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Attrition in Longitudinal Household Survey Data:
Some Testsfor Three Developing-Country Samples

Harold Alderman ?, Jere R. Behrman 2, Hans-Peter Kohler 2, John A. Maluccio #,
and Susan Cotts Watkins®

Abstract

Longitudinal household data can have considerable advantages over much more widely
used cross-sectional data for capturing dynamic demographic relationships. However, a
disturbing feature of such dataisthat thereis often substantial attrition and this may make
theinterpretation of estimates problematic. Such attrition may be particularly severe where
there is considerable migration between rural and urban areas. Many analysts share the
intuition that attrition islikely to be selective on characteristics such as schooling and thus
that high attrition is likely to bias estimates. This paper considers the extent and
implications of attrition for three longitudinal household surveys from Bolivia, Kenya, and
South Africa that report very high per-year attrition rates between survey rounds. Our
estimates indicate that: (a) the means for a number of critical outcome and family
background variables differ significantly between those who are lost to follow-up and those
who are re-interviewed; (b) a number of family background variables are significant
predictors of attrition; but (¢) nevertheless, the coefficient estimates for standard family
background variables in regressions and probit equations for a majority of the outcome
variables considered in all three data sets are not affected significantly by attrition.
Therefore, attrition apparently is not a general problem for obtaining consistent estimates
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of the coefficients of interest for most of these outcomes. These results, which are very
similar to those for developed countries, suggest that multivariate estimates of behavioral
relations may not be biased due to attrition and thus support the collection of longitudinal
data.

1. Introduction

Longitudinal (or panel) household data can have considerable advantages over more widely
available cross-sectional data for socia science analysis. Longitudinal data permit (1)
tracing the dynamics of behaviors, (2) identifying the influence of past behaviors on current
behaviors, and (3) controlling for unobserved fixed characteristicsin the investigation of
the effect of time-varying exogenous variables on endogenous behaviors. These advantages
are substantial for demographers studying processes that occur over time including the
impact of programs on subsequent behavior that often use time-varying exogenous
variables. As a result, the advantages are also increasingly appreciated: for example, a
review of articles published in the journal Demography indicates that only 26 articles using
longitudinal data appeared between 1980-1989, while there were 65 between 1990-2000.
Unfortunately, the collection of longitudinal data is likely to be difficult and
expensive, and some researchers, such as Ashenfelter, Deaton, and Solon (1986), have
questioned whether the gains are worth the costs. One problem in particular that has
concerned analysts is that sample attrition may lead to selective samples and make the
interpretation of estimates problematic. Many analysts share the intuition that attrition is
likely to be selective on characteristics such as schooling and thus that high attrition is
likely to bias estimates made from longitudinal data. While there has been some work on
the effect of attrition on estimates using devel oped-country samples, little has been done
using data from developing countries, where considerable migration between rural and
urban areas typically exacerbates the problem of attrition. Table 1 summarizes the attrition
rates in a number of longitudinal data sets from developing countries. While these vary
widely (ranging from 6 to 50 percent between two survey rounds and 1.5 to 23.2 percent
per year between survey rounds), often there is considerable attrition.
In this paper, we consider some of the implications of attrition for three of the seven
longitudina household surveys from developing countriesin Table 1 that report the highest
per-year attrition rates between survey rounds: (1) a Bolivian household survey designed
to evaluate an early childhood development intervention in poor urban areas, with survey
roundsin 1995/1996 and 1998; (2) a Kenyan rural household survey designed to investigate
the role of socia networks in attitudes and behavior regarding reproductive health, with
survey roundsin 1994/1995 and 1996/1997; and (3) a South African (KwaZulu-Natal
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Attrition rates for longitudinal household survey data in developing
countries listed in order of attrition rates per year

Country, time period/interval

Attrition rate

Attrition rate per

between rounds (in rough order  between rounds year

of attrition rates per year) (percentage) (percentage) Source

Bolivia (urban), 1995/6 to 1998 Present study (also

(two-year interval) 35 19.4 see Alderman and
Behrman 1999)

Kenya (rural, South Nyanza Present study (also

Province), 1994/5 to 1996/7 see Behrman,

(two-year interval) Kohler, and

couples 41 23.2 Watkins 2001)

men 33 18.1

women 28 151

Nigeria (five-year interval) 50 13.0 Renne (1997)

South Africa (KwaZulu-Natal) Present study (also

1993 to 1998. (five year see Maluccio

interval) 2001)

households 16 34

preschool children 22 4.8

India (rural) 1970/71 to 1981/2 Foster and

(11-year interval) 33 3.6 Rosenzweig 1995

Malaysia (12-year interval) 25 2.4 Smith and Thomas
1997

Indonesia 1993 to 1997 (four- Thomas,

year interval) 6 1.5 Frankenberg, and
Smith 1999

Note: The annual attrition rate is calculated as 1- (1-q)m, where q is the overall attrition rate and T is the number of years covered

by the panel.
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Province) rural and urban household survey designed for more general purposes, with
survey rounds in 1993 and 1998. The different aims of the projects and the variety of
outcome measures facilitate generalization, at least for survey areas such as these that are
relatively poor and experiencing considerable mobility.

Drawing on recent studies on attrition in longitudinal surveys for developed countries,
the next section summarizes theoretical aspects of the effects of attrition on estimates.
Section 3 describes the three datasets used in this study and section 4 presents some tests
for the implications of attrition between the first and the second rounds of the three surveys.
Section 5 summarizes our conclusions.

2. Some Theoretical Aspects of the Effects of Attrition on Estimates

Most of the previous work on attrition in large longitudinal samples is for developed
economies, for example, the studies published in a special issue of The Journal of Human
Resources (Spring 1998) on Attrition in Longitudinal Surveys (for related statistical
literature on missing values and survey non-response see for instance Little and Rubin 1987
or Ahlo 1990). The striking result of the studies presented in the Journal of Human
Resources (JHR) isthat the biases in estimated socioeconomic relations due to attrition are
small despite attrition rates as high as 50 percent and significant differences between those
re-interviewed and those lost to follow-up for many important characteristics. For example,
Fitzgerald, Gottschalk and Moffitt (1998) summarize:

By 1989 the Michigan Panel Study on Income Dynamics (PSID) had experienced
approximately 50 percent sample loss from cumulative attrition from its initial 1968
membership... (p. 251)

Wefind that while the PSID has been highly selective on many important variables
of interest, including those ordinarily regarded as outcome variables, attrition bias
neverthel ess remains quite small in magnitude. ... (most attrition is random)... (p.
252)

Although a sample loss as high as [experienced] must necessarily reduce precision
of estimation, there is no necessary relationship between the size of the sample loss
from attrition and the existence or magnitude of attrition bias. Even alarge amount
of attrition causes no biasif it is‘random’ ... (p. 256)

The other studiesin this specid issue of the JHR further confirm these findings for the
PSID or reach similar conclusions for other important panel data such as the Survey of

82 http://www.demographic-research.org



Demographic Research - Volume 5, Article 4

Income and Program Participation (SIPP), the National Longitudinal Surveys of Labor
Market Experience (NLS), and the Labor Supply Panel Survey in the Netherlands (Falaris
and Peters 1998; Lillard and Panis1998; Van den Berg and Lindeboom 1998; Zabel 1998;
Ziliak and Kniesner 1998).

This absence of relevant distortions in parameter estimates due to attrition can be
understood once the rel ation between the mechanisms leading to attrition and the empirical
model of interest is made explicit.

2.1 Attrition bias dueto selection on observables and unobservables

Fitzgerald, Gottschalk, and Moffitt (1998) provide an econometric framework for the
analysis of attrition in which the common distinction between selection on variables
observed in the data and variables that are unobserved is used to devel op tests for attrition
bias and correction factorsto eliminate it. (Note 1) This framework assumes a panel study
that attempts to interview the same sample of respondents (or households, etc.) for say, T
annual survey roundsat timest =1, ... T. Theinitial sample at timet=1 is assumed to be
arandom or stratified random sample of the population. Attrition of arespondent at time
t, denoted Ay, is then defined as the fact that the respondent participatesin al survey waves
1, ..., t-1, but does not participate in any survey wave from time t onwards (Note 2).
Common causes for attrition are death or migration of the respondent, or refusal to
participate due to saturation or frustration with a particular survey. The respondent thus
reports information for the dependent and explanatory variables for the survey waves 1, ...,
t-1. Neither the dependent variable nor time-varying explanatory variables are observed
from survey wave t onwards. (Note 3) Analyses of and adjustments for attrition at timet
can therefore be based on fixed characteristics of the respondent, lagged time-varying
variables pertaining to periods prior to time t, and information that do not require the
completion of an interview, such asinterviewer characteristics and location of residence.

The central concern in the analyses of attrition — and of missing datain general —is
selection bias, that is, adistortion of the estimation results due to non-random patterns of
attrition. The common distinction is between attrition that is completely random, attrition
that is selective on variables unobserved in the data, and attrition that is selective on
variables observed in the data. The latter can be further distinguished between attrition that
leads to ignorable selection on observables (the statistical literature on missing data also
uses the terms “ missing-at-random”) or non-ignorabl e selection on observables.

While attrition does not necessarily introduce bias in the estimates of interest, when
it does, selective attrition on observables is more amenable to statistical solutions than
selective attrition on unobservables. In particular, the above taxonomy of attrition leads to
a sequence of tests that we will follow in this study. First, given that there is sample
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attrition, one determines whether or not there is selection on observables. Second, if there
is selection on observables, one determines whether this attrition is ignorable — and thus
does not bias the estimates of interest — or whether it is non-ignorable. In the latter case, the
analyses need to adjust for attrition since otherwise selection leads to biased inferences
about relevant parameters. The available methods to correct for attrition on observables are
often relatively easy to implement and rely on relatively weak assumptions, in contrast to
the methods that are required in order to adjust for selection on unobservables. While
selective attrition on unobservables potentially remains a problem even after the analyses
account for selection on observables, using as much information as possible about selection
on observablesin the panel helps to reduce the amount of residual, unexplained variation
in the data due to attrition. Controlling for selection on observables thus will likely reduce
the biases due to the selection on unobservables. (Note 4)

More formally, consider the survey wave at timet and assume that what is of interest
isaconditional population density f(y;[x;) wherey; isa scalar dependent variable and x; is
an observed scalar independent variable (for illustration; in practice the extension treating
% as a vector, which potentially includes lagged dependent variables, fixed characteristics
of the respondent, and lagged time-varying characteristics of the respondent, is
straightforward; see for instance Fitzgerald et al. 1998). In particular, we assume the linear
parametric model

Vi = fo + fix + &,
y; observed if A, =0 (1)

where ¢ is a mean-zero random variable, and A, is an attrition indicator equal to 1 if an
observation ismissing its value of y; because of attrition, and equal to zero if an observation
isnot missing its value of y;. For identification, we assumein this theoretical model that the
variable x; is observed for both attritors and non-attritors, as would be the case if it were a
time-invariant or lagged variable, for example. The presence of attrition implies that Eq.
(1) can only be estimated for respondents that are interviewed at time t, that is for
observations for which A=0 and y; is observed.

The analysis of these observed data can therefore determine the density f(yi[x, A=0)
that is conditional on x; and A=0. Additional information or restrictions are necessary in
order to infer the density of primary interest, f(yy|x;), from the observed data. That is, we
seek f(y;) conditional on x; but not on A=0.

This additional information can come from the probability of attrition, Pr(A=0ly;, %,
z), where z isan auxiliary variable (or vector) that is assumed to be observable for al units
but is not included in x.. In particular, in the straightforward generalization to vectors, z can
include lagged values of the dependent variable (which are observed up to time t-1 for
respondents who are lost to follow-up at time t), as well as fixed characteristics of the
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respondent, lagged time-varying characteristics, and variables that do not require the
completion of an interview, such asinterviewer characteristics and location of residence.
(The set of respondent characteristics that can potentially be included in z isrestricted to
those characteristics that are not already included among the variablesin x:.)

Linearizing the probability of attrition implies a process of the form

A =0+ 01X + 02z + 1y @)
A = 1ifA >0
= 0if A’ <0, ©)

where A" isalatent index and attrition occurs if thisindex is equal or larger to zero and v,
is amean-zero random influence on the attrition probability.

Attrition can then be classified as follows (this classification differs dightly from that
proposed by Fitzgerald et al. 1998 and has a more direct relation to the statistical literature
on missing data; see also Kohler 2001):

Attrition exhibits selection on unobservables if Pr(A=0ly;, X, z) # Pr(A=0x;, z), SO
that the attrition function cannot be reduced from Pr(A=0ly;, X, %). In the specific
parametric model in Egs. (1 — 3), therefore, selection on unobservables occursif v; is not
independent of &]x,, where & is a shorthand notation for the error term &, conditional on
Xt.

Attrition exhibits selection on observables if

Pr(A=0ly:, X, z) = Pr(A=0lx;, z), (4)

that is, if, conditional on x; and z, the attrition probability is independent of the dependent
variable y; and therefore of the unobserved factors entering the error term &; in relation (1).
On one hand, this selection on observablesisignorableif (a) y; and z are independent
conditional on x and A=0, or (b) the attrition function in Eq. (4) can be further reduced to
Pr(A=0x, z) = Pr(A=0|x,), i.e., the probability of attrition is independent of the variable
z. lgnorable selection on observables implies that the linear regression of relation (1) on
the basis of the observed data on non-attritors leads to unbiased estimates of the coefficients
Bo and B;. Inthis case, no specific methods are required to control or adjust for attrition.
On the other hand, selection on observables is non-ignorable when neither condition
(a) nor (b) holds. In this case, standard linear regression analysis of relation (1) does not
yield unbiased estimates of the coefficients 3o and 31, and alternative estimation techniques
are required that are further discussed below. Stated in terms of the parametric model in
Egs. (1 — 3), ignorable selection on observables occurs if v is independent of &x; and (a')
z isindependent of &]x;, or (b’) the attrition does not depend on z (i.e., J, in Eq. 2 is zero).

http://www.demographic-research.org 85



Demographic Research - Volume 5, Article 4

Selection on observablesin this parametric model is non-ignorable when neither condition
(&) nor (b’) holds.

Attrition is completely at random if the attrition function Pr(A=0ly;, X, z) can be
reduced to Pr(A=0) and attrition neither depends on the dependent variable y; nor the
observed variables x; and z. In our specific model, attrition is completely at random if v; is
independent of &|x, and J, and J, in Eq. (2) are zero.

Ordering these attrition patternsin terms of their assumptions from more restrictive
to lessrestrictive yields. completely random attrition < selective attrition on observables
< selective attrition on unobservables. Completely random attrition is unlikely in most
panel studies, and if it exists, it does not result in biases of parameter estimates. Attrition
that is selective on observables and unobservables, on the other hand, is probably a
common phenomenon in most panel studies, and we will briefly discuss the statistical
approaches to overcome the biases that are potentially caused by such attrition.

Selection on unobservables is often presented as dependent on the estimation of the
attrition index equation (2) (see for instance Maddala 1983 or Powell 1994 for discussions
of this approach). Identification, however, usually relies on nonlinearities in the index
equation or an exclusion regtriction, i.e., the existence of avariable z — often loosely termed
“instrument” — that predicts attrition but is independent of &|x; and not included in x;. It is
difficult to rationalize most such exclusion restrictions because, for example, personal
characterigtics that affect attrition might also directly affect the outcome variable, i.e., they
should be in x; or are correlated with &]x. There may be some such identifying variablesin
the form of variables that are external to individuals and not under their control, such as
characteristics of the interviewer in the various rounds (Zabel 1998, Maluccio 2001).
However, in the PSID and potentially also in other panel studies the interviewers are
assigned on the basis of respondent characteristics, in which case this strategy is aso not
feasible. In general, therefore, selection on unobservables presents an obstacle to accurate
parameter estimation. Most promising, in our opinion, is therefore to test and — if necessary
adjust — for non-ignorable selection on observables by using as much information as
possible about selection in the panel. This reduces the amount of residual, unexplained
variation due to attrition left over in the data and it lessens the scope for selection on
unobservables for which few feasible statistical solutions exist.

If there is non-ignorable selection on observables, the critical variableis z, avariable
that affects attrition propensities and that is also related to the density of y; conditional on
% due to the fact that z is not independent of &|x. In this sense, z is “endogenous to y;.”
Indeed, alagged value of y; can play therole of z if it isnot in the structura relation being
estimated but is related to attrition.

Fitzgerald et al. (1998) show formally that, under the selection on observables
restriction in Eq. (4), the complete population density f(y|x;) can be computed from the
conditional joint density of y; and z, which we denote by g:
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i) = I e(¥o z | % A=0) W(z, %) dz, (5)
where
W(z, %) = Pr(A=0lx;) / Pr(A=0lz, X (6)

are normalized weights (the proof of Eq. 5 is aso given in the appendix of this paper).
(Note 5) The numerator of Eq. (6) isthe probability of remaining in the sample (i.e., non-
attrition) conditional on x, and the denominator is the probability of remaining in the
sample conditional on z and x.. The weightsw(z, X, in EQ. (6) can be estimated from the
data when both x; and z are observed. Thisisthe case when — as we have assumed above
— X and z contain either time-invariant or lagged time-varying characteristics of the
respondent or variables that do not require a completed interview. (Note 6)

Theintuition for Egs. (5— 6) isin the spirit of weighting (panel) observations with the
inverse of the probability that an observation is included (as in stratified samples, for
instance); in the above case pertaining to attrition, this probability is replaced by the
function of attrition probabilitiesin Eq. (6). Because both the weights and the conditional
density g are identifiable and estimable from the data, the complete-population density
f(yix) is estimable as well asits moments such as the expected value Ey; = f + % implied
by Eq. (1). Thisresult is particularly important since it implies that in the linear model in
Eq. (1) the parameters /5, and 3, can be estimated without bias, despite the presence of
selective attrition on observables, viaaweighted least squares regression (WLS) that uses
the weights defined in Eq. (6).

Inspection of Egs. (5) and (6) aso reved s the cases when selection on observables can
be ignored. In particular, if z isnot adeterminant of attrition, the weights in Eq. (6) equal
one and no attrition biasis present. If y; and z are independent conditional on x; and A=0,
the density g in Eq. (5) factors and it can again be shown that the unconditional density
f(yilx) equals the conditional density and there is no attrition bias.

2.2 Testing for attrition bias (Note 7)

Testing for attrition bias due to selection on unobservables is possible in econometric
models that include the estimation of the attrition index. The identification of such models
with panel data, however, is problematic due to the frequent lack of instruments that allow
identification. As an alternative, Fitzgerald et al. (1998) suggest that indirect tests for
selection on unobservables can be made by comparisons with data sets without (or with
much less) attrition (e.g., the Current Population Survey for comparison with the PSID in
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the United States). Unfortunately, only very limited possibilities for such comparisons exist
for most panels, and such comparisons are especialy difficult in developing countries. Due
to this limited ability to detect selective attrition on unobservables with the datasets
examined in this paper, we do not discuss this approach further nor do we perform the
corresponding tests.

Testing for selection bias due to selective attrition on observables, on the other hand,
ispossible in most panel studies and we will focus on these approaches. The two sufficient
conditions that render the selection on observables through attrition ignorable are either (1)
Z does not affect A; or (2) z isindependent of y; conditional on x; and A=0. Specification
tests can be based on either of these two conditions. One test is simply to determine
whether candidate variables for z (for example, lagged values of y) significantly affect A.
Another test is based on Becketti, Gould, Lillard, and Welch (1988). In the BGLW test, the
value of y at theinitial wave of the survey (y,) isregressed on respondent’s characteristics
at the initial wave (x;) and on A, which denotes the event that a respondent becomes an
attritor at some time during the survey (i.e., A equalsone for sometin 2,...,T). The test for
attrition is based on the significance of A inthat equation. Thistest is closely related to the
test based on regressing A on x; and y;, which is a direct estimation of the attrition
probability in Egs. (2 — 3) in the special case when they; is used to represent the auxiliary
variable z. Infact, the direct estimation of the attrition probability and the BGLW test are
simply inverses of one another (Fitzgerald et al. 1998). (Note 8)

Clearly, if there is no evidence of attrition bias from these specification tests, this
suggests that the attrition on observables is ignorable. (Since the null-hypothesis of our
attrition tests is the absence of attrition, the fact that there is not significant evidence of
attrition bias from these specification testsis no proof that such bias does not exist. It does,
however, show that the possible biasis too small to be detectable given the power of the
available tegts. Thislimitation isageneral problem of statistical inference and not restricted
to the specification tests for attrition).

If the specification tests suggest that attrition on observables is ignorable, then the
desired information on f(yx;) can be directly inferred from the conditional density f(y|x;,
A=0) (under the assumption that there is no selective attrition on unobservables). If the
above tests detect non-ignorable selection on observables due to attrition, the resulting
biases in the inference of S, and B, in Eq. (1) can be avoided by using a weighted least
squares methodol ogy with the weights given in Eq. (6).

3. Data and Extent of Attrition

In this section, we describe the three data sets that we use, emphasizing the diverse relations
of interest they can address.
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3.1 Balivian Pre-School Program Evaluation Household Survey Data. El Proyecto
Integral de Desarrollo Infantil (PIDI)

PIDI is a targeted urban early child development project expected to improve the
nutritional status and cognitive development of children who participate and to facilitate
the labor force participation of their caregivers. PIDI delivers child services through
childcare centerslocated in the homes of local women who have been trained in childcare.
The program provides food accounting for 70 percent of the children’s nutritional needs,
health and nutrition monitoring, and programs to stimulate the children’s social and
intellectual development. The PIDI program was designed to facilitate ongoing impact
evaluation through the collection of longitudinal data.

Eligibility for PIDI at the time of the collection of the first and second rounds of data
was based on an assessment of social risk. Asaresult of this selection, children who attend
aPIDI center are, on average, from poorer family backgrounds than children who livein
the same communities but who do not attend a PIDI center (Behrman, Cheng and Todd
2001). Thefirst PIDI evaluation data set (Bolivia 1) was collected between November 1995
and May 1996 and consisted of 2,047 households. (Note 9) The follow-up survey (Bolivia
2) was collected in the first half of 1998 and consisted of interviewsin the 65 percent of the
origina 2,047 households that could be located (plus an additional 3,453 households that
were not visited in Bolivia 1). The attrition rate of 35 percent for Bolivia 1 is relatively
high, which raised concern about whether reliable inferences could be drawn from analysis
of Bolivia 2.

3.2 The Kenyan I deational Change Survey (KDICP)

KDICPisalongitudinal survey designed to collect information for the analysis of the roles
of informal networks in understanding change in knowledge and behavior related to
contraceptive use and prevention of AIDS. Four rura sites (sublocations) were chosen in
Nyanza Province, near Lake Victoria in the southwestern part of Kenya. The sites were
chosen to be similar in most respects but to maximize variation along two dimensions: 1)
the extent to which social networks were confined to the sublocation versus being
geographically extended and 2) the presence or absence of a community-based distribution
program aimed at increasing the use of family planning. Villages were selected randomly
within each site and interviews were attempted with all ever-married women of childbearing
age (15 — 49) and their husbands. The study consisted of ethnographic interviews, focus
groups, and a household survey of approximately 900 women of reproductive age and their
husbands, and was conducted between December 1994 and January 1995 (Kenya 1). A
second round was conducted in 1996/1997 (Kenya 2). (The surveys are described in detail
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at www.pop.upenn.edu/networks). The attrition rates between the two surveys were 33
percent for men, 28 percent for women, and 41 percent for couples (Table 1). (Note 10)
These rates are comparabl e to the 35 percent reported for the Bolivian data.

Table 2 summarizes data on the reported causes of attrition for men and women as
obtained from other household members for most individuals who were interviewed in
Kenya 1 but not in Kenya 2. (Note 11) Nyanza Province has a relatively high level of
AIDS: mortality between the surveys accounted for 18 percent of the reasons given for
men’s attrition, but only half as much (10 percent) for women. For both men and women
the leading explanation was migration, accounting for 59 percent of the reasons given for
women and 48 percent of the reasons given for men. Because thisis a patrilocal society,
asgnificant share of this migration (over one-third) for women was associated with divorce
or separation, but this was not a mgjor factor for men. Not being found at home after at
least three visits by interviewers was the next most common explanation for attrition in
Kenya 2, accounting for about one-sixth of the reasons given for both men (18 percent) and
women (16 percent). Explicitly refusing or claiming to be too busy or sick to participate
accounted for dightly smaller percentages— 16 percent for men and 11 percent for women
(with most of this gender difference accounted by “other,” which is 4 percent for women
but O percent for men).

3.3 KwaZulu-Natal Income Dynamics Study (KIDS)

Thefirgt South African national household survey, the 1993 Project for Statistics on Living
Standards and Development (PSLSD), was undertaken in the last half of 1993 under the
leadership of the South African Labour and Devel opment Research Unit (SALDRU) at the
University of Cape Town. (Note 12) This analysis uses a subset of these data comprising
Africans and Indians living in KwaZulu-Natal Province and described further below.
Unlike the special purpose household surveys for Bolivia and Kenya, the South African
survey was a comprehensive household survey similar to a Living Standards M easurement
Survey (Grosh and Glewwe 2000) and collected a broad array of socioeconomic
information from individuals and households. Among other things, it included sections on
household demographics, household environment, education, food and nonfood
expenditures, remittances, employment and income, agricultural activities, heath, and
anthropometry (weights and heights of children aged six and under). The 1993 sample was
selected using a two-stage, self-weighting design. In the first stage, clusters were chosen
proportional to population size from census enumerator districts or approximate equivalents
when these were unavailable. In the second stage, al households in each chosen cluster
were enumerated and then arandom sample selected (see PSLSD 1994 for further details).
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Table 2: Reported reasons for men's and women'’s attrition in Kenyan (KDICP)
survey
Men Women
Reason for attrition: Number Percentage Number Percentage
Working, moved to, or 45 22.4 21 10.3
visiting outside Nyanza
Province
51 25.4 56 27.6

Working, moved to, or
visiting elsewhere in

Nyanza Province 36 17.9 32 15.8
Not home 26 12.9 20 9.9
Refused 6 3.0 3 15
Sick or busy 37 18.4 20 9.9
Deceased n/a n/a 42 20.7
Separated, divorced, then 0 0.0 11 4.4
moved away

Other

Total 201 205

Note: n/a = not available

Since the 1993 survey, South Africa has undergone dramatic political, social, and
economic change, beginning with the change of government after the first national
democratic elections in 1994. With the aim of addressing a variety of policy research
questions concerning how individuals and households were faring under this transition,
African and Indian households surveyed by the PSLSD in South Africa's most populous
province, KwaZulu-Natal, were resurveyed from March to June, 1998, for the KIDS (see
May et a. 2000). In this paper, the sample of 1993 PSLSD African and Indian households
residing in KwaZulu-Natal isreferred to as South Africa 1 and those re-interviewed in 1998
for the KIDS, South Africa 2.
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An important aspect of the South Africaresurvey — differentiating it further from the
Bolivian and Kenyan longitudinal surveys— isthat, when possible, the interviewer teams
tracked, followed, and re-interviewed households that had moved. (Note 13) Hence, in the
South Africa survey migration does not imply automatic attrition from the sample. In
addition to reducing the level of attrition and allowing analysis of migration behavior,
tracking and following plausibly reduced biases introduced by attrition, a claim we evaluate
below.

In 1993, the KwaZulu-Natal sample contained 1,354 households (215 Indian and
1,139 African). Of the target sample, 1,152 households (84 percent) with at least one 1993
member were successfully re-interviewed in 1998 (Mauccio 2001). Asin most surveysin
developing countries, refusal rates were very low, less than 1 percent. The remaining
households that could not be re-interviewed were either verified as having moved but could
not be tracked (7 percent) or left no trace (8 percent). Had the sixty households that had
moved but were successfully tracked not been followed, 79 percent of the target households
would have been re-interviewed. Put another way, the tracking procedures yielded a 25
percent reduction in the number of households that were lost to follow-up.

Re-interview rates were dlightly higher in urban than in rural areas. Offsetting that
success was a follow-up rate of 78 percent (of 215 households) for Indian households, al
of which were urban. The follow-up rate for rural Africans was 83 percent (of 825
households). There were no major differences in the analysis of attrition when we
considered the rural and urban samples separately; therefore we present only the results
where we pooled them.

The discussion of attrition between South Africa 1 and South Africa 2 to this point has
focused on attrition at the household level. For an analysis of individual level outcomes,
however, attrition at the individual level isthe relevant measure. Because a household was
considered to be found if at least one 1993 member was re-interviewed, individual-level
attrition for the entire sample is necessarily higher than household attrition (although this
need not be the case for subsamples of individuals). Focusing on the sample of children
aged 6 — 72 months for whom there is complete information on height, weight, and age in
1993, for example, 78 percent of 897 children were re-interviewed as household members
in 1998, indicating one-third more attrition than at the household level. (Note 14).

4. Some Attrition Testsfor the Bolivian, Kenyan, and South African
Samples

As noted, the attrition rates for the three samples considered here are considerable: 35

percent for the Bolivian sample, from 28 percent for women to 41 percent for couplesin
the Kenyan sample, and from 16 percent for households to 22 percent for pre-school
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children in the South African sample. However, studies for developed countries suggest that
while attrition of this magnitude may be selective, it need not significantly affect estimated
multivariate relations. To test this, we conducted three sets of tests of attrition asit relates
to observed variables in the data, using some of the tests presented by Fitzgerald,
Gottschalk, and Moffitt (1998). We begin with a comparison of means, since the intuition
that attrition is likely to bias estimates is often made on the basis of such univariate
comparisons. We then estimate probits for the probability of attrition in order to ask what
variables predict attrition comparing univariate and multivariate estimates. Lastly, we test
whether coefficient estimates for a set of relations of interest to the objectives of the studies
differ for two subsamples, one that islost to follow-up and one that is re-interviewed.

4.1 Comparison of Meansfor Major Outcome and Control Variables

First, we compared means for major outcome and control variables measured in the first
rounds of the respective data sets for those subsequently lost to follow-up versus those who
were re-interviewed (Tables 3, 4, and 5). Mgjor characteristics are defined with respect to
the interests of the project for which these data were collected.

Bolivia: A number of means for those lost to follow-up differ statistically from those
who eventually were re-interviewed: rates of severe stunting, moderate wasting, the fraction
reporting that they mainly spoke Quechua at home, weight-for-age, gross motor ability test
scores, fine motor ability test scores, language-audition test scores, personal-social test
scores, mother’s age, father’s age, home ownership, fraction with both parents present,
number of rooms in the home, number of siblings, ownership of durables, mother having
job, and household income (Table 3). All of these observable characteristics distinguish the
two subsamples at least at the 10 percent significance level, and show that in the first round
of the data (Bolivia 1) children who were worse off in terms of these measures were more
likely to be lost to follow-up before the second round than those who would eventually be
re-interviewed. Among the fourteen predetermined parental and household level variables
in Table 3, eleven differ significantly for the two groups at least at the 10 percent
significance level. Thus, both in terms of child development outcome variables and family
background variables, attrition seemsto be systematically more likely for children who are
worse off. Such systematic differences, together with the high attrition rates, may cause
concern about what can be inferred with confidence from these longitudinal data.

Kenya: For the Kenyan data, both males and females lost to follow-up have higher
schooling, more languages, and are more likely to have heard radio messages about
contraception and lived in households with males who received salaries (Table 4). They are
aso younger and have fewer children than those who were re-interviewed. For a few
variables the means differ significantly between these two subsamples for men but not for
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women (ever-use of contraceptives, residence in the sublocation of Owich) or for women
but not for men (want no more children, visited by community-based distribution agent,
speaks Luo only, belongs to credit group or to clan welfare society, residence in the
sublocation of Wakula South). On the other hand, the means do not differ for the
subsamples of either men or women for a number of characteristics (currently using
contraceptives, heard about family planning at clinic, discussed family planning with others,
number of partnersin networks, primary schooling, lived outside of province, polygamous
household).

Therefore, it appears that attrition is selective in terms of some ‘modern’
characteristics (including some of the outcome variables that these data were designed to
analyze) with selectivity more strongly related to women’s characteristics. But the means
for many characteristics, including those for most of the indicators of socia interaction, the
impact of which is central to the project for which these data were gathered, do not differ
significantly between those lost to follow-up and those re-interviewed.

South Africa: Because the South African survey is a comprehensive household survey
with alarge number of variables, for comparability this study examined a set of variables
similar to those considered for Bolivia, i.e., measures of child nutritional status based on
anthropometrics, as well as a set of predetermined family background characteristics. The
results reported here cannot, therefore, be immediately generalized to other outcome
variables available in the South African data.

There are no significant differences in the means of child nutritional status outcome
variables between the two groups (Table 5). This is not the case for the predetermined
family background variables, however, where there are a number of significant differences
at the ten percent level of significance. Those pre-school children who were re-interviewed
are significantly more likely to be African rather than Indian, and come from households
that have lower income, less educated heads, and fewer durable assets. Of course, since
these background variables themsel ves tend to be highly correlated (in particular race with
income and assets), it is not surprising that they show similar patterns in the comparisons
of means. Households residing in the former Natal Province areas of the province were also
less likely to be re-interviewed; thislikely reflects higher migration, in part due to weaker
property rights, in those areas. In sum, while there are no apparent differencesin the child
outcome variables, children from better off or Indian households were more likely to be lost
to follow-up.
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Table 3: Bolivia. T-tests for differencesin meansin Bolivia 1 data for attritors versus
nonattritors?®
Re-interviewed Not re-interviewed Difference
Standard Standard
Variables Mean Deviation Mean Deviation Mean t-test
Early child development outcome variables
Height-for-age” 18.0 (22.5) 17.4 (22.1) 0.65 (0.72)
Weight-for-age® 32.2 (26.5) 30.3 (25.8) 1.91* (1.81)
Weight-for-height” 58.1 (26.5) 56.9 (27.2) 121 (1.10)
Moderate stunting® 0.639 (0.48) 0.631. (0.48) 0.008 (0.43)
Severe stunting® 0.279 (0.45) 0.323 (0.47) -0.0437* (-2.37)
Moderate wasting® 0.365 (0.48) 0.400) (0.49 -0.035* (-1.79)
Severe wasting® 0.0796 (0.27) 0.0946 (0.29) -0.0150 (-1.30)
Gross motor ability 20.8 (7.81) 20.3 (7.67) 0.5136* (1.65)
Fine motor ability 19.4 (7.28) 19.0 (7.19) 0.480* (1.65)
Language-audition 19.2 (7.62) 18.6 (7.44) 0.569* (1.88)
Personal-social 19.9 (8.02) 19.4 (8.06) 0.534* (1.65)
Predetermined family background variables
Mother’s age 29.8 (6.45) 28.7 (6.44) 1.07* (4.10)
Father's age 33.0 (7.70) 322 (8.03) 0.85** (2.66)
Mother's schooling 3.0 (1.5) 3.0 (1.5) -0.06 (-0.9113)
Father's schooling 3.6 (1.4) 3.6 (1.4) -0.02 (-0.42)
Quechua mainly .00099 (0.0315) 0.0114 (0.106) -0.00414** (-2.85)
Amarya mainly .00396 (0.0628) 0.00456 (0.07) -0.000605 (-0.23)
Home ownership 0.428 (0.495) 0.215 (0.411) 0.213* (12.02)
Number of rooms in house 1.50 (1.05) 1.40 (1.00) 0.100** (4.17)
Both parents present 0.841 (0.366) 0.775 (0.42) 0.0656** (4.54)
Number of siblings 2.37 (1.80) 2.05 (1.59) 0.322* (4.80)
Ownership of durables® 6.30 (2.11) 5.92 (1.92) 0.375** (4.69)
Job of mother® 2.26 (0.92) 2.08 (0.91) 0.174* (4.73)
Job of father 2.70 (0.54) 2.70 (0.55) -0.006 (-0.28)
Household income 922 (755) 868 (638) 54+ (2.68)

Notes: *indicates significance at the 10 percent level, and ** at the 5 percent level.

#Values of two-sample t-test with unequal variances are given in parentheses in last column.
o Height-for-age in centimeter/years. Weight-for-age in kilogram/years. Weight-for-height in kilograms/meters.
¢ Stunting and wasting are based on height-for-age and weight-for-age. Z-scores calculated are based on CHS/CDC/WHO
standards. "Moderate" refers to being more than one standard deviation below the means and "severe" more than two standard
deviations below mean.

9 Ownership of durables measures number of durables owned out of 15 asked.

¢ Job of mother/job of father: 1=no job; 2=temporary job; 3=permanent job.
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Table 4 (Men) Kenya. T-tests for differencesin meansin Kenya 1 data for those re-
interviewed versus not re-interviewed
MEN: Re-interviewed Not re-interviewed Difference
Standard Standard
Variables Mean Deviation Mean Deviation Mean t-test
Fertility-related outcome variables
Currently using contraceptives 0.196 (0.017) (0.031) -0.033 (-0.95)
Ever used contraceptives 0.233 (0.018) 0.311 (0.052) -0.077* (-1.79)
Want no more children 0.208 (0.017) 0.237 (0.031) -0.029 (-0.83)
Number of surviving children 4.76 (0.171) 3.94 (0.277) 0.817* (2.46)
Family planning program variables
Visited by community-based distribution 0.156 (0.015) 0.132 (0.025) 0.024 (0.78)
agent
Heard family planning message on radio 0.931 (0.011) 0.968 (0.013) -0.037* (-1.86)
Heard about family planning at clinic 0.495 (0.021) 0.513 (0.036) -0.018 (-0.42)
Discussed with others family planning lecture 0.679 (0.029) 0.691 (0.047) -0.012 (-0.21)

heard at clinic
Number of network partners in network
for

Family planning 3.7 (0.20) 4.0 (0.35) -0.3 (-0.86)
Wealth flows 5.0 (0.21) 5.0 (0.36) -0.04
Reproductive health - - - (-0.10)
Knows secret contraceptive user 0.637 (0.069) 0.558 (0.095) 0.079 (0.60)
Control variables
Age (years) 40.1 (0.52) 36.8 (0.78) 3.3* (3.24)
Education
No schooling 0.112 (0.013) 0.063 (0.018) 0.049* (1.94)
Some primary schooling 