AN EMPIRICAL ASSESSMENT OF TWO COMPENSATION
STRATEGIES FOR NONRESPONSE IN A PANEL SURVEY

by

Emelita M. deLeon-Wong

Department of Biostatistics
University of North Carolina at Chapel Hill
JETET
Institute of Statistics Mimeo Series No. 22T

January 19920



L ASSESSMENT OF TWO COMPENSATION STRATEGIES

AN EMPIRICA
FOR NONRESPONSE IN A PANEL SURVEY

by
Emelita M. de Leon-Wong

A Dissertation submitted to the faculty of The University of North Carolina
at Chapel Hill in partial fulfillment of the requirements for the degree of Doctor

of Public Health in the Department of Biostatistics.
Chapel Hill
1989

Approved by:

M.%ﬂdﬁﬁ: Advisor
’r‘w
@

i Reader

<:¢/ 2 /; L7 Q"'/ﬁr_Tleader




ii

EMELITA M. DELEON-WONG. An Empirical Assessment of Two Compensation Strategies for
Nonresponse in a Panel Survey (Under the direction of William D. Kalsbeek).
ABSTRACT

This is an empirical study of the effects of weighting adjustment and regression
imputation to deal with nonresponse when estimating means, quantiles and variances of single
variate X and of a functional X/Y¥, where X and Y are random variables and k is a constant. of
particular interest is the extent by which the two procedures reduce nonresponse bias and control
variance of the sample statistics. The empirical comparison invokes the assumptions and
procedures within the design-based framework of estimating descriptive statistics for sample
survey data obtained by stratified single stage unequal-sized cluster sampling. A number of
distributional assumptions are also made in the algebraic derivation of the effects of nonresponse
on the mean of the functional X/Y". The jackknife procedure is used in producing the mean and
variance estimates while the Wheeless/Shah (1988) method is used in estimating the quantiles
and their variances from the histogram. For the ponderal index, alternative estimates of the
quantiles and their variances are made with the Woodruff (1952) or Fuller/Francisco (1986)

method.

The results of the applications of the above nonresponse adjustments on a longitudinal
anthropometric data set show that neither weighting adjustment nor regression imputation will
necessarily reduce bias when the probability of response is ;Jssociated with the outcome of interest.
Both adjustment procedures yield approximately equal full sample variances. The domain
variances estimated with regression imputation tend to be unstable especially when only few cases
are imputed. The effects of both nonresponse adjustments, however, on the quantiles and their
variances are blurred by the sensitivity of the histogram method of quantile estimation to the

number of bins used.
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CHAPTER I

PROBLEM STATEMENT

1.1. Problem Statement and Significance

Nonresponse, the absence of all or part of the data of interest among selected
sample, occurs in most sample surveys (Panel on Incomplete Data 1983). This phenomenon
leads to bias in mean or total estimates, the extent of which is a function of the proportion
of nonrespondents in the population and the differences in means or totals among respondents
and nonrespondents (Cochran 1977). With considerable nonresponse, variance estimates are
usually larger than initially planned (Rubin 1987) and covariance estimates (Santos 1981) or

regression coefficients, (Goudy 1977; Suchman 1962) and differences of means across domains
(Mandell 1974) are likely to be biased.

The most commonly used statistical adjustments to minimize biases due to nonresponse
are weighting and imputa.t;ion.1 These methods may successfully compensate for nonresponse
when data are missing at random? either for the full sample or for subgroups where the
probabilities of 1'esponse3 as well as the means or totals of interest differ but are homogeﬁeous

within the subgroups (Kalton 1983).

To date, there are few studies that have evaluated the theoretical and empirical
performance of the above statistical a.djustment.s.4 These few studies have been done mostly in

economic surveys of household or personal income or energy consumption (Kalton 1983; Huang

LThe algebraic procedures are given in Chapter IL

2L ahiff (1989) paraphrased the missing at random definition proposed by
Rubin (1976) as: ’For every value of X, the units for which Y is missing are exchangeable
with units for which Y is recorded’.

3An algebraic definition is given in Chapter IL.



1982; Kott 1984; Burns 1987). The two procedures have variants whose empirical performance
across different sampling designs and different population parameters (Kalsbeek 1980) needs to be
evaluated. Specifically, the effects of these nonresponse adjustments on quantile estimates for
survey sample data are not documented. There is also a need to assess the empirical performance
of these procedures when the mean and quantiles of interest are a function of at least two

variables, say x/ y*, which are known to be affected by nonresponse.

1.2. Objectives of the Study

This study is an attempt to fill some of the above gaps in the survey statisticians’s
knowledge of handling nonresponse at the analysis stage. Specifically the objectives are to:

1. present an empirical assessment of bias reduction in mean estimate of raw variable x
and of a functional form x/ y* where x and y are variates and k is fixed, with estimates adjusted
either by sample weighting or regression imputation;

2. compare the variance of the above means adjusted for nonresponse either by sample
weighting or regression imputation;

3. present an algebraic derivation of the bias in the mean of x/ y* due to nonresponse;
and

4. compare empirical estimates of quantiles and their variances adjusted for

nonresponse.

In addition to the above statistical objectives, this study also produces means for weight,
height and ponderal index> for Filipino infants at every two months from birth to 12 months and
selected quantiles 5, 10, 25, 50, 75, 90 and 95 for the above variables measured at

birth and twelve months. This information, derived from a longitudinal follow-up of children

4In contrast, there are numerous studies on the theoretical performance of missing data
methods in the classical statistical methodology where the samples are assumed to be drawn by
simple random sampling from an infinite population with a known probability distribution,
usually normal. For reviews of these studies, see Afifi (1966) and Dempster et al. (1977).

5The ponderal index is the ratio of weight in grams to the cube of height in centimeters
multiplied by 100.




from a relatively affluent region of the Philippines, is useful in the current efforts among the
nutrition planners and administrators to validate the antropometric standards used in assessing

the nutritional status of the Filipino children.

1.3. Limitations of the Study

The estimation proposed here is within the design—based6 framework of sample survey
data analysis; i.e., estimates are based on a probability structure induced by the mode of sample
selection. It is further assumed that the only sources of variance are sampling variability,
nonresponse and the innate variability in the outcome of interest. Only ultimate cluster variance
estimates are made with the jackknife procedure(JRR) modified for a sample drawn by two-strata

single stage unequal-sized cluster sampling.

To estimate the quantiles and their variances, the method developed by Wheeless and
Shah (1988) is used. This algorithm has implicitly assumed that the sample survey data are
complete or the nonresponse adjustment is adequate. This implicit assumption is empirically
analyzed by comparing quantile estimates adjusted by sample weighting or regression imputation.
The Wheeless and Shah quantile estimates of the ponderal index are compared with those
estimated using the Fuller/Francisco/ Woodruff (Woodruff 1952; Fuller and Francisco 1986)
method. In this comparison, the empirical performance rather than the theoretical justification

for both estimators is the focus of the current study.

The data used here are of longitudinal nature but the estimates are only for cross-
sectional purposes and are estimated with minimal assumptions about the underlying probability
distributions of the variables except the distribution induced by the sampling
scheme. In such framework, point estimates are made and traditional growth curve analysis
(Pothoff and Roy 1964; Cole and Grizzle 1966) is not pursued. The imputation procedure,
however, uses the strong correlation between successive measures of the same variables to obtain
“good” imputed values.

61n contrast is the model-based procedure defined in Chapter II.



Whereas previous studies have focused on income or energy production whose distribu-

tions are skewed, the present study uses children’s weight which is symmetrically distributed and

in case of height, nondecreasing over time.

Statistical adjustment at the data analysis stage is a last resort to minimize possible
biases due to nonresponse; having a complete sample is the best way to eliminate nonresponse
biases. Unfortunately, even with tremendous resources during the data collection stage, sample
survey data are still likely to be incomplete which warrants the use of statistical adjustment at

the analysis stage.

1.4. Organization of the Paper

Chapter II is a two-part review of literature: the first part consists of two broad topics,
namely, design-based variants of sample weighting and imputation and quantile estimation for
sample surveys; the second part reviews the importance of anthropometric measures, their uses
and determinants and how knowledge of these factors may help in implementing an appropriate
adjustment for nonresponse. Following the assumptions and methodology cited in Chapter II
and further assumptions, the algebraic effects of nonresponse on the mean of x/ y* are derived in
Chapter III. Chapter IV describes the data used for empirical assessment of the effects of
nonresponse and the detail of the estimation procedures. The results of an indirect assessment of
bias due to nonresponse in the data set are given in Chapter V. Such results are helpful in
evaluating the effects of sample weighting and regression imputation presented in Chapter VI and

the conclusion and direction for future research are in Chapter VII.




CHAPTER II

REVIEW OF LITERATURE

This chapter presents previous work on statistical adjustments for nonresponse, selected
quantile estimators for complex sample surveys and statistics for evaluating alternative
estimators. Also presented is a brief review of anthropometric measures, their uses and

determinants.

2.1. Statistical Adjustments for Nonresponse

Cochran (1977) shows that the bias due to nonresponse is
(2.1) Bias = M|[Ym — Y+,

where M is the proportion of nonrespondents and Ym and Y, are the means among
nonrespondents and respondents, respectively. The statistical adjustment estimates Y m by ?m s0

that the bias becomes a function of [Ym — Y| and it is hoped that Ym —?rl <|¥m — Y.l

There are numerous methods Y m or any other statistics of interest may be estimated to
compensate for nonresponse. For our purposes, the methods are classified into two dimensions,
namely: assumptions regarding the nature of the units of population and the nature of response

mechanism.

Survey data, complete or not, may be analyzed with either a design- or model-based
approach. In the design-based approach, the measures of interest Y;, i=1,2,.., N are assumed
fixed for all units in the population with no specified frequency distribution. The basis for the

sampling distribution of the values and the estimates derived from them is the randomization



induced by the sampling design (Hansen et al. 1983). That is, the theoretical repeated samples
selected using the same sampling design induces the distribution which becomes the basis for
inference. The model-based approach, on the other hand, assumes that the population values are
a realization of a random process; the population values conform to a stochastic formulation and
inference is based on the error of fit of the repeatedly drawn sample values from the assumed
distribution. The sampling design is generally ignored in this mode of estimation and the sample
is treated as if it is selected by simple random sampling from an infinite population with a given

probability distribution whose form is known with parameters usually unknown.

When data are complete, it is sufficient to use the probability distribution induced by the
sampling design as the basis for estimation and inference. Unfortunately, survey data are rarely
complete so that models and assumptions are required even in design-based methods (Hansen et

al. 1983).

To deal with nonresponse, both model- and design-based approaches incorporate
assumptions on how units selected into the sample respond. This set of assumptions is called
response mechanism (Little and Rubin 1987). To illustrate, let a sample indicator function I; be
defined as:

I; = 1if unit i is selected into the sample, i =1, ..., N
= 0 if unit is not selected into the sample
and the configuration I = (I, ..., 1 N)T designates the sample. The response
mechanism Q given I is specified as
QI = (Qy, ey QN)T where
Q; = 1if unit i is selected and gives useful information,

= 0 otherwise.

With simple random sampling, the probability of distribution for selecting a
unit into the sample is
P.(I; = 1Y) = n/N,fori=1, .., N
= P.(I; = 1).




If all the sampled units respond, then

(2.2) P.(Q; = 1Y) = P;(I; = 1)

since Q; = I; = 1. The problem arises when not all of the selected units respond; furthermore,
such problems become complicated when the probability of response P-(Q; = 1|1,Y) is not
independent of the sample selection I and the outcome of interest Y. Alternative methods

of statistical adjustments for nonresponse differ on the assumptions and treatment of

P-(Q; = 1) ,

The design-based approach deals with nonresponse in one of the following ways:

1. Treat nonresponse as another level of random sampling within the given probability sampling.

This leads to

P,(Q; = 1ILY) = P(Q; = 1) = R/N

where Q = R and 0 if 1Q; # R, R is the total number of respondents in the population.
The probability of response is R/N which does not depend on I and Y. For the sampled units of

size n, r of R respond and the sample configuration indicator is

which is the distribution of a simple random sample of size r. This approach treats respondents
as if they are second phase sample in double sampling (Hansen and Hurwitz 1946). In this sense,
data loss is characterized as missing at random.

2. Treat nonresponse within subgroups of the population as independent of inclusion I and
response Y. In this case, the response probability across subgroups may differ but are more or

less the same within the same group. This second alternative is more realistic and is discussed in

depth in later sections (Oh and Schueren 1983; Cochran 1968).

The above mentioned treatment of nonresponse is also used in the model-based approach.

For the current study, approach 2 within the design-based framework is used.



With data assumed to be missing at random, likelihood procedures, standard or modified

either within the classical or Bayesian framework, are traditionally applied to experimental data
(Kleinbaum 1973; Dempster et al. 1977; Orchard and Woodburry 1974; Ericson 1967; Woolson et
al. 1978). Such methods are currently applied to survey data with modification (Little 1982). A
key to the modification is what Rubin (1976) called the ignorability of the sampling design. If

the sampling design is ignorable, the likelihood procedure may apply.

A third approach taken within the model-based approaches is to model response
probabilities. Work along this line includes Heckman (1977), Greenless et al. (1986), and Rubin
(1977). This study focuses only on design-based approach of modelling response probabilities

with few assumptions on the underlying distribution.

Weighting and imputation are the most commonly used methods of dealing with
nonresponse. The methods are useful when it is reasonable to assume that values of Y are

missing at random for certain population or sample subgroups. The subgroups may be levels of

design variables Z, auxiliary variate X or response Y. The design variables Z are those used in
selecting the sample like stratification variables or primary sampling units. The auxiliary variate
X are known population values which may be applied to the sample data to obtain more precise

estimates (Kalton 1983).

Both approaches attempt to bring the sample distribution aligned with the population
distribution. One distinction of the methods lies in how much information is available; weighting
is usually applied to adjust for unit nonresponse while imputation is commonly applied in
handling item nonresponse. This distinction, however, is not essential as some weighting

techniques may also be considered imputation.

To implement weighting, the values that define subgroups and weights should be
available for both respondents and nonrespondents. Weights for respondents are then increased to

account for the nonrespondents (Fuller 1974; Mandell 1974). This adjustment is illustrated in h

detail in the following section. In imputation, nonrespondents are matched with respondents with

respect to characteristics common to both; the values of matched respondents are then imputed to .



‘the nonrespondents (Kalton 1983).

For some applications, sample weighting and imputation may conceptually be equivalent.
Integer weighting for mean or proportion is equivalent to imputing mean for some of the missed

values (Folsom 1981).

2.1.1. Weighting Adjustment

This section is divided into three parts, the first of which is a description of weighting
procedure. The second part presents the bias and variance estimates of population weighting and

the last presents these same characteristics for sample weighting.

For any unit i in the population, let II; be a nonzero probability of inclusion into the
sample. The sample values y;, i = 1, 2, ..., n are inflated by weight W, to obtain estimates of
population parameters. W; is generally defined as the inverse of the selection probability II;.
When nonresponse occurs, the selection probability II; has to be adjusted and subsequently W,
has to be adjusted too. The adjusted weights W7 is the product of the unadjusted weight W,
multiplied by the inverse of the response probabilities ;. Usually, a; is estimated by &; from

the sample. In notation, the adjusted weight Wi is:
* A -1
W,- = W,» X [Cl' ,']
= [Unadjusted weight] X [:nonresponse a.djustment:l

= [Unadjusted Weight] X [response probability:l_l.

The crux of producing the adjusted weights is on estimating the response probabilities a;.
Usually, these are estimated for different subgroups so that weight adjustment is by subgroups.
The subgroups with different response probabilities and different adjusted weights are usually
called weighting compensation classes. Either population or sample weighting may be
implemented. With population weighting, the total number of units per classN,,h =1, .. ,His
known for the target population. With sample weighting, W, is approximated by Nn,/n, where

n, is the sample size for the h-th class and n = 3_nj;. Presented in the next section is a detailed
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discussion of these alternative weighting procedures.

2.1.1.1. Population Weighting

Suppose a sample of size n is drawn by simple random scheme and n = r + m, where r is
the number of respondents and m is the number of nonrespondents. Suppose further that the
population is divided into H classes and in each class h = 1, 2, ..., H, N, = Rh + M, where R,
and M, are the total number of population respondents and nonrespondents in each class h and
R = 3R, and M = Y_M,, respectively. The expected response and nonresponse rates for a

subclass h are R, = R,/N, and M, = M, /N, and the population rates are given by

h=1 h=li=1 =
- H H My H
Ym = EYmh M= E ths EMh
h=1 h=li=1 h=1

The population mean of interest is:

v =%w,y,

h=1

There are two estimators for Y based on sampled respondents: ¥ is the unweighted mean and y,

is the weighted mean. The computing formulas for these alternative estimators are given below:

«

h=14

H Th H
r=3 glyrhi hgll',, and

_ H H, Th
Yo = hz_:lwthh = hz:lwh {;yﬂn’ rh}’
where r}, is the number of respondents in the h-th weighting classs.

Oh and Schueren (1983) and Kalton (1983) showed that the bias of the above estimators
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for Y are as follows:

@1.11)  B() ={’§lw,,(v,,, - Y (R, - B} / R+ élwhm,,(v,,,_vm,,) and

H e —
2.1.1.2) B(¥p) = hZ_:IWth (Yon=Yma)

H — o — —
Let A ={hz=;1w,,(Y,,,—Y,)(R,,—R)} / R and

H — = <
B = "Elthh(th_Ymh)'

The bias of using the unweighted mean of respondents - comes from two sources: A,
which is the variation of response rates across subclasses and B which is the difference of means of
respondents and nonrespondents across subclasses. In using the weighted mean ¥, the first
source of bias is eliminated. However, B(Fp) < B(F) only if A and B have the same signs or if
they have different signs, |A| >2|B|. This leads to some practical considerations in forming
weighting classes, namely:

1. Response rates should differ across weighting classes, and

2, Respondent means differ between classes.

Population weighting and post-stratification are similar (Holt and Smith 1979) in that
both procedures attempt to minimize bias due to the unbalanced samples drawn to represent the
population. With population weighting, there is an added dimension of reducing bias in estimates

due to nonresponse.

The variance of the above estimators are:

V[F»] 2h§1th(ﬁ/ﬁh) Sf,,/r + E(I—th)<ﬁ/ih) S?h/f2

2

~ EW,,,(R/E,,) th/r provided r &~ E[r,,]/th and

V(Fr) = S%/r = YWY — Y0 + E(thszrh)/r'
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The differences of the variances are given approximately by:
V(yr) = V(¥p) = Ewrh(vrh_v")z/r - Zwrhszh{[ﬁ/ﬁh]z‘]}/r'

If the response rate is constant across classes, then V(¥,) < V(¥:). If the response rates differ

and the means do not vary, V(¥p) > V(¥-).

2.1.1.2. Sample Weighting

In population weighting N;, h = 1, ..., H is known. In most surveys, however, N, is
unknown so that the population weights W is to be estimated from the sample. In general, the
sample weights w), for class h is made proportional to the inverse of class response rate r, / n,.

The mean ¥, for Y under the same design assumptions as before becomes:
H
¥s = > w,¥,, with the following properties:
h=1
Bias (¥,) = Bias (7p) and
< 2 /n q 2 2.2 -4 2
V(ys) = thsrh/Rhn + hz-:l(l - Rh)srh/Rhn + hz:lwh(vrh_?’) /Il,

where Y,=Y"W,Y,,.

As in population weighting, there is no assurance that sample weighting yields variance
estimates that are less biased than that of unweighted mean of resbondents. Sample weighting,
however, is attractive in that it is similar to two-phase stratified random design whose properties
are understood (Hansen and Hurwitz 1946; Sukhatme et al. 1984). The initial SRS sample of size
n is the first phase sample while the respondents consist the second phase. There are two
differences, however, namely:

1. The sample respondents r, in the h-th stratum are drawn from the original n, units;
with nonresponse, r, units may be self-selected, and
2. the proportion r, / n, is controlled by the analyst in double sampling but with

nonresponse the proportion may be random.
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There are various ways in which the original sample weights may be modified to account
for nonresponse. With classes defined by cross-tabulating at least two categorical variables, the
raking procedure better known as iterative proportional fitting is used in forming weights
(Deming and Stephen 1940). For a sample followed up for at least two time points and
depending on what reference population that sample represents, the weighting adjustment should
incorporate both data loss due to natural cohort attrition like death and out-migration and
sample increment due to birth and in-migration. Folsom et al. (1987) proposed such weighting

schemes to account for the changing nature of the sample followed up longitudinally.

To date, the theoretical basis for weighting for nonresponse is not fully developed. Work
along this has been started by Platek and Gray (1983) who included measurement errors as well
as nonresponse and sampling variability in their formulation. Despite limited theoretical
underpinning, weighting has been useful in a number of studies, namely: Current Population
Survey (CPS) (Hanson 1978; Bailar et al. 1978), Income Survey Development Program (ISDP)
(Kalton 1983) and Survey of Income and Program Participation (SIPP) (Judkins et al. 1984).
Weighting in these studies is done not only for nonresponse but also to account for the dynamic

samples induced by rotating samples used in longitudinal follow-up.

2.1.2. Regression Imputation

In imputation, missing values are replaced with values obtained either from the sample
currently being analyzed or from a known distribution other than that of the current sample.
The substituted values may also be statistics derived from the sample, say mean or predicted
values from a regression equation. As in weighting, the aim is to impute values to get less biased
estimates. There are several methods of imputation (Chapman 1976; Cox 1980); a brief
description of the most commonly used ones are in Table 2.1.2.1. Ernst(1980) presents variance
estimators for some of the alternative imputation procedures enumerated in the table. In this

study, the emphasis is on regression imputation.

Regression as applied to complete data is a method to increase the precision of an
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estimate, say, of the population mean Y, where an auxiliary population value X is known. The
procedure is developed along two lines: the first defines regression coefficient as functions of
moments of the population values (Cochran 1977; Sukhatme et al. 1984; Kish and Frankel 1974;
Frankel 1974; Folsom 1974); the other is developed along the superpopulation model approach
with a linear model y = o + fAx + ¢ assumed to have generated the finite population values
(Konjin 1962; Royal 1970; Fuller 1975; Nathan and Holt 1979), where a and 3 are

superpopulation parameters and ¢ is the residual.

Sukhatme et al. (1984) extended regression analysis to sampling in two or more
occasions. It is assumed that n, units constitute the sample on the first occasion of which n}, are
retained for the second occasion while ny = n, — n,’ are drawn from N — n; units. This
approach is useful in handling nonresponse; n5 units remain in the sample and n3 are
nonrespondents in the second occasion. Instead of drawing n5 fresh sample, values may be
predicted from the regression equation on n) remaining sample. Estimators in the second
occasion may then be based on n) available values and ny computed values. Appropriate weights
may be attached to the two groups of values to minimize the variance of the estimate. It is to be

noted that this approach treats nonresponse as a form of subsampling, an idea discussed earlier.

Regression imputation may use the predicted value per se or the predicted value plus
residual drawn at random from a theoretical or empirical error distribution of the linear fit. An
advantage of using regression predicted values plus residuals is that the distribution of the
variable of interest is preserved (Kalton 1983). In a Kalton study, regression imputation had low
mean deviation and root mean square error. The main disadvantage was some predicted values
fell outside the range of the actual distribution. This problem, however, may be taken care of
with control variables that are linearly related to the outcome of interest. In particular, values of
the same variable measured on several occasions on the same subjects may be linearly related. In
this case, if nonresponse occurs in one occasion, estimates of values for that occasion may be

adjusted by using values taken in the previous occasions.

Although imputation procedures yield a completed data set, imputed values usually lead
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to underestimated (Little and Rubin 1987; Ernst 1980) if not incorrect variance. Also, some
imputing procedures may distort the univariate distribution of the response of interest while
others may distort measures of relationship like the correlation coefficient (Santos 1981; Suchman,
1962). Despite limitations, imputation is extensively used to adjust for nonresponse (Kalton

1983), especially item nonresponse.

2.1.3. Evaluation of Estimates that Compensate for Nonresponse

So far, the discussion has focused on bias reduction as the main reason for statistical
adjustment for nonresponse. The other desired characteristics of nonresponse adjustments are
preserving the distribution of population values and wide applicability of the compensated data,
i.e., compensated data may be used for a variety of estimation procedures (Kalton 1983; Little

and Rubin 1987).

The empirical assessment of the above characteristics is difficult as the actual population
values are not available. In practice, estimates derived from various estimators are compared
with each other. In this study, the estimates based on regression imputation are compared with
those derived by weighting class adjustment. In general, the bias of the statistical adjustment for
nonresponse may be judged more effectively if the analyst has substantive and not simply

statistical knowledge of the data being analyzed.

The precision of the estimate as indicated by size of the variance estimate needs to be
addressed. Furthermore, when test of hypothesis is to be implemented, variance estimate as well
as approximate if not the actual distribution of the statistics must be available. In general,
sample variance estimate can be computed either by Taylor series linearization (Tepping 1968) or
any of the resampling procedures like balanced repeated replicates (McCarthy 1966; Kish and
Frapkel 1974), random groups (Mahalanobis 1939) or jackknife repeated replicates (J RR)
(Quenouille 1956; Tukey 1959; Durbin 1959). The choice of the procedure depends on the
timeliness and cost of implementation as well as accuracy and adaptability to yield appropriate

variance for complex nonlinear estimators (Wolter 1985). Empirical studies have shown that
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none of these alternative variance estimation procedures are consistently less biased than the

others (Kish and Frankel 1974; Dippo 1981; Krewski and Rao 1981).

For this study, the JRR is used to estimate the variance of the proposed estimators.
Choosing JRR lies mostly on the applicability and consistency of the procedure for regression and
percentile estimation in infinite population settings (Miller 1974; Hinkley 1977; Wu 1986, 1987).
It is expected that JRR’s properties may carry over to estimation for finite samples as evidenced
by Dippo’s study (1981). The JRR procedure as used here gives ultimate cluster variance
estimates (Hansen et al. 1953), which presents variability at the level of the primary sampling
unit. A detailed description of JRR variance estimation as applied to the sample on hand is

given in Chapter IV.

2.2. Quantile Estimation for Complex Sample Surveys

Reviewed here are large-sample procedures for estimating quantiles for complex sample
surveys. The first is Woodruff’s (1952) approach to estimate the sample quantile derived from
the empirical cumulative distribution. Francisco (1987) presents a theoretical justification for the
Woodruff’s approach. Wheeless and Shah (1988), on the other hand, propose !;oth a linear and
quadratic fit to estimate the quantile from the empirical distribution function. More specialized
estimators (Sedransk and Meyer 1978; McCarthy 1965; Sedransk and Sedransk 1979) for medians
and samples drawn by simple random or stratified random sampling from finite population are

not considered here.

The quantile estimators for complex sample surveys that are discussed and used in this
study are well-known but their theoretical justification is not fully explored yet. Woodruff (1952)
cited the usefulness of the quantiles and their approximate variance estimates in the U. S. Bureau
Census data while Wheeless and Shah (1988) have shown some empirical results to show that
these estimators could have little bias for simple random samples from normal distributions. One
of the aims of the current study is to see empirically how the estimators perform given that

nonresponse adjustment either by sample weighting or regression imputation is implemented.
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Let W be a population of distinct units of size N. Let a probability sample of size n be
drawn from W. Let Y, be the value of characteristic y for the k-th element in W. The finite

population cumulative distribution function (cdf) for Y is

Fu(x)= Y I(y;)/n, where
I(y,)=1ify, £x

= 0 if otherwise.
The quantile Xp associated with p, pe(0,1) is

Xp= qu(p) = inf {y; : Fu(yy) > p, Pe(0,1)}.

A general sample estimator for the population cdf is

(2.2.1) Fs(x) = Ew,kl(yk) + LZW”‘]’

€8

where W,, is an unbiased sample weight. A sample estimator for the p-th quantile is

(2.2.2) Xp=as(p) = inf{y;:Fsly)) 2 P pe(O,1)}

Alternatively, the p-th quantile may be expressed in terms of the ordered values of Y
denoted by Y,y < Yy - < Y(N) with Y,y as the t-th largest value of Y associated with units
in W, t is fixed, 1 < t < N. The population p-th quantile is qy(p) = Y {Np} where { - } is the
least integer function. The corresponding sample estimator based on the ordered

sample values Yay < ¥y - < Ym) is given as
as(p)= XP = Y{np}'

One may also set the sample quantile X, = x; where Fo(x;) < p < Fo(x;41)-

In the histogram method for estimating the cumulative distribution function, equally
sized bins are usually used with the width of the bin given by h={y(n) - y(l)}/ m, where m is the

number of bins and y(n) and y(l) are the maximum and minimum values of the sampled data.
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The j-th bin is given by the interval B;= { y(l) + (j-1)h, y(l) + jh} and the proportion of .

samples in the j-th bin is given by f'j = YW, Li(x;)/2W;, where W, is the sampling weight

for the i-th sample and I;(x;) is an indicator function to indicate that the i-th sample is in B;.

The cumulative distribution function is Fs(x;) =3 f,. This latter expression is equivalent to
s

<)
2.2.1 given above.

2.2.1. Woodruff/Fuller/Francisco Method

The Woodruff estimator for X p is

Xp = X; + {I:P - F-!(xj):l/{F'(xJ’-'-l) - F’(XJ')}} (xf“ - xi)’

where j is the bin in the empirical distribution such that F,(X;) < p < Fs(X;,,;). To estimate

the variance of X 5, Woodruff proceeds as follows:

1.  Find upper and lower limits py and p; for p as follows:

Bu = p + taSE{Fu(X,)}
B = p — ta SE{Fu(X,)},

where SE{ F.(X,) } is a Taylor series form of the standard error of F,(X,) and to is the t or
normal distribution ordinate such that P.{ | Z | > ta} = a.

2. Find the quantiles X pu and X pi Which correspond to py and p, respectively. The

estimator of the var (X,) then becomes:
. . N 2
Var(xP) = [Xpu et Xp,/pu —_— pl] Var[F,’(ip)],
where Xy, X pl» Puy Py are as defined earlier. Since F,(X;) is estimated as in 2.2.1, it is easily

seen that var I:F,(f( p):l is a first order Taylor series approximation to the variance of a ratio.

2.2.2 Wheeless and Shah Method

Wheeless and Shah (1988) present two modes of estimating X, from a histogram of y.
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Their linear estimate for X, is:
X, =X; + b(X;,,-Xj),

where j is the j-th bin such that F,(X;) < p < Fs(X;,,) and
b=(X; 41 - X,)/{Fa(X)- Fol(X )}

Their alternative approach is a quadratic fit to four points

(€ 81 (5 o)) (o B(Ss)) 39 (S (510)
where the estimate of the sample quantile is a least square solution to the equation

F(x) = ax?+ bx +c. The p-th quantile estimate is
Xp,=—-bx% ,|b2-4a.(c —p)/2a.

Appropriate modification is given when the intercept is in the interval (min(x), max(x)).

An approximate variance for the p-th quantile is given as
(2:2.2.1) var(X,) = var(Fy(X »)/{(Fa(X ;41 Fo(X )/ (X541X )}

for the linearly interpolated p-th quantile. For the qua.draf.ic estimate the denominator of the

above expression for the variance estimate is given by
(2.2.2.2) (2aX, + b)2.

Simulation results conducted by Wheeles and Shah (1988) based on simple random samples from
the standard normal distribution showed that the relative bias of using the above alternative
approaches were in the range -0.004 to .007 for the linear fit and -0.004 to .00302 for the

quadratic fit. Alternative variance estimates were similar for the different approaches.

To control the variance of the quantile estimates from a histogram, Scott (1979) proposed
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that equidistanced bins be used whose width is given by

bin width = 3.49 sn~'/3

where s is the standard deviation and n is the size of the sample drawn by simple random
sampling. Although, it is not clear how the above Scott formula behaves for clustered samples, it

is used in this study in absence of a more logical procedure.

The above quantile estimators have implicitly assumed that there is no nonresponse or in
case of nonresponse, the statistical adjustments are appropriate. This study aims to explore

empirically the performance of the estimators when alternative nonresponse adjustments are used.

Before proceeding with the estimation procedure, a brief review of the importance of

anthropometric measures and their uses is presented in the next section.

2.3. Anthropometric Surveys and Nonresponse

2.3.1. Anthropometric Measures and their Uses

Despite low specificity, anthropometric measures like weight for age, height for age and
arm circumference have been shown to be associated with a child’s nutritional and health status
which if precarious, acute and chronic may lead to illnesses and death (Sommer and Lowenstein
1975; Kielmann and McCord 1978; Kasongo Project Team 1983; Chen et al. 1984). With
anthropometric measures easily and inexpensively taken, UNICEF promotes growth monitoring as

one of the main strategies for child survival in the Third World (Grant 1988).

Taken at a single time point or periodically, anthropometric measures are useful for
individual cases as well as for group purposes. Children whose index levels fall outside a specific
cutoff with respect to a standard are generally referred to some nutritional programs like food
supplementation, nutritional education and in severe cases, medical intervention. In particular, a
child whose weight is below or at 60 percent of median standard weight for age is considered to be
severely malnourished (Gomez et al. 1956) and is in need of medical intervention. Children

whose height is below 85 percent of the median/mean standard height for age are likely to be




stunted (Waterlow 1972) and may not grow optimally.
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The cut-off points for the nutritional levels and stunting given by Gomez and Waterlow

respectively are as follows:

Gomez: Normal - 90% and above Waterlow: Normal - 95% and above
Mild Malnutrition- 75%-90% ' Mild stunting- - 90% -95%
Moderate Malnutrition - 60%- 75% and Moderate - 85%-90%

Severe Malnutrition  less than 60% Severe - less than 85%.

The complete Waterlow system also provides cut-off points for weight for height cross-classified

by height cut-off levels. For comparing the Cebu data set with the Philippine anthropometric

standards only the above Gomez and partial Waterlow classification systems are used.

Lately, the z-score for a child’s height or weight is used to assess whether the child needs

nutritional intervention (WHO Working Group 1986). The z-score is the number of standard

deviations a child’s weight is from the reference; a negative value indicates that a child is below

the standard and the farther to the left of zero the value is the worse off is the child’s nutritional

status.

The aggregated growth measures, like proportion of children who are malnourished or

stunted, are useful in prioritizing target groups and areas for nutritional intervention. The

aggregated measures may also indicate the impact of nutrition programs, and the seasonality and

trends of food supply and disease prevalence and are key components in nutrition surveillance

(WHO Working Group 1986).

Ratio indices like weight/height® are also in the literature as possible indices of

nutritional risk. These indices are expected to be more reflective of wasting and stunting than

either weight for age and height for age used alone. Adair and Popkin (1987) explored the use of

the index in identifying infants who are likely to be at risk due to prematurity and/or low birth

weight. The index’s functional significance for older children still has to be explored. Concurrent

with assessing the functional significance of the Rohrer’s index for older infants is the statistical

development of appropriate estimators and their variances. In particular, the correct
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variance is needed to compare index differences between at least two groups of children.

Although a universal standard is preferable for monitoring purposes (WHO Working
Group 1986), many countries develop anthropometric standards derived from their own
population. Some argue that standards derived this way are likely to capture the ethnic and
genetic influences on anthropometic measures (Garn 1963). But more importantly, standards
based on a country’s population leads to setting more feasible nutritional goals. Currently
healthy children used as reference population may have undergone growth adaptation so that they
are lighter and lower than children used for international standards. It is known that an
undernourished organism slows up growth or limits its attained size or activities (Osborne 1905;
Clarke et al. 1936; Martorell et al. 1979). The timing, intensity and duration of
undernourishment may lead to complete failure to thrive or temporary cessation of growth. In
this sense, standards derived from a developing country’s own population are lighter and lower

and are more likely to be within reach of the children in that population.

Most standards are derived from cross-sectional data taken over a long period of time. In
the case of the Philippines, the current standard is derived from regional surveys which spanned a
decade. Due to secular trends in growth, there is a felt need among Filipino nutritional planners
to assess the existing norms. Recently, cross-sectional anthropometric surveys are initiated to

generate data that may validate or replace the current norms.

Another way of assessing the current norm is to compare it with measures taken
longitudinally from a cohort of children. With longitudinal data, intraindividual variation is
embedded in the overall variability of the measure (Nesselroade and Bates 1979), which is in
contrast to pure interindividual variations captured by cross-sectional data. Standards based on
longitudinal data are preferable to cross-sectional ones (Pomerance 1984) but the administrative
costs of following up children even for at least two years are formidable. With height and weight
data of about 3000 Filipino children followed up longitudinally every two months from birth up
to two years, there is an opportunity to compare the current Philippine cross-sectional norms with

longitudinal data.
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Both cross-sectional and longitudinal surveys are subject to nonresponse which may lead
to biased estimates of the statistics of interest and their variances. It is important that the effects
of nonresponse are adjusted for so that group comparison reflects functional differences rather

than differences due to nonresponse.

A direct assessment of the effects of nonresponse is always better than an indirect
procedure. In the direct mode, representative samples from the strata of respondents and
nonrespondents are taken and statistics of interest between these two groups are compared
(Suchman 1962). Where only an indirect mode is possible, it is important to identify a set of
variables which are jointly associated with the outcome of interest and nonresponse status. If
compensation classes can be found where the probability of response and the statistics of interest
differ, then nonresponse adjustment may be successful (Kalton 1983). Implicit in this assertion is

the presence of bias which may be adjusted for at the analysis stage.

2.3.2. Determinants of Anthropometric Measures

In light of the above assertion for finding appropriate compensation classes, a brief review
of determinants of growth among children is in order. A child’s survival, more specifically
nutritional status and morbidity which are risk factors for mortality, is causally linked to
biomedical as well as socioeconomic factors. Mosley and Chen (1984) propose that socioeconomic
determinants affect a number of proximate or intermediate variables which then directly affect
mortality and morbidity. Implicit in this framework is the assumption that although the direct
cause of death or morbidity is biological in nature, the fatal blow is a series of negative behavioral
factors that are conditioned, or constrained by the socioeconomic circumstances of the child or his
care provider (Pebley 1984). The proximate determinants, mostly biomedical in nature, include
child’s feeding practices like breast-feeding, weaning and supplementation, access and use of
preventive and medical health care like immunization and nutrition education, environmental and
personal hygiene like access and use of good quality drinking water, frequent bathing, clean food

processing and adequate toilet facilities and maternal and child health endowment like maternal
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age, child’s age, gender, parity and birth weight. The socioeconomic variables of interest are
maternal education, household income and assets, household composition, urban residence, season
of birth and anthropometric measures. Listed in Table 2.3.2.1 are some of the determinants of
child’s growth and the expected direction of relationship as well as some studies that have

established the relationship.

Several studies have provided partial empirical evidence to the above Mosley/Chen model
of childhood mortality and morbidity. The Malaysia study (DaVanzo 1988; DaVanzo, Butz and
Habicht 1983; Butz, DaVanzo, and Habicht 1982) found a number of significant contributions in
understanding childhood mortality. Among these are the negative effects of young and old
maternal age and the importance of clean water supply interacted with breast-feeding duration on
child mortality. Tekce and Shorter (1984), in using the “social science” type of analysis, found
that maternal literacy has a strong protective effect and better housing unit has unclear positive
effect against childhood mortality. Within the Mosley/Chen model, they found that literate
women have certain child care practices which promote child health. The Cebu study (Cebu
Study Team 1989) tests the Mosley/Chen model with data derived from a two-year longitudinal
study where the sequencing of the intermediate variables and the outcome of interest, in this case,
attained weight, diarrhea and severe respiratory incidence is given special attention. An
interesting problem poised by this longitudinal study, is the loss of subjects over time and the
possible bias in estimation. A solution provided by the study team is the use of some model
based methods like the Heckman-type adjustment and simultaneous constrained equations. The
current study, on the other hand, attempts to adjust for nonresponse bias in the Cebu data set
within the design-based framework for sample survey data. Only cross-sectional descriptive
estimates of mean, quantiles and their variances with the proposed nonresponse adjustment are
made in the study proposed here. The algebraic details of the proposed estimation are given in
Chapter IV. In the meantime, the algebraic effects of nonreponse on the mean of a functional

X/Y* and are explored in the next section.




Table 2.1.2.1. Description of some commonly used imputation procedures
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Name

Description

A. Random Imputation

1. Hot deck

2. Cold deck

3. Regression imputation
+ random residuals

4. Weighted sequential
procedure
B. Deductive Imputation

C. Multiple Imputation

D. Fixed Regression/
Mean

E. Composite Methods

Imputed values are drawn by probability sampling

from the empirical distribution of values from different

imputation classes

Values are drawn from the empirical distribution of
respondents

Values are drawn from an empirical distribution
outside of the sample currently being analyzed.

Values are predicted from regression equation and
residuals are drawn at random from an assumed
theoretical or empirical distribution of errors of fit

Weighted procedure is used to select values from the
sequentially ordered respondents

Values of missing items are deducted with certainty
from other information in the record

Impute several instead of one value; basically model-
based

Predicted values from the regression of response Y on
control variables X,,X,, ..., Xp:

if the explanatory variable is only X, and X, =1 for
all units, the mean value is substituted

Combination of the above methods

1Sources: Chapman (1976) and Cox(1980).
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Table 2.3.2.1. Effects of some proximate and exogenous determinants of
child mortality and morbidity and some studies validating the relationship

Variable Association with mortality /morbidity Studies

I. Proximate Factors

Child’s health endowment and maternal behavior

Age

Gender

Birthweight/
gestational
age

Birth order

Breastfeeding
initiation and
duration;
timing and type
of supplementa-
tion

Maternal age

The level of susceptibility and
and exposure vary as the child
ages.

Genetic differences predispose

the sexes to different suscepti-
bility levels. In some cultures,
differential treatment between
boys and girls may lead to differ-
ent mortality and morbidity rates
between the sexes.

Low and extremely high birth weight
are risk factors for neonatal morta-
lity and subsequent growth among
survivors. Premature babies need
special care in the early days of life.

Children born later, especially to
older mothers suffering from nutri-
tional depletion may have less
‘stock of health’. Birth order also
constrains allocation of resources

to child health.

Breastfeeding in early months limits
an infant’s exposure to pathogens and
provides immunologic protection. As
he ages, the breast milk is no longer
sufficient in providing the child’s
nutritional needs. The timing and
type of supplementation should be
appropriate to the child’s physiolo-
gical make-up.

Young and old mothers exhibit high
pregnancy risk. Maternal age also
indicates the extent and constraints
in the woman’s decision-making and
responsibilities in the household.

Country level life
tables show peak
mortality at younger
age groups.

Chen, Huq and
D’Souza (1981)

Institute of Medicine
(1981)

Horton (1984)
Wishik and Van den
Vynik (1975)

Waterlow and
Thompson (1979)
Cebu Study Team
(1989)

Davanzo (1984)
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Table 2.3.2.1 continued

Variable Association with mortality/morbidity Studies
Maternal This may indicate genetic influences Pebley (1984)
height on growth as well as the nutritional

Access to and
use of preven-
tive/medical
care/nutri-
tional interven-
tion

Environmental
and Personal
Hygiene

Maternal
education

Maternal
working
status

Household
income/
assets

history of the mother when she was
growing up, which may affect the
health endowment of the child.

Illnes always strikes but its duration
and severity may be dampened with
appropriate preventive/medical care.
Immunization against common child-
hood diseases like measles and DPT
reduces physical insults and hence
mortality.

Food supplementation, without altering
the child’s exposure to pathogens, keeps
a child nourished for a limited time.

Exposure to pathogens through
contaminated environment,

food and water is a key biological
determinant of diarrheal morbi-
dity, which is a direct

cause of mortality in children
less than 5 years old in the
developing world.

II. Socio-economic determinants

This may be a proxy for command
over resources which may be
allocated to as well as knowledge

needed in maintaining good child health.

Depending on the type, duration
and location of work and the kind
of available child care support, the
limited time allocated by a working
mother to child care may have posi-
tive or detrimental effect on child
health.

A common measure of poverty is the
level of household income. Where the
market economy is not developed,

the household assets may be a better

Barba et al. (1980);
Scrimshaw et al.
(1968); Kielmann,
Taylor and Parker
(1978); Kasongo Pro-
Project Team (1981)

Butz et al. (1984);
Schliessman (1959);
McCabe and Haines (1957)

Horton (1984);
Grossman (1972)

Popkin (1980)

Perisse et al. (1969) ;
Martorell et al. (1988);
Tekce and Shorter (1984);
Kennedy (1983)



Table 2.3.2.1 continued

Variable

Association with mortality /morbidity

Studies

Household
composition

Urbanicity
level

Season of
birth and
anthropome-
tric measures

indicator of a family’s capacity to
use resources for child’s health.
Depending on the expertise of the
child care provider and other house-
hold circumstances, increased income
may not insure better child health.

The household size and composition
determine the extent and allocation

pattern of resources for child
health.

Urbanicity level is a proxy for a
number of variables that may

affect child health but may remain
unmeasured. Some examples are the
availability of medical/preventive
health care services, presence of
commercial foods, and utilities like
electricity, piped water. The commu-
nity density may also be reflected by
urbanicity level.

As food availability is seasonal,
nutritional status may also be
seasonal especially among those

in the agricultural and non-cash
economy. Exposure to pathogens
and hence the likelihood of illness
varies depending on the season; with
heavy rainfall and poor sewage
system, possible water contamination

Hartog (1972)

Pebley (1984)

Chambers (1977)

may occur which leads to diarrheal diseases.




CHAPTER III

EFFECTS OF NONRESPONSE ON MEAN OF X/Y*

To derive the algebraic effects of nonresponse on the mean of x/ y¥ where both x and y are
random variables and k is constant, a number of simplifying assumptions are made. Despite
these restrictive assumptions, the results are useful in assessing the appropriateness of the
direction, if not the extent of nonresponse adjustment due to sample weighting or regression
imputation. Implicitly assumed also is the negligible amount of bias in the use of the
linearization procedures, that is, the bias is assumed to be in the same direction or extent for the

full sample and strata of respondents and nonrespondents.

3.1. Effects of Nonresponse on Mean of x/y*, k is Constant

The following assumptions are made in deriving the mean and variance of the functional
x/y":

1.  the sample of size n is drawn by simple random sampling from a large population
which for practical purposes can be treated as if it is infinite. Furthermore, the
sampling fraction is small and can be ignored;

2.  the population from which the sample is drawn is stratified into strata of respondents
and nonrespondents of sizes R and M respectively, and the population size is
N=R+M;

3. for every unit, the probability of response is fixed at R/N; and

4.  the sample size is sufficiently large so that the bias of using a Taylor series expansion

form of estimator is minimal. Also, the bias due to Taylor series approximation is the

same for respondents and nonrespondents.
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The above assumptions allow us the use of some infinite population/classical theory
results. In particular, the expectation of a functional is a function of the first and second order
moments of the random variables (Mood et al. 1974). For the variate of interest, the Taylor

series approximation to the mean and variance are as follows:

E(x/y*) = po/us - kooy/pst + k(k+1)odps/2u5*? + Ra

V(x/y*) = od/udt - 2000p:/n3 + KPodud /it + Ra,

where u; and py are the means of x and y, respectively, o2 and 03 are the corresponding

variances, ozy is the covariance of x and y and R — 0 as n = oo.

Given the above assumptions about the nature of the population and the sampling
scheme, it is conjectured that the finite population parameters are similar in form to those
derived within the classical theory. Implicitly assumed here is the applicability of the Taylor
series approximation to samples from finite population (Tepping 1968). Thus the finite

population values are given by the following:

Ey(x/y*) = X/Y* -k Say/YF* + k(k+1) XS2/27%+?

Va(x/y*) = S3/Y?* - 28, X/TH 4+ k2 §IRZ/TH*2,

The above values are for the full population; if the population is stratified into

respondents and nonrespondents strata, there are separate population values for these two strata.

In particular, the population values for the respondents’ stratum may be written as:
Er(x/yk)) = X"/?'k‘ - k Srzy/?f‘..l + k(k+1) ergy/2?¢+2 and

Ve(x/y¥) = SE/¥ -2k X Sp0y /T 4+ K2XZSZ,/T2H42
where E, and V, are the first and second order expectations among the respondents, X, and Y-

are the population means of x and y among the respondents; S,y is the covariance of x and y




31

among respondents; S2, and S2, are the variances of y and x among the respondents.

To find the bias of using estimates from the respondents stratum only we find the

difference between E,(x/y") and Er(x/y*), that is:

(3.1.1) Bias due to nonresponse = Ez(x/y") - Er(x/y")
{K /?k — kSqy /T"“ + k(k+1) XS2 /2?"”} -~

{X, [Tk = KSray /T8 + k(k+1) X,Shy / 2‘¢+2}.

The full population values can be written as sum of the stratum values, that is:
X = RX,+ MX» and Y = RY, + MY~

where R = R/N and M = M/N and R and M are total number of respondents and
nonrespondents respectively with N = R + M, N is the population size. The population variance
and covariances may also be written as linear sums of the variances and covariances of the

stratum values with appropriate weights. These are as follows:
var(X) = R? Var(X,) + M?*Var(Xm)
Var(Y) = R*Var(Y,) + M?Var(Ym)
Cov(X,Y) = Cov(Xr,Yr) + Cov(Xm,Ym) .

In substituting the appropriate equality in equation (3.1.1), the bias of using only respondent’s

data has three components namely:



C = k(k+1)( XS3/29**? - X,81/2%47)

There are several ways in which the bias may be insignificant, namely that 1) all of the
above terms A, B and C are simultaneously approximately zero or 2) any two sums are equal to

the negative of the other.

To pursue condition 1, it is also assumed for simplicity that S = S? and Sy = Srzy.

Conditions B and C above then become B’ and C':

B = -ks,,,(l/\?"+1 ; 1/?’:*1) and

c'= k(k+1)S§(X/T{"+2 - }‘c,/?ﬁ”)/rz.

A, B! and C' are simultaneously zero only if X, = Xm and ¥r= ¥m.

The direction of bias due to nonresponse is difficult to asses analytically. Nevertheless,
with some assumptions, possible direction of bias is shown in Table 3.1.1. Such direction of
possible biases is inferred from the following equation which equates the full population values to

those of the respondents only:

X/?"(l - KSzy /XY + k(k+1)S§/2T(2) = )‘c,/?f(l - KSrey /X, ¥+ K(k+1)S? /277 )

Both under and overestimation of the means and the variances may be expected depending on
how the respondents’ means for x and y differ from the full population values. Where x and y are
biased in opposite direction, the effect of the bias in the mean of the functional follows the
direction of bias of the numerator x. That is, if x is biased downward and height upward with
the variances and covariances assumed fixed, the functional is also biased downward. If

nonresponse affects the variate in the same direction, it is not clear what the direction of bias is.

So far discussed is the situation as if the true population values for the whole and

stratified population are known. In reality, estimates are based only on the available sample

which may be conjectured to have come from the respondents’ stratum. Let the mean estimator
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from the sampled respondents be:
(3.1.2) Mean( x/y*) = i’r/?f - ksm,,/y,’f“ + k(k+1)f,s2y/2y’:+2,

where X, and ¥, are sample means for x and y respectively, srzy is the sample covariance
between x and y and sy is the variance of y. Each of these sample statistics are estimated using

only the sampled units who responded, i.e.

ny ne
Xr = z;x,'/nr, yr = lZ:ly,- /Ilr.
i= =

Each of the terms in the estimator is biased for the respondents’ population values; that is in

taking the expectation with respect to the simple random sampling scheme we find the following:

E,(Mean(x/y")) = E,(‘ir/?f _ ks,-,,-y/?f“ + k(k+1)irsgy/2_f+2 ) and
E,( ir/Y’:) = Xr/?’: + B!

E,(ks,,,, /y’:“) = KkSrzy /v':+1+ B}

E,(k(k+1)‘frs?yl\ /2?’:” ) = k(k+1) XSty / 2Y5*? + B3,

where B!, B} and Bj are the biases in using only the first term of the Taylor series expansion
for each component of the mean estimator. The biases of the above components of the means are
of order (1/n) and can be further minimized to order (1/n®) by resampling estimation
techniques like jackkniffing. Furthermore, with large sample sizes these biases should be
negligible. In Chapter IV, the jackknifed procedure for estimating the above mean in lieu of the

Taylor series expansion is given.

At this point, it has been shown that estimators based on respondents may approximate
the respondents’s population values with the appropriate estimation technique. One of the goals

of this study is to obtain estimators such that the true population values and not simply those of
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the respondents are approximated. In the next chapter, estimators similar to equation 3.1.2 for .
samples drawn by stratified single stage unequal-sized clusters with nonresponse adjusted for

either by reweighting or imputation are estimated with the jackknife procedure.




Table 3.1.1. Direction of bias of mean of x/ y* when estimate is based on respondents only
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Assumptions

Direction of Bias

il >l >l Pei

wil

=l

=l

=l

i

|

=Yr; Szy =Srzy
=Yr; Szy < Srzy
< Yr; Szy =Srazy
< Yr; Szy = Sray
< Yr; Szy < Srzy

Overestimate

If Szy< 0, then underestimate;
Overall effect is not certain.
Overestimate

If Y, <1, overestimate

If Y, > 1, underestimate

Direction is not certain;
If Y, > 1, underestimate




CHAPTER IV

DATA AND ESTIMATION PROCEDURES

Presented here are the data and estimation procedures for assessing the empirical effects
of sample weighting and regression imputation as adjustments for nonresponse. The formulation
is within the design-based framework and is specific to the following conditions:

1.  The estimators are for producing cross-sectional estimates of mean and percentile from
an original sample cohort of size n, followed up for at most T + 1 points. Each time
point is referred to as round and is indexed ast =0, 1, ... T.

2. In the regression-imputation procedure, it is assumed that values of the same variable

across rounds are approximately linearly related.

3. Data loss across rounds follow a monotone pattern; the number of respondents in
earlier round t is always greater than the number of respondents in latter round t/, i.e.,
r, >,/ for t < t’. This condition is only for simplified algebraic presentation; it can
be relaxed in actual computation.

4.  Again for purposes of simplicity, it is assumed that the variance of the estimators is a
function of sampling variability and nonresponse only. Variance components due to
measurement error are not considered.

5. The mean and percentile estimators may be applicable to any sampling design but the
variance estimation should be specific to a stratified single-stage unequal cluster

sampling with equal probability of inclusion per cluster in the same situation.

The following notation and subscripts are used in presenting the estimators: .

Y is response variable and can be subscripted with one or combination of the following:

t indexes the round for which the estimate is made; .
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h indexes the weighting class, h = 1, 2, ..., H;

T indexes the subgroups in computing the T-th pseudo value for jackknife variance
estimation;

w,; is the original sample weight which is the inverse of the probability of inclusion =;; for
the i-th unit in the I-th stratum;

w},; is the adjusted sampling weight in round t for the i-th unit in the l-th stratum;

@,p; is the estimated probability of response in the t-th round for the i-th unit in the h-th

weighting class;

r, number of respondents in round t;

m, number of nonrespondents in round t;

r and m, if used as subscript, appear as labels for respondents and nonrespondents respectively.

Bold letters for Y, X and @ are for vectors or matrices of characteristics.

The estimators are for samples drawn by simple random sampling and the extension to
more complex design is noted. Sample weighting adjustment is discussed first followed by
regression imputation. The discussion expands on the results given in Chapter II and focuses on
the longitudinal nature of the data being analyzed. Lastly, some statisticls for comparing

estimates produced by these alternatives adjustments are given.

4.1. Data Set Description

The above mentioned conditions are met by the Metropolitan Cebu Child Health and
Survival Study, later called the Cebu data. The Cebu data is a set of multi-purpose round
surveys aimed at documenting the patterns and determinants of child health and survival in the
critical first two years of a child’s life. The target population consisted of woman-child pairs who
met the following conditions:

a) the woman and subsequently her live born child had permanent residence in
Metropolitan Cebu for the duration of the study

b) the child was born between 1 May 1983 to 30 April 1984, inclusive
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¢) the child’s birth occurred in Metropolitan Cebu either at home or in facilities serving

the area.

The panel study consisted of 14 rounds of visits to the sampled woman-child pairs with
baseline conducted around the sixth month of pregnancy, at child’s birth preferably within two
days after delivery and every two months thereafter until the child is two years old. For this

analysis, only panel data up to the time the child was one year old are used.

About 3,000 subjects were selected through single stage stratified unequal cluster size
sampling. The cluster used was the barangay, the smallest political unit in the Philippines, which
on the average had 263 rural and 1175 urban households. The urbanicity level of the barangay
was the stratification variable. Approximately 24,000 households were contacted to get the
desired number of mother-child pairs based on the estimate that 10.4 percent of barangay

households had at least one currently pregnant woman.

Seventeen and 16 barangays were independently selected from the list of 95 urban and
148 rural barangays, respectively. All pregnant women who met criteria a to ¢ above were
considered eligible. Anthropometric measures of weight and height were taken by trained data
enumerators during the bimonthly visit and a series of questions on household characteristics and

child rearing/feeding characteristics were also asked.

In the next chapter, a brief description of the extent of nonresponse as well as the possible

bias in the anthropometric statistics based on respondents only is presented.

4.2 . Estimation Procedure

The computing formulas are presented first for the means adjusted by sample weighting
and regression imputation. The details of the jackknife variance estimates specific to the Cebu

sampling désign are given next, followed by the description of the quantile estimators.
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4.2.1. Mean Adjusted by Sample Weighting

The mean estimator in round t adjusted for nonresponse takes on the following form:

M

(4'2'1) Yis = w;hyta,rh, where

h=1

Th
Visen = EIY:M/H;:,
=

Yini is the value for response variable Y taken in round t for the i-th unit in the h-th weighting
class;
I, is the number of respondents in the h-th weighting class in round t

w}, is the adjusted sampling weight for nonresponse in round t in the h-th weighting class.

H
This formula is similar to that for 75, 7s= Y w,¥,, except for subscript t to indicate
h=1

the round for which an estimate is made.

In general, the sampling weight varies as the sample may be taken to represent a
dynamic population, or weighting classes vary by round or within the same weighting classes.
The use of the same weighting classes is dictated by the limited number of variables available for
both respondents and nonrespondents. For the data on hand, two-level nonresponse adjustment is
done; the first being the adjustment for unit nonresponse using only the cluster and stratum
identification. The second level calls for adjustment in compensation classes where the

probabilities of response and the means among respondents differ.

The probability of inclusion 7,; is fixed across rounds and is estimated based on the
probability of inclusion during baseline and recruitment surveys. This implicitly treats the sample
as representative of a fixed population in a given time and place, the simplest of Goldstein’s
(1979) longitudinal population units. Ineligible are deaths, births, in-migrants to the selected

clusters beyond the time period of interest.

In algebraic form, the sample weight for unit i in the h-th weighting class is:

N -1
Wihi = (wii)(Gens)
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~lrs 3=l
Wini = (71:) 7 (&eni)
= (Probability of inclusion of the i-th unit in the 1-th stratum)~! x

(Probability of response of the i-th unit in the h-th weighting class in round t)~'.

For all units in the same weighting class, &,,; = &,,. In the case of single stage
sampling with equal probability of inclusion for all clusters per stratum, ;= =, for all units in a
selected cluster in the l-th stratum. This follows since any unit in a selected cluster has

probability of inclusion equal to one.

To estimate the variance of 4.2.1, Kish (1965) gave as an approximation for large sample

the following:

var(¥,,) ={2w'th 82, ¢h /rth + Wi (yth,rh - ?n)z}/Erm-

An alternative to this approximate variance estimator of the weighted mean is the

jackknife variance estimator, details for which are discussed in section 4.3.

4.2.2. Mean Adjusted by Regression Imputation

Nonresponse adjustment based on regression imputation uses r actually observed and n - r
predicted values. The predicted values are usually obtained by taking control variables that are
common to both respondents and nonrespondents and with dependent variables known only
among the respondents. For our purposes, the control variable is the previously recorded value
Y(e=-1)i for the current value y,;. Implicit in choosing the control variable is condition 2
mentioned in the introduction; values of the same variable taken across rounds are approximately

linearly related.

The procedure is described for at most two time points, i.e., t = 0, 1. The extension to
more complex design is noted. At birth or round 0, the nonresponse adjustment uses sample
weights adjusted only for unit nonresponse. Rounds one to six estimates use regression imputed

values.
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The following steps are taken to implement the estimation:
Define the compensation classes. From the set of variables known to be associated with
attained weight and height, test which ones are associated with nonresponse either
singly or in multivariable mode. A general chi-square test of association between
nonresponse and selected background variables is implemented with the urban-rural
residence as stratification variables. A logistic modeling of nonresponse is also done with
the sampling weights incorporated in the estimation. Based on other evidence of bias, select
the compensation classes such that the response rates and means differ across classes.
The results of this process as applied to the Cebu data set are presented in Chapter V.
For the full sample or for each compensation class, find the best predictive equation for the
outcome. A preliminary regression analysis is done with a stepwise backward regression
procedure where weight and height in rounds one, three and six separately are modeled as
a linear function of a number of socioeconomic variables which may or may not be
associated with nonresponse. In the stepwise procedure, all available background variables
associated with the outcome of interest are used as covariates in an initial model; the
subsequent reduced models exclude those variables which do not contribute significantly to
the variability of the outcome being modeled. The variables included in the initial run are
maternal characteristics like age, education and height and household variables like assets,
household size, use of electricity and infant characteristics like gender and age at which
the anthropometric measures were taken and parity, and a set of community characteristics
like seasons of measurements and prevailing prices of key commodities like rice and corn .
These variables are tested for inclusion in a model where the previous or subsequent
height or weight, child’s gendér and age of measurements are always included in the
subsequent step in the regression procedure. Intermediate variables like illnes episodes and
infant infant feeding practices are excluded in the model as these variables although asked
with a different time frame were recorded at the same time the anthropometric

measures were taken and are subject to nonresponse in the same way that weight and height
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are. This exclusion definitely lessens the predictive power of the model; on the other hand

the coefficient estimates are probably less biased due to nonresponse.

The equations for prediction are estimated using the variables identified to contribute
significantly to attained measures. Where the coefficient is statistically equivalent to zero,
a simple model excluding the redundant variable is fitted. The predictive equations are
predicted in forward mode whenever possible; that is, previous weights are used to explain
the missing current weight. The backward mode, a model in which the explanatory
variable is the subsequent weight, is used when there are no previous values reported.

In round t, the weighted least squares estimates of the coefficients based on
respondents with characteristics expressed in the matrix X,, with sampling weights given

by the vector W, , and vector of dependent variable Y., is as follows:
'B"t = (x”'t w,"tw"tx"t)—l(x,'tw,"t)(w'ty"t)‘

The predictive equations are estimated separately for the urban and rural strata to account
for the different stratum means and different nonresponse rates. For weight, the predictive
equations are also estimated by different household asset quartile to account not only for
mean stratum differences but as well as the possibly different nature of case losses in each
stratum.

From the “best” predictive equation found in step 2, predict values for the r available

cases; the estimate is

Y"t = X"ta re
Compute the empirical residuals as:

Er‘ = Yf‘ - th-

E,, is the vector of empirical residuals from which sample residuals are selected and are
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added to the predicted values for nonrespondents.
4.  Predict values for the m; respondents. To each of the predicted value, add a residual
drawn at random from the empirical distribution computed from step 3 above. Thus the

imputed value becomes:
Ymt = Xm‘Br‘ + E" Where

E., is the vector of randomly selected residuals taken from ]::‘..-,, the empirical distribution
of residuals estimated in step 3. Xm, is the matrix of characteristics of nonrespondents.
5. Compute the statistics of interest using the actually observed values of y,,.; and §1,,;-

The mean estimator is

Vig = (rp¥r, + mt,y"‘t)/(rt + my) = (1 ¥r, + mtS’M:)/r(tq),

m
t

where §, = = .Elymt,-/mt and r(,_;)= g+ my.
=

The above steps may be modified depending on the sampling designs and the

assumptions about the distribution of the residuals. In step 4 above, there is an implicit
assumption that the residuals came from the same unspecified distribution. Alternative
assumptions about the residuals are : the residuals are distributed approximately normal with
mean zero and variance s2 or the residuals are approximately normally distributed with variance

estimate s2,, which differ across H weighting classes.

Instead of r; / i1y and mg / T(e_1) 38 weights for y», and ym,, general weights ¢ and
(1 — ¢) may be used to insure that var(y,.) is minimized. This alternative, however is not
pursued here.

Implicit in the above estimation are the assumptions made by Frankel (1974) that the
regression coefficients are estimated as function of population moments. In this sense, weighted

regression is implemented to obtain ﬁr‘. The weights used are the inverses of the probability of
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inclusion adjusted by the round response probabilities.

In cases where there are more than two rounds, t > 2, and with monotone pattern of data
loss, and with y,~ missing values in round (t-1), the currently missing values in round t may be
imputed by regressing value common to rounds t and t-2. Specifically if t = 0, 1, 2, the missing
values in round 2 may be predicted by regressing y, on y, if y, is available, or yoonygify, is

missing.

To estimate the variance of the above means as well as the mean and variance of a
functional x/ y®, the jackknife procedure is used. Details of the jackknifed procedure is described

in the next section.

4.2.3. Jackknifed Variance and Mean

With simple random sample, the elements are divided into random groups with g
elements per group, i.e., r = gk. Let 6 be the statistic computed based on the full sample. Let
9Ty be the estimator of the same functional form as § estimated on a reduced sample of g(k-1)
obtained by omitting the T-th group. The pseudo value of 6+ is 6-=ké — (k — 1)0(1—). The
Jjackknife estimator is -

. K

and the jackknife variance estimator is

. K “\2
v;l8] = [Tz (6+ - 8) ] / (k(k-1)).

=1

This form of the variance estimator is also used to estimate the variance of § as

K
v;(0) = |:TE=1[0T - oﬂ / (k(k-1)).

For complex designs, the primary sampling units (PSU) are deleted instead of the
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elementary sampling units. In case of stratified designs, the groups are formed either by deleting
a single PSU in each stratum at a time (Jones 1978) or within each stratum form k groups such
that g,k = r, and every jackknife group has the T-th group deleted across strata (Wolter 1985).
In light of Wu’s (1987) result, it is preferable that more than one unit be deleted in forming the
pseudo-value. With the data on hand, 33 clusters which are divided into two strata of size 16 and

17, respectively, single cluster deletion is preferable.

Where the cluster probability of selection varies by strata, an appropriate adjustment for

this should be as follows: let the weighted pseudo-value be formed:
0,, = (Hw, + 1)8 — Hwh@(“) where

H is the number of strata,
f is the estimate based on the full sample,
9( hi) is the estimate based on a sample where the i-th unit from the h-th stratum is deleted and

all the units from the other strata are included,

wy = (n, — 1)(1 - nh/Nh)

with n,, the sample size selected from a total of N, units in the h-th stratum.
The jackknifed estimator of the parameter @ is
,. H "h._
6 = Z : 0 ht / th-
h=1 =1
Jones showed that if 8 is a linear or quadratic function of the stratum means the above estimator

9 is unbiased for 8. The variance estimator on the other hand is biased in the second order

moment of Y.

The other modifications of the jackknife procedures as applied to the Cebu data set are as
follows:
1. For each pseudo-value computation, delete one cluster from a stratum and retain all

other clusters in the other strata. This procedure uses the rule of ultimate cluster
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variance.

2.  Instead of the stratum finite population correction (fpc) that Jones suggested for
samples drawn with equal probability of selection, an adjusted fpc is used to reflect the
varying probability of inclusion when weighting class adjustment for nonresponse is
implemented. A heuristic approach is to use the average of the adjusted probability of
inclusion instead of the fpc. If the probability of inclusion is 7, and this is adjusted
by a; / r,;, Where ay; is the size of the ith cluster in the h-th stratum and r,; is the

number of respondents, the following is the adjusted fpc per stratum:

adjusted fpc=(27f;,r;..'/ahi)/thi.

Although, the adjusted fpc is used to reflect the differential in probability of inclusion

of the sampled clusters, it also, hopefully adjusts the JRR variance estimate for
samples drawn without replacement.

3. Use sampling weights computed for the full sample. If the JRR principles are to be
applied strictly, a set of k + 1 sets of sampling weights are needed for k pseudo values

and 1 for the full sample. This procedure is computationally expensive.

Intuitively, the use of single full sample weights may introduce underestimation of the
variance estimate. The above likelihood of underestimation due to the use of single weights may
balance the known upward bias of a JRR variances. There are no theoretical nor extensive
empirical studies to show if these conjectures are correct. Wolter (1985) cited limited studies by
Bean (1975) for random group variance estimation which showed slightly worse variance
estimates when single full sample weights are used instead of different sampling weights for each

pseudo group.

In the next section a very brief description of the quantile estimation procedure is given.

4.2.4. Quantile Estimation

For simplicity it is assumed that r of n units drawn by simple random sampling respond.




47

The reported values y;, Yo, ..., yr are ordered to get (y(1), y(2), .-, y(r)) where y(j) is the j-th
value arrayed from lowest to highest, i.e., y(1) = min (y;, y2, - yr) and

y(r) = max (y;, Y2, .-y ¥r)- The above ordered values serve as the empirical cumulative
distribution. To obtain an estimate of the p-th percentile, let p be divided by 100 and find the
value y(j) such that r x p units are below y(j) and r x (1 — p) units are above y(j). Incaserxp
P is not an integer, one takes the next highest value y(J + 1) as the percentile estimate. In this
study the histogram method first proposed by Woodruff (1952) with the alternative algorithm

proposed by Wheeless and Shah is used.(See other details of the procedure in Chapter II).

To adjust the percentile estimate for nonresponse, the r units are grouped into weighting
classes as described in Chapter II. With weights assigned, a unit is counted w times instead of
just once in the frequency distribution. Instead of taking r x p units below or above y(j), there
are now (Zw, ,,) units. For large samples, the cases may not be actually ordered as earlier

described; instead the linear interpolation shown in Chapter II is done to obtain the estimates.

The extension of percentile estimation to other sampling schemes is straightforward; the
key is to provide for sampling weights that account for the probability of inclusion and the
probability of response. With regression imputation, the imputed values are treated as if they are
truly observed and are no different from the actually observed values. The addition of the
random empirical residuals is expected to preserve the variability if not the distribution of the

originally observed cases.

The number of optimal bins as proposed by Scott (1979) is used in estimating full as well
as domain estimates. The number of bins varies as a function of the variance estimates; as the
variance varies with the type of nonresponse adjustment so do the number of optimal bins and
the quantile estimates. Whether this conjecture is correct is shown in the empirical results shown

in Chapter VL

4.2.5. Statistics for Comparing Alternative Adjustments

The empirical performance of the above nonresponse adjustments are compared by
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computing the following statistics:
1.  An estimate of bias reduction is the relative diffrence computed as follows:
Relative Difference (1) = Estimate without nonresponse adjustment minus
Estimate based on sample weighting
Relative Difference (2) = Estimate without nonresponse adjustment minus
Estimate adjusted by regression imputation
Relative Difference (3) = Estimate with sample weighting minus

Estimate adjusted by regression imputation

The above comparative statistics are also computed for quantiles estimated with
alternative nonresponse adjustment.
2. The increase in variance of the estimate is another criterion by which the nonresponse
adjustment may be compared. The comparative statistic is the same as those enumerated

in (1) except that variance ratios instead of differences are computed;

Variance of estimate without nonresponse adjustment
Variance of estimate adjusted by sample weighting

Variance ratio 1 =

__Variance of estimate without nonresponse adjustment
" Variance of estimate adjusted by regression imputation

Variance ratio 2

_ Variance of estimate with sample weighting
" Variance of estimate adjusted by regression imputation”

Variance ratio 3

Although the variance ratios are taken, such may actually be ratios of the mean squared
errors as some unknown estimation biases may be also incorporated in the estimates.

3. The ratio of the square of the relative difference to the variance estimate multiplied by
100(RSBYV) is a very crude measure of the relative contribution of the bias and variance to the
mean square error of a particular estimator. This statistic is useful only when both the sample
mean and variance are unbiased estimates of the population values . Furthermore, it is implicitly
assumed in this statistic that the component of mean square due to measurement errors are
negligible and an estimate based on one estimator may be assumed to represent the population

values. What the RSBV compares is the relative bias of one estimator with the other, and not
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the bias from the true population values.

In particular the RSBV is estimated as:

RSBV =Relative Bias . 149
var(f)

where § is an estimate made without nonresponse adjustment or adjusted by sample weighting or
regression imputation. In the statistics, 8 is treated as if it is a true population value and the
relative bias of another estimator is with respect to 6. The relative bias could be any of the three

enumerated in 1.

The above measures are compared for the full sample and for selected domains across all
rounds. Although the bias of these estimators cannot be directly compared, the statistics
computed here indicates the possible direction of bias, if there is any.

4. The comparison of the Cebu anthropometric data are limited by the way the Philippine
anthropometric standards(PAS) is presented. The PAS presents the limits of the categories for
classifying children into nutritional levels proposed by Gomez (1956). As such the Cebu children
are classified into obese, normal, mildly, moderately or severely malnourished. This comparison
should validate two commonly observed findings from cross-sectional studies ;

1) that as children get older, the likelihood of being malnourished rises and

2) at around four to six months, there is sudden downward shift in a child’s attained

weight.

For height, the standards for each age are given separately for males and females. The
comparison is accomplished by taking the ratio of the Cebu height to the standard and the means
of the ratios are then estimated and evaluated for their significance in indicating chronic

malnutrition.

In the next section, the extent of nonresponse in the Cebu data set as well as its

possible biased effect on the estimates is assessed.



CHAPTER V

ASSESMENT OF NONRESPONSE BIAS IN THE CEBU DATA SET

Before any adjustment is made, it is important to establish that there is possibly bias in
using only unadjusted respondents’ data. As shown in equation 2.1, the extent of nonresponse bias
is a function of the proportion of nonrespondents as well as the differences in the means between
respondents and nonrespondents. Estimates of the above nonresponse proportion or mean
difference may be made directly or indirectly. In the direct mode, random subsamples from the
population strata of respondents and nonrespondents are taken and an estimate of |?m- 7,] is
made from the samples. In the indirect mode, an analyst shows that the probability of response
as given in 2.2 is independent of the outcome of interest. Evidence to the contrary suggests that
there is bias due to nonresponse. To implement an indirect assessment, variables known to be
related to the outcome of interest, in this case anthropometric measures, are testéd for their
association with nonresponse. If different response rates occur in subgroups where the mean
attained weight or height differ, there is possibly bias in the unadjusted estimates made from the

respondents only.

For the Cebu data set, an indirect bias assessment is done with both bivariate and
multivariable testing of association between some selected socioeconomic (SES) variables and
nonresponse. The results of the indirect assessment are given in section 5.2. The extent of unit
nonresponse is also shown to find the possible level of adjustment if only sampling design

variables are used for nonresponse sample weighting (see section 5.1).

The longitudinal nature of the Cebu data set also enables an analyst to estimate
roughly the differences of previous and subsequent means between current round respondents and

nonrespondents. For example, most of the round three respondents and some of the
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nonrespondents had measurements taken previously in rounds one and two and in subsequent
rounds four to six. From the above differences some indication of the extent of nonresponse bias
may be gleaned subject to a number of limitations. Graphical presentations of the above
differences for the full sample and by some SES levels are shown in section 5.3. The subsequent
attained weight of children by availability of birthweight information is also presented as another

possible evidence of bias due to nonresponse.

Discussed, too, are the use and limitations of the results in inferring bias and in defining

nonresponse compensation classes.

5.1. Extent of Nonresponse for the Full Sample and by Selected Variables

In Table 5.1.1 is the distribution of women contacted in 33 sample barangays by

eligibility status and reasons of ineligibility.

Of the 4492 women contacted, 27.1 percent were ineligible; of the eligible 3262 women,
94.4 percent had available information at least for baseline and birth surveys. All those who gave
erroneous information, were discovered late, refused or had dead babies before birth information
were treated as if they had single births and hence were eligible sample treated as unit
nonrespondents. Fourteen rounds were available for 71.1 percent of those with birth and baseline
surveys while 79.2 percent had complete (8) rounds up to the time the sample child was one year

old.

In Table 5.1.2 is the number of eligible cases up to certain rounds; cases were considered
eligible unless death occurred. All other sources of missing data like refusal, temporary
migration, late discovery of subjects or erroneous information were considered nonresponse during
the first year of the infant’s life. The percentage of nonresponse shown is the ratio of the number

of eligible cases with reported weight or height to the number of eligible cases in a round.

Although there was high percentage of cases available during the birth survey only, 69.8
percent had acceptable birth weight. About 8 percent of the available birth weight data were

considered ”inappropriate.” These so-called inappropriate birth weights were grouped into two:
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so-called inappropriate birth weights were grouped into two: those taken beyond the first hour of
birth and those taken during the first hour of birth but such values differed from the subsequent

weight measures taken within the first ten days of life by more or less than five hundred grams.

The percentage of nonresponse tended to level off slowly from rounds one to six with the

nonresponse rate around 10 to 12 percent, a phenomenon common to panel surveys.

5.2. Indirect Method of Assessing Bias Due to Nonresponse

To implement the indirect method of bias assessment, a set of variables known to be
associated with attained weight and height are tested for their association with nonresponse. The
choice of the variables to test for nonresponse association is based on both subjective and
objective grounds. First, only a limited number of variables are tested as too many variables
may lead to a large number of compensation classes. Second, the SES measures should be present
for all cases except for unit nonrespondents (i.e., those whose only known information is the
design variables). This rules out the use of household income as about 10 percent of the sample
had no estimated income at the time this paper was prepared. In lieu of income, household asset
is used. Although both assets and income are measures of resources available to a household,
they also differ in that income represents current capacity for expenditures while assets are
potential capacity to spend cumulated within a long period of time. In developing countries
where the cash economy may not be strong, assets instead of incorﬁe may be an appropriate

indicator of wealth or potential for tapping household resources.

Also excluded for testing for possible association with nonresponse are a number of
behavioral and biomedical determinants which were recorded simultaneously with attained weight
and height. The examples of such variables are breast-feeding practices, caloric intake, and
preventive health care which were asked with a different time frame but were nevertheless subject

to nonresponse in the same way that attained height and weight were.

The list of variables tested for nonresponse association is further limited to those which
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were shown to be associated with attained weight and height in the backward regression
procedure to determine the best predictive equation for imputation purposes. Only those which
turned out significant in the bivariate test of association are reported here. These variables are
maternal age and education and household assets; excluded are child’s age and gender, maternal
height and parity. The association with place of delivery is shown but this variable is not included
in the multivariable mode of analysis as place of delivery is associated if not determined by

education and assets.

The SES variables are either in continuous or categorical form depending on the type of
analysis performed. In the bivariate chi-square analysis, the socioeconomic variables are grouped
as much as possible based on meaningful biological or sociological axes. Maternal education is
grouped into three categories which reflect only duration of formal schooling namely at most
elementary education, high school education or at least one year of college education. Maternal
age is grouped into less than 20 years, between 30 and 35 inclusive, and over 35 years to reflect
the fact that physiologically and socially these age groups differ. The household asset, which is
deflated to the 1978 real value, is grouped into quartiles while place of delivery is grouped into

home, public and private hospitals.

There are three nonresponse variables considered namely:

1. a dichotomous round availability, that is at any round an eligible infant known to be
alive at the time of survey takes on the value of 1 if anthropometric measure is taken

and zero otherwise.

2. At birth, the availability of birthweight is further classified into “acceptable” or
“inappropriate”. Inappropriate birthweights are those taken within one hour after
birth but whose subsequent weight measures taken within the next 10 days after birth
were more than 500 grams below or above the original values reported. The
acceptable birth weights are within 500 or less of the original birthweights reported.

3. Complete cases are those with appropriate birth weight and the subsequent

anthropometric measurements in rounds one to six. Missing at least one round or
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birth survey renders a unit incomplete.
The measures of association reported here are quite limited in the following way:

1. The data used exclude the unit nonrespondents, i.e., those cases whose only known
information are the design variables.

2.  Deaths during the first year of life are excluded so as not to confound the association
of nonresponse either with the outcome or SES variables that explain the outcome of
interest. Children’s attained weights prior to death are below the mean weights of the
survivors. Preliminary results also show that the socioeconomics status (SES) of those
who died differed markedly from those of the survivors.

3.  The association is limited to certain age range at which measurements were taken,
roughly about a week before or after the actual age of the child. Again, this is done to
avoid confounded results in the association of nonresponse and attained weights.

4.  The chi- square association is stratified by the urban-rural stratification to account for
the different sampling probability in each stratum. In the logistic modelling of

nonresponse, the sampling design is incorporated in the estimation procedure.

In Tables 5.2.1 to 5.2.4 are the proportions of respondents by urban and rural residence
among children still alive at the end of each round. The proportions are also classified separately
by maternal age and education and household asset quartile and place of delivery. Chi-square

tests of general association between the nonresponse variables and the selected SES are also given.

The children of urban women with at least one year of college education were more likely
to have complete data points than those of women with less education (Table 5.2.1). This same
set of children were more likely to have birth weight reported but they were also more likely to be
lost in each round after the birth interview. For the rural sample, the educational level was
associated only with the availability of the appropriate birth weight but not with any other

measure of nonresponse.

The children in urban households in the lowest asset quartiles were less likely to report

appropriate birth weight and were more likely to be lost after the birth interview than children in
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the other quartiles (Table 5.2.2). This phenomenon is reversed in the rural sample where children
in the lowest asset quartile were more likely to have appropriate birth weight and complete data

than those in the higher household asset quartile.

Those urban children whose mothers were at least 35 years old were likely to have
complete data followed by those whose mothers were 20 to 35 years old (Table 5.2.3) while in the
rural sample data completeness was not associated with maternal age. For the urban subsample,
maternal age was associated only with round six nonresponse. Birth weights of infants delivered
at home were twice as likely to be declared inappropriate than those delivered in public or private
hospitals (Table 5.2.4). Those delivered at home were also less likely to have complete data points

although they tended to remain in each round after the birth survey than those born in hospitals.

A multivariable analysis of how the above factors are related to data completeness and
round availability is reported in Table 5.2.5. The results are from a logistic model (estimated by
the Proc Logist procedure of the Research Triangle Institute , (Shah et al. 1982)) of nonresponse
as a function of additive effects of maternal education and age and household asset. Initially, a
full model where the interactions of these explanatory variables were included showed both
additive and interaction effects to be statistically insignificant except for the additive positive
maternal age effect. The results of the simpler additive model run with the sampling design
incorporated showed that the children of older women or women with high education were likely
to have complete data while household asset was associated negatively with data completeness.
Round availability was positively associated with maternal age and negatively with maternal
education and household asset. In an additive model where the explanatory variables are in the
same categorical form as used in Tables 5.2.1 to 5.2.4, the above association of nonresponse and
SES was also found. (The figures from the categorical model are not presented; only the
substantive implication of the estimation results are discussed). The children of women with
elementary or high school education were more likely to stay in a round than those of women

with college education. Those in the lowest household asset quartile were more likely to
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have incomplete data than those in the highest quartile. The maternal age effects on nonresponse

were not consistently statistically significant across the rounds.

Theoretically, the above SES are associated with attained anthropometric measures via
the pathways discussed in Chapter II. The common lore is highly educated women with high
assets who are neither too young nor too old have healthy children who generally are heavy and
tall. These assumptions are tested in two models for the respondents on hand; one is where the
SES are included as explanatory variables in addition to previous weight or height and the second
excludes the previous measurements as explanatory variables. Results presented in Tables 5.2.6
and 5.2.7 show that the most important determinant of current weight or height is the previously
reported value. Maternal education and assets contributed positively to the current measures in
both models. In a model without previous weight, those children whose mothers were with
elementary or high school education were 100 to 500 grams lighter than those whose mothers were
college educated, with the absolute differences larger as the child got older. The asset effects were
larger in ages 6 to 12 months; as the quartile moved from the lowest to the third, the difference

of mean weight from that of the fourth quartile decreased. Maternal age was negatively associated ‘

with current weight with women in the less than 20 or 20 to 35 years age group 90 to 200 grams
heavier than those in the over 35 years group. Where the previous weight was an explanatory

variable, maternal age was not a significant covariable.

Before discussing the effects of the above relationship of nonresponse with the selected

SES on the estimates, other evidence of possible bias is presented in the next section.

5.3. Other Evidence of Bias Due to Nonresponse

In tracking the difference of previous or subsequent anthropometric measures between
current round respondents and nonrespondents, an additional evidence of nonresponse bias may
be found. Implicit in the procedure is the assumption that the rough estimate of
|¥m - Y-| based on previous or subsequent measures approximateé the differences in the current

round. As previous or subsequent values are proposed as predictors in the regression imputation
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equation, the tracking results are useful in assessing the direction if not the success of imputation.
If the previous values are smaller, then one would expect smaller imputed values and if they are
high, the imputed values are expected to be high. Implicitly assumed is that the subsample of
nonrespondents for whom previous values are available are a random subsample of the total
number of respondents in the current round; this may not be necessarily true as there may be
self-selection among current round losses. Another caveat is in the assumption that those who are
previously lighter continue to have low weights in the current round. There is a possible “catch-up
growth”; organisms which at a time suffered biological insults, say illness or starvation, are likely
to grow in an accelerated pace while generally healthy organisms may not grow as fast. Some
previously light children may be predicted to have low weight when in fact they have attained
higher values. Although this possibility exists especially when the experience of biological insults
is not included in the model, the strong association of previous and current measures is high to

yield reasonable imputed values.

In Figure 5.3.1 is the plot of differences of previous and subsequent mean weights among
respondents and nonrespondents in a current round. On the overall, the subsample of
nonrespondents in any current round had lower previous weights and higher subsequent weights
than the respondents. For example, a subsample of nonrespondents in round two weighed 100
grams lighter in round one than the round two respondents; in rounds three to six, the mean
weights of the former are greater than those of the latter group. Round six nonrespondents
consistently reported lighter weights in rounds one to five than the round six respondents. In
disaggregating the differences by household asset quartile, a subsample of nonrespondents in
round one who were in the highest quartile reported lower subsequent weights while those in the
lower quartile reported higher subsequent weights than respondents in the same quartiles (Figure
5.3.2). Lower weights prior to nonresponse in rounds four, five and six were reported by a
subsample of nonrespondents whose mothers were with college education. In rounds two and
three, the reported weights of the children of women in the above high education group were

higher than those of the respondents (Figure 5.3.3). In round two, a subsample of nonrespondents
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whose mothers were at least 35 years old reported lower weights but in rounds four and six, the

subsequent weights were heavier than the respondents in the same maternal age group (Figure

5.3.5).

For the rural sample, the association of nonresponse with attained weight was not as
strong as that of the urban sample (Figure 5.3.1, panel b). Round one rural nonrespondents
reported lower weights in rounds three and four but higher values in rounds five to six than
respondents. The rural differences, although larger in absolute values were unreliable as there were

very few cases lost in each round.

The above findings suggest that round nonresponse in the urban sample is associated with
attained weight. It is likely that mothers who perceived their children to be lighter, if not
actually sick, refused to participate in the current round but were willing to rejoin the survey
when they perceived their children were well. This conjecture is not testable in this data set but
this seems rational when the above observation persisted more among children of highly educated
women in the higher household asset quartile. That the pattern occured for weight alone instead
of height may reflect the relatively easier recognition of weight losses rather than height changes
among mothers who because of their characteristics may be more conscious of their children’s

health status.

The current nonrespondents were taller than respondents either before or after the round
of nonresponse (see Figure 5.3.5). There were two notable exceptions though(these are not shown
in the figure); a subsample of urban nonrespondents whose mothers were at least 35 years old or
less than 20 years old reported shorter height in rounds one, four and six. The children of highly
educated women tended to be lost when they were shorter than the sample respondents. The
height differences stratified separately by maternal age or household assets did not reveal evidence

of nonresponse being conditional on the attained height of the child.

In tracking cases by the type of birth weight availability an ordering of the attained

mean weight in each round is found. For both the urban and rural samples, those with no birth




59

weight reported were the lightest followed by those with appropriate birth weight; those with
inappropriate birth weight reported the heaviest subsequent attained weights (see Figure 5.3.6).
This implies that despite losses, mean estimates based on those with appropriate birthweight only

were likely to be unbiased since the losses were in both ends of the birthweight distribution.

The above results provided evidence that the probability of response could be associated
with the outcome of interest, which if not addressed, may lead to biased estimates. This
observation was strong in the urban areas but not in the rural areas where the nonresponse rate

was low.

The direction as well as the extent of bias due to nonresponse is difficult to ascertain; the
unadjusted height and weight statistic, given that the losses occurred mostly among those in the
lowest household asset quartile, could probably overestimate the true population values. The
tracking evidence, however, showed that those lost earlier were the taller and heavier children,
indicating a possible underestimation. Noting that the losses among the college educated women

occurred when the children were shorter and lighter, the overestimation direction may hold.

Overall, the low nonresponse rates rather than the differences in means between
respondents and nonrespondents led to minimal bias. Nonresponse bias is further minimized by
the shift in signs of the differences of means between respondents and nonrespondents in different
subgroups related to weight and height measures. In a low bias situation likev the Cebu data set,
the primary objective becomes the control of the variance estimates; compensation classes and

imputation procedure should be geared to meet this objective.

Based on practical as well as heuristic grounds, the compensation classes were defined by
the household asset quartile. This insured that there would be sufficient number of cases in each
compensation classs. Classes could have also been defined by educational groups but the small
number of women in the highest educational groups, especially in the rural areas, ruled this out.
A cross-tabulation of the two variables, asset and education, could probably control for the mixed

direction of bias due to nonresponse but this would also lead to a large number of classes some of
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them might even be empty. More advanced procedures could be used to define the compensation
classes but such would entail a number of model-based approaches which are being kept in the

minimum in the present study.

The regression imputation was done separately for each class to account for the mothers’
differential propensity to respond in each household quartile, which may be related to the
mothers’ perceived health status of their children. For height, the full sample was used for

imputation.

In the next section, the results of the statistical adjustments on mean, quantiles and
their variances are presented. The issues and results in this section are further addressed to

explain the strengths and weaknesses of the nonresponse adjustments.
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Table 5.1.1. Distribution of women contacted as possible respondents,
by reasons of eligibility!

Eligibility status & reasons Number %
Ineligible
Birth occurred outside period of interest 754
Migrated before child’s birth? 314
Erroneous pregnancy report 27
Stillbirth/miscarriage 108
Twins 27
Subtotal 1,230 27.4

Eligible but with no useful information

Gave erroneous information 16
Discovered late 58
Refusals® 94
Deaths 14
Subtotal 182 4.1

Eligible and with useful information
up to a certain point

With 14 rounds completed 2,183

With 2-13 rounds completed 378

Until permanent migration 311

Until child’s death 49
Subtotal* 3080 68.6
Grand Total 4,492

1Taken from Progress Report No. 7 of the Office of Population Studies, University of
San Carlos(Philippines) to the University of North Carolina, December 1986.

2135 of these women had baseline information gathered before birth and migration.
3All but 14 had children known to be alive at age two years.

4In other analysis, n=3080 is the sample as the fourth criterion ( baseline and birth
information should be available) is applied to make a sample an eligible respondent.
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Table 5.1.2. Distribution of mother/child pairs by round’s eligibility and response status

Base Rounds )
and
Birth 1 2 3 4 5 6
Total eligible
cases 3262 3157 3118 3069 3034 3001 2963
Cases on file 3080 2882 2807 2721 2670 2634 2605
Weight reported 2277 2877 2803 2719 2665 2629 2596
Height reported 2257 2876 2800 2717 2665 2626 2594
Cases depleting
original cohort
due to:
Death - 47 52 64 80 92 109
Migration -- 58 92 129 148 169 190
Subtotal - 105 144 193 228 261 299 -
% nonresponse 94.4 91.3 90.0 88.7 88.0 87.8 87.9
% with weight 69.8 91.2 89.9 88.6 87.8 87.6 87.6 )

% with height 69.2 91.1 89.9 88.5 87.8 87.6 87.6




Table 5.2.1. Proportion of children with available data® and test of association,
by maternal education, round and urban-rural strata

Maternal education Test of association
Strata and Response at most at least 1 yr.
Variable elementary high school college X? P-value
Urban (1138) (784) (433)
Availability in
Round 1 .945 937 921 3.19 .203
2 928 906 .876 10.82 .004
3 905 .879 .845 13.11 .003
4 .890 .866 .821 13.11 .003
5 .894 .843 .805 23.43 .000
6 .878 .844 .816 10.42 .005
Complete® .585 .628 .649 6.50 .039
Birthweight Availability’
Inappropriate .061 .068 .055
Appropriate 707 .810 878
Not reported 232 122 067 79.25 .000
Rural (546) (143) (36)
Availability in
Round 1 .983 972 944 2.89 235
2 974 964 917 3.77 152
3 944 .964 .861 5.71 058
4 948 .935. 917 77 .682
5 939 .906. 944 1.94 379
6 .892 932 968 3.45 178
Complete .542 .604 .639 2.70 259
Birthweight Availability
Inappropriate .044 .049 .056
Appropriate .603 706 750
Not reported .353 .245 194 9.03 .060

SEnclosed in parentheses is the number of single live births with baseline and birth
information in each group. The number of alive children in rounds one to six is the
denominator of the reported proportion.

6The number of children alive in round six is the denominator.

"The birthweight availability grouping is given in the text.
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Table 5.2.2. Proportion of children with available data® and test of association,
by household asset quartile, round and urban-rural strata

Strata and Response Household asset guartile Test of association
Variable 1 2 3 4 ) & P-value
Urban (588) (589) (589) (589)
Availability in
Round 1 .926 932 .948 .945 3.54 316
2 .881 916 .938 .908 12.08 .007
3 .854 .890 910 .888 9.45 .024
4 .828 876 904 .869 14.69 .002
5 811 .865 .899 .869 19.09 .000
6 729 .862 .889 .875 25.10 071
Complete® .535 .601 .626 .682 27.00 .000

Birthweight availability?

Inappropriate 063 .048 .080 .058
Appropriate .730 747 767 .847
Not reported 207 .205 .153 095 41.55 .000
Rural (181) (181) (182) (181)
Availability in
Round 1 983 .989 972 971 1.79 617 .
2 961 977 978 960 1.76 .624
3 927 .960 961 926 3.89 274
4 .944 948 949 931 0.64 .888
5 915 937 943 937 1.29 831
6 915 937 937 931 0.88 .831
Complete .608 .523 .546 .560 2.74 433

Birthweight availability

Inappropriate .033 044 .049 .055
Appropriate .685 .586 .610 .641
Not reported .282 370 341 304 5.20 2.518

8Enclosed in parentheses is the number of single live births with baseline and birth
information in each group. The number of alive children in rounds one to six is the .
denominator of the reported proportion.

9The number of children alive in round six is the denominator. .

10The birthweight availability grouping is given in the text.



Table 5.2.3. Proportion of children with available datall and test of association,
by maternal age, round and urban-rural strata

Maternal age in years Test of association
Strata and Response less than 20-35 over 35
Variable 20 X2 P-value
Urban ( 313) (1878) (164)
Availability in
Round 1 925 939 951 1.32 516
2 .906 .909 .945 2.59 287
3 .886 .882 926 2.82 .245
4 .859 870 .888 .79 673
5 .843 .862 .881 1.42 491
6 812 .862 .855 5.30 071
Completel? 551 618 .645 5.88 .053
Birthweight Availability'3
Inappropriate 077 .060 .055
Appropriate 770 75 .750
Not reported .153 .165 .195 2.61 .625
Rural (99) (558) (68)
Availability in
Round 1 979 976 1.00 1.60 .448
2 .969 965 1.00 2.32 313
3 947 .938 985 2.40 .301
4 947 936 1.00 4.36 113
5 926 928 984 2.91 .233
6 .893 .932 - .968 2.91 .233
Complete .559 571 460 2.80 247
Birthweight Availability
Inappropriate .040 047 .044
Appropriate 667 .640 500
Not reported .293 314 456 6.31 77

1 Enclosed in parentheses is the number of single live births with baseline and birth
information in each group. The number of alive children in rounds one to six is the
denominator of the reported proportion.

12The number of children alive in round six is the denominator.

13The birthweight availability grouping is given in the text.



Table 5.2.4. Proportion of children with available datal® and test of association,

by maternal place of delivery, round and urban-rural strata

Place of delivery Test of association
Strata and Response Home Public Private
Variable Hospital Hospital x? P-value
Urban (1253) (505) (597)
Availability in
Round 1 954 934 .907 15.00 .001
2 .933 908 .868 20.53 000
3 913 877 .836 23.58 .000
4 .895 .865 .820 19.75 .000
5 .891 .850 .808 23.20 .000
6 .886 .838 .805 22.59 .000
Complete!® 515 730 711 101.32 .000
Birthweight Availability!®
Inappropriate 078 .040 047
Appropriate .622 943 946
Not reported .300 .018 .007 385.76 .000
Rural (651) 3N 37
Availability in
Round 1 976 1.000 1.000 - -
2 965 1.000 1.000 - -
3 940 1.000 1.000 - -
4 941 946 973 .67 72
5 931 919 973 1.09 .58
6 930 919 946 .21 .90
Complete .523 .865 .865 31.29 .000
Birthweight Availability
Inappropriate .048 027 027
Appropriate .596 946 919
Not reported .356 027 .054 33.02 .000

14Fnclosed in parentheses are the number of single live births with baseline and birth

information. The number of alive children in rounds one to six is the denominator of the

reported proportion.

15The number of children alive in round six is the denominator.

16The birthweight availability grouping is given in the text.




Table 5.2.5. Coefficients and significance of selected determinants of response at each round
(based on logistic fit with sampling design adjustment)

Explanatory variables Dependent variables

Present in round

Complete 1 2 3
Intercept -0.30 2.5 %%* 2.53%%* 2.10%%*
Maternal age 0.01%% 05k 045k O4xxx
Maternal education 0.05%*x = 10%xx = 1 wn - 10%%%
Household asset -0.00001% -.00 -.00 -.00
Model F-value(p-value) 6.10 18.57(.00) 21.17(.00) 20.21(.00)

Present in round

4 5 6
Intercept 2.00% % 1.99%** 1.69%x%
Maternal age 03%%* 03%xx 04%%x
Maternal education - 10%%x% -1 1aenx —.09%%%
Household asset -.00 -.00 .00

Model F-value(p-value) 23.53(.00) 22.33(.00) 10.74(.00)
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Table 5.2.6. Two models of association of attained weight and selected variables
(with sampling design adjustment)

Model and Explanatory variables Dependent variables ~
Attained weight in round
1 2 3

Model 1
Intercept 2502.09%%* 1151.244%x 715.86%x+
Previous weight 90%%x 1.01 4 R
Maternal age -10.97 %x* -.64 -1.20
Maternal education 1.45% %% 8.08%xx* 14.16%*x*
Household asset 005 .00 .00
Model F-value(p-value) 248.16(.00) 1088.69(.00) 2475.96(.00)

Model 2
Intercept 4931.52%%x 6141.89%%x 6832.30%%x
Maternal age -5.03 % -5.80%%% -7.98%%%
Maternal education 11.73#= 20.50%** 33.324xx
Household asset L00%%x 00 Laxx 002%«
Model F-value(p-value) 34.13(.00) 14.62(.00) 15.67(.00)

Attained weight in round
4 5 6

Model 1
Intercept 404,17 %+ 396.69xxx» 378.19%%+
Previous weight 98 uxk 9T #kex 9T 4xx
Maternal age 1.43 2.29* 2.21
Maternal education 14.28% 15.544%x* 11.44%xx
Household asset .00 .00 .00
Model F-value(p-value) 1647.17(.00) 1912.31(.00) 1903.87(.00)

Model 2
Intercept 7152.85%%x 7330.85%xx 7502.66% %
Maternal age ~7.70%% -5.49% -3.27
Maternal education 47.9Tx%x 63.70%%» 72.15%%x
Household asset 002+ 002+ 002+
Model F-value(p-value) 22.61(.00) 36.89(.00) 51.19(.00)




Table 5.2.7. Two models of association of attained height and selected variables
(with sampling design adjustment)

Model and Explanatory variables Dependent variables

Attained height in

1 2 3
Model 1
Intercept 23.83%xx 19.78%*x 14.49%%*
Previous height 664%x T3k Blakx
Maternal age -.01% -.005 -.003
Maternal education .04=* .04x 04 5%+
Household asset .00 .00 .00
Model F-value(p-value) 158.55(.00) 698.08(.00) 2248.65(.00)
Model 2
Intercept 55.45%x* 60.23 63.424%x
Maternal age -.005 -.00 -.005
Maternal education 10+ A 2%kx Jddwkx
Household asset .00 00+ 00*x
Model F-value(p-value) 30.20(.00) 35.47(.00) 52.53(.00)

Attained height in round

4 5 6
Model 1
Intercept 14.48%%* 9.65% % 5.16%x
Previous height Blkkx B kkx 954k
Maternal age -.003 -.005 -.002
Maternal education RIZEE O3#xx 03%x%
Household assets .00 00 %** .00
Model F-value(p-value) 2248.65(.00) 1988.60(.00) 429.25(.00)
Model 2
Intercept 63.42%%% 66.023%+ 69.64%%x
Maternal age -.005 -.01 -.02x
Maternal education Jd4senx d6%k% 21x%x
Household assets 00+ 00%xx* 00%%x*
Model F-value(p-value) 36.31(.00) 44.30(.00) 57.01(.00)
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Figure 53.2 Differences in previous and subsequent mean weight between current round
nonrespondents and respondents, by matemal education, urban sample

(mean weight in grams)
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Figure 5.3.3 Differences in previous and subsequent mean weight between current round

nonrespondents and respondents, by household asset quartile, urban sample -
(mean weight in grams)
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Figure 5.3.4 Differences in previous and subsequent mean weight between current round
nonrespondents and respondents, by maternal age groups, urban sample
(weight in grams; age in years)
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CHAPTER VI
RESULTS AND DISCUSSION

This section presents the means and selected quantiles of attained weight, height and
;;onderal index and their variances estimated without adjustment or adjusted for nonresponse
either by sample weighting or regression imputation. The relative difference which is the
difference between two estifnates adjusted for nonresponse, as well as a crude assessment of the
variance contributions to the mean square error of the alternative nonresponse adjustment is
presented. The first part focuses on the means and their variances for the full sample and urban-
rural and gender domains at bimonthly intervals from birth to 12 months of age. The second part
presents the effects of nonresponse adjustment for selected quantiles (5,10, 25, 50, 75, 90 and 95)
at birth, and 12 months and their variances. The quantiles are reported for the full sample and

gender domains.

The estimates at birth allow comparison of different weighting alternatives, original
weighting, weighting with sampling weights adjusted for nonrespoﬁse in asset classes and original
weighting adjusted only for unit nonresponse at the PSU level. The estimates in round six or at
the time the child was 12 months show differences of adjusted estimates when the nonresponse

rate is greatest.

A discussion of the results of the alternative adjustments is given in section 6.3 and a

comparison of the Cebu data with the Philippine anthropometric standards is presented in 6.4.

6.1. Means and Their Variances

On the overall, the regression imputation procedure yielded estimates which adjust height

‘ -
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upward with no undue variance deflation. For certain age groups, though, the extent of
adjustment might be larger than the true value. For weight, sample weighting and regression
imputation yielded estimates with different direction for bias adjustment. The relative bias,
however, of each procedure was very small for practical purposes to consider. The effects of the
adjustment on the ponderal index followed the patterns established for height; with height
adjusted upward by the regression imputation, the mean of the ponderal index estimated as single

variate or functional was adjusted downward.

In the presentation, a number of abbreviations are used; in general, a three letter
abbreviation with the first letter indicating the type of statistics, whether it is mean or quantile,
and the second letter indicates the type of nonresponse adjustment done and the last letter the
outcome variable for which the statistics is estimated. M stands for mean estimate and W, H or
P indicates whether the outcome is weight, height or ponderal index respectively. The letters I, 5
and U indicate whether the estimate is adjusted by regresssion imputation, sample weighting or
unadjusted for nonresponse, respectively. For example, MUH indicates the mean height

unadjusted for nonresponse.

6.1.1. Mean Height and Variance

Shown in Table 6.1.1 are the attained mean height without adjustment and adjusted for
- nonresponse either by sample weighting and regression imputation. A plot of the relative

difference for the full sample is in Figure 6.1.1.

For the full sample, the means adjusted by sample weighting (MSH) were consistently
equal up to the second decimal place to the unadjusted ones (MUH); both were smaller than the
means adjusted by regression imputation (MIH). This ordering of the means also applied to those
of the male, female and urban domains for all ages. The rural MIH, on the other hand were the
largest and the MUH’s were smaller than the MSH’s.

The extent of adjustments as shown by the differences of the means (see columns

4-6 of Table 6.1.1) was negligible for practical purposes. There was, however, an overwhelming
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consistency of the MIH to adjust the MUH upwards as seen in Figure 6.1.1. As nonresponse rates
increased over time, the nonresponse bias also increased. Such increase in nonresponse bias was
adjusted for by the regression imputation procedure which yielded increasing absolute relative
difference between the full sample MIH and MUH from rounds one to six (see Figure 6.1.1).
However, the increase in the sample relative bias was probably ldrger than the actual population
bias; an overcompensation could have occurred in the latter rounds, especially round four. By the
eighth month or round four, the velocity of anthropometric growth had already slowed down but
a number of cases were imputed from earlier values, say at birth or rounds one or two. In such
imputation, the use of steeper rate of growth in prediction than the actual one led to large
predicted values. In particular, a round four value predicted from the available height at birth
was larger than one predicted in an equation that related the round four value backward from
either the fifth or sixth round, a time that the growth of rate was slower. As shown later, this
overcompensation could be severe in some domains and could occur in several PSU’s which then

led to large sample variances.

In addition to a bias reduction property, an estimator should not unduly inflate the
variance of the estimate. In this regard, neither one of the adjustments for nonresponse is
superior to the other. In Table 6.1.2 are the sample variances of the means and the ratios of
these variances with each other; the full sample variance ratios are plotted in Figure 6.1.2. The
sample variances of the unadjusted means were equivalent in the third decimal places with those’
of the MSH’s. As expected, the variances of the MIH with added empirical residuals were about
the same with those of the MSH’s but for some domains, the variance ratios differed greatly. For
the full sample, the variance ratios of the unadjusted to the imputed means ranged from 0.844 at
age eight months and 1.075 at age six months. The “worst” deflation of variance was at 4 months
among the female sample where the ratio of the unadjusted to the imputed was 1.217 and that

for the weighted to the imputed was 1.229.

In round four, the ratio of the MUH variance to that of MIH was smaller than one (see

Figure 6.1.2), an indication that the MIH was more variable than MUH. The lesser rural
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MUH/MIH variance ratio also occurred in rounds four to six. For the male sample, the variance
ratios were also less than one but the sample variance values did not differ greatly. The greater
variability of round four MIH could be attributed to the earlier discussed finding that some of the
imputed values were large as they were imputed from equations with slopes steeper than the
actual ones (i.e. for cases which were imputed from values reported during the birth interview).
Furthermore, with only few cases being imputed (i.e. in the rural domain), the possible variance
reduction due to an artificial increase in sample size did not materialize; the increased element

variance due to large imputed values became the dominant effect on the sample variance.

A very crude assessment of the relative contributions of the relative bias and variance to
the mean square error is shown by taking the square of the relative bias to the variance estimate
multiplied by 100. There is caution in interpreting this statistics; for one, it is useful only when
the sample statistics are likely to approximate the population values well with one form of
estimator assumed to be less biased than another. Also embedded in the square of relative bias
are two bias components: one is the actual bias due to nonresponse and the other is the estimator
bias, that is the use of one form of estimator against the other has a certain bias which is not
known. An RSBV value equal to or about 100 indicates that bias and variance may have an

almost equal contribution to the mean square error.

In Table 6.1.3 are the RSBV for height estimates adjusted for nonresponse. In each of
the columns, one estimate, either that one estimated without nonresponse adjustment, or adjusted
by sample weighting or regresssion imputation, is treated as a true value while the other is taken
as an estimate. The sample variance of the assumed true value is the denominator. Using the
unweighted means as reference, no substantial contribution due to bias was attributed to sample
weighting. The RSBV for regression imputation procedure, on the other hand, ranged from 12.5
at age two months and 110.4 at age eight months for the full sample. The values for eight

months might not be reliable due to the possible overcompensation discussed earlier.
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6.1.2. Mean Weight and Variances

Presented in Table 6.1.4 are the mean weights estimated without adjustment for
nonresponse and those adjusted either by sample weighting or regression imputation and their

differences.

For the full sample and urban, male and female domains, the unadjusted mean weights
(MUW) were larger than those adjusted by sample weighting (MSW). The means adjusted by
regression imputation (MIW) were consistently larger than the MSW in rounds one to five for the

full sample and the rural domain.

On the overall, the absolute values of bias reduction due to sample weighting or
regression imputation given the low nonresponse rate and different direction of bias in different

subgroups were very small to consider for statistical and practical purposes.

With variance ratio as criterion, neither one of the alternative estimators was superior to
or worse than the other (Table 6.1.5). The sample variances for the MUW were within five
percent of those for the MSW. For age six and eight months, the MIW variances were 24% below
or above those for MSW or MUW. This could be due to the uncertainty of prediction in age
groups where illness and possibly changing infant feeding patterns may cause too much variability
in attained weight. As mentioned earlier, these variables were not included in the specification as

they were recorded concurrently with the anthropometric measures.

As in height, the relative difference as well as the sample variance of the round four
MUW and MIW differed greatly in magnitude from those of the other rounds. The culprit in this
condition was again the use of a prediction equation with steeper rate of growth at the time the
actual growth of rate had slowed down. The unusually high round four and five female relative
difference further pointed to possible overcompensation when the prediction equation failed to
distinguish between subgroups in the population. In particular, some of the female sample with
relatively high birthweight were predicted to have very large round four values. The extent of

male outlying values among the male imputed values were not as large as those of the females.
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The increase in the MIW sample variance was not as great as that of the MIH; this was due to
the the clustering of outlying values in a single cluster where the cluster average was larger than

those of the other clusters.

The RSBV for weight, no longer presented in table format, was very small except for
fermnale at age 8 and 10 months indicating that none of the nonresponse adjustment performed

better than the others in terms of bias reduction and variance control.

6.1.3. Mean Ponderal Index and Variance

In Tables 6.1.6 and 6.1.7 are the means and sample variances of the ponderal index
treated as a single variate while in Tables 6.1.8 and 6.1.9 are the same statistics for the index
estimated as a functional. In 3.1, the Taylor series approximation to the mean and variance of
x/ y* were derived for simple random samples and it was conjectured that for samples from the
finite population, the mean and variance estimator would be of the same functional form as those
for simple random samples from infinite population. It was also conjectured that for large
samples, the replicated resampling schemes like the JRR may reduce the bias of the Taylor series
approximation from the order of O(1/n) to the order of O(1 /n?). With these conjectures, the
means and variances of the ponderal index are estimated with or without nonresponse
adjustments first as a single variate and second as a functional. The results of the alternative
estimation procedures are compared across type of variate with nonresponse adjustment held

constant.

As presented in Tables 6.1.6 and 6.1.8, the means were unaffected by the nonresponse
adjustment with differences occurring in the third decimal place. The direction of adjustment,
however, followed the direction found for weight and height; with both height and weight
adjusted upward by regression imputation, the effects on the ponderal index were not clear.
Higher height values depressed the index while higher weight led to higher values. In case of

the full sample for age two to ten months, the dominant effect on the index was the higher

imputed values for height.
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With or without adjustment for nonresponse, the mean of the index estimated as .

functional was greater than the mean of the single variate. The pattern was consistent for the full
sample and urban and gender domains. The variance of the mean treated as a single variate was

larger than that of the functional mean with the variance inflation of no more than ten percent.

Treated as single variate or functional, the variances of the means adjusted by regression

imputation were inflated or deflated for domains in some age groups.

6.2. Quantiles and Their Variances

This section presents quantile estimates and variances for height, weight and ponderal
index taken during the child’s birth and at age 12 months. The values were estimated using the
histogram method of Wheeless and Shah with the optimal number of bins for the full sample
computed with Scott’s formula. The full sample optimal number of bins estimated for each

nonresponse adjustment was also used for the gender estimates to yield consistent results within

the full sample and the domains.

The differences and the ratios of the corresponding variances of any two quantiles
estimated with alternative nonresponse adjustment were computed. Results at 12 months were
similar to those found for means with height adjusted upward and weight downward by the
regression imputation procedure. Sample weighting adjusted both measures downward. At birth,

the adjustment results were mixed.

For most of the quantiles, the weight and height sample variances estimated with any of
the nonresponse adjustment were more or less the same provided that the same number of bins
was used in estimation. Despite the same number of bins used, the variances of the ponderal
index estimated with the alternative nonresponse adjustment varied widely at 12

months.

Detailed discussion of the quantile differences and variance ratios of each of the

anthropometric measures follow.
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6.2.1. Height Quantiles and Their Variances

In Tables 6.2.1 and 6.2.2 are the selected height quantiles and their variances,
respectively, at birth and 12 months estimated without or with nonresponse adjustment. The
effects of the nonresponse adjustments on the height quantiles estimated with the Wheeless and
Shah method were the same as the effects on the mean at birth and 12 months. The values
adjusted by sample weighting were the smallest followed by the unadjusted ones and the largest
were those adjusted by regression imputation at 12 months or those adjusted only for unit
nonresponse at birth. Some exceptions were the unadjusted 5th and 10th quantile at birth which

were larger than those adjusted by unit nonresponse.

The variances estimated with any of the three procedures were larger in the extreme
quantiles (5 and 95) than those in between( 25, 50 or 75). Variance ratios varied more widely at
birth, an illustration of the sensitivity of the histogram method of quantile estimation to the
number of bins used rather than the effects of nonresponse. At 12 months, the full sample
variance ratios were close to a value of one while those of the females (ratios of the unadjusted
and sample weighted variances to that estimated with regression estimation) varied widely. As
earlier noted, regression imputation produced smaller variances in the female domain than the
unadjusted or weighted procedure and this was reflected in the estimates of sample variance for

the quantiles.

The quantile variance ratio of the sample weighted quantile at birth to each of the
unadjusted or compensated for unit nonresponse varied greatly, again, indicating the sensitivity of
the histogram method to the number of bins used in estimation. The full sample weighted
height had larger variance than the unadjusted or adjusted for unit nonresponse which led to
wider bin width and smaller optimal bin size for quantile estimation. In the sample weighting
procedure, setting the number of bins to 21 instead of the supposedly optimal value of 20 led to
sample weighted variance estimates closer to those with no adjustment or with unit nonresponse

adjustment. The reestimated full sample height quantiles at birth and their standard errors are as

follows:
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Quantile: 5 10 25 50 75 90 95

Estimate: 45.623 46.480 47.993  49.263 50.488 51.771  52.679

Standard error: 0.0873 0.0937 0.0543  0.0690 0.0986  0.0690  0.1576.

The variance ratios (not shown in tables) in using the same number of bins for all three
nonresponse procedure varied no lower than .773 and no higher than 1.23 for the full and gender

domain height variances at birth.

6.2.2. Weight Quantiles and Their Variances

The weight quantiles and their variances are in Tables 6.2.3 and 6.2.4 respectively. At
birth, the effect of nonresponse adjustment was not clear. For most of the birth weight quantiles,
the ordering of the values by nonresponse adjustment followed the ordering for the mean. For the
full sample and the female domain, the quantiles weighted by the inverse of probabilities of
response in the household assets quartiles were the smallest followed by the unadjusted ones and
those adjusted only for unit nonresponse were the largest. Although the mean weight results for
males showed the unadjusted means to be larger than those adjusted for unit nonresponse only,

some of the quantile estimates (at 10, 90 and 95) showed a reversal.

At 12 months, the full sample and male weight quantiles adjusted by regression
imputation were the smallest followed by those adjusted by sample weighting and the unadjusted
ones were the largest. This ordering was consistent with the ordering of the mean weights
estimated with alternative nonresponse adjustment. The 12-month mean weight adjusted by
regression imputation were the largest but such was not the case for the quantile estimates. In
reestimating the female weight quantiles adjusted by regression imputation with 35 instead of the
supposedly optimal 34 bins, the weight quantiles from the 50-th to the 95-th were consistent with
those found for the female mean weight. The alternative female weight quantiles and their
variances adjusted by regression imputation are as follows:

P: 5 10 25 50 75 90 95
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Estimate:  6071.6 6473.3 7035.1 7654.6 8304.2 8918.4  9308.7

Variance: 5670.1 1383.8 1156.0 1102.2 1288.8  2520.0  3624.0.

The variances of quantiles at birth with alternative nonresponse adjustment were within
.2 or 20 percent of each of the estimates with or without nonresponse adjustment except at the
95th female quantile. Since the sample sizes and the number of bins used at birth were the same
for each of the alterntive nonresponse weighting, the variance ratios varied as the sampling
weights were varied. The sampling weights adjusted in each of the household quartile led to as
large variance estimates as the sampling weights adjusted only for unit nonresponse. At 12
months, the variance ratios varied widely even for the full sample quantiles whose variances were
supposedly controlled by using the optimal number of bins. For the female sample, the smallest
of the variances of the means were those adjusted by regression imputation. In doing away with

the optimal number of bins for the SIW, the variance ratios became closer to one.

6.2.3. Ponderal Index Quantiles and Their Variances

In Tables 6.2.5 and 6.2.6 are the ponderal index quantiles and their variances
respectively, with the index treated as if it was a single variate. The nonresponse adjustment
closely reflected the effects of the adjustment on height and weight. Where both height and
weight quantiles were adjusted downward, the overall effect on the index was a function of the
actual extent of adjustment. A downward height adjustmént with weight constant generally led
to higher ponderal index; with weight also adjusted upward, the effect was a greater upward
adjustment for the index. Reversing the direction of adjustment for weight and height led to

smaller ponderal index.

At 12 months, the adjustment for household asset losses, which led to lighter weight and
shorter height than the unadjusted ones, yielded smaller unadjusted index. The regression
imputation adjustment which adjusted height upward and weight downward adjusted the index

downward.
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While the variances of height and weight quantiles adjusted either by sample weighting
or regression imputation did not vary from each other, those for the ponderal index quantiles
varied widely at some quantiles. This was likely to suggest larger variation to account for in

treating the index as if it is a single variate.

In Appendix A the alternative quantile estimates for the ponderal index estimated by the
Fuller/Francisco/Woodruff (FFW) method is presented. As in Wheeless and Shah, reversal of the
relative bias of the alternative nonresponse treatment occurred at the 12 month quantile- 75th
quantile for the full sample, the 90th for male and 50th for female. This reversal was not
consistent with the relative difference found for the mean ponderal index. The quantile relative
difference for any two nonresponse treatment was also much larger than the relative difference
found for the mean. Unlike the Wheeless and Shah (WS) estimate, the median estimates using
FFW were consistently smaller than the mean. Both procedures showed wide variations in the
variance estimates at 12 months. At birth, the WS variance estimates with bins equal for each of

the nonresponse adjustment were close to each other as in the FFW variance estimates.

In Figure 6.2.3 are the variance ratios of the full sample quantiles estimated with the WS
and FFW methods. As mentioned earlier, regardless of the method of estimation, the variance
ratios of the median did not differ greatly whether sample weighting or regression imputation was
done. For quantiles other than the median, the variance ratios of estimates with regression
imputation to the unadjusted quantiles were more variable than tl;ose of the quantiles adjusted

for nonresponse by sample weighting.

These findings illustrate the difficulties of getting the appropriate relative bias and
variance estimates from a histogram when the sample sizes and variances of the distributions

being compared are differrent.

6.3. Discussion of Results

Sample weighting adjusted height downward while regression imputation (RI) adjusted
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the measure upward with the greater relative bias for the RI-adjusted means. The direction of
RI-adjustment agreed with the earlier findings that the losses were among those whose subsequent
and previous measures were higher than those of the current respondents. The same pattern of
adjustment was also found for weight at all ages except 12 months. For weight, it was not clear
which of the two procedures provided the right direction for bias adjustment. The downward

mean ponderal index adjustment was due mainly to the upward RI height RI.

It is shown in equation 2.1.1, that the components of bias of the sample weighted means,
W, (¥, — ?r)/((ﬁh - R )/ﬁ) and YM,(Y,» — Y,.3), must be of the same sign for the
sample weighted mean to be less biased than the unadjusted one. There is evidence that this
condition is violated in the Cebu anthropometric data. Crude estimates of (Yrh - Ymh) based on
previous and subsequent measures showed reversal of signs in the differences of means in different
subgroups defined either by household assets or education groups. For instance, those in the
lowest household quartiles had the previous mean weight of current round nonrespondents greater
than those of the stayers in the same quartile while those lost in the highest household quartile
had lower previous mean weights than respondents in the same quartile. This shift, coupled with
the different response rates in the asset quartiles, contributed to the differences in signs of the
components of bias of the sample weighted mean making it as biased, if not more biased than

the unadjusted means.

For weight, it was more difficult to ascertain which of the unadjusted or sample weighted
results were less biased. The difficulty arose as the probability of response, expressed in (2.2),
seemed to be conditional on the level of attained weight. There was evidence, though not testable,
that children in the higher asset quartile or whose mothers had at least one year of college
education became nonrespondents when their weights were low and they returned to the surveys
when their weights were high. This observation indicates that the missing at random assumption
in the compensation class defined either by maternal education or household asset was violated

making bias assessment difficult.

For height, tracking the current round respondents’ previous and subsequent values
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showed that height was more likely to be underestimated suggesting that the downward
adjustment by sample weighting was incorrect. On the other hand, the downward height
adjustment was appropriate given the greater proportion of losses among those in the lowest
household asset quartile. When the compensation classes were defined jointly by household asset
quartile and educational level, the sample weighted means remained lower than the unadjusted

ones (the figures are not shown).

The unsuccessful bias reduction by sample weighting might also be due to the use of
inappropriate compensation classes. The heuristic approach of finding the compensation classes
that was used in this study insured that response rates and means differed acrosss classes; these
conditions were found to be necessary but not sufficient to insure bias adjustment. It is not clear
whether an algorithm that could maximize the differences between classes and minimize variance
may have to be implemented to arrive at the most appropriate compensation classes. In doing so,
it is of critical importance to insure that the missing at random assumption holds in the defined
classes. As mentioned earlier, there was evidence that the probability of response was related to

the perceived level of attained weight which may have made sample weighting ineffective.

The regression imputation procedure, expected to perform well, adjusted height upward
throughout all the rounds and weight upward in all rounds except six. For height, the direction
of the adjustment was probably correct given the results of the indirect bias assessment due to
nonresponse. It is not clear though whether the extent of bias, especially in the latter rounds we1;e
within the ballpark of the true values. In later ages, where the relative bias of MIH over MSH or
MUH was larger, an over compensation was likely to occur with missing values being predicted
larger than the true ones. It could be that the earlier values yielded larger predicted height as the
faster rate of growth in the eatlier rounds became the basis of prediction when in fact the rate of

growth has slowed down.

For weight, the high correlation between current and previous or subsequent measures

was not an assurance that the direction of adjustment for bias due to nonresponse was correct.

The difficulty was in the opposing direction of adjustment of the previous and subsequent weights
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as predictors of the currently missing weight. In the earlier rounds, the MIW were greater as
most of the missing values were predicted from higher subsequent values while in rounds five and
six, the imputation procedure had built-in downward adjustment as missing current round values
were predicted from smaller previous ones. If the conjecture that nonrespondents were lost when
the children were not well, it is likely that the imputation procedure adjusted the earlier values

in the wrong direction.

In a capsule, neither sample weighting nor regression imputation yielded estimates that
differed greatly from the unadjusted respondents means. For weight, the small nonresponse rate,
the arbitrariness of selecting the compensation classes as well as the probable association of
response probability with the outcome level contributed to less than optimal performance of the
statistical adjustments in bias reduction. For height, the regression imputation rather than sample
weighting might have yielded the correct direction of bias adjustment although the extent of

adjustment might be larger than the actual ones.

The variance estimates for most of the age groups remained stable despite weighting and
regresssion imputation. Most of the results, though, reflected the hypothesized changes in variance
when sample weighting is used instead of the unadjusted means. Where the means and element
variances across compensation classes do not vary greatly, the sample weighted means are
expected to have greater variances than the unadjusted ones; the greater variability is induced by
the variation in sampling weights. Where the response rates are constant and the means are
different across classes, the sample weighted variances are smaller than the unadjusted ones. The
above conditions were found in the Cebu data set. In the full and rural samples, the variance
estimates of the unadjusted means were smaller than the sample weighted ones which could be
due to small differences in the means and the probably almost equal element variances in the
household compensation classes. In the urban areas, the sample weighted means had smaller
variances as the mean differences across classes were larger than in the full and rural sample.
Furthermore, the relatively larger proportion of losses in the urban sample assured that weighting

may be successful if appropriate classes were used. In the rural sample, the very low nonresponse
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rate might work against any bias reduction or variance control properties of any nonresponse

s .

compensation procedure.

The regression imputation px:ocedure yie.lded no undue variance reduction for the full
sample, while some of the domain variances were about 20 percent higher or lower than tbé#:
unadjusted ones. That this occurred mostly in round four and in rural estimates illustrated the
. risk of variance instability when 1) only few cases were imputed and 2) the regression imputation
equ#tion yielded outlying values. A possible way of controlling variance could be in using more
than (lme imputed value and estimating directly the variance due to imputation from the
alternative imputed values. This approach is conceptually appealing but it is not clear how many
imputed values must be génerated to insure that there is appropriate bias reduction and variance
control. Procedures far assessing the quality of the imputed values must also be approﬁriately set
up so that the effects of outliers on the relative difference and sample variance could be

minimized.

With variance control as criterion for selecting the appropriate adjustment, either sample
weighting or regression imputation may be used for the full sample variances. In considering the
direction of bias as well as variance control, the regression imputation might be the choice for
statistical adjustment. However, if the extent of bias reduction and variance control are
considered against the extensive computing required by regression imputation, one may be better
off to use the unadjusted respondent values and simply note that the unadjusted means are
probably biased, downward in case of height and depending on the age of child, the weight means
; may. be biased upward or downward. It is not clear how the unadjusted respondents data may
affect other statistics but it is likely that with the above two estimates of population moments
barely affected by the adjustments, the other.statistics would not be badly biased. This
assumption was invoked whe‘n the unadjusted respondents’ data were compared with the current

Philippine anthropometric standards (see section 6.4).

The effects of the statistical nonresponse adjustment on quantiles and their variances were

blurred by the sensitivity of the histogram estimates to the number of bins used. Using the
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supposedly optimgl_‘._'number of bins for each of the nonresponse adjustment procedure led to large
relative bias and va‘uiance ratios which reflected not the effect of nonresponse adjustment but
rather the limita;tion of the histogram method. 'Setting the number of bins equal for all

" nonresponse adjustment; yielded close estimates for both quantiles and variances for height: i}hd
weight. For the ponderal index, the variances for each nonresponse adjustment varied greatly
especially at the lower and upper tail of the empirical distribution. This ‘finding, despite using the
same number of bins could be attributable to the nonlinear properties of the index which was
ignor.ed in the analysis. Intuitively, Qhere the first two population moments among the
respondents and nonrespondents are almost equal, there should be no difference in the quantile
estimates based on location-scale q'uantile estimators. However, the histogram method of quantile
estimation.,' is subject to wide variability as the sample sizes and number of bins used for

estimation vary. This condition caused the wide variation in the sample quantile estimates.

With small bias reduction and relatively stable variance for the means, neither sample
weighting nor regression imputation improved the unadjusted respondents estimates. From a
practical viewpoint, the means, quantiles and variances of the unadjusted respondents should
approximate the population values with minimal bias. 1t is not certain how statistics other than
the means and quantiles might be affected by the difference in the nonrespondents and

respondents. In the absence of concrete evidence, the unadjusted respondents’ data were compared

with the Philippine anthrogometric standards.

6.4 | Comparison of the Cebu Anthropometric Measuies with Current Philippine Standard

As earlier noted, the comparison of the Cebu data may validate two commonly observed
phenomena in the Philippine cross-sectional studies of anthropometric measures, namely, the
incre;se in likelihood of bein.g malnourished as the child gets older and the sudden drop in weight
at around four to six months of life. The mean of the ratios of the current height to the standards

may also give a fair indication of the extent of stunting in the Cebu sample.

Although it has been proposed in the anthropometric literature that the standardized
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distance of a child’s weight from the standards be computed, the Philippine standard does not
allow such comparison. Instead, children were classified into nutritional categories proposed by

Gomez; results for which are shown in Table 6.4.1.

The largest proportion of severe malnutrition occurred at birth and at age ten and 12
months. The percentage of the well nourished decreased while the percentage of the mildly
malnourished increased as the children grew older. There was no substantial difference in the
percentage distribution of nourished and well-nourished in the urban and rural samples except at
ages ten and 12 where the rural sample showed greater percentage of moderately and severely

malnourished than the urban sample.

As in weight, the greatest proportion of severe stunting occurred at birth and age 12
months. Unlike the nutritional classification based on weight, the percentage of children who were

in the normal or mildly stunted groups remained relatively stable at ages two to ten months.

The results at birth are intriguing while the worsened conditions at one year are
consistent with cross-sectional results indicating nutritional deterioration as the child gets older.
From the indirect evidence of tracking the subsequent weight of children by availability of
birthweight, it was noted that those who had appropriate birthweight reported had mean weight
that fell between those without birthweight report and with inappropriate birthweight. As the
losses were in the extreme, mean weight was expected to be unbiased. In this sense, the
proportions of children who are severely malnourished or stunted are probably unbiased for the
population value. It is not clear whether it can be expected biologically that children start as
worse off at birth but by the second month, the proportion of stunting or malnutrition decreased.
A probable explanation could be that by the second month, the unhealthy were already excluded
and the proportion was based on survivors only. This is difficult to ascertain as not all of the
second month survivors had birthweight reported. On the practical side, these results imply that
at birth the infants are vulnerable but either through inherent biological mechanisms or

appropriate child care the nutritional status improves for a certain period and then worsens. Or it




could be that the Birthweight standards may not be appropriately set.

The above results have raised a number of issues and lessons in handling of nonresponse
as a statistical as well as a substantive problem. In the next chapter, a summary of the

procedures and the lessons learned are presented.
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Table 6.1.1. Mean height (cm.) and differences, by nonresponse adjustment
and child’s age, urban-rural residence and gender

Dom- Age in Nonresponse adjustment Mean difference
ains months  None Weighting Imputation  None- None- Weighting-

Weighting Imputation Imputation

Total 0! 49.247 49.211 49.251 0.036 -0.004 -0.040
2 56.280 56.279 56.308 0.001 -0.028 -0.029
4 61.024 61.024 61.067 -0.000 -0.043 -0.043
6 64.248 64.247 64.304 0.000 -0.056° -0.057
8 66.783 66.781 66.865 0.003 -0.082 -0.085
10 68.894 68.887 68.952 0.007 -0.058 -0.065
12 70.708 70.698 70.778 0.010 -0.069 -0.079
Urban 0 49.439 49.423 49.437 0.016 0.002 -0.015
2 56.348 56.339 56.372 0.009 -0.024 -0.033
4 61.116 61.105 61.152 0.011 -0.036 -0.048
6 64.338 64.327 64.390 0.011 -0.052 -0.063
8 66.861 66.846 66.945 0.015 -0.084 -0.099
10 68.997 68.976 69.058 0.022 -0.060 -0.082
12 70.820 70.792 70.892 0.028 -0.072 -0.100
Rural 0 48.745 48.752 48.750 -0.007 -0.005 0.001
2 56.134 56.140 56.160 -0.006 -0.026 -0.002
4 60.833 60.841 60.872 -0.008 -0.039 -0.031
6 64.059 64.066 64.108 -0.007 -0.049 -0.042
8 66.620 66.628 66.678 -0.008 -0.058 -0.050
10 68.676 68.678 68.704 -0.002 -0.028 -0.026
12 70.478 70.480 70.513 -0.001 -0.035 -0.034
Male 0 49.466 49.430 49.469 0.036 -0.003 -0.039
2 56.781 56.778 56.825 0.003 -0.044 -0.047
4 61.672 61.671 61.753 0.001 -0.081 -0.082
6 64.937 64.933 65.016 0.003 -0.079 -0.083
8 67.544 67.539 67.652 0.004 -0.109 -0.113
10 69.599 69.590 69.673 0.008 -0.074 -0.082
12 71.433 71.422 71.514 0.011 -0.081 -0.092
Female 0 48.998 48.962 49.003 0.036 -0.005 -0.042
2 55.719 55.718 55.729 0.000 -0.011 -0.011
4 60.292 60.293 60.300 -0.000 -0.007 -0.007
6 63.474 63.477 63.509 -0.003 -0.034 -0.032 .
8 65.937 65.936 65.985 0.002 -0.047 -0.049
10 68.106 68.101 68.146 0.006 -0.040 -0.045
12 69.905 69.894 69.958 0.010 -0.054 -0.064

1 The values under the imputation column at age 0 were obtained with sampling
weights adjusted only for unit nonresponse; no imputation was done at age 0.




Table 6.1.2. Sample variance and variance ratios of mean height, by nonresponse
adjustment and child’s age, urban-rural residence and gender
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Dom- Agein Nonresponse adjustment Variance ratio
ains months None  Weighting Imputation None/ None/ Weighting/
Weighting Imputation Imputation
Total 02 0.005 0.005 0.005 0.937 1.002 1.070
2 0.006 0.006 0.006 0.992 1.060 1.068
4 0.007 0.007 0.006 0.978 1.075 1.099
6 0.007 0.007 0.006 0.980 1.118 1.141
8 0.006 0.006 0.007 0.987 0.844 0.855
10 0.007 0.007 0.007 0.978 0.986 1.008
12 0.009 0.009 0.009 0.979 1.011 1.032
Urban 0 0.003 0.003 0.003 0.993 0.974 0.981
2 0.012 0.012 0.011 1.016 1.112 1.095
4 0.014 0.014 0.012 1.015 1.175 1.158
6 0.013 0.012 0.011 1.008 1.160 1.150
8 0.011 0.011 0.013 1.013 0.859 0.849
10 0.014 0.014 0.013 1.025 1.105 1.078
12 0.017 0.016 0.015 1.019 1.127 1.106
Rural 0 0.006 0.006 0.006 0.961 0.954 0.992
2 0.013 0.013 0.013 0.977 1.008 1.032
4 0.009 0.009 0.010 0.969 0.931 0.96
6 0.017 0.017 0.016 0.977 1.077 1.103
8 0.014 0.014 0.014 0.993 0.985 0.99
10 0.010 0.010 0.012 0.980 0.819 0.836
12 0.016 0.016 0.019 0.964 0.850 0.882
Male 0 0.004 0.004 0.004 0.954 1.010 1.059
2 0.009 0.009 0.008 1.006 1.128 1.120
4 0.008 0.008 0.008 0.995 0.987 0.992
6 0.010 0.010 0.009 1.012 1.125 1.112
8 0.007 0.007 0.007 1.005 0.926 0.922
10 0.007 0.007 0.007 0.993 0.997 1.00
12 0.008 0.008 0.008 0.990 0.958 0.968
Female 0 0.008 0.009 0.008 0.909 1.003 1.104
2 0.006 0.006 0.006 0.996 1.026 1.030
4 0.007 0.007 0.006 0.990 1.217 1.229
6 0.006 0.006 0.005 0.985 1.132 1.149
8 0.007 0.007 0.007 1.017 0.996 0.979
10 0.008 0.008 0.007 0.999 1.096 1.097
12 0.011 0.011 0.009 1.006 1.174 1.167

2The values under the imputation column at age 0 were obtained with sampling
weights adjusted only for unit nonresponse; no imputation was done.
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Table 6.1.3. Square of relative bias of mean height to sample variance, by nonresponse
adjustment and child’s age, urban-rural residence and gender

Domains  Agein (UH-IHg‘*’/ (UH-IH)?/ (UH-SH)?/ (UH-SH)?/

months  var(IH) var(UH)* var(UH)® var(SH)®
Total 0 0.3 0.3 28.6 26.8
2 12.4 13.2 0.0 0.0
4 27.8 29.9 0.0 0.0
6 48.7 54.4 0.0 0.0
8 110.4 93.2 0.1 0.1
10 49.6 48.9 0.6 0.6
12 54.4 55.0 1.1 1.1
Urban 0 0.1 0.1 9.3 9.3
2 4.8 5.4 0.7 0.7
4 9.5 11.1 0.9 0.9
6 21.5 24.9 1.0 1.0
8 61.6 52.9 1.9 2.0
10 25.3 27.9 3.3 3.4
12 31.1 35.1 4.6 4.7
Rural 0 0.5 0.5 0.8 0.8
2 5.1 5.1 0.3 0.3
4 17.2 16.0 0.8 0.8 @ -
6 14.1 15.2 0.3 0.3
8 23.4 23.1 0.4 0.4
10 8.2 6.7 0.1 0.1
12 7.7 6.5 0.0 0.0
Male 0 0.2 0.2 33.6 32.1
2 22.0 24.7 0.1 0.1
4 80.5 79.4 0.0 0.0
6 64.1 72.1 0.1 . 0.1
8 173.4 160.6 0.3 0.3
10 77.9 77.7 1.0 1.0
12 85.8 82.2 1.7 1.7

3(Unadjusted mean - mean adjusted by imputation)?/ variance of mean adjusted by
imputation

4(Unadjusted mean - mean adjusted by imputation)?/ variance of unadjusted mean
5(Unadjusted mean- sample weighted mean)?/variance of unadjusted mean

8(Unadjusted mean - sample weighted mean)?/variance of sample weighted mean .



Table 6.1.3 continued

Domains  Agein  (UH-IH)?/ (UH-IH)?/ (UH-SH)?/ (UH-SH)?/

months  var(IH) var(UH) var(UH) var(SH)
Female 0 0.4 0.4 16.4 14.9
2 1.9 2.0 4 0.0 0.0
4 0.8 0.9 0.0 0.0
6 19.5 22.0 0.1 0.1
8 32.9 32.7 0.0 0.0
10 19.1 21.0 0.4 0.4
12 25.7 30.2 1.0 1.0
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Table 6.1.4. Mean weight (grams) and differences, by nonresponse adjustment
and child’s age, urban-rural residence and gender

Dom- Agein Nonresponse adjustment Mean difference
ains months  None Weighting Imputation  None- None- Weighting-

Weighting Imputation Imputation

Total 07 3001.2 2998.5 3001.4 2.7 -0.2 -2.9
2 4879.7 4878.8 4883.4 0.8 -3.7 -4.5
4 6124.9 6122.9 6128.2 2.0 -3.3 -5.3
6 6850.5 6849.2 6851.2 1.3 -0.6 -2.0
8 7295.1 7294.3 7303.3 0.8 -8.3 -9.1
10 7632.2 7630.0 7635.3 2.2 -3.1 -5.3
12 7941.1 7937.5 7940.8 3.6 0.3 -3.3
Urban 0 3013.7 3011.8 3013.5 1.9 0.2 -1.7
2 4883.6 4881.7 4887.8 1.9 -4.2 -6.0
4 6126.6 6123.7 6128.0 2.8 -1.4 -4.2
6 6871.4 6867.7 6866.9 3.7 -4.4 0.8
8 7325.1 7321.0 7329.3 4.1 -4.1 -8.2
10 7672.7 7665.6 7672.1 7.1 0.6 -6.5
12 7982.8 7973.0 7980.3 9.7 2.5 -7.3
Rural 0 2968.3 2970.0 2968.8 -1.7 -0.5 1.2
2 4870.7 4871.5 4872.8 -0.8 -2.1 -1.3
4 6119.8 6119.3 6126.7 0.5 -6.9 -7.4
6 6807.7 6807.9 6815.9 -0.2 -8.2 -8.0 -
8 7235.7 7236.0 7246.3 -0.3 -10.6 -10.3
10 7552.8 7552.1 7554.8 0.6 -2.0 -2.7
12 7859.8 7859.7 7854.9 0.1 4.9 4.8
Male 0 3017.2 3014.7 3017.0 2.5 0.3 -2.3
2 5046.0 5044.6 5050.2 1.4 -4.2 -5.6
4 6345.7 6342.3 6350.8 3.4 -5.1 -8.5
6 7100.4 7098.5 7103.6 1.9 -3.2 -5.1
8 7564.7 7563.3 7560.6 1.3 4.1 2.7
10 7896.9 7893.8 7891.4 3.1 5.5 2.4
12 8223.9 8219.6 8220.7 4.3 3.1 -1.1
Female 0 2982.9 2980.0 . 2083.7 2.9 -0.8 -3.7
2 4693.3 4692.9 4696.8 0.4 -3.6 -3.9
4 5875.6 5875.0 5879.1 0.6 -3.5 -4.1
6 6570.3 6569.6 6569.2 0.7 1.1 0.4 -
8 6995.2 6994.7 7015.4 0.5 -20.3 -20.8
10 7337.2 7335.6 7349.1 1.6 -11.9 -13.4
12 7627.7 7624.2 7629.7 3.5 -2.0 -5.5

"The values under the imputation column at age 0 were obtained with sampling
- weights adjusted for unit nonresponse only; no imputation was done.
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Table 6.1.5. Sample variance and variance ratios of mean weight, by nonresponse
adjustment and child’s age, urban-rural residence and gender

Dom- Agein Nonresponse adjustment Variance ratio
ains months None Weighting Imputation  None/ None/ Weighting/

Weighting Imputation Imputation

Total 08 303.1 298.6 305.7 1.015 0.992 0.977
2 286.2 289.2 267.6 0.990 1.070 1.081
4 435.2 453.0 396.0 0.961 1.099 1.144
6 528.7 545.5 464.9 0.969 1.137 1.173
8 614.0 617.4 617.2 0.994 0.995 1.000
10 811.3 811.0 764.3 1.000 1.062 1.061
12 939.9 930.3 958.1 1.010 0.981 0.971
Urban 0 457.2 457.3 458.3 1.000 0.998 0.998
2 500.3 503.4 427.6 0.994 1.170 1.177
4 914.8 920.5 761.4 0.994 1.202 1.209
6 1061.3 1063.2 859.1 0.998 1.235 1.238
8 1065.5 1065.9 984.4 1.000 1.082 1.073
10 1218.1 1218.7 1077.4 1.000 1.131 1.131
12 1438.6 1414.0 1329.6 1.017 1.082 1.063
Rural 0 791.4 849.3 813.3 0.932 0.973 1.044
2 834.1 848.0 943.2 0.984 0.884 0.899
4 642.6 655.6 779.8 0.980 0.824 0.841
6 508.0 520.1 633.4 0.977 0.802 0.821
8 1008.0 1008.6 1315.5 0.999 0.766 0.767
10 1775.3 1792.1 1764.0 0.991 1.006 1.016
12 2201.1 2253.4 2470.4 0.977 0.891 0.912
Male 0 281.5 269.7 288.4 1.044 0.976 0.935
2 464.4 467.8 459.4 0.993 1.011 1.018
4 683.6 704.1 650.1 0.971 1.052 1.083
6 590.4 597.2 523.9 0.989 1.127 1.140
8 699.3 696.0 661.5 1.005 1.057 1.052
10 836.2 831.6 954.7 1.005 0.876 0.871
12 902.5 891.6 1038.2 1.012 0.869 0.859
Female 0 388.1 395.7 386.7 0.981 1.004 1.023
2 213.5 211.6 189.3 1.009 1.128 1.118
4 382.4 375.5 289.0 1.018 1.323 1.299
6 529.3 528.1 427.8 1.002 1.237 1.235
8 659.6 633.9 655.3 1.040 1.006 0.967
10 919.4 891.4 815.0 1.031 1.128 1.094
12 1132.8 1091.1 1007.6 -  1.038 1.124 1.083

8The values under the imputation column at age 0 were obtained with sampling
weights adjusted only for unit nonresponse; no imputation was done.
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Table 6.1.6. Mean ponderal index estimated as single variate and differences, by
nonresponse adjustment and child’s age, urban-rural residence and gender

Dom- Agein Nonresponse adjustment Mean difference
ains months  None Weighting Imputation  None- None- Weighting-

Weighting Imputation Imputation

Total 0° 2.516 2.520 2.516 -0.004 0.000 0.004
2 2.736 2.736 2.735 0.000 0.001 0.001
4 2.693 2.692 2.690 0.001 0.004 0.003
6 2.579 2.579 2.574 0.001 0.006 0.005
8 2.445 2.445 2.440 0.000 0.005 0.005
10 2.329 2.329 2.325 0.000 0.004 0.004
12 2.241 2.241 2.235 0.000 0.006 0.005
Urban 0 2.497 2.498 2.497 -0.001 -0.000 0.001
2 2.728 2.728 2,728 -0.000 0.000 0.000
4 2.682 2.682 2.678 -0.000 0.003 0.004
6 2.576 2.575 2.569 0.000 0.007 0.007
8 2.447 2.447 2.440 -0.000 0.006 0.006
10 2.331 2.331 2.326 0.000 0.005 0.005
12 2.242 2.241 2.235 0.000 0.006 0.006
Rural 0 2.568 2.568 2.567 -0.000 0.000 0.001
2 2.753 2.753 2.751 0.000 0.002 0.002
4 2,717 2.716 2.715 0.001 0.002 0.001
6 2.587 2.586 2.585 0.001 0.002 0.002 -
8 2.444 2.443 2.442 0.001 0.002 0.001
10 2.327 2.327 2.325 0.000 0.002 0.002
12 2.241 2,241 2,237 0.000 0.004 0.003
Male 0 2.498 2.502 2.497 -0.004 0.001 0.005
2 2.757 2.757 2.754 0.000 0.003 0.003
4 2.705 2.704 2.697 0.001 0.008 0.006
6 2.591 2.590 2.583 0.000 0.007 0.007
8 2.453 2.453 2.441 0.000 0.012 0.012
10 2.339 2.339 2.331 0.000 0.008 0.008
12 2,252 2.252 2.245 0.000 0.007 0.007
Female 0 2.537 2.540 2.537 -0.003 0.000 0.003
2 2.712 2.712 2.714 0.000 -0.001 -0.002
4 2.680 2.680 2.681 0.000 -0.001 -0.001
6 2.566 2.566 2.563 0.001 0.004 0.003 .
8 2.437 2.437 2.440 0.000 -0.603 -0.003
10 2.318 2.318 2.318 0.000 -0.000 -0.000
12 2.228 2.228 2.225 0.000 0.004 0.003 i
9The values under the imputation column at age 0 were obtained with sampling .

weights adjusted for unit nonresponse only; no imputation was done.
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Table 6.1.7. Sample variance and variance ratios of ponderal index treated as single
variate, by nonresponse adjustment and child’s age, urban-rural residence and gender

Dom- Agein Nonresponse adjustment Variance ratio
ains months None Weighting Imputation  None/ None/ Weighting/

Weighting Imputation Imputation

Total 0% 0.00011 0.00011 0.00011 1.026 1.013 0.988
2 0.00009 0.00009 0.00009 1.024 1.043 1.019

4 0.00006 0.00006 0.00006 0.985 1.127 1.144

6 0.00006 0.00006 0.00005 1.003 1.082 1.079

8 0.00005 0.00005 0.00005 1.027 1.087 1.058

10 0.00005 0.00005 0.00004 0.998 1.140 1.143

12 0.00004 0.00004 0.00004 0.977 0.850 0.870

Urban 0 0.00020 0.00020 0.00020 1.007 1.016 1.009
2 0.00011 0.00011 0.00011 0.999 1.079 1.080

4 0.00011 0.00012 0.00010 0.986 1.196 1.213

6 0.00008 0.00008 0.00007 0.986 1.175 1.191

8 0.00006 0.00006 0.00004 0.982 1.466 1.493

10 0.00007 0.00007 0.00006 0.975 1.290 1.323

12 0.00006 0.00006 0.00006 0.980 1.064 1.086

Rural 0 0.00056 0.00056 0.00056 0.990 0.997 1.007
2 0.00069 0.00069 0.00071 0.997 0.969 0.972

4 0.00023 0.00023 0.00022 1.002 1.040 1.038

6 0.00030 0.00030 0.00035 1.000 0.846 0.846

8 0.00029 0.00028 0.00038 1.014 0.746 0.735

10 0.00023 0.00023 0.00027 1.003 0.847 0.845

12 0.00013 0.00013 0.00025 0.992 0.535 0.539

Male 0 0.00016 0.00016 0.00016 1.002 1.002 1.000
2 0.00021 0.00020 0.00019 1.028 1.088 1.059

4 0.00010 0.00010 0.00009 0.991 1.142 1.153

6 0.00009 0.00009 0.00007 1.016 1.245 1.224

8 0.00008 0.00008 0.00006 1.039 1.289 1.240

10 0.00008 0.00008 0.00007 0.984 1.128 1.147

12 0.00005 0.00005 0.00005 0.952 0.997 1.047

Female 0 0.00012 0.00011 0.00011 1.059 1.023 0.966
2 0.00007 0.00007 0.00007 0.995 1.041 1.046

4 0.00008 0.00008 0.00008 1.006 1.036 1.029

6 0.00005 0.00005 0.00005 1.009 0.971 0.962

8 0.00004 0.00004 0.00005 1.008 0.771 0.765

10 0.00004 0.00004 0.00004 1.023 0.948 0.927

12 0.00004 0.00004 0.00006 1.019 0.684 0.671

10The values under the imputation column were at age 0 were obtained with sampling
weights adjusted for unit nonresponse only; no imputation was done.
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Table 6.1.8. Mean ponderal index treated as functional and differences, by
nonresponse adjustment and child’s age, urban-rural residence and gender

Dom- Agein Nonresponse adjustment Mean difference
ains  months None Weighting Imputation  None- None- Weighting-

Weighting Imputation Imputation

Total 0! 25127 2.5160 2.5123 -0.0033 0.0004 0.0037
2 2.7373 2.7371 2.7353 0.0003 0.0020 0.0017
4 2.6952 2.6943 2.6909 0.0009 0.0042 0.0033
6 2.5832 2.5827 2.5766 0.0004 0.0066 0.0061
8 2.4492 2.4492 2.4430 -0.0000 0.0062 0.0062
10 2.3341 2.3341 2.3291 0.0000 0.0050 0.0050
12 2.2463 2.2462 2.2396 0.0001 0.0067 0.0066
Urban 0 2.4940 2.4949 2.4940 -0.0009 -0.0001 0.0008
2 2.7296 2.7299 2.7284 -0.0003 0.0012 0.0015
4 2.6838 2.6840 2.6796 -0.0003 0.0042 0.0044
6 2.5801 2.5801 2.5722 0.0000 0.0079 0.0079
8 2.4507 2.4510 2.4429 -0.0003 0.0078 0.0081
10 2.3359 2.3359 2.3296 -0.0001 0.0063 0.0063
12 2.2475 2.2474 2,2399 0.0001 0.0076 0.0074
Rural 0 2.5628 2.5632 2.5624 -0.0004 0.0004 0.0008
2 2.7536 2.7532 2.7510 0.0004 0.0026 0.0022
4 2.7184 2.7171 2.7162 0.0013 0.0022 0.0009
6 2.5898 2.5890 2.5870 0.0008 0.0028 0.0020 .
8 2.4472 2.4465 2.4444 0.0007 0.0028 0.0020
10 2.3318 2.3314 2.3296 0.0004 0.0022 0.0018
12 2.2451 2.2450 2.2404 0.0001 0.0047 0.0046
Male 0 2.4928 2.4962 2.4922 -0.0033 0.0006 0.0040
2 2.7563 2.7560 2.7523 0.0003 0.0041 0.0037
4 2.7053 2.7040 2.6968 0.0013 0.0084 0.0071
6 2.5930 2.5927 2.5847 0.0003 0.0083 0.0080
8 2.4549 2.4549 2.4418 -0.0000 0.0131 0.0131
10 2.3424 2.3423 2.3333 0.0001 0.0091 0.0090
12 2.2562 2.2561 2.2477 0.0001 0.0085 0.0084
Female 0 2.5357 2.5389 2.5356 -0.0032 0.0001 0.0033
2 2.7131 2.7130 2.7137 0.0002 -0.0005 -0.0007
4 2.6808 2.6805 2.6814 0.0003 -0.0006 -0.0010
6 2.5691 2.5685 2.5645 0.0006 0.0046 0.0040 .
8 2.4401 2.4401 2.4419 -0.0000 0.0018 -0.0018
10 2.3226 2.3227 2.3223 -0.0001 0.0003 0.0004
12 2.2329 2.2329 2.2284 0.0000 0.0046 0.0045
11The values under the imputation column at age 0 were weighted by sampling .

weights adjusted only for unit nonresponse; no imputation was done.
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Table 6.1.9. Sample variances and variance ratios of ponderal index treated as functional, by
nonresponse adjustment and child’s age, urban-rural residence and gender

Dom- Agein Nonresponse adjustment Variance ratio
ains  months None Weighting Imputation = None/ None/ Weighting/

Weighting Imputation Imputation

Total 012  0.00012 0.00011 0.00011 1.026 1.011 0.984
2 0.00009 0.00009 0.00009 1.023 1.059 1.035
4  0.00006 0.00006 0.00005 0.987 1.110 1.125
6  0.00005 0.00005 0.00005 1.004 1.108 1.103
8  0.00005 0.00005 0.00004 1.031 1.049 1.017
10  0.00005 0.00005 0.00004 0.996 1.105 1.109
12 0.00004 0.00004 0.00004 0.977 0.836 0.855
Urban 0  0.00021 0.00021 0.00021 1.005 1.014 1.008
2 0.00011 0.00011 0.00010 0.997 1.099 1.102
4  0.00011 0.00011 0.00009 0.987 1.169 1.185
6  0.00007 0.00007 0.00006 0.986 1.195 1.213
8  0.00005 0.00005 0.00004 0.983 1.409 1.433
10  0.00007 0.00007 0.00006 0.979 1.224 1.250
12 0.00006 0.00006 0.00006 0.986 1.058 1.073
Rural 0  0.00061 0.00063 0.00062 0.970 0.996 1.027
2 0.00068 0.00068 0.00070 1.000 0.973 0.973
4 0.00022 0.00022 0.00021 1.006 1.050 1.044
6  0.00030 0.00030 0.00035 0.999 . 0.868 0.869
8  0.00028 0.00028 0.00039 1.014 0.717 0.707
10  0.00021 0.00021 0.00026 1.003 0.821 0.819
12 0.00012 0.00012 0.00024 0.992 0.508 0.512
Male 0  0.00018 0.00018 0.00018 0.992 0.997 1.005
2 0.00020 0.00020 0.00018 1.027 1.089 1.060
4  0.00009 0.00009 0.00008 0.991 1.117 1.127
6  0.00009 0.00009 0.00007 1.021 1.252 1.227
8  0.00008 0.00008 0.00006 1.044 1.262 1.208
10  0.00008 0.00008 0.00007 0.987 1.098 1.113
12 0.00005 0.00005 0.00005 0.960 0.975 1.016
Female 0  0.00011 0.00010 0.00011 1.063 1.022 0.961
2 0.00007 0.00007 0.00007 0.998 1.077 1.079
4  0.00008 0.00008 0.00008 1.006 1.026 1.019
6  0.00005 0.00005 0.00005 1.006 0.987 0.981
8  0.00004 0.00004 0.00005 1.010 0.754 0.746
10  0.00003 0.00003 0.00004 1.018 0.940 0.923
12 0.00004 0.00004 0.00006 1.012 0.667 0.659

12The values under the imputation column at age 0 were obtained with sampling
weights adjusted for unit nonresponse only; no imputation was done.
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Table 6.2.1. Selected height quantiles (cm.) and differences, by nonresponse adjustment
at birth and 12 months for the full sample and gender domains

Age and Nonresponse adjustment Quantile difference
Domain None Weighting  Imputation None- None- Weighting-

Weighting  Imputation Imputation

At birth13,
Full
5 45.649 45.643 45.637 .006 .012 .006
10 46.518 46.430 46.502 .088 016 -.072
25 48.017 47.880 48.020 137 -.003 -.140
50 49.304 49.190 49.307 114 -.003 -117
75 50.515 50.510 50.517 .005 -.002 -.007
90 51.806 51.773 51.810 .033 -.004 -.037
95 52.626 52.678 52.631 -.052 -.005 -.047
At birth,
Male
5 45.864 45.813 45.845 .051 .019 -.032
10 46.766 46.683 46.763 .083 .003 -.080
25 48.205 48.165 48.206 .040 -.001 -.041
50 49.550 49.420 49.554 130 -.004 -.134
75 50.683 50.661 50.685 022 -.002 -.024
90 51.986 51.933 51.991 053 -.005 -.058
95 52.978 52.963 52.985 .015 -.007 - =022
At birth,
Female
5 45.518 45.420 45.511 .098 007 -.091
10 46.288 46.170 46.253 118 035 -.083
25 47.743 47.626 47.749 117 -.006 -.123
50 49.013 48.939 49.018 .074 -.005 -.079
75 50.356 50.284 50.359 072 -.003 -.075
90 51.589 51.571 51.593 018 -.004 -.022
95 52.238 52.369 52.239 -.131 -.001 .130
At 12 months,
Total
5 65.645 65.628 65.741 017 -.096 -.113
10 66.918 66.904 66.970 .014 -.052 -.066
25 68.871 68.855 68.932 016 -.061 =077
50 70.797 70.788 70.808 .009 -.011 -.020 -
75 72.729 72.721 72.795 .008 -.066 -.074
90 74.434 74.432 74.504 .002 -.070 -.072
95 75.490 75.493 75.592 -.003 -.102 -.099

13The values at birth under the imputation column were obtained with sampling
weights adjusted only for unit nonresponse; no imputation was done.
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Table 6.2.1 continued

Age and, Nonresponse adjustment Quantile differences
Domain None Weighting Imputation None- None- Weighting-

Weighting Imputation Imputation

At 12 months,

Male
5 66.629 66.615 66.711 .014 -.082 -.096
10 67.807 67.797 67.915 .010 -.108 -.118
25 69.577 69.563 69.613 .014 -.036 -.050
50 71.569 71.557 71.628 .012 -.059 -.071
75 73.384 73.377 73.446 .006 -.062 -.068
90 75.005 75.002 75.043 .003 -.038 -.041
95 76.176 76.179 76.186 -.003 -.010 -.007

At 12 months,

Female
5 65.020 65.010 65.172 .010 -.152 -.162
10 66.374 66.347 66.441 027 -.067 -.094
25 68.077 68.064 68.104 .013 -.027 -.040
50 70.032 70.023 69.980 .009 .052 .043
75 71.846 71.840 71.884 .006 -.038 -.044
90 73.540 73.536 73.575 .004 -.035 -.039

95 74.528 74.531 74.612 -.003 -.084 -.081
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Table 6.2.2. Sample variance and variance ratios of selected height quantiles, by nonresponse
adjustment at birth and 12 months for the full sample and gender domains .

Age and Nonresponse adjustment Yariance ratio
Domain None Weighting Imputation None/ None/ Weighting/

Weighting Imputation Imputation

At birth'4,

Total
5 0.0076 0.0046 0.0067 1.637 1.126 0.688
10 0.0090 0.0130 0.0098 0.694 0.921 1.326
25 0.0034 0.0055 0.0034 0.614 1.000 1.628
50 0.0085 0.0064 0.0086 1.322 0.979 0.740
75 0.0048 0.0086 0.0048 0.550 1.000 1.817
90 0.0088 0.0079 0.0088 1.116 1.000 0.896
95 0.0204 0.0110 0.0202 1.855 1.014 0.547

At birth,

Male
5 0.0250 0.0102 0.0228 2.447 1.095 0.447
10 0.0130 0.0117 0.0137 1.114 0.949 0.852
25 0.0058 0.0100 0.0056 0.578 1.027 1.778
50 0.0086 0.0072 0.0088 1.197 0.979 0.818
75 0.0110 0.0061 0.0110 1.812 1.000 0.552
90 0.0081 0.0077 0.0079 1.046 1.023 0.978
95 0.0240 0.0328 0.0237 0.733 1.013 1.381

At birth,

Female
5 0.0108 0.0269 0.0096 0.402 1.126 2.800
10 0.0159 0.0219 0.0174 0.725 0.911 1.257
25 0.0156 0.0090 0.0154 1.731 1.016 0.587
50 0.0135 0.0071 0.0135 1.907 © 1.000 0.524
75 0.0071 0.0154 0.0071 0.459 1.000 2.179
90 0.0154 0.0164 0.0154 0.938 1.000 1.066
95 0.0059 0.0193 0.0058 0.307 1.026 3.345

At 12 months,

Total
5 0.0234 0.0234 0.0213 1.000 1.098 1.098
10 0.0159 0.0161 0.0149 0.984 1.067 1.084
25 0.0210 0.0207 0.0177 1.014 1.189 1.172
50 0.0077 0.0076 0.0085 1.023 0.915 0.894 .
75 0.0149 0.0149 0.0151 1.000 0.984 0.984
90 0.0137 0.0139 0.0144 0.983 0.951 0.967
95 0.0437 0.0445 0.0299 0.981 1.459 1.488

14The values at birth under the imputation column were obtained with sampling .
weights adjusted only for unit nonresponse; no imputation was done.
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Table 6.2.2 continued

Age and Nonresponse adjustment Variance ratio
Domain None Weighting Imputation None/ None/ Weighting/

Weighting Imputation Imputation

At 12 months,

Male
5 0.0262 0.0266 0.0299 0.988 0.877 0.888
10 0.0149 0.0137 0.0123 1.087 1.208 1.111
25 0.0079 0.0076 0.0077 1.047 1.023 0.977
50 0.0072 0.0074 0.0086 0.977 0.835 0.855
75 0.0102 0.0104 0.0102 0.980 1.000 1.020
90 0.0106 0.0106 0.0096 1.000 1.105 1.105
95 0.0210 0.0216 0.0119 0.973 1.770 1.819
At 12 months,
Female
5 0.0296 0.0299 0.0320 0.988 0.923 0.934
10 0.0502 0.0493 0.0372 1.018 1.347 1.323
25 0.0234 0.0234 0.0166 1.000 1.407 1.407
50 0.0119 0.0112 0.0104 1.057 1.142 1.080
75 0.0243 0.0243 0.0185 1.000 1.316 1.316
90 0.0272 0.0272 0.0210 1.000 1.295 1.295

95 0.0292 0.0292 0.0256 1.000 1.142 1.142
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Table 6.2.3. Selected weight quantiles (grams) and differences, by nonresponse adjustment

at birth and 12 months for the full sample and gender domains

Age and Nonresponse adjustment Quantile difference
Domain None Weighting Imputation None- None- Weighting
Weighting Imputation Imputation
At birth?S,
Total
5 2211.6 2211.6 2212.0 0.0 -0.4 -0.4
10 2399.9 2398.5 2400.5 14 -0.6 -2.0
25 2693.1 2691.8 2693.1 1.3 0.0 -1.3
50 3020.3 3020.6 3020.2 -0.3 0.1 0.4
75 3298.6 3295.8 3298.8 2.8 -0.2 -3.0
90 3554.4 3549.7 3554.7 4.7 -0.3 -5.0
95 3683.9 3672.3 3684.7 11.6 -0.8 -12.4
At birth,
Male sample
5 2235.0 2237.3 2234.4 -2.3 0.6 2.9
10 2429.0 2428.7 2429.1 0.3 -0.1 -0.4
25 2719.4 2719.0 2718.9 0.4 0.5 0.1
50 3036.2 3036.8 3035.6 -0.6 0.6 1.2
75 3316.6 3314.2 3316.4 2.4 0.2 -2.2
90 3566.2 3560.7 3566.4 5.5 -0.2 -5.7
95 3703.9 3689.9 3704.3 14.0 -0.4 -14.4
At birth,
Female sample
5 2189.9 2188.0 2191.2 1.9 -1.3 -3.2
10 2374.0 2371.6 2375.0 2.4 -1.0 -3.4
25 2664.7 2662.4 2665.2 2.3 -0.5 -2.8
50 3002.8 3002.8 3003.3 0.0 -0.5 -0.5
75 3275.2 3271.4 3275.8 3.8 -0.6 -4.4
90 3539.7 3536.0 3540.3 3.7 -0.6 -4.3
95 3657.2 3653.0 3658.5 4.2 -1.3 -5.5
At 12 months,
Full sample
5 6348.5 6333.8 6281.2 14.7 67.3 52.6
10 6714.4 6704.8 6658.1 9.6 56.3 46.7
25 7288.6 7285.3 7289.7 3.3 -1.1 -4.4
50 7979.1 7977.2 7886.9 1.9 92.2 90.3
75 8658.4 8657.9 8582.4 0.5 76.0 75.5
90 9306.4 9304.8 9297.2 1.6 9.2 7.6
95 9734.5 9730.4 9733.3 4.1 1.2 -2.9

. 15The values at birth under the imputation column were obtained with sample
weighting adjusted only for unit nonresponse; no imputation was done.
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Table 6.2.3 continued

Age and Nonresponse adjustment Quantile difference
Domain None Weighting  Imputation None- None- Weighting

Weighting Imputation Imputation

At 12 months,
Male sample

5 6599.6 6591.4 6587.3 8.2 12.3 4.1
10 6980.1 6973.2 6949.6 6.9 30.5 23.6
25 7591.1 7584.9 7521.0 6.2 70.1 63.9
50 8259.7 8258.3 8165.0 1.4 94.7 93.3
75 8921.9 8920.4 8877.1 1.5 44.8 43.3
90 9530.8 9528.3 9557.4 2.5 -26.6 -29.1
95 9997.3 9992.8 9959.7 4.5 37.6 33.1

At 12 months,
Female sample

5 6098.5 6087.5 6064.0 11.0 34.5 23.5
10 6499.9 6491.2 6478.6 8.7 21.3 12.6
25 7041.4 7037.2 7020.6 4.2 20.8 16.6
50 7648.2 7646.7 7609.2 1.5 39.0 37.5
75 8296.6 8296.1 8225.2 0.5 71.4 70.9
90 8912.5 8912.3 8882.1 0.2 30.4 30.2

95 9307.0 9303.6 9294.4 3.4 12.6 9.2
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Table 6.2.4 .Sample variance and ratios of selected weight quantiles, by nonresponse
adjustment at birth and 12 months for the full sample and gender domains

Age and Nonresponse adjustment Variance ratio
Domain  None Weighting Imputation None/ None/ Weighting/

Weighting Imputation Imputation

At birth!®,

Full
5 818.6 824.4 819.0 0.993 1.000 1.007
10 3774 344.6 462.1 1.095 0.817 0.746
25 585.6 547.1 590.3 1.070 0.992 0.927
50 245.4 264.2 245.7 0.929 0.998 1.075
75 312.5 307.8 313.1 1.015 0.998 0.983
90 450.0 412.0 447.4 1.092 1.006 0.921
95 1644.8 1772.2 1645.7 0.928 0.999 1.077

At birth,

Male
5 996.4 1013.5 997.8 0.983 0.999 1.016
10 852.3 818.2 863.8 1.042 0.987 0.947
25 698.9 669.2 702.4 1.044 0.995 0.953
50 218.1 201.8 223.6 1.081 0.975 0.902
75 318.2 327.2 318.8 0.972 0.998 1.026
90 743.1 794.9 740.2 0.935 1.004 1.074
95 1798.8 2054.1 1780.6 0.876 1.010 1.154

At birth,

Female
5 1141.2 1137.4 1143.0 1.003 0.998 0.995
10 616.4 609.5 620.7 1.011 0.993 0.982
25 691.5 674.7 709.6 1.025 0.974 0.951
50 610.3 709.2 601.3 0.861 1.015 1,179
75 477.9 535.8 476.5 0.892 1.003 1.124
90 476.5 467.8 475.9 1.019 1.001 0.983
95 2067.2 264.5 2070.6 7.817 0.998 0.128

At 12 months,

Full
5 6898.8 7130.6 3245.4 0.967 2.126 2.197
10 1826.9 1807.3 964.3 1.011 1.895 1.874
25 1342.5 1316.1 2117.9 1.020 0.634 0.621
50 882.1 863.7 900.0 1.021 0.980 0.960 .
75 941.3 917.8 2426.1 1.026 0.388 0.378
90 2629.7 2560.8 1648.6 1.027 1.595 1.553
95 4389.2 4313.1 1580.2 1.018 . 2.778 2.729

16The values at birth under the imputation column were obtained with sampling .

weights adjusted only for unit nonresponse; no imputation was done.



Table 6.2.4 continued

Age and Nonregponse adjustment Variance ratio
Domain None  Weighting Imputation None/ None/ Weighting/

Weighting Imputation Imputation

At 12 months,

Male
5 2810.7 2640.2 1612.7 1.065 1.743 1.637
10 1948.8 1839.2 1049.8 1.060 1.856 1.752
25 1383.1 1348.5 925.1 1.026 1.495 1.458
50 611.4 614.7 1021.1 0.995 0.599 0.602
75 1270.9 1256.8 1846.0 1.011 0.688 0.681
90 1322.9 1329.9 2211.4 0.995 0.598 0.601
95 3679.2 3696.4 3082.5 0.995 1.194 1.199
At 12 months,
Female
5 5933.9 5708.1 4322.1 1.040 1.373 1.321
10 2502.7 2668.3 1341.2 0.938 1.866 1.990
25 1299.0 1333.4 1531.3 0.974 0.848 0.871
50 1470.4 1370.2 754.7 1.073 1.948 1.816
75 1217.3 1193.4 1406.9 1.020 0.865 0.848
90 3018.7 2905.2 3080.8 1.039 0.980 0.943

95 5218.2 5115.1 2373.2 1.020 2.199 2.155
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Table 6.2.5. Selected ponderal index quantiles and differences, by nonresponse adjustment
at birth and 12 months for the full sample and gender domains

Age and Nonresponse adjustment Quantile difference

Domain None Weighting Imputation None- None- Weighting-
Weighting Imputation Imputation .
At birth,7
Full
5 2.018 2.026 2.019 -0.008 -0.001 0.007
10 2.137 2.132 2,128 0.005 0.009 0.004
25 2.307 2.310 2.305 -0.003 0.002 0.005
50 2.508 2.509 2.505 -0.001 0.003 0.004
75 2.725 2.722 2.720 0.003 0.005 0.002
90 2.926 2.929 2.926 -0.003 0.000 0.003
95 3.052 3.052 3.047 0.000 0.005 0.005
At birth,
Male
5 2.020 2.020 2.012 0.000 0.008 0.008
10 2.131 2.124 2.120 0.007 0.011 0.004
25 2.292 2.295 2.290 -0.003 0.002 0.005
50 2.488 2.488 2.483 0.000 0.005 0.005
75 2.704 2.703 2.700 0.001 0.004 0.003
90 2.885 2.894 2.889 -0.009 -0.004 0.005
95 3.014 3.020 3.015 -0.006 -0.001 0.005
At birth,
Female
5 2.014 2.032 2.027 -0.018 -0.013 0.005
10 2.144 2.143 2.139 0.001 0.005 0.004
25 2.327 2.329 2.324 -0.002 0.003 0.005
50 2.532 2.531 2.528 0.001 0.004 0.003
75 2.752 2.744 2.743 0.008 0.009 0.001
90 2.960 2.958 2.955 0.002 0.005 0.003
95 3.076 3.077 3.074 -0.001 0.002 0.003
At 12 months,
Full
5 1.920 1.919 1.896 0.001 0.024 0.023
10 1.997 1.996 1.975 0.001 0.022 0.021
25 2.103 2.103 2.093 0.000 0.010 0.010
50 2.230 2.230 2,228 0.000 0.002 0.002 -
75 2.372 2.373 2.372 -.001 0.000 0.001
90  2.503 2.504 2.512 -0.001 -0.009 -0.008
95 2.575 2.576 2.590 -0.001 -0.015 -0.014 n
17The values at birth under the imputation column were obtained with sampling .

weights adjusted only for unit nonresponse; no imputation was done.
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Table 6.2.5 continued

Age, Nonresponse adiustment Quantile difference
Domain None Weighting Imputation None- None- Weighting-

Weighting Imputation Imputation

At 12 months,

Male
5 1.931 1.930 1.905 0.001 0.026 0.025
10 2.003 2.002 1.982 0.001 0.021 0.020
25 2.111 2.111 2.100 -0.001 0.011 0.012
50 2.244 2.244 2.239 0.001 0.005 0.004
75 2.382 2.382 2.381 0.000 0.001 0.001
90 2.511 2.511 2.518 0.000 -0.007 -0.007
95 2.594 2.595 2.601 -0.001 -0.007 -0.006
At 12 months,
Female
5 1.909 1.908 1.886 0.001 0.023 0.022
10 1.990 1.989 1.968 0.001 0.022 -~ 0.021
25 2.095 2.094 2.085 0.001 0.010 0.009
50 2.217 2.217 2.217 0.000 0.000 0.000
75 2.359 2.359 2.362 0.000 -0.003 -0.003
90 2.495 2.496 2.505 -0.001 -0.010 -0.009

95 2.552 2.553 2.578 -0.001 -0.026 -0.025
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Table 6.2.6. Sample variances and variance ratios of selected ponderal index quantiles, by
nonresponse adjustment at birth and 12 months for the full sample and gender domains

Age, Nonresponse adjustment Variance ratios
Domain None  Weighting Imputation None/ None/ Weighting/

Weighting Imputation Imputation

At birth,8
Full
5 0.00023 0.00035 0.00033 0.637 0.672 1.055
10 0.00007 0.00011 0.00011 0.640 0.652 1.019
25 0.00012 0.00014 0.00014 0.810 0.852 1.052
50 0.00018 0.00021 0.00020 0.880 0.904 1.028
75 0.00025 0.00018 0.00018 1.333 1.393 1.046
90 0.00019 0.00024 0.00023 0.783 0.824 1.053
95 0.00020 0.00042 0.00035 0.462 0.567 1.227
At birth,
Male
5 0.00031 0.00057 0.00058 0.541 0.532 0.983
10 0.00011 0.00018 0.00015 0.591 0.701 1.187
25 0.00010 0.00012 0.00012 0.826 0.857 1.037
50 0.00024 0.00032 0.00028 0.742 0.872 1.176
75 0.00048 0.00039 0.00039 1.225 1.225 1.000
90 0.00075 0.00071 0.00084 1.061 0.899 0.847
95 0.00102 0.00181 0.00036 0.564 2.807 4.975
At birth,
Female
5 0.00052 0.00054 0.00057 0.966 0.910 0.942
10 0.00011 0.00017 0.00015 0.609 0.713 1.171
25 0.00029 0.00033 0.00033 0.873 0.883 1.011
50 0.00024 0.00023 0.00024 1.040 0.987 0.949
75 0.00028 0.00020 0.00019 1.440 1.482 1.029
90 0.00014 0.00017 0.00017 0.865 0.826 0.955
95 0.00015 0.00030 0.00035 0.508 0.444 0.875
At 12 months,
Full
5 0.00007 0.00007 0.00008 1.100 0.934 0.849
10 0.00002 0.00002 0.00005 1.044 0.451 0.432
25 0.00003 0.00003 0.00005 1.075 0.678 0.631
50 0.00005 0.00005 0.00005 1.000 1.056 1.056 R
75 0.00005 0.00005 0.00006 0.973 0.876 0.900
90 0.00009 0.00010 0.00008 0.960 1.136 1.184
95 0.00025 0.00026 0.00016 0.951 1.504 1.582 .
18The values at birth under the imputation column were obtained with sampling .

weights adjusted only for unit nonresponse; no imputation was done.
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Table 6.2.6 continued

Age, Nonresponse adjustment Variance ratios
Domain None  Weighting Imputation None/ None/ Weighting/

Weighting Imputation Imputation

At 12 months,

Male
5 0.00010 0.00009 0.00006 1.085 1.644 1.515
10 0.00005 0.00005 0.00008 0.971 0.597 0.615
25 0.00004 0.00004 0.00006 1.000 0.751 0.751
50 0.00006 0.00006 0.00005 0.975 1.174 1.204
75 0.00007 0.00008 0.00007 0.977 1.000 1.023
90 0.00015 0.00015 0.00012 1.000 1.248 1.248
95 0.00040 0.00041 0.00028 0.990 1.449 1.463

At 12 months,

Female
5 0.00013 0.00012 0.00014 1.037 0.886 0.854
10 0.00004 0.00005 0.00007 0.971 0.652 0.671
25 0.00004 0.00004 0.00007 1.034 0.553 0.535
50 0.00006 0.00006 0.00008 1.026 0.749 0.729
75 0.00006 0.00006 0.00007 1.000 0.884 0.884
90 0.00008 0.00008 0.00011 1.000 0.749 0.749

95 0.00035 0.00035 0.00025 0.989 1.419 1.434
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Table 6.4.1. Percentage of children in Gomez’s nutritional levels
by urban-rural residence and age

Domains Age in % obese %normal % malnourished
months mild moderate severe
Total 0 5.8 33.6 43.5 14.6 2.5
2 19.1 51.8 26.0 2.3 .8
4 18.1 514 26.5 3.5 .6
6 8.2 47.6 35.6 7.9 .6
8 2.9 314 50.3 14.5 .9
10 1.1 21.8 53.7 21.2 2.1
12 8 15.8 52.4 28.4 2.6
Urban 0 6.3 34.6 42.6 14.0 2.6
2 19.2 51.4 26.5 2.1 7
4 18.5 51.4 26.0 3.6 .6
6 8.6 48.2 34.5 8.1 6
8 2.9 28.8 53.3 13.9 1.1
10 14 22.5 53.4 20.6 2.1
12 1.0 16.6 52.0 27.7 2.6
Rural 0 3.9 29.5 47.3 17.1 2.2
2 18.6 52.9 24.4 3.0 1.0
4 16.7 51.6 28.0 3.2 4
6 6.9 45.8 39.2 7.5 .6 X
8 2.9 32.3 49.3 14.7 9
10 5 19.7 54.4 23.1 2.3
12 0.0 13.4 53.6 30.4 2.6




Table 6.4.2 Percentage of children in Waterlow’s levels of stunting,
by child’s urban-rural residence and age
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Domains Age in Percentage in Waterlow’s stunting level
months Normal Mild Moderate severe
Total 2 27.7 49.6 20.36 2.4
4 37.6 48.4 12.9 1.1
6 37.9 48.7 12.4 1.03
8 35.8 48.3 14.6 1.3
10 31.2 49.3 17.8 1.7
12 26.1 50.9 20.4 2.6
Urban 2 28.0 49.8 20.1 2.1
4 38.2 48.2 12.4 1.1
6 38.9 48.0 12.4 1.0
8 36.5 48.2 13.9 1.5
10 32.7 48.1 17.5 1.7
12 27.2 50.0 19.9 2.8
Rural 2 26.7 48.9 21.1 3.3
4 35.7 48.8 14.4 1.2
6 34.9 50.9 13.8 . 5
8 33.6 48.8 16.8 .8
10 26.5 52.8 18.8 1.8
12 22.8 53.2 21.9 2.0




Figure 6.1.1. Relative height difference for the full sample

]
(W]
o

O O
(W
I

nore-we i ghted C ncre- impute

. R

in cm

O O o o
Q
()

'
o

. di f ferences

1
O O o oo
(]
¥
]

-0.08

Legend:
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pone- weighted is the difference between mean height unadjusted for
nonresponse and mean height adjusted by sample weighting

Q none-impute is the difference between mean height unadjusted for
nonresponse and mean height adjusted by regression imputation
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Figure 6.1.2 Variance ratio of mean height for the full sample
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Figure 6.2.3. Variance ratio of selected ponderal index quantiles for the full sample by
method of estimation
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Legend:  fIw-non-wtd is the ratio of the sample variance of ponderal index quantiles
unadjusted for nonresponse to those of quantiles adjusted by sample weighting;
the Fuller/Francisco/Woodrufl method is used in estimating the quantiles

O ws-non-wtd is the same as fiw-non-wtd with estimates made by the
Wheeless/Shah procedure

{ffw-non-wtd is the ratio of the sample variance of the ponderal index quantiles
unadjusted for nonresponse to those of quantiles adjusted by regression
imputation; the Fuller/Francisco /Woodruff method is used in estimating the

quantiles

ws-non- wtd is the same as ffw-non-wtd with sﬁmates made by the
Wheeless/Shah procedure




CHAPTER VII

SUMMARY AND DIRECTION FOR FUTURE RESEARCH

7.1. Summary

This empirical study compared the effects of sample weighting adjustment and regression
imputation in estimating the mean, quantiles and their variances when there is considerable
nonresponse. The criteria for assessing the usefulness of the alternative adjustments were
nonresponse bias reduction and variance control in estimating the mean and quantiles of a single

variate x and a functional x/ y¥, where x and y are random variates and k is constant .

The estimation procedure was within the design-based framework of estimating
descriptive statistics for sample surveys. A limited number of large sample distributional
assumptions were also invoked to justify some of the procedures as well as to clarify the possible

effects of nonresponse on the statistics of interest.

The statistical adjustments were applied to anthropometric measurements of a cohort of
Filipino single live births followed up at birth and bimonthly until the infants were one year old.
Weight, height and ponderal index were taken bimonthly and a number of socio-economic
variables known to be associated with anthropometric measures were also obtained during the
baseline and recruitment stage. The sample was drawn by stratified simple random unequal-sized
cluster sampling with the villages called barangays as clusters and the urbanicity of the village as
stratification variable. All single live births delivered in the Cebu area which resulted from
pregnancies identified within a year in the sample barangays comprised the sample. Unit and
item nonresponse occurred as mothers refused to participate, moved to barangays not within the

reach of the interviewers or the measurements taken were found unreliable.
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With sample weighting adjustment, the original probability of selection was multiplied
by the estimated probability of response in weighting subgroups where the values of the
respondents were assumed to be exchangeable with those of the nonrespondents. The regression
imputation procedure, on the other hand, made use of the strong correlation between current
round measurements and the previous or subsequent anthropometric values. To enhance the
predictive power of the imputation equation, some key explanatory variables like the child’s
gender, parity, maternal height and child’s age at which the measurements were taken were also
included for prediction. Randomly selected empirical residuals were added to the predicted values

to preserve the distribution of the respondents’ values.

Only the ultimate cluster variances were estimated with the assumption that
measurement errors were negligible. The jackknife repeated replication procedure was used to
estimate the means and variances with one primary sampling unit deleted at a time. To account
for the different probability of selection across strata, the modified pseudo-values proposed by

Jones (1974) were used together with the adjusted finite population correction factors.

The sample mean and variance of x/y* were estimated in two ways: the first treated the
functional as if it was a single variate while the second considered the variability due to two
possibly correlated random variables. In taking the mean and variance of x/y" as a functional,
the first order Taylor series approximation for simple random sample from an infinite population
was derived. The algebraic form of the Taylor approximation was useful to see the possible effects
of nonresponse on the estimate provided a number of simplifying assumptions also hold. In the
actual estimation, the jackknifed repeated replication procedure was used for estimating the

mean and variance of the functional.

The quantile estimators were large sample procedures based on the empirical cumulative
distribution. Two versions were used, namely Wheeless and Shah and Fuller/Francisco/ Woodruff
(FFW). The FFW approach takes a (1-a)X100 confidence interval for p with p; and pu as lower
and upper limits, respectively, and finds the corresponding quantiles X n and X py - Within the

boundaries defined by p;, pu, X Py and X py the estimate X for the p-th quantile is interpolated.
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The FFW variance estimate of the sample quantile is given as the ratio of the first order Taylor
series approximation to the variance of p.to the square of

{(F(Xpu) - F(Xpl)}/(Xpu -Xp, ). Wheeless and Shah, on the other hand, find the bin where
the sample p-th quantile is and linearly interpolate within the bin for X p. Alternatively, they fit
a quadratic equation to four points defined in the histogram and estimate the quantile as the least
square solution to the equation. An approximate sample quantile variance is the ratio of the
Taylor series approximation to the variance of p taken as binomial to the square of v . For the
linearly or quadratic estimate of the quantile, v is given in equation 2.2.2.1 and 2.2.2.2
respectively. To control the variance of the sample quantile estimates, the optimal bin size as

proposed by Scott was used.

From the first order Taylor series approximation to the mean of x/y", a number of
intuitive results on the effects of nonresponse on the simple random sample statistics are found.
The mean of x/yk based on respondents only is unbiased if the means of both x and y and their
covariance are equal in the nonrespondent and respondent strata. If the mean of x and the
covariance of of x and y are equal in the respondents and nonrespondents strata and the
respondents’ mean of y underestimate the population mean, the functionai mean based on
respondents only may overestimate the population mean provided that the absolute value of y is
less than one. An under or overestimation of x with y and covariance held constant across the
response strata leads to under or over estimation of the population mean of the functional. When
the effects of nonresponse on the means of x and y are in the same direction, the overall effect of

nonreponse on the mean of the functional is difficult to quantify.

Before proceeding with any statistical adjustment, it is important to assess whether
nonresponse may cause undue bias in the statistics of interest. Conceptually, the best assessment
is the direct mode (Lagay 1968) where a randomly selected subsample of nonrespondents are
followed up and their statistics of interest are compared with those of the respondents. In most
situations, only an indirect assessment is made; with the probability of response shown to be

associated with a number of characteristics that are known to be associated with the outcome of
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interest, nonresponse bias may be hypothesized unless shown otherwise. In the case of the Cebu
dai:a, the indirect assessment showed that nonresponse in a round was more likely among
children in households in the lowest and highest asset quartiles than in other quartiles. Children
whose mothers had at least one year of college education were more likely to be nonrespondents.
With maternal education known (and tested and shown in the Cebu data set) to be positively
associated with anthropometric measures, the unadjusted mean weight and height were likely to
underestimate the true values. On the other hand, the nature of loss stratified by household asset
quartile (with the greatest proportion of losses in the lowest quartile) pointed to a possible
overestimation of the mean. Given the above nature of the association of nonresponse with
variables associated with attained weight and height, it was difficult to assess the direction and
the extent of nonresponse bias. An additional indication of the direction of bias due to
nonresponse was provided by the longitudinal nature of the Cebu data set. Tracking the mean
weight or height of current round nonrespondents and respondents showed that the early losses
tended to be among children who upon their return to the survey were heavier and taller than the
respondents. The latter round nonrrespondents, however, were taller and consistently lighter in
the previous rounds than the current round respondents. The above tracking ﬁndings suggested
that nonresponse was probably associated with attained weight especially among the children
whose mothers had high education or in high household asset quartile. Children who were
perceived to be light, if not actually sick, could have been withdrawn by their caretakers from the
survey until they were perceived to be healthy. The veracity of the above hypothesis was
important in assessing the usefulness of the statistical adjustment for nonresponse. Unfortunately,
no statistical test could be used in this data set to confirm or reject the association of nonresponse
with attained weight. The probable self-selection of those who left and returned to the survey and
the limited number of returnees ruled out any statistical testing. It was not surprising, though,
that round nonresponse was probably associated with weight and not height as weight changes
were more easily recognized than height changes. For height, the consistently higher values

among nonrespondents suggested underestimation of the unadjusted mean height.
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The above discussion showed that nonrespondents could differ from the respondents in

attained weight and height. The overall impact, however, on the mean height and weight should
be small given the small nonresponse rate, five percent in round one and 13 percent in round six.
With small bias due to nonresponse, the main criterion for assessing the usefulness of the
statistical adjustments would be in producing the appropriate variance for the nonresponse-

adjusted statistics.

The results in the application of the statistical adjustments reported here are specific to
the Cebu anthropometric data and are applicable only to the statistics of interest, means and
quantiles, and may be difficult to generalize to another data set or other statistics. The
performance of the nonresponse statistical adjustment was a function of the extent and the nature
of nonresponse which was peculiar to the Cebu anthropometric data. A number of interesting
lessons and issues, however, were raised which should be helpful in the application of the

statistical nonresponse adjustment in other data sets.

Neither sample weighting nor regression imputation with randomly selected residuals
showed large relative bias from the unadjusted mean weight or height. The direction of
adjustment, however, differed for the two procedures; sample weighting with household assets as
compensation classes adjusted both mean height and weight downward while regression
imputation adjusted height upwards throughout rounds one to six and weight upward for all
rounds but six. The effects of the nonresponse adjustment on the domain estimates defined either
by the child’s urban-rural residence or gender tended to follow the pattern described for the full
sa.r.nple except for a few exceptions. For the rural sample, the sample weighting adjustment
produce higher mean weight and height than the unadjusted ones. The female weight relative
difference in rounds four and five as well as the full and domain height relative difference in
round four were probably larger than the true population values. Such condition occurred as the
regession equation for some of the imputed values used steeper rate of growth when in fact the

growth rate had slowed down.

Given the low nonresponse rate in the Cebu data, the minimal bias reduction was
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expected. The different direction of adjustment provided by sample weighting and regression
imputation was at first intriguing but it could be possibly explained by the nature of nonresponse
as well as the arbitrariness of selecting the compensation classes. In case of weight, the probable
association of nonresponse with attained values might blurred the bias reduction properties of the
nonresponse adjustments. Although the specific requirements of forming the compensation
classes, that is find classes where the probabilities of response as well as the means differed across
classes were met in using the household asset quartile, the differences of means were not
sufficiently large to insure that relative bias was substantial. It could be argued that other
compensation classes, say based on maternal education or a cross-tabulation of the household
asset quartiles and maternal education be used so that the missing random assumption, greater
differences in probabilities of response and means across classes hold. Unfortunately, the small
sample sizes in the higher educational groups lir'nited the use of this variable in forming the

compensation classes.

The variances of the full sample mean estimate whether adjusted by sample weighting or
regression imputation did not vary by more than ten percent below or above the variances of the
unadjusted means. The variances of the domain means adjusted by regression imputation varied
widely with estimates larger or smaller than the unadjusted or weighted ones by as much as 25

percent,

Although the randomly selected empirical residuals might have preserved the variability
of the combined actual and imputed values, the additional five to 12 percent "extra samples”,
(those cases whose values were imputed), generally led to an artificial variance reduction. This
was the case for both height and weight for most ages where the variance or mean square error of
the means adjusted by regression imputation were smaller than those of the unadjusted ones or
those adjusted by sample weighting. Such variance reduction, however, could be offset in the
domain estimation where only few cases would be imputed or when outlying imputed values were

included in the estimation. This was illustrated in the mean square error for the rural mean

height at ages eight to 12 months which were larger than the mean square errror for the
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unadjusted or weighted ones. In selecting only a few residuals, it was likely to get highly
dispersed as well tightly knitted values which could contribute to variance or mean square error

variability.

The mean ponderal index estimated either as single variate was consistently smaller than
the mean obtained by treating the index as functional. This finding was consistently the same for
each of the nonresponse adjustment used. The effects of the nonresponse adjustment on the
ponderal index means treated as single variate or functional reflected the effects of the
nonresponse adjustments on the mean weight and height. The downward adjustment of both
height and weight by sample weighting was reflected as a downward adjustment for the ponderal
index. The differences between the unadjusted ponderal index means and those adjusted by
sample weighting were very small. The upward height adjustment by regression imputation
yielded smaller mean ponderal index treated as a single variate or functional. As in the variance
for mean weight and height, the variances of the full sample estimated with or without
nonresponse adjustment did not differ from each other by more than 15 percent. At the domain
estimates, the sample weighted variances did not differ from the variances of the unadjusted
means. However, the generally smaller variance of mean height adjusted by regression
imputation in the order of no more than 18 percent led to variance ratios as low as .508 and as
high as 1.433. These findings are consistent with the known difficulties of estimating the variance
of the mean ratio estimator; if the denominator was hightly variable, then the variance of the

ratio-type estimator was expected to be unstable.

On the overall, if the variances of the means were the only criterion for selecting the
nonresponse adjustment, the preferred procedure for the Cebu data set would be sample weighting
or no adjustment at all. From a practical viewpoint, the unadjusted mean weight and height
should be sufficient; the computational burden of the regression imputation procedure was large
compared to the amount of bias reduction realized in this data set. In using the unadjusted

values, however, it should be noted that the nonrespondents’ values probably were not

exchangeable with those of the respondents. The bias of the unadjusted means was small as the
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proportion of nonrespondents was small. It should be noted too that only the bias of the mean

was small; it is not certain how the other statisctics could be affected by nonresponse.

The histogram-based quantile estimators used in this study produced estimates which for
the most quantiles were ordered according to the ordering of the means adjusted by alternative
sample weighting or imputation. At some points, there was reversal of the ordering of the

quantile estimates with different nonresponse adjustment.

The Wheeless/Shah method produced median estimates which were larger than the
corresponding means estimated with the same nonresponse adjustment. The
Fuller/Francisco/Woodruff method, on the other hand, produced smaller medians than the
corresponding means. Such differences could be attributed to the different number of bins used in

the estimation as well as the algorithm in finding the p-th quantile.

In setting the number of bins equal for the three nonresponse adjustments, the variance
ratios were closer to one. In contrast, the use of the optimal number of bins tended to produce
smaller variances for the quantiles but when these variances were compared with variance
estimates from the other nonresponse procedures, the variance ratios varied widely. Furthermore,
when the optimal numbers of bins for the nonresponse adjustments were not the same, the
relative bias, that is the difference of quantiles estimated with different nonresponse adjustments,

tended to be larger than the relative bias found for the mean estimates.

With the appropriate bin size, quantiles estimated with or without nonresponse
adjustment could be useful. With the variance estimates being highly dependent on the number of
bins used which themselves were dependent on the standard deviation as well as the sample sizes,

there was no assurance that appropriate variance could be estimated.

In the next section, a number of possible solutions to the above mentioned constraints in
the adjustments of statistics for nonresponse are outlined. Most of these broad areas of possible
solutions are not well-tested yet for sample survey data. There are two key challenges, namely:

1) provision of the theoretical justification in the application of methods which were initially
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proposed for simple random samples from an infinite population to clustered samples from finite

population and 2) empirically test the performance of alternative procedures.

7.2. Direction for Future Research

Although most of the findings described earlier were peculiar to the nature of nonresponse

in the Cebu data set, a number of concerns beyond the data were raised.

A framework of the causes of data incompleteness or nonresponse in anthropometric
surveys should be helpful in designing surveys as well as adjusting for nonresponse in the analysis
stage. Such a framework should help in understanding the characteristics of children or
caretakers who t.ehd to be nonrespondents and how such characteristics may affect cross-sectional
as well as longitudinal anthropometric surveys. An interesting hypothesis generated by the Cebu
data was that nonresponse could be associated with a child ’s current health status. An empirical
verification of this hypothesis should start with a conceptual framework for nonresponse in
children’s anthropometric surveys. Such a framework should also include the characteristics of the
data collection procedures and the logistical set-up of the data collection agency (Bailar et al.
1978). This integrated framework emphasizes nonresponse as a result of interplay between

samples and data collectors.

The likelihood that the missing at random assumption did not hold in the Cebu weight
data may call for procedures that models the probabilities of response (Griliches et al. 1977;
Greenless et al. 1986; Hausman and Wise 1979; Daniel et al. 1982). Such procedures should
integrate in the model the sampling design, unless it can be shown that the sampling design could
be ignored. For the Cebu data, the design effects ranged between two to three indicating that the

clustered nature of the sample could not be easily ignored.

It is not clear whether the hypothesized violation of the missing at random assumption or
the arbitrariness of selecting the compensation classes led to the lack luster performance of sample

weighting. More advanced methods of defining classes like the clustering procedures ( Breiman et
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al. 1984) could probably be used to insure maximum differences in the means and probabilities
across classes as well as sufficiently large sample sizes within each class. Such clustering
procedures, if applied, may start with variables identified in the conceptual framework for
nonresponse as associated with the outcome. It is also important to establish whether the

sampling mechanism could be ignored or incorporated in the clustering procedures.

The induced variance reduction by the regression imputation procedure needs more in-
depth study. Ernst (1980) showed that the number of the imputed values should be ignored in
estimating the variance. With the jackknife variance estimation used here, it might be instructive
to adjust the variance by a (n-q)/n where q is the number of elementary units and q is the
number of elementary units with imputed values. Alternatively, one may opt to use the multiple
imputation proposed by Rubin (1987), where the variability is grouped into two ;:omponents; the

actual variation and the variation due to imputation.

The histogram-based quantile estimation used in this study illustrated the instability of
variance estimation at the extreme of the distribution. It was also demonstrated that a
comparison between quantiles from two samples could possibly be biased unless the same sample
sizes and the same number of bins are used in the estimation. The variance estimates could be
highly variable and misleading when used in comparing quantiles of two samples. Other possible
quantile estimators that could possibly addressed the above concerns are the Harrel and Davis
(1982), Kaigh and Lachenbruch (1980) and Wu (1986) procedures . Harrel and Davis proposed to
weigh the order statistics by differences in the beta functions of the step cumulative distribution.
Their specific estimator for the p-th quantile of a simple random sample of size n from a

continuous distribution F with the order statistics X(l),...,X(n) is
. n
XP= EW,M X(.) Whel'e
i=1

Wa.i = La{p(n+1), (1-p)(n+1)} - Ii—1y/n{pP(n+1), (1-p)(n+1)} with I-(a,b) denoting the
incomplete beta function. To estimate the quantile, Harrel and Davis proposed to use the

jackknife procedure.
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Kaigh and Lachenbruch proposed a different smoothing for the order statistics to
estimate the p-th quantile. For a fixed k, 1 < k <n, a simple random sample without
replacement is obtained from the complete sample and the sample quantile is averaged over all
(ﬂ) subsamples of size k. For any subsample of size k and an integer r such that r=[(k+1)p] and
1 <r <k, the probability that the original j-th order statistics X;,, is equal to the p-th quantile

is given by

(7.1) (f_:i)(;:‘:)/(ﬂ), r<j<r + n-k.

The sample quantile is the weighted values of order statistics within the neighborhood of X ;.,,

with the weights given by 7.1.

Whu proposed the use of the histogram formed by jackknife procedure where the number

of deleted cases are large in estimating the p-th quantile.

In estimating the quantile of a functional, the works of Siddiqui (1962) and Babu and
Rao (1988) might be explored to see how the variance estimates could be properly controlled. The
important issue is how to adapt the results to finite population samples when the original

estimator is derived for variables with continouos and differentiable distribution.

All of the procedures mentioned here are for simple random samples; it remains to be

shown if these could be utilized for complex sample survey quantile estimation.

Despite the number of issues raised in this study, the unadjusted mean values of the
anthropometric measures could be used provided that one is aware of the possible limited bias due
to nonrespondents. The quantiles as estimated either by the Wheeless/Shah or the
Fuller/Francisco/ Woodruff method could be used for descriptive purposes but the variances fof

quantiles at the tail may not be useful.



APPENDICES

A.1. Selected ponderal index quantiles and differences, by nonresponse
adjustment at birth and 12 months for the full sample and gender domains

Age, Nonresponse adjustment Quantile Differences
Domain None Weighting Imputation None- None- Weighting-

Weighting Imputation Imputation

At birth,
Total
5 2.0170 2.0247 2.0164 -0.0077 0.0006 0.0083

10 2.1456 2.1493 2.1449 -0.0037 0.0007 0.0044
25 2.3170 2.3206 2.3166 -0.0036 0.0004 0.0040
50 2.5076 2.5137 2.5068 -0.0061 0.0008 0.0069
75 2.7184 2.7198 2.7178 -0.0014 0.0006 0.0020
90 2.9126 2.9162 2.9126 -0.0036 0.0000 0.0036
95 3.0372 3.0410 3.0369 -0.0038 0.0003 0.0041 . -

At birth,

Male
5 2.0182 2.0266 2.0172 -0.0084 0.0010 0.0094
10 2.1342 2.1375 2.1336 -0.0033 0.0006 0.0039
25 2.3019 2.3059 2.3015 -0.0004 0.0004 0.0044
50 2.4825 2.4868 2.4820 -0.0043 0.0005 0.0048
75 2.7056 2.7087 2.7049 -0.0031 0.0007 0.0038
90 2.8868 2.8890 2.8848 -0.0022 0.0020 0.0042
95 3.0128 3.0161 3.0126 -0.0033 0.0002 0.0035

At birth, .

Female
5 2.0210 2.0268 2.0211 -0.0058 -0.0001 0.0057
10 2.1576 2.1608 2.1578 -0.0032 -0.0002 0.0030
25 2.3313 2.3346 2.3312 -0.0034 0.0000 0.0034
50 2.5351 2.5377 2.5354 -0.0026 -0.0003 0.0023
75 2.7417 2.7431 2.7418 -0.0014 -0.0001 0.0013
90 2.9597 2.9630 2.9596 -0.0003 0.0001 0.0034
95 3.0607 3.0645 3.0601 -0.0038 0.0006 0.0044
1The values at birth under the imputation column were obtained with sampling .

weights adjusted only for unit nonresponse.; no imputation was done.



Appendix A.1 continued

Age, Nonresponse adjustment Quantile Differences
Domain None Weighting Imputation None- None- Weighting-
Weighting Imputation Imputation

At 12 months,

Total
5 1.9255 1.9239 1.8969 0.0016 0.0286 0.0270
10 2.0005 1.9992 1.9817 0.0013 0.0188 0.0175
25 2.1080 2.1079 2.0981 0.0001 0.0099 0.0098
50 2.2300 2.2298 2.2263 0.0002 0.0037 0.0035
75 2.3700 2.3703 2.3698 -0.0003 0.0002 0.0005
90 2.4991 2.4999 2.5035 -0.0008 -0.0044 -0.0036
95 2.5724 2.5736 2.5874 -0.0012 -0.0150 -0.0138

At 12 months,

Male
5 1.9296 1.9282 1.9072 0.0014 0.0224 0.0210
10 2.0078 2.0070 1.9869 0.0008 0.0209 0.0201
25 2.1145 2.1144 2.1040 0.0001 0.0105 0.0104
50 2.2435 2.2430 2.2350 0.0005 0.0085 0.0080
75 2.3829 2.3829 2.3801 0.0000 0.0028 0.0028
90 2.5072 2.5079 2.5100 -0.0007 -0.0028 -0.0021
95 2.5963 2.5973 2.6047 -0.0010 -0.0084 -0.0074

At 12 months,

Male
5 1.9108 1.9089 1.8843 0.0019 0.0265 0.0246
10 1.9911 1.9896 1.9734 0.0015 0.0177 0.0162
25 2.0983 2.0978 2.0918 0.0005 0.0065 0.0060
50 2.2154 2.2155 2.2167 -0.0001 -0.0013 -0.0012
75 2.3553 2.3554 2.3561 -0.0001 -0.0008 -0.0007
90 2.4895 2.4902 2.4965 -0.0007 -0.0070 -0.0063
95 2.5522 2.5531 2.5744 -0.0009 -0.0222 -0.0213

133



134

Appendix A.2. Sample variances and variance ratios of selected ponderal index quantiles, by

nonresponse adjustment at birth and 12 months for the full sample and gender domains

Age, Nonresponse adjustment Variance ratio
Domain None Weighting Imputation None/ None/ Weighting/
Weighting Imputation  Imputation
At birth?,
Total
5 .00029 .00029 .00029 0.988 1.012 1.024
10 .00012 .00011 .00012 1.077 1.018 0.946
25 .00008 .00008 .00008 1.069 1.069 1.000
50 .00017 .00017 .00017 0.985 1.000 1.015
75 .00015 .00015 .00015 1.000 1.000 1.000
90 .00023 .00026 .00023 0.892 1.000 1.121
95 .00031 .00033 .00030 0.925 1.023 1.107
At birth,
Male
5 .00041 .00045 .00041 0.917 1.010 1.101
10 .00018 .00017 .00018 1.094 1.000 0.914
25 .00010 .00010 .00010 0.961 1.021 1.062
50 .00017 .00021 .00017 0.840 1.015 1.208
75 .00044 .00043 .00042 1.019 1.029 1.010
90 .00048 .00051 .00046 0.939 1.047 1.115
95 .00094 .00097 .00088 0.974 1.068 1.096
At birth,
Female
5 .00056 .00059 .00054 0.959 1.035 1.079
10 .00024 .00023 .00024 1.054 1.013 0.961
25 .00021 .00022 00021 0.986 1.028 1.042
50 .00015 .00013 .00014 1.167 1.070 0.916
75 .00023 00024 .00022 0.974 1.083 1.112
90 .00017 .00015 .00016 1.133 1.063 0.938
95 .00030 .00030 .00029 1.000 1.036 1.036
At 12 months,
Full
5 .00008 .00008 .00008 1.000 0.935 0.935
10 .00004 .00004 .00008 1.000 0.546 0.546
25 .00002 .00002 .00004 1.000 0.619 0.619
50 .00004 .00004 00004 1.033 1.033 1.000
75 .00006 .00006 00007 0.975 0.883 0.906
90 .00007 .00007 .00006 0.977 1.284 1.315
95 .00021 .00022 .00018 0.960 1.187 1.236

2The values at birth under the imputation column were obtained with sampling

weights adjusted only for unit nonresponse; no imputation was done.
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Appendix A.2 continued

Age, Nonresponse adjustment Variance ratio
Domain None Weighting Imputation None/ None/ Weighting/

Weighting Imputation Imputation

At 12 months,

Male
5 .00011 .00011 .00008 1.079 1.383 1.281
10 .00008 .00008 .00008 0.978 0.915 0.936
25 .00003 .00003 .00005 1.000 0.654 0.654
50 .00006 .00006 .00005 1.026 1.142 1.113
75 .00007 .00007 .00008 0.977 0.872 0.893
90 .00013 .00014 .00011 0.966 1.198 1.239
95 .00042 .00041 .00030 1.020 1.404 1.377
At 12 months,
Female
5 .00018 .00018 .00015 1.015 1.187 1.169
10 .00008 .00008 .00014 0.978 0.585 0.598
25 .00004 .00004 .00006 1.000 0.709 0.709
50 .00006 .00005 .00006 1.056 0.925 0.876
75 .00007 .00007 .00009 0.977 0.816 0.835
90 .00007 .00007 .00006 1.024 1.131 1.104

95 .00016 .00016 .00019 0.984 0.835 0.848
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