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LONGITUDINAL ANALYSIS OF FEDERAL SURVEY DATA

1. Introduction

Longitudinal panel data provide a unique opportunity to examine patterns and
sources of economic and demographic change at the individual and family level.
These data are relevant to a host of policy issues, from the assessment of welfare
program participation to an understanding of patterns of health care usage or of the
determinants of retirement. Many policy issues require some understanding of the
factors that lead up to a particular event, or of the consequences that stem from it.
Without repeated observations of the individuals concerned, however, such factors
and consequences can only be inferred. Thus, our increasing store of longitudinal
panel data holds the potential for major breakthroughs in our understanding of the
basic determinants of economic and demographic change as they affect individuals
and families over time.

Unfortunately, however, many of our longitudinal data sets have been
somewhat under-used by researchers so far, especially compared to similar cross-
sectional surveys. To some extent this under-usage may simply stem from the fact
that many of these data sets are still fairly new--researchers need a chance to
become familiar with the opportunities offered by these new sources of information.
A more fundamental problem, however, is that to an analyst whose primary research
experience is with cross-sectional microdata, a longitudinal panel of microdata on
families and individuals can be rather intimidating.

A longitudinal database designed to offer a reasonably representative sample
of the non-institutionalized population, for example, will be much larger and more
complex than a sumilarly representative cross-sectional sample, since every
observation will have been repeated several times. Size alone is likely to create

some analysis problems, and the mechanisms used by the panel’s designers to track



individuals and their various relationships over time are also likely to complicate the
process of analysis. To produce readily interpretable results from such panels, the
analyst must think carefully about the unit of analysis to be examined and about the
construction of appropriate summary measures across demographic units and across
time.

Further, problems such as reporting errors that would be hidden in a cross-
sectional survey such as the Current Population Survey (CPS) are likely to be
disconcertingly obvious in a longitudinal survey--we know, for example, that
individuals very rarely change genders, and it is also quite unusual for one’s age to
decline. Such problems can shake the analyst’s faith in the quality of the data set
as a whole, even if only a few such errors appear. Additionally, any longitudinal
survey is likely to experience some attrition over time, leading to difficult questions
on the appropriate use of imputations and on the construction of sample weights for
longitudinal analysis. While there is a fairly large literature on these issues as well |
as on the specific techniques that can be used in analyzing longitudinal data, the
application of each of these issues to the particular problem to be analyzed must be
considered at least briefly by any researcher undertaking a longitudinal analysis
project.

The purpose of this paper is to provide some guidance to users and potential
users of longitudinal data sets who are trying to sort out appropriate approaches to
the problems of analyzing longitudinal panel data. This paper does not attempt to
offer any new insights into the methodologies available to estimate the determinants
of change (or stability) in a given variable or set of variables over time, nor are the
theoretical issues underlying these methodologies addressed in any detail. Instead,
the paper is designed to be a much more basic "how to" guide, focusing on the most

fundamental choices that must be made by the analyst in undertaking a project
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involving the use of longitudinal data. Further, the paper focuses almost exclusively
on the application of longitudinal analysis to questions concerning patterns of family
imcome, expenditures and/or demographic change.

The remainder of this paper is organized into three sections. The first of
these addresses basic issues in designing a file for longitudinal analysis. The most
crucial of these issuc;s, in my view, is choosing the appropriate unit of analysis for
the application at hand. This section discusses the pros and cons of alternative
choices, and considers the implications of these choices in constructing an analysis
file. Other problems in file construction--dealing with multi-wave data, handling
attrition bias and longitudinal weighting, and the pros and cons of various types of
imputation--are also considered very briefly.

The following section considers specific methods of making comparisons across
time. The major focus of this section is on matching the outcome measures and
statistical techniques chosen to the basic research question being asked. For many

" policy issues fairly simple outcome measures may be perfectly appropriate, but it is
important to understand the measurement implications of alternative choices in
order to avoid misinterpreting one’s results.

The final section of the paper describes a few specific examples of current
approaches to the measurement of economic and demographic phenomena using
longitudinal microdata. It then concludes with a discussion of additional steps that
federal statistical agencies could take to facilitate the analysis of the various

longitudinal databases they produce.

II. Creating a Longitudinal Analysis File

Most longitudinal data on individuals, families and households come from

surveys that consist of a series of interviews with selected sample members



conducted at more or less regular intervals. Examples of longitudinal surveys that
are constructed in this way include the Panel Study of Income Dynamics (PSID), the
Survey of Income and Program Participation (SIPP), the National Longitudinal
Surveys of Labor Market Experience (NLS), the Retirement History Survey (RHS),
and the household survey portions of the National Medical Care Expenditures
Survey (NMCES) and the National Medical Care Expenditures and Utilization
Survey (NMCUES).!

In many cases, longitudinal data are released first in the form of cross-
sectional files pertaining to each set of interviews, and individual analvsts may be
required to link the files across time themselves before they can be used
longitudinally. Even when these linkages are provided in some form by the data
collectors, however, analysts must typically decide how to carry forward information
about household structure and family relationships from one interview to the next.

In other words, the analyst must choose the basic unit of analysis around which the

longitudinal file is to be organized.

Choosing the Unit of Analysis. Choosing the unit of analysis for longitudinal
research poses some problems that generally do not arise in cross-sectional analysis.
Many of our most familiar cross-sectional data sets--for example, the CPS--are
arranged hierarchically, with information on several different possible units of
analysis presented together. Thus, a typical CPS record will include information on
the household, followed by information on any families or sub-families in the

household, and those data in turn will be followed by the individual person-records

YThis list is by no means exhaustive, but these are some of the surveys most
commonly used by policy analysts interested in economic and demographic issues.
This paper focuses on longitudinal applications in these areas, and, more narrowly
still, on applications that deal specifically with microdata on families and individuals.
For a broader discussion of available longitudinal data sets, see Office of
Management and Budget, Statistical Policy Office (1986).
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for each household member. It is a fairly simple matter to analyze data across all
households, across families or sub-families, or across individuals--or even to combine
information from all three levels into one analysis.

Although even in the cross-sectional case the choice of a unit of analysis will
have some impact on one’s outcome measures—-the measured poverty rate for
families, for example, is different from the rate for individuals--definitions of the
terms "household," “family,” and "person” are by now familiar, and the implications
of choosing one unit rather than another are generally clear. The appropriate unit
of analysis in such a case will typically depend on the purposes of the analysis being
undertaken, rather than on the constraints imposed by the data.

Unfortunately, even relatively straightforward terms such as "household" or
“family" lose a great deal of their precision when they are considered longitudinally,
however. Although one may think of the family income reported in the CPS as
applying to essentially the same "family” over the period of a year, for example, in
fact families may undergo a substantial amount of change over the course of a vear.
This problem is addressed in the CPS by fixing the composition of the family at the
point of the interview. Retrospective data is then collected on the incomes over the
previous year of all those who happen to be in the family on the interview date,
regardless of whether each specific person was a member of that family for the
entire year.

This approach can be duplicated using longitudinal survey data, but for a
survey like the SIPP which offers actual month by month data on both family

composition and income such an approach seems both cumbersome and potentially



misleading.? Indeed, since many of the policy and research issues that are of
interest in a longitudinal context involve the relationship between changes in family
composition and changes in income, using this methodology could undermine the
advantages associated with longitudinal analysis as a whole.

Unless family or household composition is fixed arbitrarily at some point in
time, however, longitudinal analysis at the family or household level requires a new
set of definitions of what it means to be a family or household. In other words, one
must decide how much change is acceptable within the limits of the term "family.”
If a couple has a baby is that a new family, or a continuation of the old one? If they
get divorced, is one of the new units to be treated as a continuation of the old
family, or are they both new? What if an elderly parent of one member moves in?
Is the resulting family the continuation of both previous families, of one of them, or
of neither? Should the answer to this question depend on who is designated to be
the head of household in this new arrangement?

Considerable analysis of the implications of alternative family definitions in a
longitudinal context has been carried out by Connie Citro and Roger Herriot
(among others).3 They have addressed most of the questions raised above, and have
worked out the empirical implications of specific alternatives that involve different
decision rules for continuing or terminating someone’s membership in a given
family. Summarizing broadly, they find that the specifics of a longitudinal family

definition matter somewhat in considering issues such as changes in poverty status,

A survey like the PSID that collects data annually rather than monthly will
typically use a fixed family composition within any given year. If these data are used
longitudinally, however, the analyst’s attempts to trace income and family
composition over a period of years will result in unit-definition problems similar to
those described here in relation to monthly data.

See for example Citro et al. (1986) or McMillen and Herriot (1984) for further
discussion and for additional references on this point.
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and the use of some longitudinal definition produces results that are quite

significantly different from those seen when family composition is treated as fived.

The idea of using a longitudinal family definition is attractive, at least initially,
to many policy analysts--after all, many, even most, policy issues of interest pertain
to the family, not to the individual. Indeed, income considered at the person level
is a fairly meanmgleés concept, since a major assumption of both our income
support policies and of our social support system in general is that the members of
families and households pool their incomes, and at least to some extent, make joint
consumption decisions.

Over the past several years, however, both the work on this topic by Citro,
Herriot, and others and my own experiences in analyzing longitudinal income data
from the SIPP and the PSID have convinced me that the use of a longitudinal family
concept can in fact be quite misleading. In general, in order for a measurement
concept to be useful, minor variations in its specification should not result in major
differences in the quantities being measured. When measures ar not robust in this
way, it is difficult to tell whether specific outcomes are related to actual differences
in behavior or some other factor across groups, or whether they are simply artifacts
of the measurement method. In my experience, longitudinal concepts of the family
typically fail this test. Additionally, use of such a concept can actually impede
longitudinal analysis, since the very factors that are of interest for much policy
research--the impacts of divorce, out of wedlock births, deaths, and so forth--also
tend to change family composition, and under many definitions result in new
families. Linking these new families with their predecessors in a way that facilitates
our understanding of the unpacts of these transitions can become very difficult, since
families can combine and recombine in many different ways over a given observation

period.



As a result, therefore, longitudinal linkages at the person level are generally
the most satisfactory solution to the problem of linking records across time. After
examining a great deal of longitudinal data on family structures and incomes, it has
become apparent that the person is the only unit of observation that is really
reasonably constant over time. While people do move in and out of the sample over
a period of time, the identification of a specific individual during his or her time in
the sample can almost always be made unambiguously.

A second reason for preferring person-level linkages is that, again after some
data-analysis experience, I have also become convinced that counts of the number
of people with a given characteristic or behavior pattern are generally at least as
useful for policy purposes as are counts of families or other aggregate units. If we
are able to estimate that 50,000 people will enter poverty as a result of a given
legislative proposal, for example, we may not much care if those people are in
15,000 families or 25,000. Indeed, if two proposals could be shown to affect the
same number of people but different numbers of families (if one particularly
targeted large families, for example), most analysts would consider it misleading to
cite only the number of families involved.

Constructing a Person-Level Longitudinally Linked File. Nevertheless, person-

level linkages do have some important disadvantages. In order to work with person-
level data, it is necessary to find some way around the problems that originally led
Citro, Herriot et al. to try and develop a longitudinal family concept. Specifically,
for example, personal income (without additional family income information) does
not provide a very good estimate of the resources actually available to each person.
Additionally, most transitions of interest involve changes in the family as a whole,
not just in specific members. For these reasons, substantial modifications must be

made in the simple person-level linked iohgitudinal file if 1t is to be used for policy



analysis. For the most part, these modifications involve moving additional
information on the family and household in which each person resided at each
observation point onto the person record.® In essence, this will create a personal
longitudinal family history for each person in the longitudinal file.

To illustrate, consider the case of a married couple who, within the observation
period contained in the longitudinal file, have a baby and then become divorced.
Fﬁrther, suppose that both adults were working at the beginning of the period, but
that the woman left her job when the baby was born, and the man then experienced
a spell of unemployment that lasted until after the divorce. Clearly, in order to have
a complete picture of the events that have happened in this family it is necessary to
have some information on the family as a whole--neither adult’s person-record alone
will contain all the necessary information (such as, for example, the other adult’s
work status).

On the other hand, a longitudinal family record will probably not contain all
the information either--after the divorce, one or both of the adults will normally be
considered part of a new family. As a result, that person (or both persons) will
appear in two separate families within the observation period, making it difficuit to
examine issues such as the impact of the divorce on each spouse’s income and

poverty status. If either spouse remarries (or even moves in with a parent or other

*The slightly awkward term "observation point” is used here to refer to the unit
of time over which specific longitudinal surveys collect their observations. This unit
will typically be either a month (as in the SIPP, the NMCUES and the NMCES) or
a year (as in the PSID and most cohorts of the NLS). A few surveys (e.g. the RHS)
collect their data over longer or even irregular intervals. Note that the "observation
point" is not necessarily the same as the "interview point," since some surveys collect
information on several intervals of time that have occurred between interviews. As
discussed briefly below, this technique is likely to lead to irregularities in the
reported data series, but may facilitate using the data to simulate "event
histories"--continuous records of the duration of specific states--which is helpful in
applying certain analytic techniques.



relative) his or her family picture will change again, again creating discontinuities
in the total record if a longitudinal family definition is used.

While in theory it might be possible to maintain linked records on every family
that contained common members within the observation period, in practice this
becomes extremely cumbersome in any file that contains data from more than three
or four observation or interview dates. Among other problems, this approach
requires a complex system of pointers to indicate which groups of people actually
belong together at any given observation point, and where each of them are at the
previous and subsequent observation points. For many longitudinal applications,
therefore, this approach is impractical.

The alternative is to move a subset of the family information for each
observation date on to the individual person records, and then to link these records
at the person level. To consider cases like the one outlined above, for example, one
might move information on total family income, spouse’s earnings and employment
status, family size, and number and ages of children at each observation date onto
each adult’s person-record for that date. This would allow one to observe changes
in income and family composition as they affect each member of the household over
the observation period as a whole--information on the previous family status of the
non-custodial parent would not be separated from his or her record in the period
after the divorce, for example.

The specific family variables suggested above for inclusion on the person-
record are not the only ones that might be used, of course--for other types of
analyses we have included markers for variables such as the presence (and/or age)
of an elderly person in the family, receipt of specific types of income such as welfare
benefits by someone in the family, whether the family is female-headed at a given

observation date, and so forth. Many of these are fairly obvious, and will be used
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by many analysts--examples include family income and family size. Such very
common variables should almost certainly be constructed and appended to every
adult’s person-record for every observation date by the agency issuing the
longitudinal data set. For family and household variables of importance to a specific
analysis that are not routinely coded onto the person-record, however, the analyst
must create a sp@ciﬁé routine to produce appropriate recodes. In the longer run,
it would again be helpful if agencies producing longitudinal data files could provide
analysts with some help in implementing such recodes.

In addition to such simple variables, which can be extracted directly from the
family record and appended to the person record, it is also very helpful for
longitudinal analysis to create some specific transition flags that relate to the family
changes under examination. For example, in considering the impacts of divorce on
income and poverty status it would be helpful to have flags indicating changes in
marital status. Appending such a flag to the person-record for the observation
point in which the divorce takes place greatly simplifies the examination of the
impacts of this change on other variables.

In fact, certain transitions are so important in determining income and family
status that the data-issuing agencies should be encouraged to flag them routinely
before issuing longitudinal data files. Such transitions might include divorce,
marriage, birth of a child to a family member, death of a family member, and the
loss or gain of a job by a family member.

Once family variables and transition flags have been appended to each person-
record, it is a fairly straightforward matter to examine changes in family status and
their impacts on income. To consider the impacts of divorce, for example, one
would simply examine all the person records that contained the divorce flag. Family

income and family size for each such person at each observation point could be
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calculated directly from the person-record, with no additional linkages needed.
Income could be summed over observation points, as necessary, to obtain an annual
income measure. If desired, that measure could be compared to a similar sum of
the per-period poverty standards for the various-sized families the person has been
part of, to obtain a measure of the person’s poverty status over a specified period
before or after the divorce. Because the date of the divorce is flagged, it is
relatively easy to compare pre- and post-divorce incomes over persons with different
characteristics and with families of different sizes and types.

Because each person’s family size may vary across observation points, it is
helpful to use either the poverty standard or some other equivalence scale in
considering relative incomes over a period of time--for example, before and after a
divorce. Such an approach produces a slightly more difficult to interpret income
variable (expressed as a percentage of the poverty standard, for example.)
Nevertheless, this approach is considerably more enlightening in analytic terms than,
say, assuming a fixed family composition over time, as cross-sectional surveys such
as the CPS do.

Dealing with Multi-Wave Data, For budgetary reasons, longitudinal surveys

often collect data at longer intervals than their designers would like. For example,
surveys that ask about monthly income, family status, or medical care usage may
collect information only every three or four months--coming back every month just
isn’t practical, and could also alienate respondents. Besides, many things don’t
change all that much from month to month, so that, given budget constraints, it is
often preferable to put any extra dollars into an expanded sample size, for example,
rather than more frequent interviews. Similarly, surveys designed io be

administered annually occasionally get postponed, resulting in a two-year interval
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between interviews, although those interviews may nonetheless ask about annual
income and family data.

Surveys of this type, where the time-unit observed and the interview schedule
are not coincident, pose some problems for the analyst. Inevitably, respondents are
most likely to report any changes in income or family status as having occurred
either at the beginning or the end of the interview period. Changes in income and
other transitions, therefore, appear to occur much more heavily at the “seams”--
the months (or other intervals) that represent the end of one interview period and
the beginning of the next. This results in a situation where the probability of a
transition is overstated at the beginning and end of the interview period, and
understated in the intervening interval.

The extent to which this is a problem for the analyst depends on the type of
analysis being done. If one is primarily interested in the determinants of a
particular type of transition, for example, a slight misreporting of the date of the
transition may not matter much--the respondent who misremembers when a given
event took place is also likely to misremember other related events, and the
relationship between events may therefore not be distorted at all. To put it another
way, a respondent reporting both a divorce and a job loss is likely to get them in
the right sequence--"I got divorced right after I lost my job"--even if he xﬁisrepoms
the date of one or both events.® Similarly, if the topic of interest is an ongoing state
at the time of a particular transition--"I was unmarried and unemployed when I first
went on welfare"--it is also likely to be reported correctly even if the date of the

transition itself is slightly off.

SNathan Young has examined the correlation of events on and off the seam, and
has indeed found that in most cases correlations remain similar even when reported
rates of transition are very different in the interview month and in other months.
See Young (1989) for more discussion.
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A pattern of small numbers of transitions occurring in the "off-scam" months
followed by perhaps two to three times as many transitions in the "seam" month can
be quite disconcerting, and can particularly make one doubt the usefulness of
longitudinal data for duration analysis--questions like, "how long does a person
typically stay unemployed after losing a job?" or "how long is the average welfare
spell?" Indeed, such a pattern does distort reported spell lengths somewhat, creating
more spells with durations equal to the interview interval, and fewer spells of other
lengths. This distortion is less pronounced than is the distortion in transitions,
however, since even for those who misreport one transition, it is not necessarily the
case that both the onset and the termination of the spell will be reported as
occurring on the seam.

Further, although the pattern of spell lengths resulting from data of this type
undoubtedly contains some distortions, it is not clear whether the median spell
length will typically be increased or decreased as the result of such misreporting.
Indeed, overall one might expect the median spell duration to be largely unaffected,
since there is generally no reason to believe that people under-report spell lengths
more than they over-report them, or vice versa. In other words, for everyone who
reports his current spell as having started a month earlier than it really did, there
is probably someone else reporting a transition a month late. Unless the intervals
between interview dates are very long, therefore, for many analytic purposes such
multi-wave data, although disconcerting to fook at, may still be a reasonable proxy

for true event-history. data.®

®In cases where the intervals between interviews are very long--anything much
over a year 1s probably doubtful--treating the resulting data as if it were event
history data could be quite misleading, since it is likely that many transitions could
be missed altogether. This approach is particularly problematic if the survey in
question was not designed to be continuous, and therefore does not ask specifically
about changes occurring at shorter intervals within the interview period (the RHS,

14



Attrition and Longitudinal Weighting, A problem related to "seam-bias" is that

most longitudinal surveys lose some respondents over the course of their operation,
and unfortunately these losses are often correlated with the very factors that the
analyst would like to study. Indeed, some apparent transitions at the seam are in
fact caused by people dropping out of the survey, since a failure to participate in the
next interview is of cc;nrse always discovered at the scheduled interview date. This
type of seam bias can be eliminated by carefully distinguishing between those who
report the termination of a given state and those who leave the sample, as discussed
further in section III below, but the underlying problem of attrition is more difficult
to solve.

Problems of attrition are more important for some types of analysis than for
others. For comparisons of repeated cross-sections, for example, they are very
important--it is easy to mistake changes in the sample for changes in the underlying
~ population if there is differential attrition across sample sub-categories. Similarly,
any analysis that attempts to describe the incidence of a given type of transition over
time may be vulnerable to this problem. In many cases, it will be appropriate for
the analyst to standardize across the population eligible to experience the transition
in question, although sometimes that population cannot be defined narrowly enough
to eliminate the problem of differential attrition, which may be correlated with
unobserved variables.

The problem of attrition may have less impact on duration analyses, unless the
spells being examined tend to be long relative to the observation period, in which

case it may be difficult to find a reasonably representative sample of completed

for example, is not designed for use as a continuous survey.) As discussed further
below, for such surveys analysis as repeated cross-sections is appropriate, but
duration-related analyses probably are not.
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spells. Similarly, if those with long spells are particularly likely to leave the sample,
the apparent duration of spells will tend to be biased downward. This is particularly
likely to occur where the spells in question involve extended periods of low income,
which in turn tends to be correlated with sample attrition.

Finally, it is unlikely that the problems described above can be completely
solved through the use of appropriate longitudinal weights.” A common approach
to longitudinal weighting is to eliminate all part-panel cases, and then weight the
remaining cases up to some control totals for the sample universe as a whole.
Because a panel covers a certain period of time and people’s circumstances change
over time, these control totals must represent the population at some point in time--
typically, the beginning of the panel. But, to the extent that those who leave the
sample are indeed different from those who remain, simply weighting the remaining
population so that they resemble the starting sample will not take care of the
problem--those who remain will still behave differently, over the life of the panel,
than those who have left®

Indeed, for duration analysis at least, it is almost certainly preferable to retain
part-panel participants for that period in which they are observed, in order to

minimize the effects of attrition bias as much as possible. In this case, if one is not

"The following discussion of longitudinal weighting and imputation is at best a
brief introduction to these subjects, and is directed to users and potential users of
existing panel data, particularly the SIPP, the PSID, the NMCUES and the NMCES.
For more details on the methods used to create longitudinal weights for existing
surveys and on some possible alternative weighting strategies, see for example Cox

and Cohen (1985), Ernst et al. (1984), Jones (1982), Kasprzyk and Kalton (1983),
and Whitmore et al. (1982).

81f we could perfectly observe the characteristics of stayers and leavers, we could
probably find some sample of stayers that otherwise behaved like leavers and could
then reweight the sample appropriately. In fact, however, statistical agencies tend
to rely heavily on basic demographic data such as age, sex, and race in designing
longitudinal weighting cells, and these cells do a very imperfect job of capturing the
differences between stayers and leavers.
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using a self-weighted sample weights reflecting their relationship to the original
sample universe should be used for all panel members, not just those in the sample
for the full panel. For comparing repeated cross-sections, on the other hand,

weights specific to the date of each cross-section should be used.

Imputation in the Longitudinal Context. Another approach sometimes used
by data producers to handle the problem of attrition, as well as other reporting and
response problems, is to impute variables and sometimes even whole records. Such
imputations must be approached with caution. On the one hand, they can be very
helpful in the context of repeated cross-sections, .allowing one to carry out
meaningful analyses without cumbersome changes in weights for each new cross-
sectional observation. Even in this context, it is impbrmnt to satisfy oneself that the
imputations have been done in a way that provides some reasonable assurance that
the outcome variables of major interest have not been seriously distorted, but for
many types of analysis reasonably good imputations are quite possible.

Unfortunately, however, in dealing with longitudinal inalyses it is often the
analyst’s first task to sort through the data and remove all the cross-sectional
imputations put in by the data producer. Because many longitudinal panels are
produced first as cross-sectional files they may contain imputations that are
reasonable in the cross-sectional context but that are nét designed with longitudinal
applications in mind. For example, income imputations may be done for each wave
without regard to the individual’s income in any other wave, producing strange
income patterns if the data are analyzed over time. In the longer run, it would be
helpful if data-producing agencies would avoid cross-sectional imputations that

distort the longitudinal record altogether, although this does require the
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development of more sophisticated longitudinal imputation procedures than those

now generally in use.’

After removing any cross-sectional imputations added by the data producer,
the analyst must decide whether or not to make additional longitudinal imputations.
For example, should Fhe data be edited to eliminate miscodes, such as changes in
gender, that are obvious in the longitudinal context even if not in cross-section?
Where a given income amount shifts back and forth in type across waves—say, from
child support to welfare and back again--is the analyst justified in “correcting” the
record?

In general, I would argue that where the analyst has some strong reason to
believe, based on the longitudinal record, that specific data is misrecorded, he or she
should edit the record. Similarly, where there is missing data--say an age or even
an income amount--that can be guessed within reasonable limits based on data in
the surrounding waves, I would impute the missing value. While this may sound
heretical--surely analysts should not "make up" datal--one must remember that in the
context of longitudinal analysis such missing or incorrect values may be interpreted
as spell beginnings or endings when in fact they are not, and failing to edit them
may create events that in fact haven’t happened. Where the probability is very
strong that a given variable is misrecorded, therefore, some editing of the
longitudinal record may be appropriate. Again, in the longer run, of course, it would
be very helpful if statistical agencies would take a more aggressive approach to

longitudinal editing and imputation--perhaps shifting resources away from cross-

*This set of complaints particularly applies to the SIPP, although other surveys
where waves are produced first for cross-sectional analysis and are only later

incorporated into some sort of longitudinal file may also be vulnerable to the same
sort of problems.
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sectional imputation, at least for databases that are designed with longitudinal
applications primarily in mind.

So far this paper has discussed the creation of a longitudinal analysis file in
considerable detail (although unfortunately there remain many conceptual issues in
file construction that have only been touched on briefly or that have been neglected
altogether, and the practical programming problems involved have not been
considered at all). As has been hinted several times, however, many of the specific
decisions that must be made in putting together a longitudinal research file depend
on the specific issues to be examined, and in particular, on the types of outcome
measures to be used. The next section, therefore, goes on to discuss alternative

approaches to comparisons over time.

III. Making Comparisons Across Time

The major purpose of a longitudinal research file is of course to facilitate the
analysis of change over time. There are three major types of time-related analysis
that are commonly carried out with such files, and there are some specific
methodological issues that pertain to each.

Comparing Two Points in Time. The simplest type of time-related analysis--

the comparison of data from two discrete points in time--does not actually require
a complete longitudinal data file at all. The major advantage of this type of analysis
is that it is relatively simple to implement and can often yield a great deal of useful
information, particularly for questions that focus on rates of turnover in a specific
variable. This method is very commonly used with many different longitudinal data
sets--several examples of such analyses can be found for PSID data in the Institute
for Social Research’s volume of PSID research results entitled Years of Poverty,

Years of Plenty, for example. Other examples include Alan Fox’s study using RHS
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data which examined income changes at retirement, and the SIPP-based study
produced by Jack McNeil and his colleagues at the Census Bureaus that considered
how many of those poor in 1984 were still poor in 1985.1¢

The major drawback of this method of making comparisons across time is that
the outcome variable§ are sometimes quite sensitive to the specific time periods
chosen for analysis, and there is no way for the analyst to determine this if only two
points in time are examined. Further, such comparisons are valid measures of
change among those who already have a given characteristic, but cannot be used to
determine the distribution of durations of a particular state among all those who
enter it.  For example, using this method we can tell what the total remarriage
rate for all divorced women is over a given period of time, but we cannot determine
the average amount of time that women spend between marriages, because we do
not know when those who were already divorced at the time of the first observation
got divbrced, and we have no distribution of remarriage probabilities by duration of
divorce to use in forecasting future remarriage rctes for those who have not yet
remarried. Indeed, we cannot even determine if the remarriage rate is sensitive to
the amount of time that has elapsed since the divorce. In other words, to the extent
that the determinants of changes in state are themselves time-related, they may be
difficult to observe if one must rely on simple "before and after" comparisons.

Examining Transition Events. A second approach to making comparisons

across time, therefore, is to examine transitions between two states directly. By
focusing on the transition itself one can more closely examine its association with

' other factors that may not be observable in a simple before and after comparison.

0See Duncan (ed.) (1984) and McNeil et al. (1988).
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This is helpful both in considering the effects of the transition on other variables and
in estimating a causative model of the determinants of the transition itself.

To illustrate this point, let us reconsider the analysis of divorce discussed
briefly above. If the analyst is interested not only in the determinants of the divorce
transition, but also in its impacts, a simple comparison of two points in time may be
doubly misleading. For example, family income may dip temporarily at the time of
divorce as the family changes from one household to two. Eventually, however, as
the two households make post-divorce adjustments in employment and living
arrangements, income is likely to recover at least somewhat. Estimates of the
impact of the divorce on income and poverty status for the various family members
may be quite sensitive to both the unit definition used to compute income (as
discussed in the last section) and to the specific timing of two income observations
compared to the divorce itself.

In a case like this, examination of income or poverty status over a longer
period leading up to and then following the transition will give a better picture of
its actual impacts. For this type of examination it is necessary to have a
longitudinally linked file with the transition flagged, but if such a file is available a
descriptive analysis of this type is quite straightforward to perform.!? Similarly, the
transition flags themselves can be used as explanatory variables in a larger model
of change over time as it affects some other variable. The recent paper by Suzanne
Bianchi and Edie McArthur on the impacts of marital disruptions on children’s

economic status illustrates a transition analysis of this type.!?

1 Applications illustrating the use of this technique to analyze income change
can be found in Ruggles and Williams (1986) and Williams and Ruggles (1987).

25ee Bianchi and McArthur (1989).
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Considering the determinants of a given transition is also facilitated by the
availability of a linked longitudinal file. For example, probit-type regression models
can be used to examine the probability that a given transition will take place, subject
to ﬁ:é‘sé varijous other characteristics of the cases in question. In analyzing divorce,
for example, one might want to consider the impacts of the spouses’ employment
statuses in the period before the divorce on the probability that they will become
divorced. In other cases, a broader set of dependent variables may be necessary--
those leaving a given state may have more than one alternative option. The work
by Alan Gustman and Thomas Steinmeier on retirement probabilities as observed

in the RHS offers a good example of a fairly complex application of this type of

transition analysis.™?

With a linked longitudinal file, the conditional probability of a given event such
as divorce or retirement can be calculated fairly easily for specific population
subgroups, and/or conditioned on specific events, using readily available software
packages such as SAS. Again, however, such an approach can be misleading if the
determinants of the transition in question are themselves time-related--if for
example, the previous duration of the marriage or even the length of the
unemployment spell are important determinants of the probability of divorce.!

These duration-related issues, then, are potentially problematic with either a
straightforward comparison of data from two points in time or with a more

sophisticated analysis of specific transitions. Although it is sometimes possible to

Bsee for example Gustman and Steinmeier (1986).

1 Additionally, if rates of divorce are changing rapidly over time, the use of
pooled data on transitions from a long-term sample such as the PSID may give
misleading estimates of transition probabilities. See for example Tuma and Hannan
{1984} for more discussion of this point.
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shoehorn duration-related information into one’s transition analysis--one could
create separate dummy variables for short and long unemployment spells in the
above example, for instance--this is a rather ad hoc approach that is likely to leave
many unanswered questions. In addition, in many cases one is interested not only
in the transition event itself, or even in its impact on other events, but also in the
expected duration of the new state that it creates. One wishes to know, for example,
how long someone who enters poverty may be expected to remain poor, or how long
someone who loses a job may be expected to remain unemployed. Quesiﬁ&m of this
type require some ‘t‘ype of duration analysis.

Analyzing Data_on Duration. There are many possible approaches to
questions of duration, and alternative approaches can produce quite different and
even seemingly contradictory statistics. The confusion generally results from
differences in the population to which the duration estimate applies. The two major
possibilities are cohort-based estimates, which typically apply to all those observed
in a given state at a peint in time, and spell estimates, which apply to all those
observed to enter the state within a given span of time.

To illustrate these possibilities, consider the case of welfare program
participation. A point-in-time or cohort-based estimate of welfare durations will ask
a question like "How long have those who are currently receiving welfare been on
the program?” This question has been phrased retrospectively, but it can also be put
in a prospective form: "How long are those currently on the program likely to
remain on in the future?" In either case, the base population being considered is
all those on the program at a given point in time. Such estimates are therefore
relatively easy to line up with cross-sectional estimates of the total population on
welfare, which are of necessity also point-in-time estimates. Estimates of this type

are very useful for a number of purposes--for example, estimating the future costs
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of the current welfare caseload (although obviously to get total costs one would also
have to account for new welfare entrants).

One useful way to think about estimates of this type is as an examination of
the experiences of a particular cohort--a group that all happened to be in a given
state at a given point in time. The NLS, for example, is designed with just such
applications in mind. .‘Et is possible to use these data to examine the subsequent
experiences - of several distinct demographic cohorts selected at specific points in
time--teenagers, men nearing retirement, women in their middle years. It is even
possible, with the new youth cohort, to link up families across generations, and to
relate young women’s experiences to those of their mothers, as Peter Gottschalk has
done recently for welfare recipients, for example. A similar type of application using
PSID data is Frank Levy's path-breaking 1977 paper on the "underclass," which
traced the subsequent experiences of a cohort of those in poverty in 1967.1

Cohort-type analyses are véry useful for many policy questions, but it is
important to be aware of their limitations in applying them to policy analyses.
Specifically, because they apply only to those in the state at a given time, such
analyses are sometimes difficult to generalize to the population as a whole, or even
to the experience of all those who may pass through the state over a period of time.

What a point-in-time estimate cannot do, in other words, is answer questions
like "How long will a typical person entering welfare stay on the program?" Such
a question refers not to the population on the program at a point in time, but rather
to the population entering the program. Although that may seem like a subtle
distinction, in fact these two populations are likely to be very different if there is any

significant variation at all in spell durations within the population as a whole. Those

BSee Gottschalk (1989) and Levy (1977).
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who are on welfare at a point in time are likely to have much longer spell durations,
on average, than the typical entrant, because those with longer spell durations are
more likely to be in the welfare population at any particular point in time. ¢

To see this point, consider a very simple example. Suppose the population of
interest consists of 13 people, one of whom is in the state under mnsidemiioﬁ for
one year, and twelveh“of whom are in that state for one month each. Further
suppose that these twelve one-month spells are distributed so that one occurs in
every month of the year. At any given point in time, therefore, the total population
in the state being considered will consist of two people, one who is in 2 one-month
spell, and one who is in a twelve month spell. A point-in-time analysis conducted
any time after the first month will therefore conclude that 50 percent of the
observable population reports a spell of more than one month. An analysis based
on all entrants observed during the year, however, will find that only one-thirteenth
of the population reports a spell of more than one month. Clearly, if the reasons
for these differences in estimates are not well understood, they could lead to vefy
different conclusions about the prevalence of long spells.

Many of the most useful and interesting questions that can be addressed using
a longitudinal database are questions that relate to duration. In any type of
duration analysis, however, it is nécessary to be sensitive to the issue of censoring.
Inevitably, there will be some spells that start before the beginning of the

observation period or that end after the panel has come to an end. Further, there

1Mary Jo Bane and David Ellwood’s classic paper on poverty spells makes this
point very well, and provides a good example of spell analysis as applied to the
PSID. (See Bane and Ellwood (1986)). For a similar example using SIPP data, see
Ruggles and Williams (1989). Other useful applications include the work by Pamela
Farley Short and her colleagues on spells of Medicaid participation and Rebecca
Blank’s imaginative use of longitudinal data from the Seattle and Denver Income
Maintenance Experiments to examine spells of welfare program participation. See
Short et al. (1988) and Blank (1986).
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will be some cases that join the panel with a spell already in progress or leave the
panel before one has ended. These spells cannot simply be ignored, since of course
longer spells are more likely than short ones to be censored and ignoring this
problem will therefore produce biased estimates.

An alternative approach that unfortunately is fairly often used by analysts who
have not complctely“thought through the problem of spell censoring is to mix
together all one’s observations over a given span of time, whether they apply to
completed spells or to those that are only partially observed. This produces results
that are confusing and even potentially misleading, since it is easy to misclassify
spells that are only partially observed as short spells, producing misleading estimates
of average spell durations.

The measure of the "persistently poor” produced by Duncan et al. using PSID
data is an example of this approaéh, and illustrates some of its problems.” In this
study, the base population was defined as all those in the population during the ten
year observation period--not just those in poverty in a particular year, as in Levy’s
study. Duncan et al. then defined the "persistently poor" as those poor for at least
eight out of the ten years. They went on to calculate the proportion of the total
population that was "persistently poor" simply by dividing the number of people
observed in poverty for at least eight years by the total population observed.

i

The problem with this approach is that some people who are poor for less than
eight years during the observation period are nevertheless in the midst of spells of
poverty that will total eight or more years--but unfortunately some of those years
happen to fall outside the observation period. Thus the true number of individuals

in the sample who were actually poor for at least eight out of ten years (at least

7See Duncan et al. (1984).
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some of which fell in the sample period) cannot be estimated using these data.
Estimates of the proportion of those observed who experience long poverty spells
will be understated, because some spells that appear short are in fact longer, but
they simply haven’t been completely measured. At the same time, however, because
these estimates mix together people who were poor in different years, they also
cannot be used to prédict, say, what proportion of those poor in a given year will
still be poor eight years later.

Many analysts cope with the problem of estimating spell durations when some
observations are censored by using some sort of survival analysis technique. Under
this methodology, a survival function for a given type of spell is estimated based on
the cumulative distribution of observed spell durations. In other words, in order to
compute the probability that a spell of welfare participation, for example, will end
in its sixth month, conditional on its having lasted for the first five months, one
must include all cases known to have lasted at least five full months, whether or not
their eventual disposition is known.1®

To put it in more technical terms, the survival function for welfare
participation may be estimated by defining F$(t,3(t) as the cumulative distribution
of time on’ welfare, with X, defined as a vector of independent variables affecting
welfare participation (which may or may not vary with time themselves) and F~
representing the results of the series of participation decisions made to time t. At

any time t, then, Fg(t,Xt) may be seen as representing the probability that the

B This discussion is aimed at the analyst trying to decide whether this approach
is appropriate for the particular application he or she has in mind. Anyone
attempting to implement such an analysis should of course review some of the more
technical literature on this topic. Tuma and Hannan (1984) provide a good basic
an overview of these methods. In addition, the treatment in Allison (1982) may be
helpful to analysts who are completely unfamiliar with event history analysis
techniques.
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duration of welfare for someone with the given X vector of characteristics is less
than t. The survival function for spells of welfare participation is then simply the
proportion of observable spells still in progress at time t-that is, S(t,X) = 1 -
F(4,X,)-

By including all spells--even those whose endings will eventually be
unobserved--for as long as information on their status is available, systematic biases
related to spell duration will be minimized. At the same time, censored spells are
essentially treated as if they had the same distribution of durations as spelis with
otherwise similar characteristics whose endings are observed.  Under this
methodology, censored spells do not pull down the estimated median spell duration,
for example, as they do when the problem of censoring is not recognized. It is
worth noting, however, that this approach assumes that censored spells are not
systematically different from uncensored spells (except in ways fully captured in the
X vector of explanatory variables), and that spells that occur at the beginning of the
observation period are not systernatically different from those starting nearer the
end. To the extent that external events--for example, legislative changes or changes
in the state of the economy--affect spell durations over time, analysis techniques that
pool spell observations across the period as a whole may be misleading.

This approach does allow the contribution of a variety of factors--either fixed
(e.g., sex and race) or time-varying (e.g., employment status)--to the conditional
probability of exit (or of survival) to estimated--these factors are simply included in
the X vector of explanatory variables described above. This approach is very
popular as a general method of analyzing spell durations and their determinants, and
models of this type can be implemented in SAS as well as in other easily-obtained
statistical packages (although typically the analyst is required to assume some

specific underlying form for the distribution of exit probabilities). Only data sets
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that provide a reasonably continuous record for a reasonably large sample of
individuals entering the state being examined can be used with this approach,
however, which limits its usefulness with smaller or less focused data sets or those
in which data has been collected in an intermittent pattern.

Other Issues in Longitudinal Analysis. The most crucial decisions to make in
undertaking a longjtudinal analysis of family income and demographic data clearly
involve the major choices concerning the basic outcome measures described above.
A number of other issues also arise in longitudinal analysis, however, particularly in
making income comparisons over time. Some of these issues--"seam" bias, recall and
coding errors, the role of imputation--have already been discussed briefly in the
section of the paper on file creation, but another set of issues--those relating to the
accounting period for income measurement--can also have big impacts on one’s
outcome measure, especially in working with a file such as the SIPP that provides
data on income over a sub-annual period.

In a cross-sectional file such as the CPS one does not have any particuar
~choice over the accounting period that is used--income information is collected on
an annual basis, and that is the only way it can be analyzed. In the SIPP, however,
information is collected on monthly incomes. This allows the possibility that it can
be examined over every period from one month to 32 months, the length of the
panel. As work by Roberton Williams and our own more recent work has clearly
demonstraied, alternative accounting period choices can have very different
implications for income measures such as poverty rates.”® More than one fourth of
the panel has at least one month with an income below the poverty level during

calendar year 1984, for example, while only about 6 percent are poor in every month

BSee Williams (1985) and Ruggles and Williams (1988).
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of that year. Similarly, only about 20 to 25 percent of those who have an entry into
poverty (measured using monthly income) during the panel are poor when income
is measured on an annual basis. Because individuals’ incomes fluctuate considerably
even within a one-year period, it is important to consider the impacts of one’s
accounting period choices in any longitudinal income analysis.

These accounting period issues are important not only in analyzing a database
like SIPF that collects sub-annual information, but also in comparing results across
surveys using different accounting periods. For example, Bane and Ellwood’s
analysis of the duration of welfare spells performed using PSID data found a median
spell duration of about two years, while a similar analysis of SIPP data found a

median duration of just under a year.2?

Most of the difference is accounted for by
the fact that the PSID uses an annual accounting period, while the SIPP uses a
monthly one. Thus, someone who received welfare from October 1984 through
March 1985 would be counted as having a two-year spell--covering both 1984 and
1985--in the PSID, while such a person would be counted as having a six-month spell
in the SIPP.

There is no one correct approach to the accounting period issue--rather, the
analyst should attempt to match the accounting period examined to the question
being considered. For analyzing a program like Aid to Families with Dependent
Children (AFDC), for example, where eligibility, benefits, and participation are all
determined on a monthly basis, a monthly accounting period will generally be
preferable where adequate data are available. Fdr broader analyses of income

distribution and even poverty, some analysts may prefer a longer accounting period.

For example, some argue that since people are able to average their incomes

23ee Bane and Ellwood (1983) and Ruggles (1988).
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over time to some extent--save money in good months, say, to tide themselves over
bad ones--longer accounting periods such as a year may givé a better picture of
people’s real level of resources than do shorter ones. On the other hand, where
detailed data are available it may be more appropriate to examine other resources
such as asset holdings to judge total resources, rather than assuming that such
resources are available on average over the longer period even when the family lacks

income in the short run.?!

IV. Conclusions

In summary, the many new sources of longitudinal data on incomes and family
structures that have become available in the last decade offer exciting research
opportunities to the policy analyst, but they bring with them their own unique
measurement problems. Because these data sources are both more complex and
lessfamiliar than are cross-sectional databases covering such topics, analyzing them
can present some challenges. For analysts willing to address these challenges,
however, there are useful solutions, and these data can be used to provide important
new insights into the processes underlying economic and demographic change.

Indeed, as discussed briefly in the various examples of measurement problems
and their solutions given throughout the paper, important applications of
longitudinal analysis to policy issues have already been carried out in many areas.
A few examples include Bane and Ellwood’s analysis of poverty spells and of AFDC
participation using the PSID; the work by Bruce Vavricek and Ralph Smith of the
Congressional Budget Office on spells of unemployment insurance recipiency as

observed in the SIPP; several Social Security Administration-sponsored studies on

*See Chapters 5 and 7 in Ruggles (1990) for more discussion of this point.
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retirement behavior as observed in the RHS; and Peter Gottshalk’s work on
intergenerational transmission of dependency as observed in the NLS. Projects are
now underway to address a whole host of additional issues, including patterns of
health insurance coverage, multiple program participation for low-income
beneficiaries, and earnings and employment patterns for the working poor.

The work that has been done so far and the work that is now underway
represent major advances in our understanding of these issues, but there is much
further analysis that could be done with our existing longitodinal survey data. To
some extent, this expansion will simply take time--analysts need to become more
familiar both with the surveys themselves and with appropriate techniques for
analyzing and interpreting these data. Already, however, there is beginning to be
a large literature on the applications of duration analysis, in particular, to economic
and demographic data, and this literature can only be expected to grow over the next
several years as additional data become available and additional issues are explored.

What can statistical agencies, and data producers in particuler, do to help the
analyst undertaking this type of study? In my view, these agencies could support
longitudinal analysis efforts in two major ways.

First, as noted throughout this paper and particularly in the section on creating
the longitudinal file, data producers do not always produce files that are highly
amenable to longitudinal analysis, even when such analysis is the primary mission
of a particular data-collection effort. Understandably, when a new survey such as
the SIPP comes out a great deal of effort is devoted to the early cross-sectional files,
since analysts are anxious to see how these new data line up with data from familiar
cross-sectional surveys. In addition, the early waves of any survey will be ready for

analysis long before the survey itself has been completed and edited longitudinally,
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and data producers are understandably anxious to get these first products to the
users as fast as possible.

Once a survey has been in regular production for some period of time,
however, it would make sense to lessen the emphasis on cross-sectional files and to
increase efforts to produce reasonable longitudinal data in a reasonably timely
fashion. We already have excellent cross-sectional data on family incomes and
labor force status, and unless the survey in question is clearly adding to our store
of available cross-sectional data on a particular topic, cross-sectional applications
should receive less attention. In particular, the level of effort devoted to activities
such as cross-sectional imputation that have no application in the longitudinal
context should be reduced. Instead, greater research efforts should be devoted to
continuing problems like longitudinal editing and the development of reasonable
longitudinal imputation procedures.

The second way in which statistical agencies could support longitudinal analysis
would be to undertake more of it themselves. Data producers typically publish at
least some cross-sectional information from the files they produce, and in some
cases--the CPS publications in the Census P-60 series, for example, come to mind--
these tables themselves provide important information on which policy-makers come
to rely. It ought to be possible for the Bureau of the Census and other data
producers to publish similar information, but of a longitudinal nature, using the
longitudinal databases that they now produce.

The assumptions underlying survival analyses might be difficult to explain in
such a context, but basic information on the experience‘ of a given cohort, for
example, is fairly easy to e)q:ﬂain and to interpret. For instance, one could look at

how many of those becoming unemployed in a given period were still unemployed
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one, two, or more months later; how many of those on welfare or in poverty at a
given point in time were still in that state x months (or years) later; and so forth.

Similarly, one could examine the transitions between states more directly,
along with the characteristics of those experiencing the transitions. One could ask,
for example, what proportion of those leaving unemployment in a given year find
jobs, and what proportion leave the labor force? Does it differ for men and women,
blacks and whites, old and young workers? For that matter, one could ask who
becomes unemployed, and how does the incidence differ by demographic
characteristics? Or, for example, what about those who enter welfare programs in
a given year--what is the incidence of entry for those in different categories? What
happens to those who leave welfare in that year? DO they get married? Do they
get jobs? How many of those gaining jobs are still employed six months later, or a
year later? Similar questions could be asked about the incidence and impacts of
many other transitions, from divorce to retirement to the birth of a child.

The longitudinal analysis issues outlined above represent only a small
proportion of those that could be undertaken--but the point here is that there is a
great deal of fairly straightforward longitudinal ahalysis that would be very helpful
to policy-makers, and that is not now being done in any systematic way.

Some very useful reports have been issued, of course--for example, the Census
Bureau’s P-70 series includes some longitudinal analysis from the SIPP, although so
far such applications have been relatively limited in both quantity and scope. Again,
many of these surveys, especially the SIPP and the NMCES, are still fairly new, so
perhaps it is not surprising that their producers have not yet developed a complete,
systematic schedule of reports examining basic longitudinal issues. Nevertheless,
devoting more attention to their own longitudinal analyses would probably be the

most important step data producers could take to support this type of research, and
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could also increase substantially the useful information that we are able to obtain

from these surveys.
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