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1. Introduction

The National Immunization Program is currently
engaged in an effort in 78 areas throughout the United
States to raise immunization coverage rates among
young children. These 78 areas consist of either whole
states or sub-state areas, including the District of
Columbia. In order to provide baseline estimates of
immunization rates for children 19 through 35 months of
age and to monitor ‘change in these rates, the National
Immunization Survey (NIS) formerly known as the
State and Local Area Immunization Coverage and
Health Survey, is being conducted in each of the 78
Immunization Action Plan (IAP) areas. Beginning with
the second quarter of 1994 and continuing through the
fourth quarter of 1997, the data collection effort uses
telephone sampling and interviewing methods to conduct
independent quarterly surveysin each of the 78 |IAP
areas. The sample sires are large enough that four
consecutive quarters of survey data can be combined to
provide annualized estimates of the coverage rates for
five antigens (DTP, Polio, MMR, HiB, and Hepatitis B)
within each of the 78 IAP aress.

As described in more detail by Ezzati-Rice et al.
(1995), the data collection methodology and sample
design of the NIS use list-assisted randomdigitdialing
(RDD) methods to sample households for computer
assisted telephone interviews (CATI). The RDD
approach makes it possible to screen for households
containing one or more age-dligible children, and to
conduct the required number of interviews for the iden-
tified age-€eligible children in each quarter. A key
disadvantage of the RDD sampling approach is that it
gives children residing in nontelephone households a
zero probability of selection. Although one can use an
RDD sample to generalize to the population of age-

eligible children in telephone households in a straight-

forward manner, the NIS aims to generdize to the entire
population of age-eligible children residing in
households in each IAP area.

The estimates obtained will be a function of the
estimation techniques used and two other 1AP-specific
factors: (1) the proportion of age-€eligible children
residing in nontelephone households, and (2) the differ-
ence between age-digible telephone and nontelephone
children with respect to vaccination rates. In the United
States as a whole, about 12% of age-€eligible children
reside in nontelephone households. The noncoverage
rate, however, varies considerably among IAP areas,
ranging fromalow of about 2% to ahigh of about 25%.

At anational level the Immunization Supplements
to the 1992 and 1993 National Hedlth Interview Survey
(NHIS) indicate that 19- to 35-month-old children in
telephone versus nontelephone households have vacci-
nation rates that differ by a considerable amount. For
example, 59% of telephone children had received four
or more doses of DTP vaccine, three or more doses of
Polio vaccine, and one or more doses of MMR vaccine,
and were therefore considered up-to-date, whereas only
41% of nontelephone children were up-to-date. More
generally, nontelephone children tend to have lower
rates of vaccination than telephone children.

The substantial numbers of nontelephone house-
holds in many IAP areas and the large differences
between telephone aud nontelephone children’s vaccina
tion rates indicate considerable potential for noncover-
age biasin several IAP areas. Any candidate estimation
technique for the NIS must recognize this potentially
large bias and attempt to adjust for differences between
the telephone and nontelephone groups.  We are
studying three estimation techniques:  simple post-
stratification, modified poststratification, and a model-
based approach. Common to all three techniques is an
initial assignment of base sampling weights and an
adjustment for unit nonresponse.

The first step in the weighting methodology assigns
to each telephone number in an IAP area a base



sampling weight, equal to the reciproca of the proba-
bility of selection. Because the probability of selecting
a household in an RDD sample is proportional to the
number of distinct telephone numbers associated with
the household, we divide a child's base weight by the
number of nonbusiness voice-use telephone numbersin
the child's household (up to a maximum of threg). Unit
nonresponse can occur at several stages in the interview-
ing process, and the amount of information available
about a nonresponding phone number varies with the
stage. We apply a simpliied weighting-class adjustment
methodology, dividing the population into subgroups and
applying multiplicative factors to the weight, for three
categories of noninterviews:. residentia status of the
telephone number unknown, household reached but
nothing more known, and eligible household reached but
nonresponse questionnaire not completed. Thus each of
the three estimation methods starts with the
nonresponse-adjusted base weights.

Sections 2, 3, and 4 discuss simple poststratification
tion, modified poststratification, and model-based esti-
mation, respectively. Section 5 compares the resulting
estimates of immunization coverage and considers some
areas for further research.

2. Simple Poststratification

A widdly-used estimation technique for an RDD
sample is to poststratify the nonresponse-adjusted base
sampling weight. That is, the weighted distribution of
the completed interviews is brought into agreement with
the population control totals for a specific set of
poststratification cells. For the present survey, the
population control totals come from National Center for
Health Statistics natality data files. The general idea
behind poststratification is to select variables that are
related to unit nonresponse and/or noncoverage and are
correlated with the key subject-matter variables. The
natality data indudevariables such as date of birth, race
of mother, Hispanic origin of mother, and education of
mother. These variables, as demonstrated in an analysis
of the 1992 and 1993 NHIS, are related to noncoverage
and vaccination status.

Simple poststratification assumes that the percent-
age vaccinated within each poststratification cell isthe
same for both telephone and nontelephone children. The
NIS produces several estimates of vaccination coverage.
Most can be characterized as uptodate estimates; that
is, achild is considered uptodate if he or she has re-
ceived at least a specified number of vaccinations of a
particular type. One of the primary estimates of vacci-
nation coverage is the percentage of children that are

4:3: 1 up-to-date (i.e., 4 or more DTP, 3or more Palio,
1 or more MMR). Our analysis of the 1992 and 1993
NHIS indicated that the percentage of 19- to 35-month-
old children that are 4:3:1 up-to-date is lower for non-
telephone children than for telephone children within the
categories of the potential poststratifiers. This suggests
that simple poststratification techniques will be only
partialy successful in eliminating noncoverage bias.

Simple poststratification requires population con-
trol totals that correspond to variables collected in the
survey questionnaire. These variables include state and
county of residence, race of child, Hispanic origin of
child, age of child in months, race of mother, Hispanic
origin of mother, and education of mother. The NCHS
natality data are the best source of the desired population
control totals.

The NIS has been used to form estimates of vacci-
nation coverage for Q2, Q3, and Q4 of 1994 combined.
The vital-statistics data for each set of vaccination cov-
erage estimates are defined by choosing the range of
dates of hii that corresponds to children 19 to 35
months of age as of the midpoint of the estimation time
period.

Estimation for Q2,Q3, and Q4 of 1994 used
poststratification cells based on the education of the
mother, the race/ethnicity of the mother, and the age of
the child. The number of cells varied among IAP aress.

Use of the natality datafile to form the required
population control totals has some limitations. First, the
natality file provides a universe of live bii, and
therefore it does not reflect a reduction in the population
of children from infant mortality. To adjust for infant
mortality, state-specific infant mortality rates by race
group are applied to the vital-statistics data.

Second, the natdlity file will not reflect children
born outside the United States who immigrate to this
country before reaching the age of 19 to 35 months.
This immigration increases the population size of chil-
dren, and the effect is likely to vary considerably from
IAP areato IAP area. The Public Use Microdata Sam-
ples (PUMS) from the 1990 Census are used to estimate
the number of two-year-olds in each state who were
born outside the United States.

Third, the natdlity file records state, county, and
city of residence at time of birth. Children may move
from one |AP areato another by the time they reach 19
to 35 months of age. The average annual interstate
migration rate for children in the one- to four-year-old
age group is 3.6%. The PUMS and vital-statistics data
are used to estimate in-migration and out-migration in
each |AP area.



Using the adjustment procedures described above,
the distribution of births is tabulated for the poststratifi-
cation cellsin each IAP area. These counts provide the
population control totals used for Q2, Q3, and Q4 of
1994.

3. MobiriEp  Poststratification

The analysis of the 1992 and 1993 NHIS indicated
that the relationship between telephone ownership and
the various uptodate vaccination coverage variables
cannot completely be accounted for by individual-level
demographic and socioeconomic variables or by county-
level demographic, socioeconomic, and hedth-care-
related variables.  This implies that, within the
poststratification cells developed from the natality data
file, the up-to-date vaccination rates differ between
telephone and nontelephone children. It is therefore
likely that the simple poststratification technique will be
only partially successful in reducing noncoverage bias.
Is there a way to achieve additional bias reduction
within the poststratification framework? At a national
level, the NHIS Immunization Supplement (an in-person
interview survey) can provide estimates of vaccination
rates for telephone and nontelephone children for the
various poststratification cells. This information can in
turn be used to split each poststratification cell into two
subcells. one representing up-to-date children, and the
other representing children who are not up-to-dae.
Poststratification then can be used to adjust the weights
of the children within these subcells. The resulting
weights should yield some further reduction of
noncoverage bhias.

For a given IAP area, the natality data file yields
the number of children in poststratification cell g. This
control total, Ng can be split into estimated telephone
and nontelephone totals by applying (from the 1990
Census) Py, the proportion of children in poststratifica-
tion cell g that reside in telephone households. From N,
and P, one obtains the estimated number of childrenin
nontelephone households, Ny =N (1-B ), and the
estimated number of children in telephone households,
N, =N, P,.

Using the NIS sample of telephone children and
the 1992 and 1993 NHIS national samples of telephone
children, the ratio of the two up-to-date rates on the

4:3: 1 vaccination series was formed:
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whererfsa” is the |AP-specific NIS up-to-date rate for
telephone children in poststratification cell g and 2"
is the corresponding NHIS national uptodate rate.

The NHIS also yields the national up-to-date rate
for nontelephone children in poststratification cell g,
£ @Y With this information, one can develop an esti-
matetof the number of childrenthet are4:3:1 up-to-date
in poststratification cell g of each |AP area:
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Its complement, N, -N*", equals the estimated
number that are not up-to-date. Thus, splitting each
poststratification cell into two subcells alows the chil-
dren to receive a poststratified weight that is a function
of whether they are up-to-date. If certain poststratifica-
tion cells within an AP area tend to have a higher than
average proportion of nontelephone children and the
nontelephone children have a lower 4:3: |-up-to-date rate
than telephone children in that cdll, the not-up-to-date
children in that cell will receive a higher poststratifica-
tion weight adjustment than the children who are up-to-
date.

Some algebraic manipulation gives the modified
poststratification adjustment factor in the up-to-date
subcell,
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and a somewhat more complicated expression in the not-
uptodate subcell.

Although themodified poststratification technique
offers the potential for a greater reduction of noncover-
age hii, it has two major limitations. Firgt, it relies on
the ratio of national up-to-date estimates from the 1992
and 1993 NHIS for the poststratification cellsin al IAP
aress. These national ratios may not apply to the indi-
vidual AP areas; but the NHIS is not large enough to
produce the up-to-date ratios at, say, the Census Region
level. Second, the approach takes only one survey
vaccination measure, 4:3:1-up-to-date, into account in
forming the subcells. Other vaccinations such as HiB
are not incorporated into the adjustment.

4. MobeL-Basep Estimation
The NHIS istoo sparsaly spread over the IAP

areas to allow for direct estimates of the relationships of
the vaccination rates for nontel ephone to telephone
children in each individua IAP area. Instead, a
stetistical model can take into account the characteristics
of theindividua children inthe NHIS and also allow for
geographic variation not accotmted for by those charac-
terigtics. Ultimately the mode can be applied to the
datafrom the individual childreninthe NIS. Inthis



way the model-based approach works with the data at a
finer level of detail than is possible with ssimple or
modified poststratification.

Logic of the Mode

Within poststratification cell g we cross-classify the
population of age-eligible children according to whether
the household has a telephone and whether the child is
up-to-date on a particular vaccination, v:

N vaccinated telephone children
NS vaccinated nontelephone children
R®  unvaccinated telephone children

N®  unvaccinated nontelephone children

Considering vaccinated and unvaccinated children sepa
rately, we use the NHIS data on telephone and
nontelephone children to develop models that allow us to
estimate N and N & from the NIS data

Weillustrate the role of the model for vaccinated
children. For child i with nonresponse-adjusted base
sampling weight W;, the strategy is to adjust ; W to
reflect the overall probability that a vaccinated child is
selected into and participates in the NIS. From an
extensive list of child-level and county-level variables
thet areavailablein thedatafrom both the NHIS and thee
NIS, we use the NHIS data to develop alogit mode! for
T(X), the probability that a vaccinated child with
characteristics x (the variables in the model) resides in a
telephone household. (We assume that t(x) is the same
at the time of the NIS asin the NHIS.) A vaccinated
child with characteristics x; has (estimated) probability
£(x) of residing in a telephone household and
probabiity 1-£(x) of residing in a nontelephone house-
hold. Here #(x) is the result of evauating t(x) from the
NHIS logit modd at x,, the characteristics of childi in
the NIS. The probability that child i is selected into and
responds to the NIS, given that he or sheresidesin a
telephone household, is 1/W,.  Thus the overal
probability is $(x.)/W,, and taking the reciprocal yields
the weight W/€(x)).

For unvaccinated children a parallel development
produces an adjusted weight in the same form. Then,
by applying a common multiplicative factor to the
adjusted weight for each NIS child in poststratification
cell g (vaccinated and unvaccinated), we bring the
weighted sample total into agreement with the popula
tion control total for cell g. This step implicitly yields
estimates of

[\ R U] () g _g® g ™)
N =ND + N and N = RD + KO .

Implementation

Because telephone status at the individual level is
dichotomous, abinomid logit model is appropriate for
the 1992 and 1993 NHI S data. Specifically, the ran-
dom-effects logit modd is

In{t/(1-1)} = xB + ﬁe(i),

where c(i) is the county for child i, 1; is the probability
that the household of child i has a telephone, x;isa
(row) vector of individual-level and county-level vari-
ables (which may include indicators for demographic
groups), and the & are independently and identically
distributed as N(0,63) . For counties represented in the
NHIS data, the estimated county effects, 8, alow for
geographic variation beyond that accounted for by the
variables in x,. The variance @3, when estimated,
alows one to assess the error in applying the nontele-
phone adjustment to all IAP areas.

Building the Actual Model

In developing estimates from the NIS data for Q2,
Q3, and Q4 of 1994, the modeling was based on one
vaccination measure, 4:3:1-up-to-date, and on three
demographic groups that combined the age of the child
and the education of the mother. A single model (with
some indicator variables and interactions) emerged as
adequate for the full data set, combiig vaccinated and
unvaccinated children in all three demographic groups.

The randomeffects model resulted from first

building a fixed-effects model and then using the same
explanatory variablesin arandom-effects model that
incorporated county effects. Approximate maximum-
likelihood estimates for B, the 8, and of are obtained
by identifying the 8.4 as missing values and using the
EM algorithm (see Stiratelli et al., 1984). The estimate
of 63 was small; hence, the additional variation in the
estimate from local effects was assumed to be
negligible.

Calculating Model-Based Estimates
For each variable in the random-effects modd, the
definition in the NIS data is essentially the same asin
the NHIS data. Then, for each child in the NIS, the

estimate of t; = ©(x) is
t, =exp{xf+8 )/[1+exp {xp+d

(i) @]



(When the child’s county, c(i), is not represented in the
1992 or 1993 NHIS data, the maximum-likelihood
estimate is&aﬁ) =0 .) Multiplying the child’s nonres-
ponse-adjusted base sampling weight, W,, by 1/4; yields
the model-based weight Wi/4;. This step adjusts the
weight of a child in a telephone household to account for
similar children in nontelephone households. Within
each of the 78 IAP areas, the above model-based
weights are summed within each poststratification cell
and then adjusted so that their sum matches the control
total derived from vital statistics.

5. CoNcLUSIONS

If no NHIS estimates of immunization status were
available, smple poststratification would be our pre-
ferred method of adjusting for noncoverage of nontele-
phone households. Simple poststratification generaly
reduced the estimated immunization levels, with an
average decreasing from 56.6% to 55.7% or .9% (see
Table 5.1). Some few IAPs had their estimates
increase, whereas others had varying amounts of
decrease. The root-mean-square (RMS) sire of the
change was 1.3% (see Table 5.2).

The availability of the NHIS estimates for both
telephone and nontelephone households alows us to use
modified poststratilication. The modified poststratifica
tion lowered the simple poststratified estimate for each
IAP. After the modified poststratification, the average
change from theunpoststratified estimate was a decrease
of 2.22, and the RMS size of the change was 2.5%.

The modified poststratification would suffice for
national estimates, but it fails to reflect local variability
in the up-to-date ratios for telephone and nontelephone
households. Use of model-based weights was intended
to account for that variability. Indeed, the model-based
weights changed the overall level of the immunization
estimates only dlightly, with the mean over |APs a scant
1% higher than it was under the modified poststratified
weighting. As expected, however, many individual 1AP
estimates changed by larger amounts. The standard
deviation (over IAPs) of the change in estimate was.7%
when the weighting was changed from simple
poststratification to modified poststratification or when
the weighting was changed again from modified
poststratification to model-based weighting. These
changes are fairly large in light of the standard deviation
of the AP estimates, which was 4.7% or 4.8% under
any one of the weightings (Table 5.1).

It might seem surprising that the model-based
weighting did not introduce more IAP-to-1AP variation
in the estimates (compared to modified poststratifica

tion), because the model-based weighting employed
additional 1AP-level and county-level covariates for
making the coverage adjustments. A possible explana-

tion is that, although the model-based adjustments
should increase the variahility of the expected values of

the IAP estimates for nontel ephone households, they

will not necessarily increae the variability of the overall

estimates for the IAPs. Assume that the modified

poststratified and model-based 4:3: 1 estimates cover the
full population of telephone and nontelephone children in

an |AP area, and that the simple poststratified estimates

cover only the telephone population. Knowledge of the

proportion of children 19 to 35 months of age in the IAP

area alows one to solve for the implied nontelephone

modified poststratified 4:3: 1 estimate and the implied

nontelephone model-based 4:3: 1 estimate. The results

shown in Table 5.3 indicate that the coefficient of

variation of the nontelephone model-based 4:3:1

estimates is 53% higher than the CV of the nontelephone
modified poststratified 4:3: 1 estimates.

Future research on this front will attempt to
improve the logit models underlying the model-based
weighting, and to extend the modeling to vaccinations
other than the 4:3:1 series. Each model-based adjust-
ment is specific to the particular vaccination for which
the model was fit. 1t may be useful to fit the individual
models for each vaccination, derive the model-based
weights, and use them to form aternative marginas for
thelAPs. One could then attempt to reke asingle set of
model-based weights, such as the 4:3:1 model-based
welghts discussed here, to match the margind distribu-
tions. Alternatively, one could construct a model for
the 4:3:1 series that also includes indicators for other
vaccinations.
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Table 5.1

[APs, Q2 to Q4 of 1994

Alternative Estimates of Vaccination Ratesfor 4:3:1 UTD for

Summaries of Alternative |AP Edimates |

Weighting Method | Mean | Median | s | cv |
No poststratification | se6% | s68% | 47% | 83% |
Simple poststratification 55.7 55.7 4.8 8.6
Modified poststratification 54.4 54.6 4.7 8.6
Model-based weighting 545 | 547 48 8.8

Table 52. Changesin Estimates of Percent 4:3:1 UTD under Different
Weightings
Summaries of Differences between
Alternative Estimates
Weighting Methods Mean SD RMS size
Simple poststratification - -0.9% 1.0% 1.3%
no poststratification
Modified poststratification - -2.2 1.2 25
no poststratification
Model-based weighting - 2.1 12 24
no poststratification
Modified poststratification - -1.3 0.7 15
simple poststratification
Model-based weighting - 0.1 0.7 0.7
modified poststratification

Table 5.3.

Alternative Estimates of Nontelephone Children’s Vaccination
Rates for 4:3:1 UTD for 1APs, Q2to Q4 of 1994

Summaries of Alternative |IAP Estimates

Weighting Method M ean SD o
Modified poststratification 42.8% 4.6% 10.7%
Model-based weighting 43.6 7.2 16.4




