimate of R∞ .
The Kaplan-Meier estimator (also known as product-limit estimator) is a nonparametric
procedure to estimate the survival function, S (t ) = Pr{T ≥ t}, where T is a nonnegative random
variable that denotes the “lifetime” of the case. In our application, the lifetime is the number of
call attempts until the number is classified as residential or nonresidential. The Kaplan-Meier
estimate (Lawless, 1982) is
2C-7

n − di
Sˆ (t ) = ∏ i
ni
i:t i <t
where
i
ni

indexes the trial or call attempt at which there are noncensored “deaths” (in this
context, “deaths” are cases resolved to be residential or nonresidential);
is the number of cases “at risk” just prior to trial ti (in this context, being “at risk”

di

just prior to trial ti corresponds to still being called at the t ith call attempt); and
is the number of “deaths” or resolved cases at trial ti .

If all numbers were called at least one time, S(1) would be equal to 1. However, in our
applications, there are some numbers that are never dialed (e.g., listed business numbers), so we
have specified the more general condition that S(0) = 1. Now, one assumption of survival
methods is that all of the telephone numbers eventually “die” (are classified as residential or
nonresidential after an infinite number of calls), so S(0) = 1. This assumption does not hold in
dialing an RDD sample because some telephone numbers are never resolved irrespective of the
number of calls. For example, some telephone numbers are not assigned for use but ring when
dialed. These numbers are never resolved, no matter how many call attempts are made. A
second issue with applying survival methods to this problem is that the number of call attempts is
a less than perfect measure of “time.” For example, two call attempts made minutes apart to the
same telephone number are not the equivalent of two calls made on different days at different
times. The two calls made minutes apart are less likely to resolve a telephone number, but the
survival function does not account for this. A third issue concerning the validity of the survival
method is that the censoring of undetermined cases must be random. For example, it must not be
the case that telephone numbers exhibiting the smallest likelihood of being residential are
censored earlier than those exhibiting a greater likelihood of being residential. However, if
auxiliary data (such as whether the telephone number is listed) are used to determine when
censoring should occur, these auxiliary data could be included in the estimation of conditional
survival functions, making the survival method valid.
The determination that a telephone number is residential and the determination that a telephone
number is nonresidential may be thought of as the two “causes of death.” The survival function
given above does not estimate R∞ , because it is the survival function for the resolution of cases
due to any reason. The survival functions for the two causes of death are estimated (Lawless,
1982) as
d RES ,i ˆ
SˆRES (t ) = å
S (ti )
i:ti ≥t ni

and
d NONRES ,i ˆ
Sˆ NONRES (t ) = å
S (ti )
ni
i:ti ≥t

,

where
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d RES ,i

is the number of cases determined to be residential at trial ti ; and

d NONRES ,i is the number of cases determined to be nonresidential at trial ti ,

where the summations are defined only at those trials ti where ni > 0 .
The overall residency rate, R∞ , is then estimated as
Rˆ ∞ =

Sˆ RES

Sˆ RES (0 )
(0 ) + Sˆ

NONRES (0 )

.

With this estimate of R∞ , we can apply the approach described at the beginning of the section to
estimate the residency rate for cases with undetermined telephone numbers. The estimate is

(

)

Rˆ ⋅ n
− nRES
RˆUN = ∞ TOT
,
nUN

where nTOT is the number of total number of cases,
nRES is the number resolved as residential, and
nUN is the number undetermined.
For more on this approach, including extensions and proofs, see Brick, Montiquilla, and
Scheuren (2000), from which this excerpt was taken. For the 1999 NSAF, this method of
measuring residential status was highly successful and led to a much cleaner measure of
telephone residential coverage and, consequently, nonresponse rates, as discussed next.
3. Refining the NSAF Nonresponse Rate as a Quality Measure
3.1 Types of Unit Nonresponse.
Response rates are thought to be important indicators of how good a survey is. This role is
justified because of the relationship between the nonresponse rate and nonresponse bias. In
simple random sampling we have, for example, the relationship –

yr = yn +

m
( y - y ),
n r m

where the
—
y r reflects average values taken from respondents,
—
y n the ideal average values on the entire sample (usually not fully available),
m is the number of nonrespondent cases,
n the total sample size, and
—
y m reflects the values on the nonrespondent cases.
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In general, as nonresponse rate increases, the potential for nonresponse bias also increases. This
is true of all sampling settings, although the specific expression for bias is different in different
designs.
In discussing nonresponse, it is useful to distinguish between two types: ignorable and
nonignorable. To define these terms, for our purposes, suppose there are two groups of eligible
potential respondents: those who will respond, with a positive probability p>0; and those who
will never respond under the essential survey conditions, for whom p=0.
Ignorable nonresponse can occur when a survey subject failed to respond at random – i.e., p>0
with the value of p unrelated to the vector of variables, “y,” that is of interest. It can also occur
when p = 0, i.e., for hard-core nonrespondents, but this time the average values of the vector y in
the hard-core group must be equal to the corresponding averages for respondents. Nonignorable
nonresponse occurs in all other situations.
For units that have a positive probability p > 0, the proper choice of post-survey weighting class
adjustments for nonresponse can make a great deal of the nonresponse ignorable by conditioning
on factors that make the nonresponse rate equal or nearly so in any given cell. Choosing the
adjustment cells entirely in this way is generally not possible, but there can still be some gains.
The problem is to determine how much of a gain there is and to “score” it. After all, only the
potentially nonignorable nonresponse has implications for survey bias. The ignorable
nonresponse, given the adjustment, can have a variance impact, if target sample sizes were not
achieved, but it has no bias impact. Theoretically, the adjustment cells could also be chosen to
make the mean vectors “y” of respondent and hard-core nonrespondents equal. This, however,
seems a great deal more challenging (Oh and Scheuren 1982).
3.2 Using the Capture/recapture Model to Score Nonresponse Adjustments.
Consider the following model and its usefulness as a way to score the improvement in bias
reduction that was made by the post-survey nonresponse adjustment.
Suppose we have made two attempts to interview a subsample of the main survey sample, in our
case the NSAF. Suppose, unlike in the usual refusal conversion process, we attempted to
interview both refusals and previously interviewed cases. We could then construct 2X2 tables,
within each nonresponse adjustment weighting class. Each of these 2X2 tables would have
weighted cell entries given by the values a, b, c, and d, where the “a” cases had been interviewed
twice, the entries “b” and “c” once each, and “d” cases not interviewed at all. Under the
assumptions of the capture/recapture model (e.g., Sekar-Deming 1949)—assumptions equivalent
to ignorability when p > 0—we can estimate the capturable or ignorable portion of the d cell,
denoted dI as dI = bc/a. The remainder d minus dI is then potentially nonignorable.
Of course, this approach might not work in small adjustment classes. In the NSAF, these classes
could be as small as 30 cases, after collapsing. So we expected to fit a hierarchical log-linear
model to the data to gain the strength of deep cross-classification, while preserving enough
stability to make good estimates of dI at least for large groups. To the extent we are unable to use
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as deep a cross-classification as in the actual nonresponse adjustment, we may underestimate the
amount of ignorable nonresponse.
3.3 Experimental Results of Capture/recapture Model.
There have been two major studies of NSAF nonresponse, plus numerous efforts to compare
NSAF results with those of other surveys, like the CPS and NHIS (see Reports 7, 8, and 15 in the
1997 NSAF Methodology Series and Reports 6, 7, 8 in the forthcoming 1999 NSAF
Methodology Series). In one study, we have employed the model articulated in subsection 3.2
above. This is the only result we will go into in detail here.
As already mentioned, Westat carried out the main NSAF studies for both 1997 and 1999. From
the main 1999 study, we selected a sample of about 2,000 cases that had not been in the 1997
sample. Both interviewed and noninterviewed cases were selected. The University of Maryland’s
Survey Research Center was then contracted with to administer a second survey that had broadly
the same purpose as the NSAF but with only a little more content than the NSAF screener.
Before proceeding to the capture/recapture step, we eliminated noncontacts from both surveys,
cases not completed (in the original survey or in the second Maryland attempt), and telephone
numbers that had become nonresidential between administrations.
In the main survey, weighting classes are constructed from frame variables, such as
listed/unlisted status, urbanicity (central city, suburban, non-MSA), —separately in the 13 NSAF
targeted states, plus the balance of the United States. When completely cross-classified, there are
2X3X14 = 84 cells. Within each of these, for the subsample, we created 2X2 tables of cells a, b,
c, and d. All this meant that we had a contingency table of 2X2X84 = 336 cells, many of which
were very small, —some even zero.
We wanted to carry out the actual capture/recapture estimates in the smallest subgroup we could
in order to increase the face validity of the assumption that the p values in any given cell were
constant or nearly so. Because of the cell size limitations, we elected to first smooth the overall
table by setting the highest order interactions to zero. Several models were tried to gain stability.
The overall capture/recapture model estimates of the fraction of nonresponse that was ignorable
did not seem to be too sensitive across the range of plausible models.
The results we obtained seemed in accord with our understanding of NSAF screener refusals.
Overall, we found that about 80 percent of the 1999 NSAF screener nonresponse is ignorable
under the models we fit. The rate of ignorability was highest for nonmetropolitan telephone
exchanges, central cities were next, and suburban areas had the lowest rate. Listed telephones
had higher ignorability rates than unlisted telephones.
Work by Black and Safir (2000), in a companion paper also given at the Joint Statistical
Meetings in Indianapolis, supports the modeling done here. The NSAF study by Groves and
Wissoker (1999) also is in rough agreement. All of these results are consistent in that there is
little or no evidence for a serious nonresponse bias arising from a large fraction of the refusals.
This conclusion has implications for the survey sponsors, in that it confirms the inference value
of the effort. It also has implications for the expensive refusal conversion process and whether it
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should be redesigned, since the bias reduction potential of such efforts is questionable relative to
the costs incurred. Finally, and pertinent to our purpose here, the raw weighted nonresponse rate
measure being used in the NSAF, could be recalibrated to reflect only the potentially
nonignorable portion of the nonresponse. In the 1999 NSAF, for example, the response rate at
screening was 76 percent, with that for the extended interview being about 85 percent, for an
overall response rate of (76 percent)(85 percent), or about 65 percent. If we adjusted the screener
response rate to reflect only the potentially ignorable portion, it would become [100 percent
minus (24 percent)(20 percent)], or about 95 percent, making the overall nonresponse rate (95
percent)(85 percent), or approximately 81 percent.
4. Communicating and Using Survey Micro Paradata Directly at Analysis
So far, we have looked at producer macro paradata that could lead to a richer set of survey
assessment tools. These options were offered, not as substitutes to existing measures but as
supplements. In this section, we discuss ways that clients, with data producer help, could
construct their own measures and potentially improve their own use of a given survey.
The starting point for this analysis is to talk more about “macro paradata.” Paradata is a term
Mick Couper coined a few years ago at the Joint Statistical Meetings. As he explained it,
paradata is a form of metadata, but focused on the measurement process itself. Most traditional
quality assessment measures are summaries taken from this source (unit and item nonresponse
rates, counts of editing errors detected, and so on).
Generally, except for imputation flags, micro paradata are not passed on to clients. Most micro
paradata are virtually never placed on public use files and seldom passed on to researchers even
inside a survey organization. Implicitly, this producer behavior assumes that the producer has
“integrated out” all of the paradata’s analytic value. But has the producer actually integrated out,
to the extent possible, all the measurement impacts dM

òf(D,M)dM
of such things as field checking, weighting classes, editing, imputation, and such context
variables (e.g., whether the interview was in English or Spanish, how many times the household
was called before contact was obtained, whether an initial refusal had to be converted)? Most
producers talked to, it turns out, are uncomfortable with this assumption, but standard practice
has not reacted by putting forth an alternative.
So what would an alternative be? In the rest of this section, we will very briefly illustrate, using a
1997 NSAF regression example, that there can be paradata variables of value to clients and that
such variables might be profitably added to public use files. The expense, moreover, turned out
to be modest, at least in our application.
The particular regression model that we chose was for health insurance coverage. We began with
a standard model of insurance coverage that had as independent variables such things as whether
the person was employed, where they lived, and their age, citizenship, and ethnicity. The model
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was run first for the United States as a whole and then for Massachusetts separately. We then
added county-level Massachusetts geography—a feature of the NSAF in the 13 targeted states.
Not surprisingly, health insurance rates varied in a statistically significant way between Boston
and western Massachusetts. When paradata dummy variables were added to the regression, such
as whether the interview was in English or Spanish, how hard it was to contact a respondent and
whether there had been an initial refusal, and so on, the coefficients on the paradata were also
found to be statistically significant. The original coefficients in the original model were also
affected, albeit the changes were not large in most cases. Some, however, were altered in value
by up to half their original standard errors.
It should be noted that this attempt to examine the regression’s sensitivity to paradata items was
done without more that a cursory effort. Even so, the changes in coefficient values might, for
some researchers, be enough to alter the inferences that might otherwise have been made. This,
of course, is a researcher decision, and by providing the paradata variables the producer allows
the client to construct their own quality assessments—assessments that are conditional on the
analysis and not just the unconditional ones that a producer might provide in, say, a quality
profile. The bottom line is that we believe that it is worth the effort to put at least some paradata
on public use files (for our paradata choices in the NSAF, see Reports 21 and 22 in the 1997
NSAF Methodology Series).
5. Conclusions and Recommendations
In section 1 of this paper, we made an attempt to set out possible weaknesses in existing quality
assessment tools. In making this case, we may have been too hard on the measures now in wide
use. At present, we assess data quality by relying heavily on macro paradata quantities developed
during sample selection and survey administration. This has been a very useful practice and
should continue—perhaps being extended to provide to end-users these same measures for them
to consider in their own analyses. However, we have tried to make the case that, in the NSAF at
least, this is not enough.
Why was the NSAF different in its use of macro and micro paradata? There were several factors,
primarily due to the challenges of RDD technology (with its falling unit response rates and rising
coverage problems), combined with the need for highly interpretable outcome measures that did
not confound treatment and measurement effects. Our “solution” was to invent some new macro
paradata measures of coverage (section 2) and nonresponse (section 3). We also used an example
(in section 4) to illustrate the potential importance of micro paradata to researchers and to
motivate our first attempts at providing such data on NSAF public use files. Frankly, though,
even in the NSAF, —let alone more generally, we have only scratched the surface.
We do believe that in common with much else that is going in surveys (e.g., Valliant, Dorfman,
and Royall 2000), more use of models is warranted in carrying out quality assessments. It is
especially important to be very explicit in the model being chosen. Not mentioned earlier is that
when producer models are unavoidable in handling nonsampling error (as they usually are), then
there should be a way that clients can do sensitivity analyses on the models. To repeat, the use of
explicit models may, in and of itself, help clients, who often operate in a model - dependent
world. And with producer help, clients may be able to better integrate producer knowledge, as
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embedded in models, with subject matter knowledge, also expressed in models.
In the information age we are now in, it is clear that the partnership between data producers and
data analyzers should be reexamined and possibly changed. Two-way communication systems,
primarily Web based, are a clear avenue for this partnership to mature. In the presence of an
increasing amount and deeper understanding of nonsampling errors, the need for assessment
measures that allow producers to “score” their post-survey adjustments deserves more attention
as well.
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ESTIMATING RESIDENCY RATES FOR UNDETERMINED
TELEPHONE NUMBERS
J. Michael Brick and Jill Montaquila, Westat; and Fritz Scheuren The Urban Institute

The method for estimating residency rates in random-digit dial (RDD) telephone surveys is
important for computing response rates. This paper reviews existing methods of estimating
residency rates and introduces a new “survival” method that takes advantage of more
information to provide improved estimates. Examples of applying this to large RDD samples are
given, along with suggestions for use of the method in other surveys.
Introduction
In random-digit dial (RDD) telephone surveys, there is as yet no standard way of determining the
residential telephone rate (number of residential telephones divided by the total number of
telephone numbers). The numerator should be the number of residences dialed, but this must be
estimated in U.S. RDD surveys because it is not possible to determine the residential status for
all telephone numbers (AAPOR 2000). For example, some telephone numbers ring when dialed
(at least that is how it sounds to the person dialing the number) even though the telephone
number is not assigned for use. It is not possible to classify the residential status for these
“ring/no answer” numbers with certainty because the same result could occur with a residential
telephone number. We denote telephone numbers for which residential status is still not resolved
at the end of the data collection period as “undetermined” telephone numbers.
The percentage of undetermined telephone numbers encountered in surveys has been increasing
over the last few years as a result of changes in the telephone system. The percentage of
undetermined telephone numbers increased from 5 to 7 percentage points between 1995 and
1999, based on two comparable surveys conducted in those years. Piekarski et al. (1999)
describe many of the changes related to this increase, including the competition for local
exchange service in the market. They note that the number of telephone households increased
only 11 percent from 1988 to 1998, but the number of telephone numbers that could be dialed in
an RDD telephone survey increased by 80 percent. Even accounting for the increase in the
number of households with more than one telephone number and the increased demand for
business and fax telephone numbers, many of these newly created numbers are not assigned to
any user.
In the next section, we review methods that have been used to estimate the percentage residential
for undetermined telephone numbers and note some of the deficiencies of these approaches.
Next, we present a new method for estimating the percentage residential, and then extend the
method to take advantage of auxiliary information. Following the development, we apply these
methods to two recent RDD surveys conducted by Westat and compare the results to those from
other methods. At the end, we summarize the findings and makes recommendations for
computing residency rates in RDD surveys.
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Methods Currently Used for Undetermined Numbers
Ordinarily, each telephone number in an RDD survey is dialed, probably several times, and after
these call attempts each number can be categorized as residential (RE), nonresidential (NR), or
undetermined (UN). These categories can be further classified. For example, the residential
numbers must be further categorized as being respondents or nonrespondents to compute a
response rate.
Residential numbers are all those where a person in the household answers, irrespective of
whether the household agrees to participate in the survey. The nonresidential category includes
numbers that are not working, fax numbers, and numbers for businesses. Undetermined numbers
are those where the only results of call attempts are some combination of ring/no answers, busy
signals, or answering machine outcomes. If a person answers the telephone, the number cannot
be called undetermined.
The report by Frankel (1983) is an early and very influential attempt to address the estimation of
response rates. The Council of American Survey Research Organizations (CASRO) published
this report, and the response rates computed using this methodology are often called CASRO
rates. The CASRO method requires attempting to determine eligibility for each sampling unit
and then distributing the undetermined units in proportion to the distribution of the units that are
determined. In particular, the CASRO percentage of the undetermined numbers that are
residential numbers, UNPRE , is estimated from the expression
UNPRE (CASRO ) = 100 ⋅

RE
,
RE + NR

where RE is the number classified as residential and NR is the number classified as
nonresidential.
The bounds on this percentage are sometimes used in estimating response rates. If all the
undetermined numbers are considered residential, then the response rate is minimized and the
method is called the conservative or lower - bound method. The other bound is attained when
none of the undetermined numbers are estimated as residential. This is called the liberal or upper
- bound method.
The CASRO approach has not been accepted widely because it results in a larger percentage of
the undetermined numbers being classified as residential than most practitioners believe is
reasonable. Some have simply concluded that a smaller percentage residential is appropriate and
have chosen the liberal or some arbitrarily smaller percentage for the allocation (e.g., Keeter and
Miller 1998). A clear weakness of the CASRO approach is that it allocates the undetermined
telephone numbers without considering the number of contact attempts. Furthermore, the
CASRO approach does not condition the estimation of the percentage residential using other data
that might be known about undetermined telephone numbers.
An alternative to the CASRO approach is called the “business office method”. In this method, a
subsample of the undetermined numbers is selected and telephone business offices are contacted
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to determine whether the numbers are residential. The percentage of undetermined numbers
estimated as residential from the business office method is the number of telephone numbers
resolved as residential by the business office divided by the total number of numbers resolved by
the business office. This method has been used since 1991 in the National Household Education
Survey (NHES) and is described by Brick and Broene (1997) for the 1995 NHES.
Shapiro et al. (1995) describe an application of the business office method for the State and
Local Immunization Coverage and Health Survey (SLICHS), a survey conducted for the
National Center for Health Statistics that is now called the National Immunization Survey. They
note that obtaining cooperation is difficult and that the information obtained is not always
consistent. They obtained information on 78 percent of the telephone numbers sampled for the
business office check. The estimated percentage residential is computed, ignoring the telephone
numbers for which no information was provided from the business office. Shapiro et al. also
found that a large percentage of the information provided by the business offices was in error.
Only 53 percent of the numbers classified as residential by business offices were actually
residential when validated by other means.
Shapiro et al. (1995) concluded that the business office method overestimates the percentage of
the undetermined numbers that are residential. Nevertheless, in our experience the business
office method always has resulted in a lower residential rate than the CASRO approach,
providing further evidence of the problems with the CASRO approach.
A weakness of the business office method is that it requires substantial resources in order to call
business offices and process the data—resources that may not be available in smaller studies and
that may be better spent in larger studies. Nor is the approach generally portable from one survey
to the next. For example, Keeter and Miller (1998) report on a study comparing the results using
different data collection strategies and numbers of call attempts. The percentages of
undetermined numbers using the different strategies vary substantially. The same business office
estimate of the percentage residential should not apply equally to all the strategies.
Basic Survival Method for Estimating Residency Rate
In this section, we outline a new method, the “survival method,” for estimating the percentage of
the undetermined telephone numbers that are residential. We believe it overcomes some of the
shortcomings of the CASRO and business office approaches. In the survival method, the
estimated percentage residential is conditioned on the data available from the survey about the
undetermined telephone numbers. In contrast to the business office method, no data collection
from sources other than the sampled telephone numbers is needed. The method is also portable
across studies because the percentage is estimated directly from the specific survey.
To describe the new method, we begin by explicitly defining the residency rate for all telephone
numbers. For ease of description, we refer to the t-th call attempt as “trial t.” The residency rate
at trial t, Rt , is estimated by
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t
å rk
(1)
Rˆt = k = 1 ,
n
where k denotes a trial (i.e., call attempt number) at which there are noncensored cases, rk is the
number of cases (telephone numbers) resolved as residential at trial k, and n is the total number
of telephone numbers. It is important to note that the status of a telephone number as residential
or nonresidential is determined on the k-th call attempt if it can be unambiguously classified on
this attempt. Subsequent call attempts to obtain cooperation from the household do not affect Rt ,
so these additional call attempts are not included in this analysis.
The residential status of a large proportion of cases is usually resolved within the first few call
attempts. In any case, note that Rˆt t = 1,2,3, K is a nondecreasing sequence that converges to the

{ }

asymptote R∞ , the overall residency rate. If the residential status of every case was resolved by
some trial T, then R̂T could be used as an estimate of the overall residency rate. However, in
practice, it is neither feasible nor cost-effective to resolve the residential status of all cases. Even
after a large number of calls, some cases will remain undetermined, with a status of “no answer”
or “no answer, answering machine.” Some of these cases are nonworking numbers (numbers that
have not been assigned); others include telephone numbers permanently connected to home
computers and so on.
The estimated residency rate among cases with undetermined status is the difference between the
estimated number of residential numbers (an unbiased estimate of R∞ multiplied by the number
of telephone numbers) and the resolved number of residential telephone numbers, divided by the
number of undetermined numbers.
All the variables needed to apply this approach are known, except R∞ . A scheme for estimating
R∞ is to consider cases with undetermined numbers at the end of data collection as rightcensored data, with a varying number of call attempts. When cast in this light, techniques from
survival analysis can be used, provided the telephone numbers are censored randomly. In
particular, we first estimate the overall survival function from the data, where the survival
function is the probability that a telephone number is not resolved as either residential or
nonresidential by a specific trial. We then partition the survival function into separate functions
that describe the probability of a number being resolved as residential (or nonresidential). This
function, evaluated at an infinite number of call attempts, is an estimate of R∞ . At the end of this
section, we briefly describe the special case when the CASRO and survival methods yield the
same result. A discussion of the limitations of the survival method is deferred until the end of the
article.
Kaplan-Meier Estimator

The Kaplan-Meier estimator (also known as product-limit estimator) is a nonparametric
procedure to estimate the survival function, S (t ) = Pr{T ≥ t}, where T is a nonnegative random
variable that denotes the “lifetime” of the case. In our application, the lifetime is the number of
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call attempts until the number is classified as residential or nonresidential. The Kaplan-Meier
estimate (Lawless 1982, p.72) is
n − di
Sˆ (t ) = ∏ i
(2)
i:ti <t ni
where
ni

indexes the trial or call attempt at which there are noncensored “deaths” (in this
context, “deaths” are cases resolved to be residential or nonresidential);
is the number of cases “at risk” just prior to trial ti (in this context, being “at

di

risk” just prior to trial ti corresponds to still being called at the tith call
attempt); and
is the number of “deaths” or resolved cases at trial ti .

i

Note that Ŝ (t ) is defined only for those t for which ni > 0 . The terms in the product correspond
only to trials for which there are noncensored observations. (In our applications, some numbers,
such as listed business numbers, are never dialed, so we have specified the general condition that
S(0) = 1.)
Partitioning the Survival Function

The determination that a telephone number is residential and the determination that a telephone
number is nonresidential may be thought of as the two “causes of death.1” The survival function
given in (2) does not estimate R∞ , because it is the survival function for the resolution of cases
due to any reason. The survival functions for the two causes of death are estimated (Lawless
1982, p.487) by
d RES ,i ˆ
(3)
Sˆ RES (t ) = å
S (ti )
i:ti ≥t ni
and
d NONRES ,i ˆ
Sˆ NONRES (t ) = å
S (ti )
ni
i:ti ≥t

(4)

where
d RES ,i

is the number of cases determined to be residential at trial ti ; and

d NONRES ,i

is the number of cases determined to be nonresidential at trial ti ,

with the summations being defined only at those trials ti where ni > 0 .
Overall Residential Rate
The overall residency rate, R∞ , is then estimated by

1

In personal correspondence, Jerry Lawless noted that the problem is more accurately a mixture model than
a competing risks model. However, he pointed out the approach described was appropriate because Larson and
Dinse (1985) showed that the two models give the same estimates in this case.
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Rˆ ∞ =

Sˆ RES (0)
.
SˆRES (0) + Sˆ NONRES (0 )

(5)

If there is no censoring beyond the last time point at which there are noncensored observations,
the denominator of equation (5) will be equal to 1. The allocation given in equation (5) is
required whenever there is censoring after the last trial at which there are noncensored
observations.
With this estimate of R∞ , we can estimate the residency rate for cases with undetermined
telephone numbers. The estimate is

(

)

Rˆ ⋅ n
− nRES
RˆUN = ∞ TOT
,
(6)
nUN
where nTOT is the number of total number of cases, nRES is the number resolved as residential,
and nUN is the number undetermined. In all cases we have examined, R̂UN is between 0 and 1,
but we have not verified that this will always hold.

A Simple Example

Table 2D-1 illustrates the computations for the survival method in a very simple example. The
example considers a sample of 1,000 telephone numbers that are dialed up to five times (call
attempts are labeled as trials). All the telephone numbers are dialed at least three times, if
needed, and 610 of them have resolved residency status after the third attempt. Column d of the
table shows that 60 numbers of the 390 unresolved numbers are randomly taken out of the
process at this point. After five call attempts, there are still 20 unresolved telephone numbers
among the numbers that received five call attempts.
Column f of the table gives the Kaplan-Meier estimates of the overall survival function using (2).
This estimate can also be computed using standard statistical packages, such as SAS. The
remaining columns show the computations for the cause-specific survival functions given by (3)
and (4). Since 20 cases are not resolved after the last trial, Sˆres (0) , which is the sum over the
values in column i of the table, and Sˆ
(0) , which is the sum over the values in column j,
NONRES

add to less than 1. The overall residency rate is thus given by (5), in this case
.519
= .540 . Finally, the survival estimate of the residency rate for the undetermined
Rˆ ∞ =
.519 + .442
.540(1000) − 500
= 40% . This estimate is considerably less than
numbers given by (6) is RˆUN =
100
the CASRO estimate, which is the percentage of the determined numbers that are residential:
500
= 56% .
900
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Relationship to CASRO Method

The survival method, like the CASRO and other approaches, relies on the observed data to
predict the residency rate for the undetermined numbers. In the special case in which all
undetermined numbers are censored at the last trial at which there are noncensored observations
and none are censored sooner, the survival method is equivalent to the CASRO method. This can
easily be demonstrated by moving all the censored cases to the fifth trial in table 2E-1. Thus, to
obtain any benefit from the survival approach, a sample of the undetermined numbers should be
dialed additional times to estimate the residency rate. The survival method typically estimates a
lower residency rate than the CASRO method because the percentage of telephone numbers that
are resolved as residential tends to decrease with the number of call attempts. The example in
table 2E-1 shows this feature.
Conditioning Using Auxiliary Data

The survival method procedures described above use only the number of call attempts to
estimate the residency rates for undetermined numbers. In many surveys, auxiliary data
associated with residential status are also available and could be used in the estimation. In this
section, we extend the procedure to take advantage of these data.
Two auxiliary items available in most RDD surveys are considered, although other variables
might also be used. One of these items is whether the telephone is listed or not. The listed status
of each telephone number is provided by Genesys, the vendor Westat uses to draw the sample of
telephone numbers, for the surveys discussed here. Listed status is coded by matching the sample
of telephone numbers to White Pages listings. Numbers that match White Pages listings are
expected to have a high residency rate.
A second auxiliary item available in most Westat surveys is an interviewer’s coding of the type
of answering machine reached in “no answer, answering machine” cases. Each answering
machine call result is coded by the interviewer as either likely to be residential, likely to be
nonresidential, or undeterminable. For the purpose of the present analysis, we derived a variable
that summarizes the interviewer call attempt-level codes:
•
•
•

“residential” if at least as many call attempts were coded “likely to be residential” as either of
the other two outcomes.
“nonresidential” if more call attempts were coded “likely to be nonresidential” than either of
the other two codings; and
“unclassified” otherwise.

Cases coded “residential” are expected to have a higher residency rate than others, but the
answering machine messages may be ambiguous and it may be difficult to determine the
residential status for such cases. Cases coded “nonresidential” are expected to have the lowest
residency rate.
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Using items that are highly associated with residential status, we expect to improve the estimate
of R∞ . To do so, we fit separate survival curves and derive separate residency rate estimates for
each of the groups defined by the combinations of these auxiliary variables. For example, there
are eight combinations of listed status and answering machine status used to define separate
groups. For each of the groups, the estimated residency rate for undetermined numbers is
(g)
(g)
− nRES
Rˆ ( g ) ⋅ nTOT
(
g
)
∞
=
,
(7)
Rˆ
(g)
UN
nUN
where the terms are defined as in (6) but are computed separately for each of the G groups
(g = 1, 2, …, G). The overall residency rate for undetermined numbers is
Pr{Residential} = å Pr{Residential g }⋅ Pr{g }.
(8)

)

(

g

Therefore, the overall residency rate for undetermined numbers can be estimated as

(g )

( g ) nUN .
RˆUN = å RˆUN
nUN
g

(9)

The estimate of the percentage of undetermined numbers that are residential is subject to
sampling error. The sampling error may be larger than expected because the survival estimate at
trial t is computed from the cases that do not have a resolved residential status before the t-th call
attempt, and the number of cases can become small once censoring begins. In addition, the
estimator of the percentage residential given by either (6) or (9) is complex.
To properly compute the sampling error of this statistic, a jackknife replication method and the
WesVar software (Westat 1998) was used. This approach takes into account both the sample
design of the survey and the complexity of the estimator. Since the two surveys described in the
next section were already prepared for jackknife variance estimation, standard methods for
computing variance estimates for complex statistics available in WesVar were used.
Application

The survival method was applied to data from two large-scale RDD surveys conducted by
Westat in 1999. One of the surveys is the 1999 National Household Education Survey
(NHES:1999) and the other is Round 2 of the National Survey of America’s Families
(NSAF:1999). A brief description of the two surveys follows. The application of the survival
method to NHES and the NSAF follow.
Survey Descriptions

Conducted by Westat between January and April 1999, the NHES:1999 was one cycle of a
periodic household survey sponsored by the National Center for Education Statistics (NCES) that
addresses a variety of education issues. The NHES:1999 was a list-assisted RDD survey that
covered the 50 states and the District of Columbia. A total of 167,347 telephone numbers were
sampled. Telephone numbers in high-minority exchanges (those in which at least 20 percent of
persons are black or at least 20 percent of persons are Hispanic) were sampled at twice the rate of
telephone numbers in low-minority exchanges. Additionally, during the field period, some cases
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that were never answered after eight call attempts and without a mailable address (i.e., either no
mailing address could be obtained for the telephone number or mailings to the address were
returned by the postmaster) were subsampled. Only half of such cases were refielded for
additional call attempts. Other than this subsampling activity, the decision on which cases to
censor was made randomly. The estimates given here have been weighted to account for the
oversampling of telephone numbers in high-minority exchanges and to account for the
subsampling of nonmailable “no answer” cases. Additional details on the NHES:1999 are in
Nolin et al. (2000).
The other survey is the NSAF:1999, a project of the Urban Institute in partnership with Child
Trends. The survey is part of an effort to assess the effects of the devolution of social programs
to the states. The first survey was conducted in 1997, and data for the second survey, discussed
here, were collected from February 15 until October 3 of 1999. The importance of states in the
assessment resulted in a design with large sample sizes for 13 specific states and a large national
sample. The sample design for the NSAF:1999 was further complicated because some of the
telephone numbers sampled in the 1997 survey were retained for the Cycle 2 survey at different
rates depending on the result of the 1997 survey. A new sample of telephone numbers was also
selected. For example, telephone numbers that had completed interviews in 1997 were sampled
at a higher rate than the numbers that ended with a refusal or nonresidential status. Weights were
applied to adjust for the differential sampling rates. In total, 380,037 telephone numbers were
sampled for the NSAF:1999. Additional details on the NSAF are in Brick et al. (1999).
NHES Application

The general unconditional approach was applied to the NHES:1999 data. WesVar was used to
compute standard errors that properly account for the complex sample design and estimation
procedures. Standard statistical software such as SAS can be used to estimate the parameters of
the survival function, but software for complex samples is needed to properly estimate the
standard errors. Using (6), the residency rate is estimated to be 35.3 percent (with a standard
error of 3.1 percent for the “no answer” and “no answer, answering machine” cases. The overall
residency rate estimate is 46.5 percent. The 35.3 percent estimate for the undetermined numbers
is lower than the rate computed using either the CASRO (47.5 percent) or the business office
(40.5 percent) methods.
This unconditional survival function approach does not make use of important information about
the telephone numbers that is likely to be associated with residency status. Therefore, the listed
status of the telephone number and interviewers’ primary coding of answering machine call
results were used to create eight categories of telephone numbers. Separate residency rate
estimates were obtained for each of the eight categories.
The residency rate asymptote, R∞ , was estimated for telephone numbers in the NHES:1999
sample for each of the eight categories. These estimates are given in table 2D-2, and the results
for unlisted numbers with primarily nonresidential answering machine results and for listed
numbers with primarily residential answering machine results are graphed in figure 2D-1. As
expected, for each category of the answering machine variable, the estimated residency rate
asymptote is higher for listed numbers than for unlisted numbers. Within each of the listed status
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categories, the estimated residency rate asymptote is highest for cases with answering machine
call results coded as “residential” and lowest for those coded as “nonresidential.”
Table 2D-2 also gives the residency rate estimates for undetermined numbers for each
combination of listed status and primary coding of the answering machine results, as well as the
distribution of undetermined numbers across groups. Standard errors of the estimated residency
rates for undetermined numbers are also given in this table. Based on the estimated residency
rates and the distributions of undetermined numbers, the overall estimated residency rates for “no
answer” cases and for “no answer, answering machine cases” are 25.1 percent and 20.6 percent,
respectively. The overall estimated residency rate for undetermined numbers (i.e., “no answer”
and “no answer, answering machine” cases combined) is 24.2 percent, lower than the
35.3 percent for the unconditional survival method. The overall residency rate using the
conditional survival function method is 45.7 percent.
Some readers might question why the estimated residency rate for the undetermined numbers is
only 21.1 percent in the listed, primarily residential answering machine category when R̂∞ is
90.4 percent for these numbers. The reason is that a much higher percentage of the telephone
numbers that were finally resolved as nonresidential were resolved only after many attempts. For
example, all the numbers were subject to at least 16 trials if needed to resolve the residency
status. Among all the telephone numbers that were resolved by the 16th attempt, 96 percent were
residential. Among all the telephone numbers resolved after the 16th call, only 44 percent were
residential.
It is interesting to note that seven of the eight subgroups defined by listed status and answering
machine result coding have conditional residency rates lower than the 35.3 percent unconditional
residency rate. This apparent anomaly is due to the distribution of call attempts by subgroup. In
particular, unlisted numbers with no answering machine call attempts had most of the call
attempts and a relatively low conditional residency rate. The unconditional estimate could not
distinguish between the subgroups, increasing the overall rate in this case.
NSAF Application

The unconditional survival method was also applied to the NSAF:1999 data, and the residency
rate for the undetermined numbers is estimated to be 5.8 percent (with a standard error of 1.2
percent). The rate for the undetermined numbers using the CASRO method is 47.0 percent and
using the business office method is 40.5 percent. The overall residency rate estimate using the
unconditional survival method estimate is 43.6 percent, while for the CASRO method it is 47.0
percent and for the business office method it is 46.5 percent. The differences between the
estimates in the NHES:1999 and the NSAF:1999 are discussed in the next section.
When the survival method was used with conditioning on listed status and primary answering
machine outcome, the estimated residency rate for the undetermined numbers went from 5.8
percent to 5.1 percent and the overall residency rate was 43.5 percent. The conditional approach
is definitely preferable in this case, because some decisions on the number of calls to be made to
the undetermined cases were dictated by listed and answering machine status. Within these
classes the censoring was random.
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Because of the sample design of the NSAF:1999, variables other than listed status and primary
answering machine outcome could be considered auxiliary variables. One auxiliary variable
examined was the site or location, defined to be the states with large samples and the balance of
the United States. Another auxiliary variable was the sampling stratum that was based on the
outcome of the number from the 1997 sampling (newly sampled numbers were treated as a
separate stratum) because this outcome from 1997 is highly related to its residential status in
1999.
The results of applying the survival method conditioning only on the site are shown in Table 2D3. The residency rates for undetermined telephone numbers vary substantially by site, ranging
from 3 percent to 14 percent, which is consistent with the observation of Piekarski et al. (1999)
that the rates vary by geography. The estimated standard errors for some states are large,
indicating some instability in these estimates. It should be noted that this approach, as with the
overall unconditional method, does not completely satisfy the random censoring assumption
needed for the survival method.
When the conditional survival method was applied to the NSAF:1999 using the sampling strata
as an auxiliary variable in addition to listed status and primary answering machine outcome, the
estimates became very unstable. The residency rate for the undetermined numbers in some of the
subgroups are very dependent upon one or two outcomes of the dialings and the estimates are
subject to very large sampling errors. The instability occurs because a relatively small number of
telephone numbers in these subgroups were resolved after most telephone numbers were
resolved. This finding indicates that with small samples the survival method is sensitive and may
perform poorly. The conditional approach reduces the sample size for estimating the survival
function, so care should be exercised to make sure that the conditioning does not result in
unstable estimates. We have not yet had sufficient experience to adequately predict the
conditions that result in unstable estimates.
Discussion

The estimation of the percentage of the undetermined telephone numbers that are residential in
RDD studies is an important issue because the percentage is a component in the denominator of
the response rate. The survival method provides a new approach to resolving this problem by
using more information in the estimation. Applying the survival method to two RDD surveys
conducted in 1999, we found that the residency rate for the undetermined numbers is lower than
estimated using either the CASRO or business office methods. For some surveys, the difference
may make a substantial difference in the estimated response rate. For the NHES:1999, we
estimated the difference in the estimated response rate would be about 3 percent; in the
NSAF:1999, the difference is nearly 5 percent.
Limitations and Technical Difficulties

The survival function methods do have some limitations and technical difficulties. For example,
one assumption of survival methods is that all of the telephone numbers eventually are classified
as residential or nonresidential after an infinite number of calls. This assumption does not hold in
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dialing an RDD sample because some telephone numbers are never resolved irrespective of the
number of calls. For example, some telephone numbers are not assigned for use but ring when
dialed. These numbers are never resolved, no matter how many call attempts are made. Failure of
this assumption could result in slight overestimation or underestimation of the residency rate, but
we believe any bias is probably small.
Another issue that could distort the estimates of the residency rate using the survival method is
related to the nature of the call attempts and the measure of time that is used. For example, two
call attempts made minutes apart to the same telephone number are not the equivalent of two
calls made on different days at different times. Suppose a telephone number was attempted only
one day, but up to 40 calls were made during a three-hour period in that day. In this situation, the
number of call attempts may not be a very good measure of the exposure to “risk” or
classification. The choice of a good measure of exposure is a common problem in life testing.
This issue also applies to the estimation of the residency rate for undetermined numbers. In most
Westat surveys, the calls are distributed over every day of the week and most times of the day
between 9 a.m. and 9 p.m., respondent time. Nevertheless, if some households are never at home
during any of these times, then the residency rate could be underestimated.
A third issue concerning the validity of the survival method is that the censoring of undetermined
cases must be random. Failure to do so could bias the estimates. However, if auxiliary data (such
as whether the telephone number is listed) are used to determine when censoring should occur
and the censoring is random within classes defined by these data, then the classes could be used
in the estimation of conditional survival functions.
A final issue in the estimation of residency rates using the survival method is whether to use
weighting adjustments to account for censoring. In the approach we used in this paper, no
weighting adjustments were made to account for censoring; censored cases retained their weights
and were used in the estimation of the residency rates. Alternatively, at a given call attempt t, one
could view the censoring as subsampling (provided it is random), and then weight up the
noncensored cases to represent the censored cases. Under this alternative, the censored cases
would not be used in the estimation of residency rates; only the noncensored cases would be used
for this purpose. We are concerned that weighting up the noncensored cases could result in
highly variable weights. Thus, from a mean squared error perspective, it is likely that the former
is the better approach.
Advantages and Disadvantages

An advantage of the survival method is that it can be applied to many studies, using data
collected from the particular study. However, the specific estimates may not be very portable.
The results from one study cannot be directly extrapolated to other studies because the
distribution of call attempts (across days of the week, times of the day, and over calendar time)
may affect the estimates. Instead, all the data needed for the analysis and estimation should be
captured in the specific study.
This point is well illustrated using the results from the two studies discussed here, both
conducted by Westat during 1999. The estimates of the percentage of the undetermined
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telephone numbers that are residential are very different (24.2 percent for the NHES:1999 and
5.8 percent for the NSAF:1999). One factor affecting this difference is the calling procedures
used in the two surveys. The surveys used similar procedures for the first seven call attempts, but
the procedures differed after that time.
Since the data collection procedures were not identical for the two surveys, it is more appropriate
to compare the overall percentage of telephone numbers that are residential for the two surveys
(45.7 percent for the NHES:1999 and 43.6 percent for the NSAF:1999). The factor that accounts
for most of this difference of about 2 percentage points in the estimates is the different data
collection periods. In the NHES:1999, all the data were collected in about three months’ time,
while the NSAF:1999 data collection stretched over seven months. A longer data collection
period provides the opportunity for more telephone numbers to change residential status and for
more numbers to be classified as nonresidential. Thus, much of the difference in the residency
rates of the two surveys is due to the dynamic nature of the residential status of telephone
numbers as this relates to the data collection periods of the two surveys.
Despite the problems related to the dynamics of telephone service, a good estimate of the
percentage of telephone numbers that are residential might be obtained by methods other than
simply relying on the outcomes of a specific survey. One option is to combine estimates across
surveys using meta-analysis techniques. Another option is for sponsors of different RDD surveys
to cooperate in the design of the surveys to improve the estimates. For example, undetermined
telephone numbers in one survey might be included in a subsequent survey to produce a better
estimate of the percent residential. Cooperative efforts could clearly lead to better national
estimates, and the possibility for improved estimates at the state and local level seems realistic
given the large-scale efforts that are undertaken at these levels each year.
Recommendations

Having more than a few call attempts at each number and distributing those attempts over a wide
range of times is essential for estimating R∞ accurately and for making sure that the number of
call attempts is a reasonable measure of exposure. In addition, it is important to have a
sufficiently large sample of telephone numbers that are dialed more times than the earliest
censoring point in order to estimate the residency rate well using the survival method.
We used NHES:1999 data from the unlisted, no answering machine subgroup to examine how
the number of call attempts affects the estimate of the residency rate. The estimated residency
rate for undetermined telephone numbers in this subgroup is 24.2 percent, with telephone
numbers in this subgroup receiving as many as 95 call attempts. If telephone numbers in this
subgroup had received no more than five call attempts,2 the estimated residency rate would have
been 31.6 percent. With up to 20 call attempts, the estimate is 30.9 percent; with up to 40 call
attempts, the estimate is 28.5 percent; and with up to 70 call attempts, the estimate is 26.2
percent.
2

These estimates do not reflect any switching among subgroups (e.g., after 5 call attempts, 4% of the cases
that were eventually classified as having an answering machine had not yet received their first answering machine
message).
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If the number of telephone numbers that are attempted many times is small, then the estimate of
the percentage of undetermined numbers that are residential may be unstable and sensitive to the
outcomes from just a few telephone numbers. If the sample of numbers dialed many times is
small, then one possibility is to form fewer subgroups and ignore some of the potential auxiliary
variables, as was done in the NSAF:1999. Another possibility is to use a parametric survival
function instead of the Kaplan-Meier method.
As a final recommendation, we urge that other indicators, such as the number and distribution of
call attempts for the undetermined numbers, be included in methodological reports if the survival
method is adopted in practice. Data users can evaluate this information if they are concerned
about the validity of the response rate calculations.
Conclusions

The survival method provides a formal and statistically defensible method of using the data
collected for the undetermined telephone numbers in estimating the residency rate for these
numbers in RDD surveys. Existing approaches, such as the CASRO approach, ignore this
information and produce less reliable estimates. We found that the listed status of the telephone
number, whether or not an answering machine was ever detected, and the interviewer’s
classification of the answering machine messages were important conditioning variables. Further
investigations might find other important conditioning variables.
Another alternative to the survival method is to apply the conditioning principles discussed in
this paper to the estimation of the residency rate using the CASRO approach. We did this for the
NHES:1999, conditioning on listed status and primary answering machine coding, and obtained
a residency rate for undetermined numbers of 40.7 percent (as compared to the 47.5 percent
unconditional CASRO rate) and an overall residency rate of 47.0 percent. This simple use of
conditioning is likely to improve the CASRO estimates, but unlike the survival method it does
not take advantage of data on the number of call attempts the unresolved cases received.
The results of the survival method also provide an opportunity to further reduce the problem of
estimating the residential status for undetermined numbers. By examining the residency rates for
the never-answered and answering machine cases in the format of table 2D-2, it is possible to
identify specific subgroups that contribute heavily to the estimated residency rate. Additional call
attempts can then be targeted to those subgroups rather than spreading the same number of
attempts over all the telephone numbers.
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Table 2D-1.
Example of Survival Method Computations
trial
(a)

resid
(b)

nres censor n_i
d_res÷n_i d_nres÷n_i S_res(t)
(c)
(d)
(e) S(t) (f) (g)=(b)÷(e) (h)=(c)÷(e) (i)=(f)x(g)

0
1 200 170
2 180 120
3
90 50
4
20 30
5
10 30
Sum 500 400

0
0
60
20
20
100

1000
630
330
130
60

1.000
0.630
0.330
0.190
0.117
0.039

0.200
0.286
0.273
0.154
0.167

0.170
0.190
0.152
0.231
0.500

0.200
0.180
0.090
0.029
0.019
0.519

S_nres(t)
(j)=(f)x(h)

0.170
0.120
0.050
0.044
0.058
0.442

Table 2D-2.
Estimated Residency Rates and Distribution of Undetermined Numbers in the NHES:1999
Sample, by Listed Status and Primary Coding of Answering-Machine Call Results
Distribution of
undetermined numbers

(g )
nUN

Listed
status
Listed
Listed
Listed
Listed
Unlisted
Unlisted
Unlisted
Unlisted
Overall

Primary coding
of answering
machine call
results
None
Residential
Nonresidential
Unclassified
None
Residential
Nonresidential
Unclassified

Estimated
residency
rate
asymptote
R̂∞
75.4%
90.4
38.1
89.3
30.0
86.4
7.7
61.4
45.7

( )

Estimated
residency rate
for
undetermined
numbers

(g )
100 ⋅ R̂UN
32.5%
21.1
2.2
62.1
24.2
22.8
0.8
19.9
24.2

Standard error
of estimated
residency rate
of
undetermined
numbers
25.1%
4.0
5.3
23.0
2.1
7.3
0.6
8.3
3
2.7

“No
answer”
2
cases
1,689
2
13,864
6
15,561

1

“No
answer,
answering
machine”
cases
1,633
89
108
1,540
339
337
4,046

1
Counts given here are weighted to reflect the differential sampling of telephone numbers by minority
stratum and the subsampling of nonmailable “no answer” cases for follow-up.
2
The weighted total of eight cases that finalized as “no answer” but had an answering-machine call result in
their call histories are cases that were refielded, and the answering machine counter used to finalize a case as “No
answer, answering machine” was reset.
3
The standard error of the overall residency rate estimate for undetermined numbers was computed
assuming the eight strata (listed status by answering machine classification) were independent.
Source: U.S. Department of Education, National Center for Education Statistics, National Household Education
Survey, 1999.
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Table 2D-3.
Estimated Residency Rate for Undetermined Telephone Numbers and Overall in the
NSAF:1999, by Site
Residency rate for undetermined
numbers
Overall residency rate
Site
Estimate
Standard error
Estimate
Standard error
Total
7.2%
0.9%
43.6%
0.2%

Alabama
California
Colorado
Florida
Massachusetts
Michigan
Minnesota
Mississippi
New Jersey
New York
Texas
Washington
Milwaukee County
Balance of Wisconsin
Balance of U.S.

14.2
4.0
2.8
3.0
4.6
9.9
2.8
11.9
4.5
7.6
6.5
8.3
3.8
8.9
9.1

3.2
1.0
1.1
0.6
1.3
3.0
2.0
3.5
1.1
2.4
2.5
2.6
8.3
3.8
1.9

Source: Urban Institute, National Survey of America’s Families, 1999.
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49.5
42.9
41.8
43.2
46.9
42.9
42.8
49.6
43.6
45.7
40.9
42.7
39.6
45.7
43.8

0.5
0.4
0.3
0.3
0.3
0.4
0.3
0.7
0.3
0.4
0.4
0.4
0.7
0.4
0.3

Figure 2D-1.
Residency Rate for Listed and Unlisted Numbers, NHES:1999

1
0.9

Residency Rate [R(t)]

0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0
0

10

20

30

40

Number of Call Attempts
Series1

Series2

Series 1: Residency rate for unlisted numbers with primarily nonresidential answering-machine
call results
Series 2: Residency rate for listed numbers with primarily residential answering-machine call
results
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CORRELATES OF MEASUREMENT ERROR WHEN SCREENING ON
POVERTY STATUS FOR A RANDOM-DIGIT DIAL SURVEY
David Cantor, Westat; and Kevin Wang, The Urban Insitute
1.

Problem

It is common to oversample poor households on studies that are concerned with analysis of
issues related to poverty. The process typically involves an interviewer asking an income
question when first approaching the household (e.g., as part of a “screening” interview) and then
subsampling based on whether the person is above or below the poverty criteria. This procedure
requires balancing the need to measure income accurately at the initial interview with reducing
the threatening nature of the question. When designing the screening interview, it is important to
construct an instrument that is as nonthreatening as possible.
For an in-person survey, this usually involves asking the respondent to place the household into
one of a limited number of income groups, using a Show Card. The Show Card is used so that
the actual amount does not have to be reported directly by the respondent. On a telephone
survey, where the use of a Show Card is not possible, respondents are typically asked about
income using an unfolding type of sequence where he/she is asked to say whether their income is
above or below a critical amount (e.g., computed poverty level or some proportion of the poverty
line).
While this approach does keep nonresponse relatively low, it seems to sacrifice accuracy. Studies
that have used this method have found that once a more extensive battery of questions on income
for those that screen into the survey has been administered, a substantial number of cases cross
the critical boundary. For example, on the Continuing Survey for Food Intake by Individuals
(CSFII), a survey done for the Agriculture Research Service on food intake/knowledge,
approximately 15 percent of those that were classified as below 130 percent of the poverty line
were initially screened in as above. Changes occur in the other direction as well. On CSFII, for
example, 3 percent of those that were classified as above 130 percent of poverty were screened
in as below.
Moeller and Mathiowetz (1994) discuss this problem in the context of the National Medical
Expenditure Survey (NMES). They point to the result that asking more detailed income
questions generally results in reports of more income. Evidence of this comes from NMES, as
well as the continuing series provided by two different estimates from the CPS (March
supplement vs. ongoing question; U.S. Bureau of Census, 1979). The assumption is that with a
single question respondents will tend to omit particular income sources and thereby
underestimate the total.
Much of the above research has been conducted with in-person surveys, or at least surveys that
initially started from an in-person contact. Telephone surveys present a different task for
respondents. Show cards can not be used, so questions have to be administered in sequence,
rather than displaying the categories all at once. In addition, telephone surveys offer a different
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context than in-person surveys with respect to rapport with the interviewer and motivation of the
respondent to complete the survey accurately. The purpose of this paper is to describe the results
of an RDD survey that screens on income to oversample a low-income population, and discuss
the correlates related to households switching income groups between the screener and extended
interviews.
2.

Description of Survey

The National Survey of America’s Families (NSAF) is funded by a consortium of private
foundations in the United States. It is being conducted by Westat for the Urban Institute. The
purpose of the survey is to assess the impact of recent changes in the administration of a number
of assistance programs for children and the poor.
The sample is based on two different frames. The largest portion of the sample is RDD and is
used to represent households with telephones. An area frame was used to select households that
do not have telephones. All interviewers were done by telephone, with interviews in the area
frame being conducted using cellular phones supplied to the respondent.
The sample of the NSAF is designed to generalize to 13 specific states or cities, as well as the
country as a whole. Two different types of households were sampled: families with children, and
all adults at least 18 years old. For both groups, there is an oversample of those under 200
percent of the official level of poverty.
The NSAF consists of both a screening and an extended interview. The screening interview
consists of a 3 to 5 minute battery of questions that is designed to select the person that should be
administered the extended interview. This involves determining whether there are any persons
under 65 years old in the household and whether or not the family is above or below 200 percent
of poverty. If there is someone in the right age-range and the household is sampled (based on
poverty status), a respondent for the extended interview is selected. The extended interview is
between 25 and 40 minutes in length and covers a wide range of topics, including health,
education, child care, income, and receipt of social services. This includes a series of detailed
questions on income which were designed using the March Supplement to the Current
Population Survey (CPS) as a guide.
The combined response rates (screener x extended interview), ranged from 65 percent to 67
percent, depending on the type of interview (adult vs. family). A total of 48,000 extended
interviews were completed between February and October of 1999.
The analyses reported below compare the measure of 200 percent of poverty taken at the
screener to what was eventually collected during the extended interview.
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3.

Definition of Error Rates

For purposes of analysis, we define two sets of error rates based on the 3x3 table displayed
below.

Extended
Interview:

Poor
Nonpoor
Unknown

Poor
a
d
g

Screened in as:
Nonpoor
b
e
h

Unknown
c
f
i

The false positive rate is defined as the proportion of persons eventually classified as nonpoor
from the extended interview that were initially screened as being poor (d/(d+e+f)). The false
negative rate is the proportion of persons classified as poor from the extended interview who
screened in as nonpoor (b/(a+b+c)).
The measure of poverty status at the screener is determined by the answer to the question:
“It is important for the study to include households in a wide variety of
economic situations in (STATE). For 1998, was the total income for
everyone in this household, before taxes, below XXXX or above
XXXX?”
where XXXX is 200 percent of the poverty line determined by the number of people that are in
the household.
The measure of poverty at the extended level was calculated in several steps. First, the
respondent was asked a detailed set of questions about each source of income in the household.
This included earnings from employment, interest income, government programs, and any other
sources. These questions were asked for each member of the household. To compute total
income for the family, all sources of income were added together. For those sources where the
respondent refused to provide the amount or did not know it, the respondent was asked a single
question on whether their total income was above or below 200 percent of the poverty level.
Switching rates between the screener and extended interview were calculated after applying
weights to account for the sampling of those that reported being over 200 percent of poverty at
the time of the screener. The sampling rates ranged from 30 percent to 45 percent, depending on
the state. The numbers presented in the tables are the weighted sample sizes. Standard errors
were computed using replication methods that account for the sample design and the weights.
It should be noted that these weights do not reflect any other aspects of the sample design (e.g.,
nonresponse or poststratification). Of particular importance to note is that the NSAF
oversampled 13 states, representing about 50 percent of the nation’s population. The totals
reported below do not reflect this oversampling and, therefore, should not be considered
representing a “national” population.
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4.

Basic Results

Table 2E-1 provides the switching rates by the type of household that was interviewed. Families
with children have at least one child between the ages of 0 and 17, while adult-only families are
those that do not have any children in this age range. For families with children, 8.0 percent of
those that were eventually classified as above 200 percent of poverty were screened in as poor
(false positives) and 23.5 percent who were classified as below the threshold screened in as
above 200 percent of poverty (false negatives). The false negative rate for adult-only families is
somewhat higher, while the false positive rate is lower.
While these patterns are consistent with previous, in-person, studies (e.g., CSFII; NMES), the
prevalence of switching is higher. As noted above, the CSFII, which uses 130 percent of poverty
as a threshold, had a false positive rate of approximately 3 percent and a false negative rate of
approximately 15 percent.
The cost of these errors is quite high, since they increase the design effect of the survey and
subsequently reduce the overall efficiency of the estimates. The higher the error rates, the less
efficient the design with respect to developing estimates for those under 200 percent of poverty.
Those that screen in as nonpoor are sampled at lower rates than those that are poor. This attaches
a higher sampling weight to the nonpoor cases. Those cases that switch to a poor classification
are then combined with those with much lower weights. This differential sampling introduces
very large inefficiencies when we generate estimates for the poor population. Given this, it is
very useful to try to assess why this type of error is occurring in order to design a more efficient
screening procedure.
5.

Correlates Related to the Size of the Family

There are a number of reasons why these errors occur. One is related to the difficulty of the
screener response task. When asked the global income question in the screener, respondents have
to do a number of computations. One is to add up all the income from each of the household
members. Even if the respondent has full knowledge of all income sources, the initial screening
question requires quite a bit of computation of income across persons in those households where
there is more than one person. This would lead one to expect that error rates would be
significantly correlated with the number of persons in the household. In its simplest form, one
would expect that one-person adult-only households would have relatively low switching rates,
since there is less aggregation. The more people in the family, the larger the number of income
sources for which the respondent has to accurately report.
Table 2E-2 provides the error rates by the household size reported at the time of the extended
interview. These results do exhibit an effect of household size, although not in the directions or
magnitude that may have been expected. For adult-only families, the false positive rate actually
goes down between one- and two-person families (6.1 vs. 4.6). It does go up marginally to 5.1
percent for families with three people. A pattern that is slightly more consistent is observed for
the false negative rate, with one-person families having a rate of 33.0 percent and two-person
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families having a rate of 38.6 percent. The change is statistically significant, but does not account
for the relatively large rate of error that is occurring (i.e., one-third of poor respondents in oneperson households are screening in as nonpoor). The result for families with children is actually
in the opposite direction. Both the error rates decrease with household size.
These data, therefore, would seem to indicate that a large majority of problems in reporting are
not primarily due to the number of income sources across persons that have to be added up. Even
in those situations where there is only one person for whom to report, the error rate remains quite
high.
One important feature of the screener that might be related to error is the method to determine
the income thresholds. The screener did not attempt to disentangle all of the relationships within
the household. It simply asked the number of people that lived in the household and asked the
respondent to report on the total income for all persons in the household. Once conducting the
extended interview, a detailed household roster was administered, which included asking about
the relationships among all individuals. Once determining who was in the family, the 200 percent
poverty threshold was then re-calculated and used to determine poverty status.
This decision was made primarily to reduce the intrusiveness of the screening instrument.
Previous research has shown that asking a full household roster at the beginning of an RDD
contact will lower response rates. Asking names and relationships is viewed as very intrusive by
respondents, especially when it comes at the beginning of the interview. When designing the
NSAF, an explicit decision was made to minimize this type of burden, with the assumption that
differences between household size on the screener and family size on the extended interview
would not significantly affect the accuracy of the screener.
Table 2E-2 provides the error rates by whether or not the initial household size at the screener
differed by the measure of family size collected during the extended interview. As can be seen,
there is an increase in the number of false positives for both types of families. Those with
children have rates of 7.4 and 13.5 for those that do not change and do change, respectively. A
smaller increase is observed for Adult-only families (4.7 vs. 9.7).
There is also a significant jump in the false negative rate. The change for Adult-only families is
the largest with a 32.3 percent rate when there is no change and a rate of 43.6 percent when there
is a difference. The change for families with children is from 22.4 percent to 28.5 percent.
As with family size the error rates for those households that did not change household size is still
around the mean for the entire sample. Only about 15 percent of the households (weighted)
changed household size measures.
6.

Correlates Related to Proxy Reporting and Respondent Knowledge

Related to the difficulty of the task is the extent of knowledge the respondent has about the
income of the household. The screener respondent could have been any member of the
household who was at least 18 years old. The extended respondent differed by the type of family.
For families with children, the extended respondent was the person who knew the most about the
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sampled child. For adult-only households, the adult was randomly selected among all eligible
household members. In both types of families, therefore, the person reporting on income at the
screener may not have the same knowledge about income sources as the extended respondent.
A direct test of the effects of proxy reporting is to examine whether the screener respondent is
the same person as the extended respondent. Switching income categories may be related to
different knowledge bases of the two respondents or differences in the motivation of the
respondent to provide accurate data. By comparing households where the screener and household
respondent do not change, one is essentially holding respondent characteristics constant and
assessing whether reports still vary across the screener and extended interviews.
Table 2E-2 provides these data for both types of interviews. As one might expect, there are
significantly lower switching rates by whether the screener and extended respondents are the
same person. This is across both types of families and types of error rates. It is also the case,
however, that a significant amount of error remains, even when the same respondent is providing
the data at both levels. In fact, the screener and extended respondent are the same in about 66
percent of the cases for adult-only families and 85 percent for families with children. For adultonly families, the false positive rate is still almost one-third of all cases classified as above 200
percent of poverty, while for the families with children, the rate is one-fifth of these households.
One reason the screener respondent may be a poor reporter of income for the entire family is that
he/she is not involved in the financial operation of the household. One hypothesis related to this
idea is that if the person does contribute to the income, it will be more likely the person has some
knowledge of the total income of the family and will serve as a better reporter at the screener.
This hypothesis was tested by examining whether the screener respondent was working. As can
be seen from table 2E-2, there are only very small differences in the rates by this variable, with
some rates going up and others going down. A similar result holds when we examine the actual
amount of income the screener respondent contributed to the total household income (data not
shown).
One measure of knowledge at the extended level is whether or not the respondent was asked a
global question about the income of the family. If respondents did not know or refused to answer
particular income questions and the income amount that was known was less than 200 percent of
the poverty line, a set of global income questions were asked. These questions were similar to the
screener question, asking the respondent to report whether the income source was above or
below 200 percent of the poverty line. The use of this global question, therefore, can serve as an
indicator of the level of knowledge the respondent has about critical income sources. If a
respondent were asked one of these questions, then one might expect there to be a higher error
rates.
As can be seen from table 2E-2, the false positive error rates are in the predicted direction for
families with children. Those asked the global questions have higher rates (14.1 vs. 7.8). The
opposite is the case for adult-only families, however. The false negative rate goes from 28.5
percent when a global question was used to 38.9 percent when it was not used.
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7.

Switching and Income Level

One would expect that the error rates would be proportional to the proximity to the poverty line.
Those that are near the line would tend to have higher switching rates than those that are further
away. Table 2E-3 provides a test of this, using information from a random subsample of the
extended interview data for which imputed data are available. The imputed data allows
estimation of the level of income reported relative to the poverty line for each family. As can be
seen from table 2E-3, the rates do decline as expected for the false positive, but not for the false
negatives. Those that are just above 200 percent of poverty (e.g., between 200 percent and 250
percent) have significantly higher false positive rates than those that are better off (e.g., greater
than 250 percent of poverty line). However, this is not the case for the false negatives. Those that
are at the very lowest income levels have error rates as high as, if not higher than, those of
respondents at the 200 percent cutoff.
The pattern for the false negatives suggests that some of the switching may be due to problems
with some of the reports of income at the extended level. Until this point in the analysis, we have
concentrated almost exclusively on the task of the screener respondent to approximate the
income that is reported at the extended level. The assumption is that the report at the extended
level is “best.” This assumption is made for both theoretical and practical reasons. From a
theoretical perspective, the assumption is that, when asked more detailed questions about each
income source at the extended level, the respondent is better able to report on all of the income
sources the family receives. From a practical level, the income reported at the extended level is
more detailed and of much more use from an analytic point of view. Consequently, it is the
source on which the survey results are based (whether “correct” or not).
It is not uncommon in surveys like this for some respondents to report extremely low levels of
income. While these low levels may be true for certain households, there is a suspicion that some
of the families that report levels well below the poverty line may be excluding a significant
income source when reporting information on the extended interview. More generally,
households may be excluding significant sources of information, resulting in an underestimation
of the actual amount of income the household is receiving. This may well be what is happening
for some of these false negatives. That is, respondents in households that are above 200 percent
of poverty and are classified as such on the screener may be omitting some significant source of
income at the extended level that reduces the total income to well below poverty.
It is also the case that the false positives do decline as one moves from income that is near the
cutpoint to further above it. This may be related to the difficulties of the screening or extended
interview response task for those families that are on the borderline. Given how close these
households’ income is to the cutpoint, error in either of the two interview reports can have a
critical effect in the ultimate classification of the household.
7.

Discussion

This analysis has not definitively attributed the major causes of income switching on the NSAF.
These results do indicate that several factors contribute to this type of error. These include
complications due to household size, proxy reporting, and switching respondents between the
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screener and extended interviews. All of these were shown to be correlated with the switching
rate. However, none of these singly or in combination were found to explain a large proportion
of the error that is observed on the NSAF.
This analysis has not discussed the format of the question(s) used on screener and extended
interviews as sources of the error. The simple fact that the screener item is different from the
extended interview items will inevitably lead to conflicting results when the two measures are
compared. Research on income questions has found that the place at which one begins the
unfolding makes a difference in the results (Monsees and Massey, 1997; Hill, 1999). Future
work on the NSAF will experiment with different formats of the question on the screener to
assess whether this can reduce the amount of switching that is occurring between the two
interviews. Monsees and Massey (1979) found, for example, that when income questions are
asked on an RDD survey, the distribution of income is affected by where on the income scale
one initially asks about. For example, if the initial question asks about being above or below a
very low income cutpoint (e.g., poverty level), there will be a tendency to have more respondents
at the low end of the distribution than in the middle or higher end.
We also suspect that the differences to the CSFII are, in part, due to the mode of contact. As
noted above, the error rates observed on the NSAF are higher than those found on the CSFII, an
in-person interview. For an in-person survey, there is typically pre-notification before the
screening interview is attempted. This can serve to legitimize the study for the respondent. Along
with the pre-notification, an in-person contact allows the respondent to actually see a
representative of the survey and process non-verbal material (e.g., Show Cards) and cues when
making a judgement about the survey task. Evidence for increased respondent motivation on an
in-person survey can be seen from the higher response rates for in-person contacts. An in-person
contact may also motivate the respondent to take the task a bit more seriously when compared to
an RDD contact, where respondents to a “cold contact” screening interview does not inspire as
much trust or confidence. The increased motivation for the in-person survey may result in more
accurate income information on the screener or even possibly the extended interview.
This may suggest approaching to the screening question in a way that tries to “warm -up” the
respondent into thinking about their income before asking the critical cutpoint question. For
example, it might be better to ask respondents a slightly easier question, such as income relative
to an extreme end of the distribution or in the middle of the distribution, before asking about 200
percent of poverty. This would provide the respondent with the opportunity to begin thinking
about their different income sources and may, in turn, improve accuracy when actually the
asking about 200 percent of poverty.
A second, complementary, remedy to improving the questions is to try to measure income using
other types of questions. This could be done in conjunction with the global income questions on
the screener. By combining the information of these alternative measures and the responses to
the global measure, one might be able to predict the switching with more accuracy and,
therefore, design around the problem to some extent. Table 2E-4 provides data that illustrates
this point by displaying the switching rates by several different measures of assets that should be
related to poverty, such as owning a home, health insurance coverage, owning a car, and being
on public assistance. As can be seen, the switching rates vary by these measures. The false
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positive rate is higher for the “low asset” status (e.g., renting, no health insurance coverage, not
owning a car, being on public assistance). The false negative rate is higher for the “high asset”
status. By asking some of these questions on the screener, the survey could become more
efficient, sampling individuals in anticipation of the chances that they will switch income
categories on the interview.
The data in table 2E-4 also illustrate the complicated nature of the problem. The information
from either the extended interview or the screening interview may be the primary issue. One
hypothesis, for example, is that the false negative rate is higher for the high-asset groups because
these individuals are forgetting to report some key asset during the extended interview. This puts
them below 200 percent of poverty when they are actually above it. Alternatively, the false
positive problem is higher for the low-asset group because these individuals might be more likely
to be on the borderline of the cutoff and have problems pinpointing this on the screener or
reporting precisely enough on the extended interview.
A related possibility is that movement between the screener and extended interview may reflect
actual movement between income groups. The screener and extended interview ask about
income in the previous calendar year (in this case 1998). Those respondents that have either
gained or lost income between the previous year and when the interview is being conducted may
be confusing income sources at various points in the survey process.
We plan on investigating a number of these possibilities as we gear up for the third cycle of the
NSAF. The hope is that we can both reduce the amount of switching that is occurring by
redesigning the screener, as well as design the survey to minimize the impact switching income
categories have on the efficiency of the survey operation.
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Table 2E-1.
Percent of Respondents Switching Poverty Status between Screener
+
and Extended Interview, by Type of Family
Classified in Extended Interview As:
Screened As

Below 200 percent of
poverty

Above 200 percent of
Poverty

Families with Children
Below 200 Percent of
Poverty
Above 200 Percent of
Poverty
Unknown
Total
N*

71.3

8.0

23.5

90.0

5.2
100.0
9,600

2.0
100.0
17,545
Adult-Only Families

Below 200 Percent of
Poverty
Above 200 Percent of
Poverty
Unknown
Total
N*

57.9

5.2

36.0

92.2

6.2
100.0
4,004

2.6
100.0
7,092

+ “Family” includes relations by blood, marriage, adoption, and unmarried partners. Excludes
households with missing income information (between 5 percent and 10 percent of
interviews).
* Unweighted sample size.
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Switching Rates,

++

Table 2E-2.
+
by Respondent, Design Characteristics, and Type of Family
False Positive
%

Family Size
1
2
3–5
6+
Change in Size between
Screener and Extended?
No
Yes
Is the Screener and Extended
Respondent the Same Person?
No
Yes
Did Screener R Work?
No
Yes
Used Global Questions to
Determine Extended Status?
No
Yes
Family Size
1
2
3–5
6+
Change in Size Between
Screener and Extended?
No
Yes
Is the Screener and Extended
Respondent the Same Person?
No
Yes
Did Screener R Work?
No
Yes
Used Global Questions to
Determine Extended Status?
No
Yes

—

False Negative

SE*
%
Families With Children

SE*

8.1
7.4
5.3

—
1.4
.3
1.2

—
25.9
24.4
17.3

—
2.6
.9
1.8

7.4
13.5

.2
1.1

22.4
28.5

.8
1.9

10.9
7.4

.8
.3

31.1
21.5

2.1
.8

6.4
7.6

.7
.3

18.2
22.9

1.6
1.0

7.8
14.1

23.8
22.5
Adult-Only Families

6.1
4.6
5.1
55.1

.5
.3
.5
17.8

33.0
38.6
39.3
33.8

2.4
2.7
3.9
28.4

4.7
9.7

.2
.9

33.6
44.5

1.5
3.7

6.1
4.8

.5
.2

43.6
32.3

2.7
1.9

7.7
4.5

1.0
.2

35.5
36.3

2.7
2.1

5.1
7.9

38.9
28.5

+ “Family” includes relations by blood, marriage, adoption, and unmarried partners. Excludes
households with missing income information (between 5 percent and 10 percent of interviews).
++ False negative = percent of those classified below 200 percent poverty from the extended interview
who screened in as above 200 percent of poverty.
False positive = percent of those classified as above 200 percent of poverty from the extended
interview who screened in as below 200 percent of poverty.
* Standard errors computed using replication methods.
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Switching Rates,

++

Table 2E-3.
+
by Detailed Poverty Status** and Type of Family

Families with Children
% of Poverty
0 – 50
51 – 100
101 – 150
151 - 200
201 – 250
251 – 300
301 – 350
351 – 400
> 400

%

SE

Adult-Only Families
%

SE

26.7
18.7
28.3
30.4

False Negative
4.4
60.8
3.6
36.7
3.4
42.9
3.6
43.6

5.6
6.5
7.4
7.2

29.2
17.2
7.1
1.9
1.6

False Positive
3.6
23.4
2.8
20.9
2.1
7.4
.5
4.3
.3
1.6

4.3
3.9
1.9
1.5
.3

+ “Family” includes relations by blood, marriage, adoption, and unmarried partners.
Excludes households with missing income information (between 5 percent and 10 percent
of interviews).
++ False negative = percent of those classified below 200 percent poverty from the extended
interview who screened in as above 200 percent of poverty.
False positive = percent of those classified as above 200 percent of poverty from the
extended interview who screened in as below 200 percent of poverty.
* Standard error computed using replication methods.
** Data from a random subsample of the total sample. Income data from the extended
interview includes values imputed using a hot-deck procedure.
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Switching Rates,

++

Table 2E-4.
+
by Measures of Assets and Income and Type of Family
Revised
False Positive
%

Owned or Rented Home
Own
Rented
No cash rent
Is Everyone Covered by
Health Insurance?
Yes
No
Own a Car?
Yes
No
Receive Public Assistance?
Yes
No
Owned or Rented Home
Own
Rented
No cash rent
Is Everyone Covered by
Health Insurance?
Yes
No
Own a Car?
Yes
No
Receive Public Assistance?
Yes
No

Revised
False Negative

SE
%
Families with Children

SE

5.8
19.5
3.1

1.0
3.8
2.4

23.3
12.9
5.3

2.8
2.7
4.7

6.6
25.5

1.0
5.0

23.1
8.4

2.8
2.1

7.8
17.1

.3
2.4

25.3
15.5

.9
1.6

4.4
11.8
.4
26.3
Adult-Only Families

1.5
.9

38.4
7.3
3.2
6.2
—

.7
1.8

43.2
37.3
—

5.4
6.6

3.5
12.9

.6
4.2

46.2
21.2

5.2
7.4

4.9
10.9

.2
1.5

38.4
17.6

1.6
3.6

15.2
5.2

5.4
.2

32.0
36.2

6.3
1.5

+ “Family” includes relations by blood, marriage, adoption, and unmarried partners. Excludes
households with missing income information (between 5 percent and 10 percent of interviews).
++ False negative = percent of those classified below 200 percent poverty from the extended interview
who screened in as above 200 percent of poverty.
False positive = percent of those classified as above 200 percent of poverty from the extended
interview who screened in as below 200 percent of poverty.
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WEIGHTING ISSUES IN AN RDD PANEL SURVEY
David Ferraro, J. Michael Brick, and Teresa Strickler, Westat
1.

Introduction

The National Survey of America’s Families (NSAF) is part of a multi-year study to assess the
New Federalism by tracking ongoing social policy reforms and relating policy changes to the
status and well-being of children and adults. The major objective of the study is to assess the
effects of the devolution of responsibility for major social programs, such as Aid to Families
with Dependent Children, from the federal to the state level. The NSAF is collecting information
on the economic, health, and social dimensions of well being of children, non-elderly adults, and
their families in 13 states that will be intensively studied as part of the project, and in the balance
of the nation to permit national estimates. The 13 states were selected to vary in terms of their
size and geographic location, the dominant political party, and key baseline indicators of wellbeing and fiscal capacity. A sample of the balance of the nation is included so those national
estimates can also be produced. Low-income families are oversampled because the policy
changes of interest are anticipated to affect them most. The initial round of the NSAF took place
in 1997, and a follow-up round was done in 1999. This study is being directed by the Urban
Institute and Child Trends and is funded by a consortium of foundations, led by the Annie E.
Casey Foundation. Westat is responsible for data collection and related activities.
The NSAF is a dual-frame survey with both RDD and area components. This paper describes the
sample design and decision-making process for the RDD component of the 1999 NSAF. The
goal of the design of Round 2 was to produce reliable estimates of both current conditions at
Round 2 and change between Round 1 and Round 2 (from 1997 to 1999). After considering the
options of an independent or a partially overlapping Round 2 sample, we chose the partially
overlapping sample. That is, a subsample of the Round 1 numbers was in the Round 2 sample,
along with new numbers not in existence at the time of Round 1. The correlation from
overlapping the sample increases the precision of the change estimates. We studied two potential
disadvantages to retaining some of the Round 1 sample: the possibility of lowering the response
rate in Round 2; and the introduction time-in-sample bias. We estimated these would have little
negative effect. Therefore, we decided to retain about 45 percent of the Round 1 sample.
Furthermore, we decided to sample the numbers at differential rates that would maximize
overlap. More details of the sample design, estimation procedures, and response rates for the
1999 NSAF are available in methodology reports on the Urban Institute Web site
(http://newfederalism.urban.org/nsaf/index.htm).
We divided the Round 2 sample into five sampling strata. The subsample of reused Round 1
numbers was stratified into four strata based on their Round 1 disposition (CO—complete,
NW—not working/not residential, RB—nonresponse, and NA—never answered). Each stratum
was subsampled using differential subsampling rates for the Round 2 sample. The fifth stratum
consists of the new RDD phone numbers newly selected for the Round 2 sample. This paper
discusses issues in computing the weights for the various strata.
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Base weights are computed differently depending on which set of banks the phone number came
from. Both the Round 1 and Round 2 samples were selected from two sets of banks. For Round
1, the first set of banks were those that existed both in Round 1 and Round 2, giving these
numbers two chances of selection. This is referred to as the new, old frame and the continuing
recycled Round 1 sample. The second set of banks is those that existed only in Round 1 frame
and were not in the Round 2 frame. Thus, these numbers did not have a second chance of
selection. This is referred to as the non-continuing recycled Round 1 sample. The Round 2 frame
can also be thought of as being composed of two sets of numbers. The new, new Round 2 frame
was used to sample telephone numbers from telephone banks that existed only in Round 2. These
numbers had one chance of selection. The new, old Round 2 frame was used to sample telephone
numbers from telephone banks that existed both in the Round 1 and Round 2 frames. These
numbers had two chances of being sampled.
Since the continuing recycled Round 1 sample and the new, old sample are selected from the
same population, we can improve the precision of the resulting estimates by computing
composite weights for them. The paper describes the composite weighting method. We compute
an initial base weight and a composite weight for each stratum. We examine two methods of
compositing, with and without a design effect. We also evaluate the loss in efficiency associated
with using a compositing factor that is not optimal. This is important because only one factor can
be used and each variable could have its own optimal factor. We also examine the loss that might
be encountered if a time-in-sample bias exists in the recycled Round 1 sample.
2.

Sample Design

This section describes the sample design for the RDD component of the 1999 NSAF, explains
the rationale for decisions about the design, and compares expectations at the time of the design
to outcomes of the survey.
The goal of the design of Round 2 was to produce reliable estimates of both current level in 1999
and change between Round 1 and Round 2 (from 1997 to 1999). Estimates of current level and
change for low-income households were especially targeted. For the RDD component of the
Round 2 survey, one option was to select the telephone numbers independent of the Round 1
sample, while a second option was to retain all or some of the Round 1 sampled telephone
numbers (plus a supplement for telephone numbers established after 1997).
Selecting an independent sample would provide reliable cross-sectional estimates for 1999, but
there would be no correlation between years to reduce the variance of change estimates. This was
the main disadvantage of independent sample design. Retaining some or all of the sampled
telephone numbers from Round 1 directly addresses this problem but has its own disadvantages.
The two principal issues related to retaining some of the sampled numbers from Round 1 are the
potential for lowering the response rate in Round 2 and for introducing time-in-sample bias.
The gain in precision due to correlation from overlapping the sample of telephone numbers and
the potential for additional nonresponse and time-in-sample bias were studied during the design
phase. Based on correlations observed in other surveys, we assumed that a complete overlap of
telephone numbers would lead to an average correlation of 0.36 between rounds (assuming the
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100 percent overlap produced a 60 percent overlap of households and the average correlation
would be 0.6). At this level, an independent sample would have to be over 2.5 times larger to
produce equally precise change estimates. Thus, the overlap had a powerful appeal.
With respect to nonresponse bias, we used data from other longitudinal surveys to project the
loss due to asking the same households to respond to the NSAF questionnaire again. The studies
suggested that asking the household members to respond a second time might cause a 3 to 7
percent loss in the response rates. This results in about a 3 percent overall loss in response rates
for the survey, assuming a 100 percent overlap. We concluded that additional nonresponse bias
due to a 3 percent reduction in response rates would not be substantial for the vast majority of
estimates.
Interviewing a sample more than once also introduces the possibility of time-in-sample bias
(Brooks and Bailar, 1978), which has been studied in several rotating panel surveys. The results
of most of these studies—especially for the SIPP (McCormick et al., 1992), which has similar
content—showed very little evidence of time-in-sample bias. We concluded that, while the
potential for some time-in-sample bias existed, substantively it would have a very small or
negligible effect on the estimates.
Based on these evaluations, telephone numbers sampled in Round 1 were retained for Round 2.
However, only about 45 percent of the sampled telephone numbers were retained, to protect
against the potential for nonresponse bias and, to a lesser extent, time-in-sample bias. More
detail on these decisions is given by Judkins et al. (forthcoming).
Rather than simply subsampling all telephone numbers at the same rate, the possibility of
stratifying the numbers based on their Round 1 status was examined. Five strata were created
based on the Round 1 household status: CO—completed, NW—not working or not residential,
NA—never answered, RB—refused, NEW—not sampled in Round 1. The last stratum consisted
of telephone numbers that could have been but were not sampled in Round 1 (called the new, old
stratum) and telephone numbers newly established after Round 1(the new, new stratum). A costvariance model was developed and used to determine the optimal subsampling rates in each
stratum. The optimal subsampling rates showed that differential subsampling by strata only
slightly increased the effective sample size over using a constant rate. Nevertheless, the
differential rate design was adopted because it resulted in a much larger overlap of completed
interviews, which was deemed to be valuable for estimating change. The last column of table
2G-1 shows the rate of retaining the Round 1 sample of telephone numbers for Round 2. For
example, only 0.222 percent of the 25,344 telephone numbers that were classified as NA in
Round 1 were subsampled for Round 2.
The key design parameters that had to be estimated based on experience of the project staff were
the Round 2 residency and response rates. Table 2F-2 shows that in general the estimates used in
planning were very close to the observed rates. The difference in response rates at the household
screener between the re-used and newly interviewed telephone numbers was about 2 percent, so
the effect on nonresponse due to the retention of the numbers from Round 1 was less than 1
percent. This was less than the maximum projected and supports the conclusion that the
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additional nonresponse bias due to retaining telephone numbers is likely to be small. For a
complete set of response rate tables, see Brick et al. (forthcoming).
Table 2F-1.
Sample Sizes by Round and Subsampling Retention Rates, by Stratum

Stratum

Round 1
sample
size

Round 2
sample
size

CO-completed

177,450

NW-not working
NA-never answered

231,267
25,344

118,300
77,089

RB-refusal
Old Total

483,260

5,632
16,400
217,421

—

166,229

49,199

NEW-new sample

Subsample
retention rate
0.667
0.333
0.222
0.333
0.450
—

Table 2F-2.
Expected and Observed Residency and Screener Response Rates, by Stratum
Expected
residency
rate

Observed
residency
rate

Expected
response
rate

Observed
response
rate

COcompleted

.75

.80

.89

.84

NW-not
working

.25

.18

.77

.73

NA-never
answered

.15

.14

.77

.59

RBrefusal

.75

.72

.33

.45

NEWnew
sample

.48

.42

.77

.78

Stratum

As a result of the sampling operation, telephone numbers that were in existence in both 1997 and
1999 could be selected at either time. Telephone numbers could not be selected twice because
the Round 1 sample was deleted from the Round 2 frame of numbers. The next section describes
how composite weights were computed to combine the observations from the samples of
telephone numbers sampled from Round 1 and Round 2, given that they had two chances of
being sampled.
3.

Weights

This section describes the computation of the composite weight for each stratum. As described in
the previous section, telephone numbers were selected from the Round 1 group or the new
stratum. There is an additional complication to this because conceptually the old sample was
selected from two sets of banks. The first set of banks were those that existed both in Round 1
and Round 2, so these numbers had a second chance of being selected when the sample was
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selected in the new, old frame. This will be called the continuing recycled Round 1 sample. The
second set of banks was those that existed only in the Round 1 frame and were not in the Round
2 frame. Thus, these numbers did not have a second chance of selection. They will be called the
non-continuing recycled Round 1 sample.
Since the non-continuing recycled Round 1 sample was selected from banks that do not exist in
the Round 2 frame, we assume that very few are working numbers. Those that do exist are an
imperfection in the frame, as the weighted total will sum to more than universe size (in terms of
the frame of telephone numbers available at Round 2).
3.1

Base Weights

The base weights were computed based on the sample’s probability of selection, which varied
depending on the frame from which it was selected. This section describes each of the
possibilities.
The continuing and recycled Round 1 sample had two chances of selection. Their banks existed
in both the Round 1 and Round 2 frames. The base weight is the inverse of the probability of
selection in Round 1 times the inverse of the subsampling rate of the Round 1 numbers by
stratum in Round 2. The composite weight revises the weight of the continuing recycled Round 1
sample by considering the new, old sample and is discussed in section 3.2. Note that the
noncontinuing recycled Round 1 sample had only one chance of being sampled, and that since
their base weight is simple, no composite is possible.
The numbers in the new, old frame had two chances of selection, in Round 1 (but not selected)
and in Round 2. Their banks existed in both the Round 1 and Round 2 frames. The base weight
of the new, old sample is the inverse of the probability of selection in Round 2. The composite
weight of the new, old sample is discussed in Section 3.2.
The numbers in the new, new frame had only one chance of selection. Their banks only existed
in the Round 2 frame and not in the Round 1 frame. The base weight of the new, new sample is
the inverse of the probability of selection in Round 2.
For a more detailed explanation of how the base weights were computed, see Brick et al.
(forthcoming).
3.2

Composite Weights

Since the continuing recycled Round 1 sample and the new, old sample are selected from the
same population, we can improve the precision of the resulting estimates by computing
composite weights for them. The composite weight is of the form

(1 − α )BWi if i ∈ the continuing
= (α )BWi if i ∈ the new, old sample.

CWi =
CWi

where BWi is the base weight as described above.
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recycled Round 1 sample,

Two methods of compositing were studied. The first method computes compositing factors
based on the expected number of completed cases from each sample. Those factors are then
applied to the base weights using the formula above. The second method incorporates the
expected design effect from each sample before computing the factors. The factors are applied as
in the first method. A description of the methods is given below.
Composite Weights without a Design Effect

In this method, the composite factor is computed based on the expected number of completed
screeners from the two samples. Note that the base and composite weights were developed and
used for several purposes while data collection was being conducted, so expected rates were used
instead of actual rates. These rates could be replaced by the final observed rates, but such small
differences have negligible effects on the precision of the estimates. For the continuing recycled
Round 1 cases, we apply the expected residential and screener response rates from our design
assumptions by stratum to produce an expected number of completed screeners.
The total number of expected completed screeners from the continuing recycled Round 1 cases
summed across the four strata is S old .
For the new, old sample, we also compute the expected number of completed screeners from this
set. To do this, we assume the expected completion rate (the product of the residential and
screener response rate) for these numbers in Round 2 will be the same as observed in Round 1
and apply this rate to the new, old sample.
The expected completed screeners from the new, old sample are then S new, old .
A compositing factor is α = S new, old (S new, old + S old ) .
Using this compositing factor, the composite weight for the continuing recycled Round 1 sample
is CW = (1 − α )BW . For the new, old sample, the composite weight is CW = (α )BW . This assumes
estimates from the continuing recycled Round 1 sample have the same expectations as estimates
from the new, old sample and that both are unbiased.
Composite Weights with a Design Effect

A slight improvement in the compositing can be introduced by incorporating the expected design
effect into the computation of the composite weights. To do this, first we compute the expected
design effect due to differential subsampling of the Round 1 cases. This was done using the
formula given by Kish (1992) and is denoted as DE. Since the differential subsampling is only
done in the recycled Round 1 cases, this is applied to those cases only. The new factor to be used
in the composite for these cases is S old ∗ = S old DEFF .
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(

)

The new composite factor is then α ∗ = S new, old S new, old + S old ∗ . As before, the composite weights

(

)

are computed by applying the new factors to the base weights. That is CW ∗ = 1 − α ∗ BW for the
continuing recycled Round 1 cases and CW ∗ = α ∗ BW for the new, old sample.

( )

In the balance of the nation, the budget was increased between Round 1 and Round 2, so we
added additional sample. The budget was decreased in all the other sites. As a result, we
computed a different α ∗ for the balance of the nation (~0.5) and the other sites (~0.3).
The optimal value of the composite factor is α ∗ , under the assumptions stated. These are the
factors used to construct the weights for Round 2.
The proportionate increase in variance from using the composite factor without the design effect,
α , rather than the optimal α 0 as presented by Chu et al. (1999) is
Loss = 1 +

(α − α 0 )2 .
α 0 (1 − α 0 )

The loss can be seen graphically in figure 2F-1. The loss is small whenever α is close to α 0 . The
loss is greatest at the endpoints when α is much bigger or smaller than α 0 .
Figure 2F-1
Balance Between Rounds: Variance Loss at Different Levels
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Time in Sample Bias

As noted earlier, there was a concern that recontacting some interviewed households from Round
1 might affect their responses. We call this time-in-sample bias. When one of the estimates
involved in the composite is biased, then the loss is a function of mean square error rather than
variance (it is a proportionate loss in terms of mean square error, not variance). The expression
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given above is also appropriate in this case, as can be easily shown. The only difference is that
the loss is now the proportionate loss in mean square error.
Suppose we computed and used α u , the optimal factor assuming both estimates are unbiased.
Now assume that the estimate from continuing recycled Round 1 sample is biased, due to the
time-in-sample effect. It is possible to relate the optimal factor assuming both estimates are
unbiased to the optimal allowing for the time-in-sample bias of the old sample. In this case,
α0 =

α u (γ + 1)
,
1 + γα u

where
γ=

Bias 2 ( Z )
Var( Z )

.

The loss can then be re-written as

(

α γ 2 1 - αu
Loss = 1 + u
γ +1

).

Initial investigations suggest that for the NSAF, γ is in the .25 to .50 range, with 1.0 being the
upper bound. If we let α = α u = 0.5 , then the loss due to ignoring the bias is between 1.01 and
1.04, with an upper bound of 1.13. If we let α = α u = 0.3 , then the loss is still between 1.01 and
1.04, with an upper bound slightly less at 1.11. Thus, the loss arising from the use of the
composite factor that does not allow for time-in-sample bias for the NSAF appears to be very
small.
5.

Conclusion

The estimation problem encountered in the 1999 NSAF involved utilizing the partial overlap of
the sample from the earlier survey to produce current (1999) estimates that have high precision.
Composite weighting is a natural way of incorporating the information from both sample
selections into the survey weights for the 1999 estimates. We examine composite weighting
factors, assuming the surveys have equal precision, and then improve upon those factors by
including the design effect in the overlap sample that is due differential sampling of the previous
sample.
The composite weighting factor is established once for the entire weighting process and is
applied to all estimates. In fact, for this survey the factor was assigned prior to completion of the
survey. Since no one factor is optimal for all estimates, we examine the consequences of using
composite factors that were not optimal. A simple expression of the loss in precision shows that
if the factor is in the general vicinity of the optimal factor, then the loss is small. However, use of
arbitrary composite factors that deviate substantially from the optimal factor does cause large
losses in precision. Given the information available to develop the factors in the NSAF, we are
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fairly confident that the factor used is in the neighborhood of the optimal for nearly all estimates.
Of course, for small subgroups some loss due to random variation is inevitable.
A related issue is how the potential time-in-sample bias in the estimates from the overlap sample
affects the composite factors and the mean square error of the estimates. By assuming that the
retained sampled might result in biased estimates, we show that the optimal factor is a function
of the bias. Furthermore, we derive an expression for the proportional loss in the mean square
error that results from using a factor that is not optimal. When the bias of the retained sample
estimate is small relative to its standard error, then the loss in mean square error is small if the
factor is close to the optimal factor, assuming both estimates are unbiased. However, substantial
losses can occur if the bias is relatively large or the factor is not close to the optimal factor.
6.
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Chapter 3
NSAF Research Tools for use with the
1999 National Survey of America==s Families
Chapter 3 consists of incidental working papers from the National Survey of America’s Families.
The first two of these are brief descriptions of NSAF software and analysis techniques developed
for internal use at The Urban Institute. A wider sharing seemed warranted.
Unlike the other material in this volume, the inclusions in this part are not rounded
developments. Rather, they are miscellaneous notes intended to be helpful to researchers
tackling the formidable complexities of the NSAF public use files.
A. Bowen Garrett (2000) Use of STATA with NSAF
This paper discusses how to use STATA to calculate NSAF variances. The software is included
as well as a worked example that compares the results achieved with WESVAR. It also looks at
the issues around how to integrate the complexity of the data structures in NSAF into the
complex modeling needed to examine the impact of devolution.
Douglas Wissoker (1999) Notes on Weighting in NSAF Regression
These notes were written for a 1999 workshop for Urban Institute researchers, especially those
using the NSAF. The purpose of the workshop was to discuss the circumstances under which
weighting in regression is appropriate and explain why most regression models based on NSAF
should be weighted.
Pat Cunningham, David Cantor, Carl Fowlkes, and Judy Meader (2000) Milwaukee Report
Mike Brick, Nancy Vaden-Kiernan, Carl Fowlkes, and Pat Cunningham (2000) Report on
the NSAF Cycle 2 Capture/Recapture Study
Both the Maryland and Milwaukee studies are part of NSAF=s continuing nonresponse research
The University of Maryland Study was the basis of the model estimates. made in the paper found
in Chapter 2 of this report, Fritz Scheuren, Macro and Micro Paradata in Survey Assessment.
The microdata from these studies are not currently planned for public release.

USE OF STATA WITH THE NSAF
A.B. Garrett, The Urban Institute

To facilitate analyses of the NSAF for STATA users, I have written a series of STATA programs
that produce survey design-adjusted standard errors using the method of balanced repeated
replicates (BRR). This brief report describes the commands that are currently developed and
their syntax, discusses their limitations, and illustrates their structure using OLS with BRR
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 regression
commands or customize the routines described here. These commands were written in STATA
Version 5 for Windows 95. STATA Version 6 has an improved matrix language, which should
make the creation of user-written programs more straightforward.
The commands are implemented as STATA .ado files. The commands developed to date are

•
•
•
•
•

BRMEAN—Produces a table of means with standard errors
BRTAB—Produces a table of means and standard errors by one categorical variable, with
significant differences to a reference group indicated by asterisks
BRREG—Linear regression
BRLOGIT—Logit regression (can also compute odds ratios)
BRMLOGIT—Multinomial logit (can also compute relative risk ratios)

Preliminaries
Before running the BRR commands, the user must specify which set of NSAF replicate weights
to use. For example, if the random adult weights are being used, at the command line (or in a do
file), type global brwt wgrn, where wgrn is the prefix of the set of random adult weights. The
user will receive a warning if the weights are not specified.

Commands and Descriptions
1. brmean [varlist] if [exp] in [range]
Produces a table of means with standard errors. The N is the number of observations that contain
no missing values for any of the variables in varlist.
2. brtab [catvar] [varlist] if [exp] in [range]
Produces a table of means and standard errors of varlist by the categorical variable catvar. Catvar
must be a whole (positive) number, starting with 0, where the 0 category is set to be the
comparison category. The N is the number of observations that contain no missing values for any
of the variables in varlist.
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3. brreg [depvar] [varlist] if [exp] in [range]
Estimates OLS regression. Supports post-estimation testing and prediction. The unadjusted
standard errors are estimated with p weights.
4. brlogit [depvar] [varlist] if [exp] in [range], or tab
Estimates logit regression. Supports post-estimation testing and prediction. The unadjusted
standard errors are estimated with p weights.
5. brmlogit [depvar] [varlist] if [exp] in [range], or tab
Estimates multinomial logit regression. Supports post-estimation testing and prediction. Uses a
weights because the STATA mlogit command does not support p weights. The interested user
could produce these in the usual way using svymlog in STATA. Unlike the usual mlogit
command, this command forces 0 to be the comparison group.

Options
The tab option creates additional output that can be parsed with MS Word (using Table: Convert
text to columns) to create regression tables in a conventional format.
The or option produces odds ratios instead of logit coefficients.
The rrr option produces relative risk ratios instead of multinomial logit coefficients.

Matsize
All of the BRR commands require that STATA’s matsize be set to something greater than 61.
This is done automatically. Remove the matsize command if you are running STATA version for
Win 3.1, DOS, or Mac, because STATA forWindows 95 or higher is needed to set matsize on
the fly. Some users may also need to increase matsize for certain applications, beyond the default
setting of 100. Simply edit the matsize command in brwarn.ado accordingly. Unless you are
doing analyses on more than 99 variables, this can be ignored.
Example
Code for the BRREG program (line numbers are added for presentation only):
1.
2.
3.
4.
5.
6.
7.

program define brreg
version 5.0
set trace off
local varlist “req ex"
local if “opt"
local in “opt"
parse “`*’"
3A-2

8. tempvar touse e
9. tempname bb
10. mark `touse’ `if’ `in’
11. brwarn
12. if $brtest==1 {exit}
13. local i=0
14. regress `varlist’ [pweight=$brwt`i’] if `touse’
15. matrix bb0=get(_b)
16. local i=1
17. while `i’<=60 {
18. quietly regress `varlist’ [pweight=$brwt`i’] if `touse’
19. matrix bb=get(_b)
20. if `i’==1 {matrix cc = bb}
21. else {matrix cc=cc\bb}
22. local i=`i’+1
23. }
24. *Make mm, a matrix where each row contains the coefficients from the regression using the
0 weights
25. mat ones=J(60,1,1)
26. matrix mm=ones*bb0
27. *Make ee, a matrix of deviations
28. matrix ee=cc-mm
29. *Make ff, the squared deviations = the covariance matrix of m0
30. matrix ff=ee’*ee
31. matrix post bb0 ff
32. matrix mlout
33. end
Lines 1 - 10 parse the command and define the analysis subsample.
Line 11 calls subprogram brwarn that sets the matsize and verifies that the user has specified
weights. It displays the weights being used if they were specified and gives a reminder if the user
did not specify the weights. Line 12 exits if brwarn identifies a problem.
Line 14 performs the initial regression using the base weights (with suffix 0) for the full
estimation sample. Line 15 puts the resulting coefficients in vector bb0. These are the final
coefficients.
Lines 16 through 23 loop 60 times, reestimating the regression model using each set of replicate
weights. These are accumulated in matrix cc.
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Lines 28 through 31 create ee, a matrix of deviations of the replicate coefficients from the base
weight coefficients. Then they create ff, which is the matrix product ee’*ee. The matrix ff is the
covariance matrix of coefficient vector bb0.
The remaining lines post these results to STATA’s internal memory areas and display the
regression results. Post-estimation commands can then proceed as usual.

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

Conclusion
Producing BRR standard errors in STATA is a mechanical 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 on the Web at
http://www.urban.org. Users of these commands should contact Bowen Garrett (email:
bgarrett@ui.urban.org) if they have further questions or to report any remaining bugs in 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 BRTAB Means, by Category Output
WesVar Table Output:

age
pov_1
pov_2
pov_3
pov_4
pov_5
pov_6

Estimate
Std Error

MEDSTATE
0
30.9
0.632
25.0
4.5
26.6
4.1
20.6
3.3
13.6
2.2
7.8
1.9
6.5
1.6

1
28.7
0.816
30.0
5.6
39.8
5.2
13.7
3.6
8.2
2.6
5.6
1.7
2.7
1.3

STATA BRR Table Output:
medstate
0
1
----------- ------------------------N
594
410
age
30.9 28.7***
(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*
(0.016) (0.013)
Note: Tests of significance are in compa
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Exhibit 2. Comparison of WesVar OLS regression and STATA BRREG output
WesVar Regression Output:
PARAMETER
PARAMETER
INTERCEPT
AGE
POV

ESTIMATE
0.701171
-0.0070143
-0.0491332

R_SQUARE VALUE =

0.0370333

STANDARD ERROR
OF ESTIMATE
0.1293824
0.0033038
0.0207497

TEST FOR H0:
PARAMETER=0
5.4193701
-2.1231235
-2.3678977

PROB>|T|
0
0.0379
0.0211

STATA BRR Regression Output:
. brreg medstate age pov;
(sum of wgt is 1.3773e+006)
Regression with robust standard errors

Number of obs
F( 2, 1001)
Prob > F
R-squared
Root MSE

=
=
=
=
=

1004
4.85
0.0080
0.0370
.47291

-----------------------------------------------------------------------------|
Robust
medstate |
Coef.
Std. Err.
t
P>|t|
[95% Conf. Interval]
---------+-------------------------------------------------------------------age | -.0070143
.003745
-1.873
0.061
-.0143632
.0003346
pov | -.0491332
.0196947
-2.495
0.013
-.0877809
-.0104856
_cons |
.701171
.1403251
4.997
0.000
.425806
.9765359
-----------------------------------------------------------------------------Using weights with prefix: wgrn
-----------------------------------------------------------------------------|
Coef.
Std. Err.
z
P>|z|
[95% Conf. Interval]
---------+-------------------------------------------------------------------age | -.0070143
.0033038
-2.123
0.034
-.0134896
-.000539
pov | -.0491332
.0207497
-2.368
0.018
-.089802
-.0084645
_cons |
.701171
.1293824
5.419
0.000
.4475862
.9547557
------------------------------------------------------------------------------
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NOTES ON WEIGHTING IN REGRESSION
Douglas Wissoker, The Urban Institute
Introduction

These notes were written for a workshop for Urban Institute researchers, especially those
using the 1997 NSAF. The purpose of the workshop was to discuss the circumstances under
which weighting in regression is appropriate and to explain why most regression models based
on the NSAF should be weighted. Researchers generally, and economists in particular, are often
taught not to use weights in a regression context, but instead to develop models that incorporate
the factors used in sampling. These notes emphasize the importance for NSAF researchers of a
caveat to that teaching: If the data are sampled based on either the outcome of interest or a factor
that is a strong indicator of that outcome, then weighting is preferable to including such a
variable as a control in the regression.
I. Background on weights (from Deaton, The Analysis of Household Surveys, 1997)
A. “In most surveys, different types of households have different probabilities of
being selected into the sample. If the different types of households are different,
sample means will be biased estimators of population means. To undo this bias,
the sample data are ‘reweighted’ to make them representative of the population.”
B. “Differences in weights from one household to another can come from
different probabilities of selection by design, or from different probabilities by
accident, because the survey did not conform to the design, because of
nonresponse, because households who cooperated in the past refused to do so
again, or because some part of the survey was not in fact implemented. Whether
by design or by accident, there are ex post differences in sampling probabilities
for different households, and weights are needed in order to obtain accurate
measures of population quantities.”
C. “But the design weights are, by construction, the reciprocals of the sampling
probabilities, and are thus controlled in a way that accidental weights are not.
Weights that are added to the survey ex post do not have the same pedigree and
are often determined by judgement and modeling. In the South African data, the
response rate among white households was lower, so the weights for white
households was adjusted upwards. But can we be sure that the response rate was
truly determined by race, and not, for example, by some mixture of race, income,
and location? Adoption of survey weights often involves the implicit acceptance
of modeling decisions by survey staff.”
D. “Differential sampling and response rates lead to computation of weights for
each case, which attempt to give each stratum the same relative importance in the
sample that it has in the population.”
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II. Example of complex design: NSAF
A. Factors Included in the Design:
The first element of the differential probabilities of selection is due to the design.
In the NSAF, we oversampled in the 13 states, heavily oversampled in
Milwaukee, and undersampled in the balance of the nation. We also oversampled
households with lower income (according to info provided on a single question
about household income relative to the income threshold) relative to those with
higher income; oversampled households with children relative to those without
children, and oversampled those with telephones relative to those without
telephones.
Westat designed the sample to permit credible estimation within each of the 13
focus states and so that we could say something about the low-income households
with kids in those states.
B. Factors that influence ex post selection probablities that couldn’t be controlled
in advance
1.Differential response rates
In the NSAF, the response rates varied by state, presence of children, and,
probably most dramatically, by phone status. Adjustments were applied
for screener nonresponse, differentially by phone status, on basis of the
geographic area (exchange-level) characteristics (e.g., percent in
race/ethnicity groups, percent in specified income ranges, percent renters,
etc., whether the household is listed). Adjustments to the child weights for
survey nonresponse among those who answered the screener are based on
factors such as phone status, age of focal child, response to the screener
income question, and metro status.
2.Ex post alignment to outside data sources
A decision was also made to make NSAF estimates agree with
demographic control totals. Following an adjustment for survey noncoverage, the weights are adjusted to ensure that the percentage of persons
in different age/race/sex categories match the Census. Child weights are
aligned to these demographic variables and a measure of home ownership
from the CPS; the adult weights are aligned to the demographic variables
as well as measures of home ownership and education. (Ex post controls
are intended to reduce the variance of the estimates. This parallels the
reduction in variance that comes from drawing a stratified sample and then
weighting together the estimates from each strata.)

3B-2

III. Weighting Univariate Statistics:
A. We need to use weights if the variable is correlated with the weights (i.e., if the
ex post probability is correlated with the variable). In the NSAF, it is difficult to
imagine variables that wouldn’t need to be weighted, since all of our variables of
interest are related to income, number of children, area location, and so on.
Maybe the percent left-handed wouldn’t need to be weighted.
B. Weighting univariate statistics is generally uncontroversial (with the exception
of some disagreement about the value of ex post adjustments). In fact, not
weighting is considered a problem.
C. For simple means, it doesn’t matter whether we calculate the weighted mean
for the entire sample or calculate the weighted mean for each strata and then
weight them together.
1. Suppose the data are divided into S strata, with a separate probability of
selection within each strata.
2. You get the equivalent answers if you (a) weight each observation in the
sample, and then calculate the weighted mean for the sample as a whole;
or (2) calculate the weighted mean for each strata, then weight the
conditional means together (using the proportion of the weight total within
each strata) to get the overall mean.
3. When we get to multivariate regression, it turns out that the two are not
equivalent.
IV. Weighting in Regression
A. Suppose we’re interested in a regression of the form: y = X +
B. Two alternative estimators
1. OLS estimates b= (X'X)-1 X'y
2. WLS estimate bw = (X'WX)-1 X' W y, where W is a square matrix with
weights down the diagonal.
3.A quick overview of the issue is as follows. The standard errors
obtained from OLS are smaller than those from weighted regression. (OLS
is the best linear predictor.) However, OLS estimates may be biased if the
sample does not look sufficiently like the population and the model doesn’t
control adequately for differences between the sample and the population.
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C. Conceptually, the decision regarding weighting depends whether the sample
selection process is ignorable, conditional on the variables included in the model.
1. The selection process is ignorable if Pr(in sample|Y,X) = Pr(in
sample|X).
2. In other words, selection is not ignorable if the probability of being in
the sample depends on the dependent variable of interest, even after
controlling for the exogenous variables in the model.
3. Basically, if the unweighted regression model doesn’t control
sufficiently for the factors that led to sample selection, the estimates will
be biased.
4. For example, suppose our outcome is whether a family receives welfare
payments. From what we know about the selection process for the NSAF,
the selection process for this outcome will not be ignorable. That is, we
expect that being on welfare will be related to the likelihood of being in
the sample, even after we control for all the variables typically included in
a welfare regression. Welfare receipt is likely related to many of the
variables used to draw and adjust the sample (geographic indicators,
income, presence of a phone, home ownership, etc.), although it would be
rare for an analyst to include all of these measures in a regression model.
And if we do not include them all as controls, we expect the selection is
nonignorable.
5. The variables omitted from the regression (i.e., related to selection, but
not included as controls in the regression) could be either
(a) exogenous variables that are correlated with the outcome and
selection process (such as geographic indicators); or
(b) endogenous variables (i.e., correlated with the model
disturbance) that cannot be included directly in the regression
(such as household income or phone ownership)—because the
sample selection probabilities are a function of either the
dependent variable or factors closely related to the dependent
variable.
6. Notice that the decision regarding weighting may depend on the model
of interest and whether the dependent variable for the particular model is
strongly related to the factors determining the weights. Below, we will talk
a bit about how to test for bias.
7. Intuition
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(a) If the sample is selected in part on the outcome of interest, we
can expect bias similar to that resulting from sample truncation.
Instead of having no cases in a particular range of income (as
would be the case with sample truncation), we have an
underrepresentation. Again, we get biased estimates, which is
basically the case for many models of interest in the NSAF. The
problems that result from selecting a sample on variables related
to the dependent variable are very similar to those from sample
selection bias, which we worry about on a regular basis. The
difference is that the weights serve to offset the way the sample was
drawn.
(b) The NSAF: controlling for the factors that led to sample
selection.
(1) In the NSAF case, the probability of selection is a
function of more variables than we’d care to include in
most of our regression functions. For example, the first
stage selection probabilities differ by site and by telephone
status. The ex-post selection adjustments are functions of
geographic area variables, as well as age, race, sex and
variables used to make the data line up to the Census.
(2) Even if all of the selection variables were exogenous in
our models, we still would have a hard time controlling for
all of the variables that affect both the selection process and
our dependent variables. Furthermore, the key descriptive
variables are state-level policy variables, which are not
easy to include in the model together with controls for site.
(c) In the NSAF, we cannot adequately control in our regression
models for all of the factors that affect the selection probability and
the dependent variable, and to fully control for the selection
factors, we would have to include variables that we consider
endogenous, such as telephone status and income according to the
screener.
(d) When using the NSAF data in regression models, we will
generally want to use weights in order to adjust for the
endogeneity of the selection process. By weighting, we can include
a tidier set of variables in our models, obtain appropriate standard
errors, and feel reasonably comfortable that we’ve dealt with the
sample selection.
(e) There is a very easy test of whether the weighted and
unweighted estimates differ. If one concludes that the weighting
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doesn’t affect the estimates, it is appropriate to use unweighted
regressions (and conclude that the endogeneity of the sample
doesn’t affect the estimates).
f) For example, Sarah Brauner and Pam Loprest estimated a wage
regression using a sample of former welfare recipients. They
estimated the regressions both unweighted (in SAS) and weighted
(in Wesvar). The first two columns show the unweighted and
weighted estimates with the usual controls. The last two columns
show the model augmented by controls for the sample
stratification, including the dummy variables marking site,
presence of phone, and income. Note:
(1) Standard errors for the weighted estimates are larger
than those for OLS (as advertised)
(2) The weighting appears to change the coefficient
estimates
(3) The variable marking presence of a phone has a
significant effect, which is probably due to reverse
causality—people with low incomes are less likely to be
able to afford a phone.
D. Outside of the NSAF world: When using packages to weight the data for
regression, be careful that the weights are producing the correct standard errors.
Winship and Radbill point out that if the unweighted data are homoskedastic, use
of sampling weights actually creates heteroskedasticity. Use White’s arbitrary
heteroskedasticty correction when weighting least squares. In STATA, this means
using the PW (probability weights) rather than the AW (analytic weights) option.
E. A useful paper by DuMouchel and Duncan (1983) addresses the question of
when you need to weight in regression. Although the article was published in
Journal of the American Statistical Association, it is fairly accessible.
1. DuMouchel and Duncan argue that it is important to consider the need
to weight in the context of what model underlies the data. (They restrict
themselves to sampling procedures that are exogenous to the models being
estimated.)
(a) If the true model underlying the data is the linear
homoskedastic (“usual,” “classical”) regression model, then don’t
weight and you get the smaller standard errors using OLS.
(b) If you’re trying to measure the population regression
relationship—so rather than estimate a behavioral relationship,
you want to describe the population relationships among the
variables—then the weighted estimates may be preferable. For the
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most part, folks working on policy issues are interested in
estimating models rather than population relations.
(c) If you believe that a mixture model underlies the data in which
the coefficients vary with the strata used in sampling and—if
you’re interested in the weighted average of these strata-specific
coefficients, you need to estimate a model with the appropriate
interactions and then weight them together. Neither OLS or WLS
is guaranteed to get you the proper weighted average. And there’s
no general finding that the estimate from the weighted regression
gets you closer to the proper weighted average (though you will
get closer if Xs are fixed across strata). This is quite different from
the finding for the univariate case that it doesn’t matter whether
you calculate the weighted averages by strata and then weight the
strata averages together or you weight all the observations
together.
(d) If there is an omitted variable that is correlated with the
included variables (and you’ve given up trying to measure it
separately), the weights could matter, in which case you’d prefer
the weighted model.
2. DuMouchel and Duncan offer an easy-to-implement test for whether
OLS must be rejected. They show that the test for equality of the weighted
and unweighted coefficients can be performed by
(a) Running the OLS model with the desired set of Xs;
(b) Running the OLS model with the desired set of Xs plus an
interaction between the weight and the set of Xs;
(c) Perform an F-test to compare the sum of squares from the
models with and without the interaction between the weight and
the set of X’s.(d) In their example, they show that the t-stats on the
interactions of the weights and the Xs serves as a useful guide to
which variables will have changed coefficients as a result of
weighting.
(e) They suggest adjusting the model specification to take into
account unexpected interactions.
F. Although it is probably not useful for the NSAF, Pfeffermann discusses the use
of sampling weights as surrogates for the design variables. See his paper for more
details.
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Table 3B-1.
Estimates of Wage Equation for Welfare Leavers, Unweighted and Weighted Regressions,
with Varying Controls for Sample Selection
Model without Controls for Sample Selection
Unweighted

Model with Controls for Sample Selection

Weighted

Unweighted

Weighted

Parameter

Std. Error

Parameter

Std. Error

Parameter

Std. Error

Parameter

Std Error

Intercept

0.904

0.056

0.698

0.116

0.744

0.082

0.618

0.129

Age

-0.002

0.002

0.003

0.003

-0.002

0.002

0.002

0.004

Nonwhite

-0.018

0.026

-0.042

0.049

-0.005

0.027

-0.046

0.054

Number of Kids

0.001

0.011

0.008

0.021

-0.005

0.011

0.010

0.023

Less than HS

-0.170

0.034

-0.245

0.054

-0.145

0.034

-0.215

0.055

High School

-0.063

0.029

-0.018

0.060

-0.054

0.029

0.005

0.057

Disability

-0.190

0.039

-0.272

0.079

-0.181

0.039

-0.291

0.073

Missing Disability

0.010

0.040

0.159

0.092

0.013

0.040

0.169

0.090

Missing Education

-0.056

0.144

0.280

0.093

-0.056

0.143

0.313

0.105

Married

-0.183

0.033

-0.208

0.068

-0.180

0.033

-0.219

0.063

Low Income

-0.047

0.044

-0.036

0.072

Missing Income

-0.088

0.084

0.029

0.094

Site: AL

-0.125

0.076

-0.109

0.079

CA

-0.055

0.070

-0.116

0.073

MA

-0.027

0.066

-0.042

0.085

MI

0.050

0.068

0.030

0.075

MN

0.068

0.062

0.038

0.068

NJ

0.011

0.077

0.088

0.092

NY

-0.019

0.079

-0.072

0.067

TX

-0.037

0.066

-0.149

0.076

WA

-0.065

0.062

-0.115

0.075

MS

-0.050

0.066

-0.085

0.093

Milwaukee

0.101

0.058

0.049

0.055

Bal. WI

0.005

0.065

0.017

0.074

Bal. Nation

-0.052

0.058

-0.057

0.052

CO

0.017

0.070

0.045

0.068

Has Phone

0.183

0.046

0.187

0.069

Source: 1997 NSAF data. Estimates provided by Sarah Brauner and Pamela Loprest.
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MILWAUKEE REPORT
Pat Cunningham, David Cantor, Carl Fowlkes, and Judy Meader, Westat
Overview
The National Survey of America’s Families (NSAF) used a dual frame design to provide
estimates on the economic, health, and social well being of children, adults under 65, and their
families in 13 states, Milwaukee, and the balance of the nation. A list assisted Random Digit
Dial (RDD) sample of households with telephones was supplemented with an area probability
sample of households without telephones. Approximately 45,000 households were screened inperson to identify and interview 1,700 persons while, by telephone, approximately 148,000
households were screened and nearly 50,000 interviews were conducted. Details of the design
are described in The Sample Design Report for the 1999 NSAF, Report No. 2, Telephone Survey
Methods for the 1999 NSAF, Report No. 6, and In-Person Methods for the 1999 NSAF, Report
No. 5.

Wisconsin was targeted for particularly intensive study, with separate large samples for
Milwaukee and the balance of the state. Because the sample in Milwaukee was large it provided
a cost-effective opportunity for in-person interviewers to attempt to contact households that were
not completed by telephone either because someone refused to cooperate or because they were
unreachable by telephone. This report describes this experiment.
Sample

In order to gauge the progress of work on the main survey of Cycle 2, telephone numbers were
arranged into random release groups of 2000, by site (thirteen states, Milwaukee, and the balance
of the nation). The results from the first two release groups were used to predict the outcome of
the entire survey, consequently they were worked and completed first. The sample for the
Milwaukee experiment came from these first two release groups.
The sample included all non-responding telephone numbers for which we had addresses from the
first two release groups with the following characteristics:

•
•
•
•
•
•

someone in the household refused to do the telephone survey, but was not hostile
(n=156);
there was a language barrier (n=9);
the maximum number of calls had been reached (n=12);
the telephone number had never been answered (n=81);
the telephone number was answered by an answering machine only (n=12); and
other non response cases(n=2).

The sample excluded households where the screener was completed, hostile refusals, duplicate
telephone numbers, and telephone numbers that were not working.
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There were 525 telephone numbers in total, of which 272 had addresses. Addresses for
telephone numbers came from two separate telephone look-up services, Telematch and Acxiom.
Of these, 135 were matched successfully, and 63 screeners were completed in the experiment.
Details of the address matching are discussed later.
Questionnaire
Screener.

Minor changes were made to the main survey in-person screener to make it appropriate for the
Milwaukee experiment. This included deleting questions about whether the household had a
working telephone and adding questions about whether the respondent was using a cell phone for
the call. The latter included determining what telephone number to call back if the call became
disconnected and whether there were telephone lines in the household that were used for nonvoice communication. The income-based sampling in the main survey screener was also deleted
for the Milwaukee screener so that households would not be excluded from selection based on
income.
Extended Interview.

There were no changes to the extended interview. However, because the study took place in the
summer, consideration had to be given to how some questions about childcare should be asked.
Childcare during the school year is often different from childcare during the summer, thus
questions about childcare in the main NSAF study that were asked during the summer had to be
modified to reference a time during the regular school year. In the main study, there were two
different versions of the child care questions for the summer months. One of the summer month
versions (that asked about child care in the reference month of May) was used in the Milwaukee
study.
Training

A one and one-half day training was held in Milwaukee on July 15 and 16, 1999. Eight
interviewers attended training. Another interviewer who was familiar with the main NSAF study
was trained individually by a senior interviewer. Training consisted of lectures, hands-on roleplays, and practice exercises. The major presentations focused on converting refusals and
gaining cooperation, using the materials, and making connections to Westat’s Telephone
Research Center (TRC) to carry out the interview.
During the evening of July 15, trainees were paired with Westat observers for actual fieldwork.
The group reconvened on July 16 for a debriefing. The agenda is shown as Attachment 1.
Telephone interviewers were briefed on the procedures on July 15.
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Interviewer Materials

Many of the materials developed for the Milwaukee experiment were modifications of Cycle 2
materials. These are described below.
Household Folder (HHF).

A household folder was prepared for each telephone number . This multi-purpose folder was
used to introduce the study, record whether we had contacted the correct household, and keep
track of appointments and contacts. It contained the case label(s), introductory script to use with
the respondent, questions to confirm the address/telephone match, a follow-up question
concerning telephone ownership, as well as sections to record information on future
appointments and to keep a record of calls. (Attachment 2)
There were up to two address labels on each folder. Addresses were obtained from two look-up
services. If both companies provided an address, two labels were placed on the folder, even if
both addresses were the same.
Household Information Sheet. Stored inside the Household Folder was a Household
Information Sheet that summarized the Telephone Research Center’s (TRC) efforts to
contact the household (Attachment 3). Its purpose was to familiarize the in-person
interviewer with the reason for non response prior to approaching the door.
Internet Map. To help the interviewer locate each address, Westat provided a map
generated from the Internet. In addition, Westat distributed a detailed, laminated map of
the Milwaukee area to each interviewer. (Attachment 4)
Introduction Letter. Interviewers carried with them a brief letter on NSAF letterhead
which stated the purpose of the visit and stressed that no one was selling anything.
(Attachment 5)
Brochure. The NSAF brochure that was used in the main study was also used in the
Milwaukee experiment. (Attachment 6)
Findings Sheet. In order to legitimize the study, interviewers had a one page handout
that summarized study results in Wisconsin during Cycle 1 of the NSAF. (Attachment 7)
Sorry I Missed You card. This card was used to notify the household that an
interviewer had stopped by and will do so again at a later date. It specified that the study
was important to Milwaukee and all of Wisconsin. (Attachment 8)
Data Collection Procedures

Data collection took place between July 15 and September 28, 1999.
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The interviewer’s first job was to verify if the telephone number on the label served the
household at the address. If so, an interview was attempted. If not, and if there was more than 1
label on the household folder, the interviewer went to the second address to determine if the
telephone number served that address. If so, an interview was attempted. If not, the case was
closed out as a non-match. Records were kept so that non-matches could be determined by
address source.
As part of the verification process interviewers asked if the telephone number on the label was a
working telephone number at the label address at any time between February 15 and June 30,
1999 which was the TRC data collection field period for this sample. If the answer was yes, an
interview was attempted at the household. If the answer was no, the case was considered a nonmatch.
When the address and telephone number were linked, the in-person interviewer explained to the
respondent that the interview would be conducted by telephone with an interviewer in Frederick,
Maryland. The respondent was offered the choice of using their own telephone to dial an 800
number or a cellular telephone. Most chose to use their own telephone.
Each household that agreed to participate received a $25 payment. Interviewers were given the
flexibility to offer more money, if necessary. The payment was presented as a gift to the
household rather than an incentive for a particular person. Once the telephone screener was
completed, the TRC interviewer asked to speak with the field interviewer. At that time, the field
interviewer paid the incentive and left the household, providing privacy to the respondent as
he/she answered the survey. Follow-up calls, if necessary, were initiated by the TRC.
If the interview was conducted on a cellular telephone the field interviewer waited through the
interview in order to retrieve the telephone at the end.
As a quality control check over 10 percent of each in-person’s work was validated by the field
supervisor.
Analysis of Address Information

As noted above, eligible households included those for which there was an address. The
addresses were obtained at the beginning of the NSAF field period by sending the randomly
generated telephone numbers to two different reverse directory services – Telematch and
Acxiom. When the interviewers contacted households during the Milwaukee experiment, a
procedure was implemented that attempted to confirm whether the address originally provided
by the matching services corresponded to the sampled telephone number. This procedure
provides data on the accuracy of the information provided by these matching services and which
of the two services provides the best information.
There are several potential problems with using the address services. The first, and most
obvious, is that the services may not be able to match a telephone number at all. As noted above,
the sample for the experiment only included addresses that had at least one matching address. Of
these numbers, a larger percentage of cases matched to Axciom than to Telematch. This is
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shown in Table 4A-1, which provides a breakdown of the numbers included in the sample, by
whether they matched to each of the two matching services. There is substantial overlap
between the two sources, with 61% matching to both. However, there is a substantial number
that only match to a single source, with 13.5% matching just to Telematch and 25.7% matching
to just Axciom.
A second problem with the addresses is they may not correspond to the telephone number
selected into the sample. Table 4A-2 provides a cross tabulation of the extent to which the
addresses provided actually matched to the telephone number submitted to the services. As
noted above the interviewers attempted to confirm that the addresses corresponded to the
telephone numbers in the sample. If the address did not match the telephone number, an
interview was not conducted. As can be seen from Table 4A-2, for 34 of the addresses in which
there was a Telematch address and 40 of the Acxiom addresses, the interviewer could not
determine whether or not there was a match. Most of these were due to refusals to the initial prescreening interview.
Of those addresses for which we could determine a match, 36% of the Telematch
(86/(86+82+70)) and 52% (122/(122+74+36)) of the Axciom addresses corresponded to the
sampled telephone number. The denominator for these percentages include those telephone
numbers for which no address was ever returned by each respective source. Some of this
difference, therefore, is due to the larger percentage of cases for which the Acxiom provided a
match in the original submission. However, even controlling for whether there was an address
provided, the Acxiom address provided better information. Among the 168 addresses Telematch
provided an address and the interviewer could collect the information, 51% (or 86) were found to
be correct. Among the 196 addresses provided by Acxiom, 62% were found to be correct.
One fear has been that many of the “extra addresses” that Acxiom provides are not up to date and
do not match the telephone numbers. While this is the case to some extent, these results indicate
that a very large proportion of the “Acxiom-only” addresses are accurate. Acxiom provided
matching information for approximately half of the phone numbers where Telematch did not
even provide an address (32 out of 62). This compares to Telematch, which matched 22% (7 of
31) cases that Acxiom could not provide an address.
Acxiom also provides slightly better information for the addresses in which both sources provide
information. Of the 133 (73+6+17+37 = 133) telephone numbers where both sources provided
an address and a match could be determined, 67% (90/133) of the Acxiom addresses matched
compared to 59% (79/133) for Telematch.
Of the two sources of information, Acxiom provided the most information by matching to more
telephone numbers and it provided the most accurate information for those addresses that were
provided. This last result supports the procedure currently implemented of giving the Axciom
address the highest priority when both sources provide an address. There seemingly is still some
payoff to Telematch, since this source does match to a small percentage of telephone numbers
that Acxiom does not. However, the results above indicated that the match rate for these types of
numbers was very low. Of the numbers that Telematch was the only provider, only 16% resulted
in a match.
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These results are based on a sample of cases selected from non-completed cases from the NSAF.
We suspect that one reason for a non-complete on the NSAF was the failure to receive prenotification letters or any incentives that were mailed for refusal conversion. This likely
increases the number of telephone numbers that do not match for the present study compared to a
representative sample of all telephone numbers which were used on the NSAF. If this is true,
therefore, the percentages noted above should be considered underestimates of the actual match
rates in the entire sample.3
A final question of interest is the accuracy of the matching services by different result codes.
Table 4A-3 shows whether any type of match occurred from either source by five basic result
codes: 1) Language issues (LH, LM, LP), 2) maximum calls (MC), 3) no answer (NA), 4)
Answering machines (NM, NO) and 5) refusals (R3, RB, RM, RX). For purposes of this table, a
case was eliminated from the analysis if at least one of the sources had missing data because the
interviewer could not determine if a match occurred. The two largest categories are for “no
answers” and “refusals”. For the no-answers, 31% (23/74) ended up matching the telephone
numbers. At first glance, this seems quite high, since assumptions about residential status of
these numbers are below 10% using the most current methods for computing response rates
(Brick, et al., 1999). However, this does not account for the fact that the sample excluded all the
NA’s that did not have an address, which is approximately 68%. Once accounting for this nonmatch rate, therefore, the percentage that actually matched to all NA’s in the study is
considerably lower (31% x 32% = 9%).
The refusals show a relatively high percentage of cases that match (76%). Again, this is
somewhat deceiving, since this does not account for the percentage of these cases that do not
match to a service and were excluded from the study sample (39% of refusals did not match to an
address source). Combining these two results indicates that 46% of the households coded as
final refusers have been mailed incentives to the correct addresses. Put another way, the
percentage of households that we are not able to send materials to prior to calling is 54%. This
implies that for significant reduction of this portion of the non-response, we clearly need to find
methods that do not rely on mailing information. A very large percentage of this population
simply cannot be reached by this method.
Very little can be said for the other result codes, given the small sample sizes in each type.
A final issue examined was whether the timing of the initial address matches had an effect on the
results discussed above. The request to Acxiom was made once the field period for the cycle
telephone interviews began. Several months had elapsed by the time the Milwaukee experiment
was conducted. To get a sense of this, the 92 addresses that were non-matches in the Milwaukee
experiment (see Table 4A-3) were re-submitted to Acxiom and compared to the address
information that was present during the field period. The match found that 20 of the 92 addresses
yielded different information from the original Telematch or Acxiom requests. Fifty cases had
3

A second reason not to take the percentages too literally is that result codes were sampled at different rates for the
experiment. Most of the sample was a mix of NA’s and refusals (see Table 3 below). The former are much less
likely to have a match, while the latter will be more likely to match. To reflect the actual rates in the sample, the
data should be weighted by the probabilities of selection.
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the same address information between the new and old requests and twenty of the cases did not
yield any address at all in the new request.
Table 3C-1.
Source of Address for Milwaukee Sample

Source of Address
Both Telematch and Acxiom

166

61.0%

Telematch Only

36

13.2%

Acxiom Only

70

25.7%

Table 3C-2.
Match between address and telephone number by source of address
Acxiom

Address
Match
Telematch
Address Match

Address
Address
Non-Match Not Provided

Could Not
Determine

Total

73

6

7

0

86

Address
Non-Match

17

37

24

4

82

Address Not
Provided

32

30

0

8

70

0

1

5

28

34

122

74

36

40

272

Could Not
Determine
Total
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Table 3C-3.
Match Between Address and Telephone Number by Final NSAF Result+

Match

No Match

Total

NSAF Result

Total

Answering Machine

8

4

12

Language Problem

6

2

8

Maximum Call

5

7

12

No Answer

23

51

74

Refusal

93

28

121

135

92

227

+ Excludes any cases where interviewer could not determine whether the address matched to the
telephone number.
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REPORT ON THE NSAF CYCLE 2 CAPTURE/RECAPTURE STUDY
Mike Brick, Nancy Vaden-Kiernan, Carl Fowlkes, and Pat Cunningham, Westat
Introduction

The National Survey of America’s Families (NSAF) focuses on the economic, health, and social
characteristics of children, adults under the age of 65, and their families. The NSAF has had two
cycles of data collection. The first was in 1997 (Cycle 1) and the second was in 1999 (Cycle 2).
Both cycles had both a telephone and an in-person protocol. These are described in two recent
methods reports—Telephone Survey Methods for the 1999 NSAF, Report No. 6, and In-Person
Methods for the 1999 NSAF, Report No. 5.
This memo report describes an experiment within the NSAF telephone sample, called the
“Capture/recapture Study,” that was conducted during Cycle 2 of the study. Data collection for
the experiment was conducted between August 25, 1999, and October 18, 1999.
The experiment was developed to provide a different way of examining nonresponse in the
NSAF. In Cycle 1, a traditional follow-up study of nonrespondents was conducted, in which
nonresponding households were recontacted by a different data collection organization using an
abbreviated instrument. This follow-up study is described, along with some analysis of the
results, in Early Nonresponse Studies of the 1997 National Survey of America’s Families, Report
No. 7.
A goal of the current methodological investigation is to probe the nature of nonresponse by
trying to estimate the percentage of telephone households that may never be willing to participate
in a telephone survey. Another goal is to examine the characteristics of nonrespondents to the
original survey along the same lines of the follow-up study of Cycle 1, albeit using a reduced
sample size. Because the ideas associated with the second goal are well-known, only the
methodology associated with trying to attain the first goal is discussed below.
The study is an experiment to use capture/recapture methods for nonresponse in a novel way.
Assume that the population is closed, so that the households are constant over the time of the
original interview and the experimental follow-up reinterview. Once the study is completed,
households can be cross-classified by their response status to the original and the reinterview.
Under some further assumptions commonly stipulated in capture/recapture studies, the overall
population total can be estimated from the number of respondents in the cross-tabulation. In
other words, the number of nonresponders (nonresponse to both the original and reinterview) can
be estimated. If some households would never respond to the telephone survey under any
circumstances, then the estimate from the experiment would underestimate to the total
population. The experiment would provide estimates of the number of nonrespondents who
might have responded to some RDD survey. Thus, under these assumptions, the number or
percentage of “never responders” can be estimated. This estimate is valuable in the study of
nonresponse bias because it provides a bound on the percentage of households for whom we
know virtually nothing. The characteristics of the other nonresponding households can be
inferred to be similar to the households that responded to only the reinterview.
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Sample

The sample for the study contained exchanges that were in existence during Cycle 1 of the study
in 1997 but that were not sampled until Cycle 2. In order to minimize the number of previous
contacts from the survey, exchanges that were sampled in 1997 were not used. In addition,
because of the small number of cases, exchanges that were new to Cycle 2 and not in existence
during Cycle 1 were not used. See Sample Design for the 1999 NSAF, Report No. 2 for more
information of the telephone sampling methods used in the Cycle 2 survey.
Within each of six strata, an equal probability sample was selected. Strata were first formed by
whether the cases were inside or outside of Milwaukee, Wisconsin. This division was part of the
design because another study during Cycle 2, called the “Milwaukee experiment,” was being
done to determine whether households that did not respond to the RDD study would respond to
in-person data collection. The sample in Milwaukee was included in the capture/recapture study
to gain additional analytic power to examine nonresponse in the same area.
The six strata of the sample for the capture/recapture study were the cells formed by crossing
Milwaukee/not in Milwaukee, with (1) initial cooperators and ineligibles (e.g., households with
only persons over 65 years old); (2) converted and ineligible cases after an initial refusal; and (3)
final nonresponse. Cases were stratified according to their outcomes in the main NSAF outcomes
from Cycle 2. Respondents were defined as those with complete screening interviews and those
who were ineligible in the original Cycle 2 study. The initial cooperators and the converted
respondents were both respondents, but the initial cooperators were those who never refused to
participate in the main study. Nonrespondents were refusals, those who received the maximum
number of calls according to study protocol, those who never answered but had answering
machines, and other non-response in the Cycle 2 main study.
Some telephone numbers were excluded from the experiment: language problem cases, nonworking cases, nonresidential business cases, non-working tritone matches (determined by a
computer system that dialed telephone numbers to detect the tritone signal and eliminate those
that were nonworking), duplicate cases, hostile refusals, and cases for which the telephone was
never answered (NA).
A stratified systematic sample was selected from all the cases that fit the criteria listed above.
Five sub-strata were created within each of the three main sampling strata. The five sub-strata
were quintiles of the first contact date in Cycle 2 within each category. The cases within each
category were ordered with a serpentine sort by last contact date in Cycle 2 with a carry-over
start.
The sampling frame for the study included two release groups from the main Cycle 2 study,
where each release group is a random subset of 2,000 telephone numbers that are released for
telephone contact at about the same time. For almost all cases in the follow-up, the first two
release groups (sometimes called the predictor and hopeful release groups) constituted the
sampling frame. Release groups 4 and 5 (the next set of telephone numbers released in the Cycle
2 main sample) were used for the listed nonrespondents in Milwaukee. This was done so that
there would be no sample overlap between the capture/recapture cases and for the Milwaukee
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experiment (which only had cases from Milwaukee for telephone numbers of listed
nonrespondents).
The final number of sampled households and the result of the reinterview follow-up are shown in
table 4B-1. Table 4B-2 shows the percentage distribution. Of the sample of 2,000 cases, 906, or
45 percent, were completed. The cases that were initial cooperators in the main study had a much
higher completion rate (70 percent) than those that were converted respondents (51 percent), and
the rates for nonrespondents in the main study were still lower (26 percent). This relationship, in
terms of rates of completing the follow-up interview, was expected. The rates of completing the
cases in Milwaukee and the other sites varied only slightly, again in line with expectations.
Table 3D-1.
Number of Cases, by Stratum and Disposition, Capture-Recapture Experiment
Reinterview study result dispositions
Total
Milwaukee
Other sites
Main study result
Total Comp.1 Nonres. Total Comp. Nonres. Total Comp. Nonres.
Total
2000
906
1094
253
121
132
1747
785
962
Initial cooperators
600
421
179
75
60
15
525
361
164
Converted respondents
500
254
246
65
32
33
435
222
213
Nonresponse
900
231
669
113
29
84
787
202
585
1

“Comp.” means completed interviews. “Nonres.” Means nonresponse.

Table 3D-2.
Percent of Cases by Stratum and Disposition, Capture-Recapture Experiment
Reinterview study result dispositions
Total
Milwaukee
Other sites
Main study result
Total Comp.2 Nonres. Total Comp. Nonres. Total Comp. Nonres.
Total
100.0% 45.3% 54.7% 100.0% 47.8% 52.2% 100.0% 44.9% 55.1%
Initial cooperators
100.0% 70.2% 29.8% 100.0% 80.0% 20.0% 100.0% 68.8% 31.2%
Converted respondents 100.0% 50.8% 49.2% 100.0% 49.2% 50.8% 100.0% 51.0% 49.0%
Nonresponse
100.0% 25.7% 74.3% 100.0% 25.7% 74.3% 100.0% 25.7% 74.3%
2

“Comp.” means completed interviews. “Nonres.” means nonresponse.

Questionnaire

The questionnaire for the study was administered using CATI (Computer-Assisted Telephone
Interviewing). Appendix A contains a copy of the questionnaire. Some of the content of the
questionnaire (e.g., background factors such as household composition and race/ethnicity) was
based on items used for the study of non-response that was conducted during Cycle 1. Other
content was added to obtain information that could explain non-response, such as respondents’
opinions about the importance of research surveys, how much time they feel they have, and how
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they feel about opinion pollsters. Questions were also asked about their opinions about
government. In addition, questions were asked about the number of telephone numbers in the
household that were used for non-voice communication (e.g., telephone lines used only for
computers). The average time to complete the interview was 8.3 minutes.
Data Collection

Data collection for the capture/recapture study was conducted by the University of Maryland’s
Survey Research Center. The reasons for having a different data collection organization for the
follow-up are very similar to the reasons that the nonresponse follow-up study in Cycle 1 was not
conducted by Westat. It was important that the follow-up study be as independent of any issues
that may have arisen in the original NSAF survey as possible. Sample cases in the main study
were mailed letters, brochures, and incentives and were called repeatedly to obtain their
cooperation. By having a different data collection organization perform the follow-up, it was
hoped that some of the effects of these efforts could be isolated. To further this objective, the
sponsor of the follow-up survey was also changed. Child Trends was the sponsor for the followup survey.
The University of Maryland conducted a pretest, a pilot study, and the main data collection for
the study. These efforts, along with other data collection procedures and outcomes are described
in the Survey Methods Report, SRC Project #1381, given in Appendix B.
Some of the most important procedures for the follow-up study are described below.
Respondent Selection. In the main study, specific persons in the household were sampled and
asked to complete the extended interview. In the follow-up, any adult member of the household
could complete the interview. The use of any adult member was chosen to enhance the response
rate in the follow-up because the sampling and interviewing of randomly selected members has
been shown to result in a substantial reduction in the rate.
Number of calls. Cases were called nine different times on different days.
Spanish language. Bilingual interviewers were hired and trained for Spanish-speaking
households.
Refusal conversion. Refusals were held for 10 days, and one refusal conversion attempt was
made.
Letters. Letters were sent to aid in refusal conversion. In order to distinguish this letter from
those associated with the main NSAF study, money was not included and the letters were sent
priority mail rather than by an overnight service, as they were in the main study. The letters were
on the University of Maryland’s letterhead.
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Data Analysis File

The data file for the study has an identification number that can be linked back to the original
survey. A new data file will be created that merges the data collected in the main study with the
data collected in the follow-up. The analysis of the file may take into account the stratum from
which the household was sampled, because a variable on the file indicates the sample from
which the household was sampled. The analysis file may be supplemented with other data to
provide more complete analysis of the data.
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Appendix A
University of Maryland’s National Survey of Opinions
Hello, my name is ________. I’m calling from the University of Maryland. We are doing a
study of how people feel about various issues. The questions take only a few minutes.

1.

[VERIFY IF NECESSARY] Are you a member of the household and at least 18 years
old?
YES.......................... 1
NO........................... 2 (ASK FOR SOMEONE WHO IS 18 AND
A HOUSEHOLD MEMBER, THEN
REPEAT)

2.

Is there anyone in your household who is under 65 years of age?
YES.......................... 1 (GO TO Q3)
NO........................... 2 (GO TO 2a)

2a.

Is your telephone number —- (VERIFY PHONE#)?
PHONE # VERIFIED/CORRECT ............ 1
PHONE # INCORRECT ............................2 —> [IWER: IF MIS-DIAL, HANG
UP AND REDIAL]

3.

Have you had this telephone number, (PHONE NUMBER), since January 1997?
[IF R MENTIONS THAT THE PHONE NUMBER IS THE SAME BUT THAT THE
AREA CODE HAS CHANGED, CODE ‘YES’]
YES.......................... 1
NO........................... 2

[IWER: This interview is confidential and completely voluntary—if we should come to any
question that you don’t want to answer, just let me know and we’ll go on to the next question.]
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Now I have some questions about your opinions on several subjects.
4.

How important do you think it is that research is done about education, health care and
services in {STATE}. Would you say it is...
Extremely important, ...........................
Very important, ....................................
Somewhat important, ...........................
Not too important, or.............................
Not important at all? .............................

4b.

1
2
3
4
5

For each of the following statements, please tell me if you strongly agree, somewhat
agree, somewhat disagree, or strongly disagree with each statement.
Research surveys help improve the way government works. Do you...
Strongly agree, .......................................
Somewhat agree, ....................................
Somewhat disagree, or............................
Strongly disagree? ..................................

5a.

People like me don’t have any say about what the government does. Do you...
Strongly agree, .......................................
Somewhat agree, ....................................
Somewhat disagree, or............................
Strongly disagree? ..................................

5b.

1
2
3
4

People have lost all control over how personal information about them is used. Do you...
Strongly agree, .......................................
Somewhat agree, ....................................
Somewhat disagree, or............................
Strongly disagree? ..................................

5c.

1
2
3
4

1
2
3
4

In general, how do you feel about your time? Would you say you...
Always feel rushed even to do things you have to do, ........................ 1
Only sometimes feel rushed, or............................................................ 2
Almost never feel rushed? ................................................................... 3

Next I have some background questions about your household.
7. Is this home or apartment ...
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Owned or being bought by someone in your household, or..........
rented for cash, or..........................................................................
occupied without payment of cash rent?........................................

1
2
3

[IWER IF NECESSARY, PROBE TO DETERMINE IF R RENTS OR OWNS HOME]
8.

How long have you lived in this home?
MONTHS ______
YEARS ________

[ASK 8A IF ANSWER TO 8 IS LESS THAN 1 YEAR; ASK 8B IF ANSWER TO 8 IS LESS THAN 5 YEARS.
ELSE GO TO 9.]

8a.

How many different places (homes, apartments, and other dwellings) have you lived in
the last year?
_______________ NUMBER

8b.

How many different places (homes, apartments, and other dwellings) have you lived in
the last five years?
_______________ NUMBER

9.

Now think about all the people who usually live in this household, including those who
are not members of your family. Including yourself, how many people live in this
household?
_______________ NUMBER
READ PROBE:

Did you include everyone who usually lives there, even those who
may be temporarily away on business, vacation, in a hospital, or
away at school?

[HOUSEHOLD MEMBERS INCLUDE PEOPLE WHO THINK OF THIS HH AS THEIR
PRIMARY PLACE OF RESIDENCE. IT INCLUDES PERSONS WHO USUALLY STAY IN
THE HH BUT ARE TEMPORARILY AWAY ON BUSINESS, ON VACATION, IN A
HOSPITAL, OR AWAY AT SCHOOL. IT ALSO INCLUDES CHILDREN WHO USUALLY
LIVE THERE BUT ARE TEMPORARILY AWAY STAYING WITH RELATIVES,
FRIENDS, OR AT A SUMMER PROGRAM.]
10.

How many adults age 18 to 64 live in the household?
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__________________ NUMBER
10a.

(IF Q10 GT 1: Are any adult household residents/IF Q10 = 1: Are you) usually at home
most of the day; that is, between 6 a.m. and 6 p.m.?
YES.......................... 1
NO........................... 2

10b.

(IF Q10 GT 1: Are any adult household residents/IF Q10 = 1: Are you) usually at home
most of the evening; that is, between 6 p.m. and 10 p.m.?
YES.......................... 1
NO........................... 2

11.

Including everyone who usually lives there, such as family, relatives, friends, or boarders,
are there any children or teens in the household who are less than 18 years old?
[IWER: INCLUDE EVERYONE UNDER 18 REGARDLESS OF RELATIONSHIP TO
OTHERS IN THE HH.]
YES................................................. 1
NO.................................................. 2 (GO TO Q15)

12.

How many children under age 6 live in this household?
__________________ NUMBER

13.

How many children or teens between the ages of 6 and 17 live in this household?
__________________ NUMBER

[RANDOMLY SELECT ONE CHILD FROM HOUSEHOLD IN ONE OF THE TWO AGE GROUPS. FIRST,
RANDOMLY SELECT AGE GROUP—EITHER UNDER AGE 6 IN QUESTION 12, OR BETWEEN AGES 6
AND 17 IN QUESTION 13. SECOND, IF THERE ARE MULTIPLE CHILDREN IN THE SELECTED AGE
GROUP, RANDOMLY SELECT WHETHER PROGRAM WILL ASK ABOUT THE YOUNGEST OR THE
OLDEST CHILD IN Q14 BELOW. IF THERE IS ONLY CHILD IN THE SELECTED AGE GROUP, ASK
ABOUT THAT CHILD.]

14.

(IF THERE IS MORE THAN ONE CHILD IN THE SELECTED AGE GROUP: You’ve
told me that you have [NUMBER OF CHILDREN IN SELECTED AGE GROUP]
children (younger than 6 years old/ between 6 and 17 years old)).
I have some questions about the (IF OLDEST CHILD SELECTED: oldest child/IF
YOUNGEST CHILD SELECTED: youngest child/IF THERE WAS ONLY ONE
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CHILD IN THE SELECTED AGE GROUP: the child) (who is less than 6 years old/who
is between 6 and 17 years old) in your household. What first name or initials should I use
when asking about this child?
____________________ (CHILD NAME/INITIALS)
[ASK Q15 AND Q16 ABOUT R IF NO CHILDREN IN HOUSEHOLD; ASK Q15 AND Q16 ABOUT CHILD
LISTED IN Q14 IF THERE ARE CHILDREN IN HH]

15.

At this time, (is CHILD/are you) covered by any health insurance?
YES...................................... 1 (GO TO Q17)
NO........................................ 2

16.

I want to make sure I have that right—(CHILD/you) (has/have) no insurance.
That means (CHILD/you) (is/are) not covered by insurance from a current or former
employer or union, insurance purchased directly from an insurance company, Medicare,
CHAMPUS, CHAMP-VA, VA, other military health insurance, Indian Health Service,
Medicaid [STATE DISPLAY], or some other type of coverage. Is that correct?
CHILD/R DOES NOT HAVE COVERAGE................
CHILD/R HAS COVERAGE ......................................

17.

1
2

Please think about the members of your family who live in your household. In 1998, did
anybody receive food stamps?
[IWER IF ONLY ONE HH MEMBER READ: In 1998, did you receive food stamps?]
YES..................................... 1
NO....................................... 2

18a.

Now I’d like you opinion of some people and organizations. As I read from a list, please
tell me which category best describes your overall opinion of who or what I name.
First, would you describe your opinion of Congress as...
Very favorable, ......................................
Mostly favorable, ...................................
Mostly unfavorable, or...........................
Very unfavorable? .................................
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1
2
3
4

18b.

How about the Democratic party. Would you describe your opinion of the Democratic
party as...
Very favorable, ......................................
Mostly favorable, ...................................
Mostly unfavorable, or...........................
Very unfavorable? .................................

18c.

The Republican party? [Would you describe your opinion as...]
Very favorable, ......................................
Mostly favorable, ...................................
Mostly unfavorable, or...........................
Very unfavorable? .................................

18d.

Now I have some questions about you.
Do you have a high school diploma or GED?
YES....................................
NO......................................

20.

1
2

Are you of Spanish or Hispanic origin?
YES....................................
NO......................................

21.

1
2
3
4

Telemarketers? [Would you describe your opinion as...]
Very favorable, ......................................
Mostly favorable, ...................................
Mostly unfavorable, or...........................
Very unfavorable? .................................

19.

1
2
3
4

Opinion pollsters? [Would you describe your opinion as...]
Very favorable, ......................................
Mostly favorable, ...................................
Mostly unfavorable, or...........................
Very unfavorable? .................................

18e.

1
2
3
4

1
2

What is your race?
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1
2
3
4

[PROBE BY READING CATEGORIES IF NECESSARY]
[IF R SAYS “NATIVE AMERICAN” VERIFY BY ASKING;
“I am recording this as American Indian—is that right?”
(IF YES, CODE “3”)
WHITE.......................................... 1
BLACK......................................... 2
AMERICAN INDIAN/
ALEUTIAN OR ESKIMO............ 3
ASIAN/PACIFIC ISLANDER..... 4
OTHER (SPECIFY)
__________________________ .. 5
22.

What is your age?
___________________ YEARS

23.

Are you now employed at a job or business?
[IF SUBJECT HAS A JOB BUT IS NOT AT WORK (SICK, VACATION, STRIKE,
BAD WEATHER), COUNT AS EMPLOYED]
YES..................................... 1
NO....................................... 2 (GO TO Q25)

24.

Including self-employment and all jobs you have now, how many hours per week do you
usually work?
[IWER: INCLUDE OVERTIME IF IT IS USUALLY WORKED.]
___________________ HOURS WORKED PER WEEK

25.

Do you have a spouse or partner that lives in this household?
YES..................................... 1
NO....................................... 2

26.

In what country were you born?
[PROBE:

What area of the world are you from? For example:
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Mexico, Central America, South America, Middle East, Asia, Africa,
Europe, Caribbean, or Canada. USE 91. “OTHER” TO RECORD
RESPONSE.]
1.
2.
3.

4.
5.
6.

28.

UNITED STATES
7.
PUERTO RICO
8.
OTHER U.S. TERRITORY 9.
(AMERICAN SAMOA,
10.
GUAM, MARSHALL
11.
ISLANDS, NORTHERN
12.
MARIANAS ISLANDS
13.
OR U.S. VIRGIN ISLANDS) 14.
CANADA
15.
CHINA
16.
CUBA
91.

DOMINICAN REPUBLIC
EL SALVADOR
GERMANY
INDIA
JAMAICA
KOREA
MEXICO
PHILIPPINES
RUSSIA
VIETNAM
OTHER—SPECIFY___________
__________________________

Besides (PHONE NUMBER), did you have any other telephone numbers in this
household between February 15 and June 30?
YES..................................... 1
NO...................................... 2 (GO TO Q29)

28a.

How many other telephone numbers did you have between February 15 and June 30?
________________ NUMBER (if 0, DK or REF, go to Q29)

28b.

Sometimes telephone lines are used just for a computer and are not actually used to talk
to other people. (IF 28a = 1: Was this telephone line/IF 28a GT 1: Were any of these
telephone lines) only used for a computer?
YES..................................... 1 (IF 28a GT 1, GO TO 28c. ELSE GO TO 28d)
NO...................................... 2 (GO TO Q28d)

28c.

How many were just for a computer?
________________ NUMBER

28d.

If (IF 28a = 1: the other telephone line that you had besides (PHONE NUMBER)/IF 28a
GT 1) one of the telephone lines that you had besides (PHONE NUMBER) rang, would
you have answered it?
YES..................................... 1 (IF 28a GT 1, GO TO 28e. ELSE GO TO 29)
NO...................................... 2 (GO TO Q29)
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28e.

How many of these would you have answered?
________________ NUMBER

29.

For 1998, was the total income for everyone in this household, before taxes, below
[TABLE A POVERTY THRESHOLD] or above [TABLE A POVERTY
THRESHOLD]?
[IWER IF ONLY ONE HOUSEHOLD MEMBER READ: For 1998, was your total
income, before taxes, below or above ...]
BELOW OR EQUAL TO AMOUNT FROM TABLE A..
ABOVE AMOUNT FROM TABLE A.............................

1
2

Those are all the questions I have. Thank you very much for taking the time to do the survey.
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Table 3D-3.
1998 Poverty Threshold Amounts

Table A (200 Percent Poverty Thresholds)
Household size
(Q9)

Threshold for
families with
children
(Q11 = 1)

Threshold for
families without
children
(Q11 = 2)

1

$17,000

$17,000

2

$22,000

$22,000

3

$26,000

$25,000

4

$33,000

$34,000

5

$39,000

$41,000

6

$44,000

$47,000

7

$50,000

$54,000

8

$56,000

$60,000

9+

$66,000

$72,000

DISPLAY FOR Q27/33b

DISPLAY

“or Medical Assistance”
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ALASKA
ARKANSAS
COLORADO
DELAWARE
D.C.
GEORGIA
HAWAII
IDAHO
KENTUCKY
LOUISIANA
MAINE
MARYLAND
MASSACHUSETTS
MICHIGAN
MINNESOTA

“or Medi-Cal”

NEW JERSEY
OKLAHOMA
PENNSYLVANIA
RHODE ISLAND
SOUTH CAROLINA
TEXAS
VIRGINIA
WASHINGTON
WISCONSIN
CALIFORNIA

“or Medi-Kan”
“or Welfare”

KANSAS
OREGON

BLANK

OTHERWISE
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Appendix B
Child Trends
SRC Project #1381
Survey Methods Report
December 11, 1999
The Survey Research Center
University of Maryland, College Park
Summary

A pretest was conducted on August 18, from which 10 interviews were completed. The pretest
sample was not part of the sample provided by Westat. Following the pre-test, a pilot study was
conducted using 100 eligible households from the Westat sample. Fifty (50) interviews were
completed. All of the sample used for the pilot study, including non-interviews, was carried over
into main data collection and included in the report below.
On August 25, main data collection began. Interviewer training was completed one day prior to
main data collection. Clients monitored interviewers on September 2nd and September 9th.
Suggestions were made about interview administration; interviewer training was updated
accordingly.
Three hundred forty-seven (347) refusal conversion letters were sent out on October 6th.
Fourteen (14) of these letters were returned with bad addresses. Interviewing was completed on
October 18th. The total number of completed interviews is 906. The status of the sample and
survey rates are provided below.
Sample Status

On August 25th the total sample of 1,999 phone numbers was released. Two hundred fourteen
(214) telephone numbers have been verified as non-households (businesses, group homes, etc.)
and another 19 numbers have unknown household status. The eligible sample consisted of 1,766
households. Households that interviewers were not able to contact were considered to be eligible.
The following table shows the final status of the sample.
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Table 3D-4.
Final Distribution of Total Sample.
Total
Initial Sample

Percent

1,999

100%

Identified ineligible

214

13%

Don’t know eligibility

19

1%

Identified eligible

1,766

100%

Interviews

906

51%

Refusals

600

34%

Non-contacts
Other (language,
illness, etc.)

219
41

12%
2%

Survey Rates

The mean interview length was 8.32 minutes, compared with the expected interview length of 6
minutes. Very few interviews have deviated from this average length. The final cooperation rate
for the households that were contacted was 60.2 percent. Cooperation rate is calculated by
dividing the number of completed interviews (906) by the sum of completed interviews and
refusals (906 + 324 + 276 = 1506). The total number of refusals (600) includes 36 partial
interviews and an additional 240 temporary refusals. The response rate was 51.3 percent
(906/1,766).
A refusal conversion letter was sent before the remaining refusals were re-contacted. This aided
interviewers in gaining cooperation: 189 (36 percent) initial refusals were converted to
completed interviews. However, due to the nature of the sample, there were still large number of
final refusals, as expected.
Spanish-Speaking Interviews

The need for Spanish-speaking interviewers was met. Three bi-lingual interviewers were hired
and trained to conduct interviews for Spanish-speaking households. Twenty (20) interviews were
completed in Spanish. The cooperation rate for Spanish-speaking respondents was 69 percent
[20/(20+3+6)]. The response rate was 62.5 percent (20/32).
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Table 3D-5.
Final Distribution of Spanish-Speaking Sample
Total

Percent

34

100%

Identified ineligible

2

6%

Identified eligible

32

100%

Interviews

20

63%

Refusals

9

28%

Non-contacts

3

9%

Initial Sample
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