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Theoretica and Andytical Agpects of Longitudind Research

Fernando Rgjulton and Zenaida R. Ravanera
Population Studies Centre

This paper has athree-fold am: To outline briefly the historica development of ideas that have given
rise to the current interest in longitudind studies, particularly in the socid sciences; to discuss rdevant
theoreticad considerations when andyzing longitudind data; and to illustrate approaches toward
andyzing longitudind data when measured as binary and categoricd varidbles. The overdl amisto
promote a better understanding of the type of information that longitudina data provide and of the
appropriate techniques needed to anayze such data.

A. Longitudinal Research -Development of | deas

Although the very firgt longitudina study is traced back to 1759 when Gueneau de Montbeillard
recorded his son’s growth to the age of 18 (Buffon, 1837), questions on advantages and disadvantages
of longitudina research were raised as early as 1920s when for the first time criticisms were directed
agangt cross-sectiona methods. 1n essence, most of those arguments wereto discard ageasa
definition of a population and replace it with duration since the latter, it was argued, was the one that
could explain growth. The key ideas associated with alongitudina study were aready contained in
those arguments, and these ideas gave rise to the quest for developmental sequences and their inter-
relations.

More elaborate discussions on advantages and disadvantages of longitudinal research had to wait for
four more decades. Two important studies are worth citing here. Oneisthat of an eminent psychologi<t,
Rene Zazzo (1967) of the University of Paris (a paper presented in 1966 to the Symposium on
Longitudind Studies) and the other is the Report of the Nationd Foundation for Educational Research
that was commissioned in 1967 by the Socia Science Research Council in UK to carry out areview of
longitudind studies and to identify the digtinctive contribution that studies of this kind could make to the
development of the socid sciences (Wl and Williams, 1970). After a careful and scrupulous
evauation of the advantages and disadvantages of longitudina studies, both of them were findly not
very much in favor of pursuing longitudina studies- for avariety of reasons that are vaid even today
and will be pointed out in the subsequent pages. As the Commission’s Report findly read: “We do not
share the pessmism of many, but we are ill aware that unbounded optimism as to the outcome of
continued study of representative nationd or regiona samples of the same individuds over timeis not



now and probably will never be judtified” (Wal and Williams, 1970:70 , itdics mine).

Many other studies since then have clarified the basic distinction between cross-sectiona and
longitudina data that we readily accept today but not necessarily apply in practice. Cross-sectiond
information dedlswith status, while longitudind information is concerned with progress and changein
gatus. Sir Cyril Burt, who iswell known for hisinnovative techniquesin the 1920s, used the term
“conspective” for cross-sectional as opposed to “prospective” for longitudind data. Zazzo proposed
that a study which reexamines the same population at recurring intervas (thet is, longitudina) was
nothing but “evolutive transverse” (that is, cross-sectiona -developmenta).

We now understand the term “longitudina” as one which is based on repeated measurements of the
same individuals over atime span long enough to encompass a detectable change in developmenta
datus. The gpan of time over which observations are made depends therefore on the issue of
investigation and itsrate of change. The mgor virtue of any longitudina information isthet it is
inherently socio-or-psycho-dynamic. Longitudina studies are meant to uncover that dynamism which
can be done only by examining both stability and change, and not one or the other. The generd
moativation underlying our interest in longitudind studiesis thet they can show the nature of growth, trace
paiterns of change in an individud, and possibly give atrue picture of cause and effect relationships
over time.

We often tend to view, and define, the term “longitudind” as an antonym of “cross-sectiond”, and yet
do not hesitate to apply to the former the design and analytical procedures devised for the latter.
Zazzo's criticisms were precisely based on this anomaly, and he aptly pointed out (even in the 60s) how
longitudind studies invariably go for larger and larger samples when afew subjects would suffice for the
discovery of developmenta sequences, and how standardized tests (involving rigidity in theory and in
insrumentation) are invoked in such sudies while their essential am is freedom in search of the
unknown. He dubbed them dl asillusions, the most perverse of them being the “imperative thet length
of observation and of development cannot be coincident and coterminousiif the nature and rhythm of
the latter are to be reveded - the ancient fallacy that confounds the redlity of what is observed with the
process of observation” (Wall and Williams, 1970:16).

Though in genera researchers accept that longitudina information is necessary especialy for studies on
individud behaviour and attitudes, debates on advantages and disadvantages of longitudina versus
cross-sectiond studies continue even today. It is expendve to collect longitudind data, in terms of



money, time and energy; it requires more complex and unfamiliar atistical procedures to andyze the
collected data; and, so few computer software are available to do the job properly. What is the point,
then, of al the trouble and expense to collect data of such richness when that richness cannot be
tapped? Those who are content with cross-sectiona data argue that after al cross-sectional data are
not uninformative about the processes of change. For example, most censuses ask questions on where
respondents lived one year or five years earlier and we are able to make inferences on changes that
have taken place during the intermediate period. Demographersin particular have for long been
collecting & least apartid demographic history through cross-sectiona surveys. Similar tactics can be
used to capture many other processes of change.

Debates on advantages and disadvantages of cross-sectiona versus longitudina data can and will
continue ad infinitum unless and until researchers can show that longitudina data do make a difference
in socid research. Three decades have passed since the debates on the issue started and things have
definitely changed during these three decades. Although we are il discussing about the costs and
benefits of collecting longitudinal datain the same way as it was done three decades ago, we can see a
remarkable shift in researchers accepting longitudina studies as more gppropriate and even required for
certain kinds of research. These include, but not limited to, such topics as the causes of changes or the
role of changesin attitudes. Furthermore, in Canada, as in many other developed nations, prospective
surveys are in the process of replacing transversal (and even retrospective) surveys. In such an
atmosphere of acceptance and trend toward collecting more and more longitudinal data, it istime to set
aside debating on the costs and benefits of such endeavours and instead expend one' s energy on
tapping the rich information being collected. Longitudind surveys are here to stay and socid scientists
are fortunate to have rich data sets at their disposal, thanks to the generous funding gestures of many
governments of developed nations and of many research funding organizations.

In spite of the generd acceptance of usefulness of longituding data, it is not an exaggeration to say that
many researchers are not ready to use adequate techniques of analyzing such data. This Stuation
cannot be rectified unless we find away to disseminate new and correct techniques of andysisto
would-be users of longitudina data. This paper isamodest attempt towards achieving that purpose by
presenting some useful paradigms and initial steps a undertaking longitudina anays's.

Before getting into this task, a few observations to temper the “unbounded optimism” are in order. Firs,
one of the most frequently advanced argumentsin favour of longitudinad data is the prevaence of
ambiguities in causality with cross-sectional data. This ambiguity can arise in many different ways and it



isdtill not very clear how longitudina data will help “solve’ some of these ambiguities. For instance,
socia research is replete with examples of uncertainties about the direction of causality. The uncertainty
problem issomewhat seriousin attitudina research that examines the reationship between attitudes
and behavior. If datafrom different waves (on the same individuals) are available, the direction of
causdlity has a better chance of being identified. Thisis especidly true in the case of a non-recursive
causd relaionship (that is, X to Y aswdl as'Y to X) as frequently happensin attitudina research:-
attitudes influence behavior and behavior resultsin modification of atitudes. Or it can happen evenin
sampler contexts such as the Mathusian vicious circle- increased food supply per capitaleadsto
increased fertility and increased fertility leadsin turn to decreased food supply per capita. It is obvious
that such a non-recursive causal relationship cannot be clearly established with cross-sectiond data and
we hope that longitudina datawill help solve the problem. Will longituding information be able to prove
such ardationship? Theoreticaly yes, but in practice, there are many doubts, because even some
smple questions relating to the modes of collecting longitudina data do not have clear answers;
questions like what is the optimal length of time between interviews, what is the number of interviews
(or waves) necessary to achieve the research objectives, how long should the data collection be done
before an appreciable change is observed or a causa mechanism is identified, and so on.

Second, closaly connected to the above discussion of causdity is the requirement that there should be
no other plausible explanations for the Statistical association. It is practically impossible, even with
longitudina data collected over many waves, to satisfy this requirement. A smplistic and textbook
approach to causd analysis may be content with examining afew control variablesincluded in the
andysis, but it is quite obvious to any serious researcher that socid processes are too “noisy” to yield to
any strong evidence of causal rdaionships. Not only it isimpossible to identify al the potentia sources
of an observed relationship but also many of these potential sources are effectively unmeasurable.
Traditiona analytical approaches have not been of great help in these circumstances, and newer (more
sophisticated) approaches (like unobserved heterogeneity) have neither succeeded in disentangling the
redl causd relationships.

Third, from apracticd point of view, we hope that longitudind analyss can shed some light on the
“true’ importance of certain explanatory variables that we have always taken for granted as important in
explaining socid behaviour and on which we usudly frame our socid policies. It iswell known that
cross-sectiona analyses consistently over-estimate the importance of explanatory variables, because
they do not account for the inherent, and usualy sirong, behavioura inertia built into asocid system.
Our andytica procedures need to consider both stability and change in a system before we can boldly



assert how important certain variables are and what behavioura changes can be induced by policies
based on the knowledge of impact of such variables. Longitudinal data can provide pictures of both
gtability and change, and there isalot of potentid hereif, of course, proper techniques are used to tep
thet information.

Fourth, with panel surveys, we need to examine serioudy the so-caled “pand conditioning” or
Hawthorne effect whereby the very act of being interviewed and reinterviewed changes peopl€'s
attitudes and behaviour, if not a smple reporting of atitudes and behaviour. If there is a possibility that
individuas can modify their behaviour because of the very fact of being included in the study, then the
sample may becomeless and less “randomized” over time. It isaso known that pand conditioning may
affect the qudity of the data reported by the participants in astudy:- the longer their participation in the
sudy, the lesslikely they are to report certain socialy unacceptable Stuations such as unemployment or
menta hedth. Unfortunately, the literature on the impact of conditioning is sparse and there is definitely
an urgent need to examine this in depth with the aready existing multi-wave surveys. To do it properly,
however, we need a control sample dongsde the pand, which implies increase in the costs of
conducting astudy. A rotating pand design may possibly Iessen the problem of conditioning since it will
replace the panel members regularly. Readers can refer to Waterton and Lievedey (1988) for a
detailed discussion on pand conditioning and for some findings from the Socid Attitude Panel Study in

Germany.

B. Some Useful Paradigmsfor Longitudinal Studies

1) Planned Behaviour

Since the main purpose of collecting longitudind detais to follow the socio-psycho-economic
development or behavior of individuals over time, the paradigm of planned behaviour (generaly used by
psychologists) may help explain behavioura changes and adaptation. Demographers have aso used
this paradigm in many contexts athough with different terminologies, sarting from the explanations
offered for the demographic trangtion.

A centrd ideaiin this paradigm isthe individud’ sintention to perform agiven behaviour. Intentions
are assumed to capture the motivations underlying a behaviour. Psychologists postulate three
conceptudly independent determinants of intention: &) Attitude toward the behaviour which refersto
the degree to which the person has a favourable or unfavourable evaluation of the behaviour; b) a
socid factor called subjective norm which refers to the percelved socia pressure to perform or not to
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perform the implied actions; and, ¢) the degree of perceived behavioural control, which refersto the
percaived ease or difficulty of performing the behaviour depending on the past experiences of the
individua aswell as anticipated impediments, obstacles, costs and benefits.

These three determinants usualy have a specific ordering:- the more favourable the attitude, the greater
the perceived behaviour control and the stronger will be an individud’ s intention to perform. Smilarly,
the greater isthe socid pressure, the greater isthe perceived control and the stronger the intention.
And, the stronger the intention is, the more predictable is a given behaviour. These ideas are not be
foreign to demographers who are familiar with the three " determinants’ of contraceptive practice:
ready, willing and able (Code, 1973; Lesthaeghe and Vanderhoeft, 1998).

Reinecke and Schmidt (1996) apply this paradigm of planned behavior to examining use of condomsin
new sexud contacts in asudy of AIDS-risk function, but in arelevant context of missng vaue
treatment. In the experience of many researchers, missing datais one of the practical problems
encountered in working with this paradigm (or with the “ready-willing-able’ paradigm of
demographers- see for example the MA thesis of Mannan (1999)). In addition, longitudina data bring
in the additional dimension of gtahility and change; intentions, norms and control can dl vary over time.
Such circumstances can enrich our understanding of causal mechanisms as discussed in the previous
section, particularly the mutud influence of each “determinant” on the other two.

2) Life Course Paradigms

Longitudind datatypicaly provide information on individuads' life courses encompassing various
domains of interest. It is no wonder then that theoretical and methodological developmentsin life course
studies have been greeily enhanced with the availability of longitudina data. Now we are able to
examine how individud lives are shaped by persond characteristics as wdll as by socid environment - a
clear departure from the emphasis on the former for so long. Featherman and Lerner (1985) envisage a
“developmental contextualism” that would enable a study of “person-population” processesin the
near future. Giele and Elder (1998) have addressed ways of using life events and their timingsin a
systematic way both theoreticaly and methodologicaly.

Cain (1964) used the term “life course” to encompass anthropological, sociological, and psychologica
concepts of “aging” or maturing through an expected sequence of socid roles. According to him, the life
course patternsin dl domains of society (such as the family, the polity, economy and religion) are
characterized by “age status synchronization” whereby certain people follow different trgjectories from



others. Theterm (life course) istherefore used in reference to a sequence of socidly defined events
and rolesthat an individua experiences over time, in distinction from the term life cyclethat alows for
events and roles that do not necessarily proceed in asocialy defined sequence (Elder, 1975).

The concept of the life course helpsin deding smultaneoudy and adequately with the once problematic
age-period-cohort effects because life course links them al together in one perspective: the distinctive
historical and cultura events (= period) experienced by persons who not only develop according to a
biologica clock (= age) but also socidly share these experiences with their peers (= cohort). Gide and
Elder (1998) suggest aframework congisting of four links that connect al these mgor dements of life
course sudies: 1) Location in time and place or cultural background (period aspect); 2) Linked
lives or socid integration (cohort aspect); 3) Human agency or individua god orientation ( age
aspect); and, 4) Timing of life eventsor strategic adaptation (longitudina aspect).

In their view, the fourth dimension, namdy timing, integrates the previous three, namdy historicd,
socid and individud activities. Obvioudy, then, timing of life events becomes the corner one of dl life
course studies, and longitudina designs are the primary methods for facilitating such studies. Therefore,
either through retrospective or prospective designs, data should be collected, whenever possible, on
higtorical contexts, family, work and socid settings, hedlth, well-being, gods and life satisfaction, along
with mgor timings of events,

Thelife course paradigm is aso avery useful tool in examining stability and change not only in individua
behaviour but aso in structura behaviour. Both stability and change are integra parts of the life course,
because as change occursin a systematic way, it will make for an ether stable or changing pattern. In
post-war devel oped societies, for example, increased prosperity, changing vaue systems and ever-
burgeoning individudization are indicators of on-going change, and yet much structura continuity ill
remains at the same time; for instance the rather stable Structure of socia inequdity.

Changeisthe result of atenson between the programming by society and the individua’ s own choice
(Kohli, 1986). Thus, the connection between micro-level aging over the life course and macro-level
ingtitutional change can be observed through the changing life course patterns of successive cohorts.
Some cohorts introduce an “innovation” in the life course that usualy departs from tradition and
prefigures an inditutiondization of that way of life o that it becomes the sandard (Kohli, 1986). Such
innovations, though first viewed as deviance, create new milestones for individuas living in changing
times, and at the same time demand the adjustment or creation of socia policies that will accommodate
and indtitutiondize the new life patterns. Thus, changesin individud lives can, and often do, result in
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gructura changes aswell. We can think of changesin the roles of women, retirement age, trandtion to
adulthood, family types, etc. astypica examples.

C. lllustrations of Possible Types of Longitudinal Analysis
Longitudina data consist of time-sequences of measurements, countsor categorica responses from
the same (experimentd) units. Thus, they are closdy related to time-series data. Techniques used for
time series data, however, may not adequately capture the rich information contained in longitudina
data. [Readers interested in time-series approach to analysing longitudina data can refer to Jones
(1993).] In addition to time series characteristics, longitudinad data have some important aspects which
cdl for different techniques of analysis. It is usualy assumed that each unit in the sample comes from an
underlying population, information on socioeconomic covariates is usudly available and thet the
response patterns vary with time, trestment or covariates. Unlike time series data, longitudina data have
inherent state dependencies that can be examined more adequately only with stochastic frameworks.
In particular, theimportance of initial conditions can never be oversated in analysing longitudind
data. Theinitia conditions clearly vary with the research designs and can have profound consegquences
on inferences made from such data. For instance, theinitid conditions depend very much on the starting
and ending dates of astudy (that is, in which status we start observing individuals or in which status we
end our observation) which in turn are usualy beyond aresearcher’s control and mostly dependent on
the avallability of funds An example below will try to illudrate the importance of initid Satusevenin
multivariate contexts. This paper does not illudtrate in greater detail the types of life course analyss that
can be done with stochastic frameworks (Since many readers of this paper may aready be familiar with
our earlier works), but we suggest to interested readers avisit to our web-dite at:
http:/AMmww.sscl.uwo.call ongitudina /index.html.

Three sdlient features are hidden in any type of longitudina data: subject behaviour, time behaviour and
covariate behaviour. Longitudina studies worth the name should necessarily unpack these various
effects either through a pure stochastic model or amodel that incorporates structura parameters.
Different disciplines gpproach the problem in different ways, and a challenge facing researchersisto
develop afully unified gpproach. This section is an attempt to achieve this purpose.

1) Exploratory Techniques: Thefirst step in longitudind analysisis exploration asin basic gatidtics. It
would be a big mistake to rush on to multivariate andysis without having adequately examined the
nature of dataat hand. To bring out the distinct information buried in longitudina deta, plots are very
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useful, particularly those that can display dl the data points over time; for example, Pardldl Plots and
Trellis Graphs (Cleveland, 1993). Not dl statistical packages may be able to produce these plots,
one may have to use packages such as S-Plus for agood explorative sudy. Trelis graphs have certain
technica features such as “main effects ordering” that help us find hidden rdaionships in multivariate
data sets and how two variables change with one or more “ conditioning” varigbles.

2) Stability and Change: As discussed in the previous sections, these are the two essential
characteridics of longitudina studiesin that they encapsulate the distinct advantage that longitudind data
have over other types. The important point is that these two dimensions go together. Asfar as change
occurs in a systematic way, there will always be a stable pattern undernesth. Change occurs not only at
theindividud level but dso at the system level. All the changes that we have observed at the individual
level snce World War 11 have not taken place in a vacuum. Increased opportunities led to socid
mohility, which in turn led to changes in value systems and then to changes in individud behaviour. In
spite of dl these changes, one has to admit that some Structurd continuities remain. As Engel and
Reinecke (1996) point out, adistinct casein point is socid inequality in spite of al the progress made in
amog dl fronts, be they socid or economic or culturdl.

How, then, to understand the smultaneous occurrence of stability and change? As Coleman (1990)
argues, explanations of system behaviour should be based on  knowledge about its component parts
bel ow the system level. How much a system changes depends on how change takes place at alower
leve (i.e) a theindividud leve. Thereis no sysem changeif there isno change at the individud leve or
if there are opposing individua changes that cancdl each other out. And, any change &t the individud
level should necessarily be “diffused” to other individuds such that the system recognizes that a change
has taken place and tries to modify itself. Thus, the concepts of stability and change can be viewed as
mutudly influencing forces of systems on individuas and individuas on sysems. Hence, the importance
of life course and/or genuine two-way multilevel anayss while working with longitudina data

Some societies are characterized more by change while others more by stability. More developed
societies are good examples of the former while less developed ones are good examples of the latter. If
asociety is characterized more by change, then there is agreater need for longitudind research to
examine the processes of both change and stability.

In studying processes of change and stability, researchers will have to dedl with complexities arisng
from independent and/or dependent samples, missng information, measurement error, observed and
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unobserved heterogeneity, and so on. All these topics cannot be dedlt with adequately in a paper like
this, but some points will be addressed in specific contexts that give rise to these complexities..

Asasmpleillugration for examining stability and change, we present here the so-cdled turnover
tables used for andysing categorica data (McCutcheon, 1996). Turnover tables are categorica tables
in which response items are classified by earlier and later time points (Time 1 = Row, Time2 =
Column). An example (that was submitted as an assgnment by one of my students) isgiven in Teble
2.1 which cross-classifies the observed frequencies of employment status of women living as sSingle-
parent or two-parent families in London Ontario. The data are taken from alongitudina study
conducted by Avison (1996); in the first wave conducted in 1991, 1020 interviews were done and in
the second wave in 1993, 91% of the respondents were successfully reinterviewed. Even though atwo
year gap istoo short to observe large number of changes, this can dill serve as an illustration for
examining stability and change with such smple crosstabulations. Thistype of analyss can lead to
greater understanding of stability and change especialy when data from additional waves are so
included.

Table 2.1: Observed frequencies of Employment statusin 1991 and 1993

Year 1993
Full-time Part-time Unemployed Homemaker Others  Total

Full-time 372 31 22 8 9 442

Year Pattime 31 120 15 19 10 195
1991  Unemployed 19 17 10 8 4 58
Homemaker 9 31 16 107 2 185
Other 9 9 8 15 27 68
Total 440 208 71 157 72 948

As seen from the table, the maority (67%) of women had the same employment status in both the
years, while 33% changed their employment status. Of those who were working full-timein 1991, 70
changed their gatus, moving primarily to part-time (31) and to unemployed (22) category. The margind
distributions suggest that women who were homemakers in 1991 experienced the largest net decline
during the interval whereas the categories Part-time and Other had the greatest net increase.

Categoricad data of the above sort can be andysed in different steps for examining stability and change
implied in the datax
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Step 1: As afirst step, we can test the Table2.2: Results of test of independence assumption

assumption of independence using the + 2=83626 df =16
datigtic in the traditiond manner . The Status  alog-odds  exp(@)= odds
independence hypothes's assumes thet 1991  Full-tme 18718 65
. . Part-time 1.0535* 29
employment statusin 1991 iswholly unrdated Unemployed -0.1591% 08
to that in 1993, in other words, thereis no Homemaker  1.0008* 27
. . . Other 0. 10
systematic relationship between statuses at 193 Fulldime  18101* 61
time 1 and time 2 . Although this hypothesis Pat-time 10609 29
. . - Unemployed -0.0140* 10
can be examined using the traditiona Homermoker  0.7796 o
packages like SPSS, we shall use the package Other 0. 10

IEM (log-linear and event history andysiswith | © = S9nificantat 1%level.

missing data) written by Vermunt (1997) for

the sake of using the same package for other types of analysesin the following steps (SPSS and other
packages cannot be used for the following types; IEM can be downloaded from the Tilburg
Universty’ swebpage: http://cwiskub.nl/~fsw_1/mto/mto_snw.htm#software). IEM uses the log-linear
format and produces additiond parametersthat can be interpreted in a meaningful way. The results
from |EM for test of independence are shown in Table 2.2,

A +? vaue of 836 for 16 degrees of freedom rejects the hypothesis of independence and confirms that
there is a systematic relationship between statuses at the two time points. For each status and for each
time point, IEM produces parameters that denote the log-odds of being in a Satus; one can dso
interpret them in terms of odds, if one likes. Since we have rejected the independence model, the
interpretation of these parametersis not very useful, but for the sake of illugtration we shdl do so here.
Thus, for example, for the year 1991, the odds of being in afull-time job is 6.5 times greater than the
odds of being in the last reference category “other”. By 1993, however, these odds declined dightly to
6.1. Smilar interpretations can be given for other parameters. Overdl, we find that in relation to the
same reference group, the most pronounced change in employment status between 1991 and 1993
occurred among homemakers,; that is, in 1991 the odds of being a homemaker was 1.25 times greater
than in 1993 (2.72/2.18).

Step 2: Once the hypothesis of independence is rejected, we can go for quasi-independence
hypothesis that focuses only on those who change their status between the two time points; in other
words, the quasi-independence model is a variant of the independence model, restricting the analysis
only to the frequencies that are off of the main diagond (asif Sructurd zeros are placed on the main
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diagond). Thus we test the hypothesis that there is no systematic change (as distinct from relationship
in the independence modd) from time 1 to time 2.

As seen I_n Teble2.3, the q_uas -independence Table2.3: Results of quasi-independence assumption
hypothesis must also be rejected (< = 39.47). 223947 df=11
The subgtantia decline in the vaues of the two +? . .
o ) S Status a=log-odds  exp(@)= odds
datistics when the five cdls of the main diagond 1991:  Full-ime  0.6480* 19
_ . Pat-time  0.8294* 23
Yvere st to zero indicates that the quas | Unemployed 0.2188¢ 1o
independence modd offers a much better fit to Homemaker  0.6855* 20
; Other 0. 10
the data than _the mdependgnce modd. The 1993 Fultime  05440° 17
parameter estimates given in the table should Pat-time  0.8616* 24
: : “ P Unemployed 0.3377* 14
now be interpreted in tgrms of changl_ ng from Homemeker  0.2475 13
and to, and not merely interms of “being” asin Other 0. 10
the independence model. The parameters * = significant at 1% level.

associated with 1991 indicate the odds of

changing from the specific job status and those of 1993 indicate the odds of changing into the specific
dtatus. For example, among the changers, the odds of moving from the “homemaker” category (1.98)
isamogt twice the odds of moving from the “other” category”. The 1991 parameter estimates indicate
that the changes are mogt likdly to originate from the “part-time” category and leest likely to originate
from the “ other” category. Similarly, the 1993 edtimates indicate the changes are mogt likely to end in
the “part-time”’ category, and so on.

If the quasi-independence hypothesisis rgjected, then we can further turn to hypotheses related to
systematic change. Here comes the symmetry or quasi-symmetry modds. The former hypothesizes
that all changes between 1991 and 1993 are completely balanced. Under this hypothesis, the expected
vauesin the main diagond will be the same as the observed vaues (thet is, E; = f;;), while the expected
vaues of the off-diagond eementswill be the average of the observed vauesin the two cells symmetric
to the diagond (that isE; = 0.5* (f; + f;;). In addition, the symmetry model also assumes marginal
homogeneity which implies that the margind distributions do not change because changes from one
job status to another will be offset by equa changes from the latter to the former. In other words, the
symmetry modd implies that no status experiences anet gain or 10ss between the two time periods.
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Table 2.4 presents the log-linear results of the Table2.4: Resultsof symmetry assumption

symmetry mode. The mode fits the deta quite #=866 dfi=9
wdl (p :0.47). YVIth aggnificant improvement L og-odds: 1993
over the quasi-independence modd. The F P U H O
- : F 183 -065 -106 -194 -189
symmetry hypothesis cannol be rgjected and _ 1991 P 070 -131 -086 -1.83
therefore we can conclude that i) none of the job U -178 -160 -2.29
categories experience again or loss from 1991 (")' 059 '%'01;8
to 1993 (margind homogeneity); thet is, the
proportion of women in esch of the five job Odds: i P1993U 4o
statuses remained constant from 1991 to 1993; F 626 052 035 014 015
and, ii) changes from one status to another was | 1991 P 202 0z7 042 016
_ o U 017 020 010
balanced by the changesin the other direction. H 180 031
o] 045

The parameter estimates given on the main
diagond of Table 2.4 indicate the odds of all estimates significant at 1% level.
retaining the same job status, and those in the
off-diagond indicate the odds of changing across
the main diagond. For example, the odds of awoman having afull-time job in 1991 and 1993 is about
3 times higher than the odds of having a part-time job at both time points. Smilarly, the odds of a
woman having a part-time job in 1991 and being a homemaker in 1993 is 0.42 (which isthe same as
the odds of being a homemaker in 1991 and being a part-timer in 1993 - symmetry assumption) which
inturnis 1.5 times more likely than a part-timer in 1991 becoming unemployed in 1993.

If the symmetry were rejected, then we could go for quasi-symmetry modd that drops the margina
homogeneity assumption but retains the cancel effect. In the present casg, it is not necessary to do so.
Interested readers can find a trestment of &l these modds in some familiar books for andysing
categorical data such as Bishop et d. (1975), Andersen (1990), McCutcheon (1996) and Vermunt
(1996, 1997).

3) Binary Response M odels : With longitudind data, we frequently encounter binary sequences or
recurrent events. Aswith asimple binary dependent variable and a number of observed covariates, we
can fit astandard logistic modd (known as fixed effects modd) with any standard packages, but then
we would have to ignore the information on repeated messures. Ignoring repeated measures not only
would defeat the purpose of collecting longitudina data but so would ignore ahost of other problems
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Table 3.1: Insart from the datafile
wemp.dat from the Sabre package that naturdly arisein longitudingd andysis This
1.0 1.0 00 9.0 1.0 1.0 -12.0 particular illustration has the purpose of highlighting
1.0 0.0 0.0 10.0 0.0 1.0 -11.0 :
10 00 00 110 00 10 -100 the problem of unobserved heterogeneity (or
1.0 00 0.0 120 0.0 1.0 -9.0 mixture models containing both fixed and random
6.0 1.0 0.0 -1.0 0.0 0.0 7.0 ] ) ] o
6.0 1.0 0.0 0.0 0.0 0.0 8.0 effects) in the case of binary sequences. This specific
6.0 0.0 0.0 1.0 0.0 0.0 9.0 : .
60 00 00 20 00 00 100 problem has been over-emphasized in recent
6.0 1.0 0.0 30 00 0.0 11.0 literature in spite of the obvious conclusion that there
6.0 1.0 0.0 40 00 0.0 120 _ ) _ _
6.0 1.0 0.0 50 0.0 0.0 13.0 IS no adequate and satisfactory solution to this
2:8 18 8:8 ?;8 8:8 88 i;‘;g gpecific problem except a sound theoretica and
6.0 1.0 0.0 8.0 0.0 0.0 16. 0 i H i fi
60 10 00 90 00 o0 170 andyticd framework at the very gart. This specific
6.0 1.0 0.0 10.0 0.0 0.0 18.0 illustration shows how even asmple but sound
6.0 1.0 0.0 11.0 0.0 0.0 19.0
6.0 1.0 0.0 12.0 0.0 0.0 20.0 framework makes unnecessary the convoluted
20.0 1.0 0.0 5.0 0.0 0.0 -11.0 . : .
00 10 00 60 00 00 -100 procedures suggested in the literature regarding the
2000 1.0 00 7.0 0.0 00 -9.0 problem of unobserved heterogeneity.
20.0 0.0 0.0 8.0 1.0 1.0 -8.0
20.0 1.0 0.0 9.0 0.0 1.0 -7.0
20.0 1.0 0.0 10.0 0.0 1.0 -6.0 .
00 10 00 110 00 10 -50 The package SABRE (Software for the Andysis of
200 1.0 00 120 1.0 1.0 -4.0 Binary Recurrent Events), written by Dave Stott and

fredy available on the web (at
http://www.cas.lancs.ac.uk/software/sabre3.1/sabre.html), is used for thisillustration. This package has
been chosen for its smplicity as well asits power of anayss. SABRE can be used to examine the effect
of asmple heterogeneity term and can use mass-points; it alows building a mixture modd of
heterogenaity (in its present verson it allows only logistic-normal) as well as other interesting models
like Mover-Stayer model, lagged response modd, and smple Markov mode! for two states. The data
for thisilludration is taken from the example data set (wemp.dat) provided with the manua, sinceit has
as many asten to 14 repeated measures.

This data set looks at the relationship between the employment status and a set of explanatory variables
for 155 married women. For each woman, data are recorded annually, with atotal of 1580
measurements (i.e. varying number of records for each woman). The varigblesin the detafile are:

1) CASE - individud identifier

2) FEMP - wife's employment status; 1 = employed, O = unemployed

3) MUNE - husband's employment status; 1 = unemployed, O = employed

4) TIME - cadendar time (year-1975)

5) UND1 - children aged < 1 year old; 1 = yes, 0 =no
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6) UNDS5 - children aged < Oyears old; 1=yes Tabl e 3.3. Logistic-Nornal m xture nodel
0O=no for wonen’s enpl oyment

7) AGE - age (years-35) Devi ance = 1237.1568, df = 1574

Par anet er Esti mate S. Error

Table 3.1 ligsthevariablesinthisdetafiledong | 5 0098  0.19833
with the listing of afew cases. As seen from the fmune (1) 0. ALIASED [1]
_ _ frune ( 2) -2.7033  0.42577
insert, the first woman has four records, the funds ( 1) 0. ALI ASED [1]
second woman has 14, the third woman has 8 fundS (2) -2.6619  0.23273

scal e 2.1082 0. 19258

records.

Firg, wefit agandard logigtic regresson to examine the probability of awoman being employed given
the individud characteridics : whether the husband is employed and whether the woman has a child
under 5 years. Table 3.2 displays the modd and the parameter estimates.

Table 3.2. Logistic Regression results for

Asthe results indicate, if a husband is unemployed, women’s employment
the woman is also less likely to be employed, and the Deviance=1757.36 df. =1577
presence of children under 5 lowers the probability Parameter Estimate  S.Error
of awoman’s employment. Both the covariates are int 1.3068 0.074415

] o fmune (1) 0. ALIASED [I]
highly sgnificant. As usud, we can use these fmune ( 2) -1.7033 0.23584
estimates to find the probabilities of awoman being fundS (1) 0 ALIASED ]

funds ( 2) 17335 012219

employed given the specific characteridtics.

With the above information from the logidtic fit, we move on to introduce the randomness by
incorporating a mixture modd for examining the likelihood of women's employment. SABRE dlows
only logigtic-norma mixture, with end-points if desired, and the results from this modd are displayed in
Table 3.3. Compared to the standard logistic model, this model reduces the + vaue (“deviance” in the
table) by 1757.36 - 1237.16 = 520.20 for 3 degrees of freedom. The parameter estimates are now
larger with the heterogeneity term included in the model. In addition, we have the scale parameter
(2.1082) that is 9gnificant. This scale parameter is the unknown standard deviation of the mixing
digtribution of heterogeneity. With the assumed norma structure, this value means that 95% of subjects
would fal within 4.2 (thet is, £20) logit units of the overdl mean. Thisrange on the logit scale trandates
into probabilities that range from 0 to 0.98, implying thereby that some women have little chance, while
others have very high chance, of employment, given the two covariates - a very wide spectrum of
heterogeneity present in the data.
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We can proceed in this manner to fit other models that may be considered theoreticaly relevant; for
example, alagged logistic-normal mixture that would consder besdes aterm for heterogeneity the
impact of the initid status on the measurements subsequently observed. This modd is therefore related
to some important aspects of life history andysis, particularly in a non-Markovian-type framework.
Table 3.4 presents the results obtained by
fitting thislagged logigtic-mixture modd to the
data, and the results are very enlightening. Tabl e 3.4. Lagged | ogi stic-Normal mnodel
First, the model greatly reduces the deviance Devi ance = 878. 94

Devi ance decrease fromthe nodel

vaue thus making it the best modd fit. Second, Wthout the lag term= 220.72 for 1 d.f.

the parameter estimates are dlill stable even Par anet er Estimate S Error
though reduced in their magnitude, except for i nt -0.81251  0.22417
_ _ _ fmune ( 1) 0. ALI ASED [ 1]
the intercept which turns negeative now. Thelag frune ( 2) -1.6864 0. 41477
parameter becomes conspicuoudy distinct and ]‘: 3232 E 3 N 8572 Q'."zg\fg? (1]
sgnificant. The scale parameter is reduced by | ag 3.5967 0. 22898
half (compared to the previous model), even scale 0.93090 0. 2122 |

Table 3.5. Markov | ogistic-Normal nodel

though till sgnificant. Thus, the initid gatus or _
Devi ance = 846. 49

the lag parameter becomes a very important

variable: it reduces unobserved heterogeneity 1) Initial Status: Unenpl oyed
Par anet er Estimate S. Error
by 50%. This reveds to us the importance of i nt -1.3981 0. 2906
. . . frmune (1) 0. ALI ASED [ 1]
doing a Markovian or non-Markovian type of fmune ( 2)  -1.9934 0. 7470
andysis funds ( 1) 0. ALI ASED [1]
funds ( 2) -0.2510 0.3512
scal e 1.2878 0. 2995

The package SABRE dlows fitting of Markov 2) Initial Status : Enployed

logistic-norma mixture modd aswell. The Par anet er Estimate S Error
- : i nt 3. 0890 0. 1802
results from this mode are shown in Table 3.5 fune (1) 0. ALI ASED [ 1]
where the parameter estimates are classified by frune ( 2)  -1.3567 0. 4653
funds ( 1) 0. ALI ASED [ 1]
theinitid status whether employed and funds ( 2)  -1.8990 0. 2643
unemployed. In the case of women who scal e 0.1160 0.2767

darted their history in unemployed status,

having children under 5 is no longer significant and the scale parameter is larger than the onein the
lagged modédl. In contrast, in the case of women who started in employed status, the scale parameter
amog disgppears and becomes non-significant. Thisinteresting analyss clearly showsthat unobserved
heterogenaity, if any, is entirdy due to the group of women who sarted their history in unemployed
datus and that including the initid gatusin the analys's eiminates unnecessary concerns about
unobserved heterogeneity. The lesson from al these exercisesis clear: Do not neglect past history in
longitudind andysis.
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D. Conclusions

In this paper we have discussed or illustrated the following important points regarding longitudingl
andyss Firg, longitudind data provide rich information on stability and change in the behaviour of
sysems aswdl asindividuds, and these two dimensons should be examined together, not one or the
other.

Second, longitudind data introduce many complexities, and facing these complexitiesis agreat
chalenge to researchers as wdl as to those who devise techniques of analyss. One such complexity is
that of unobserved heterogeneity that has been much discussed in recent literature. Though its
usefulness is under debate, research experience tells us that nothing is more important than a good
research design backed by a solid theoretica framework. It is not enough to say, after doing an
extendve anayss, that unobserved heterogeneity isimportant and sgnificant in a sudy. Researchers
have the obligation to show what it points to. Our experience shows that incluson of past history, no
matter how indirectly or how incongpicuoudy introduced into an analysis frequently diminates the need
for congdering the heterogeneity term in an analysis.

Third, apoint regarding the type of didtribution that can be used in mode building that was shown
above: If any non-linear program is available or if it isincluded in any specid packages like SABRE, we
strongly recommend the use of beta-logidtic distribution in contexts of longitudina research. With
betarlogidtic, it is possible to examine repeated measures for “ heterogeneity in persstence”. That is,
with information on the same category identified j out of n times (waves), we include abeta
digtribution to alow for unobservable perdstence over time. A casein point isvoters persstence in the
eections hdd in Canada; it iswell-known that Cathalics have been persgtently choosing the Liberdsin
Canada since the beginning of the 20" century.

Fourth, we have intentionally included in the illustrations the case of lower-level variables - categoricd
and binary variables -, which many have come to consder as less useful than ratio-level variables. Far
fromit. Many longitudina surveysin socid research il collect much information in categorica or
binary form. And the techniques are as “ sophiticated” as, say, hazard models and can bring to light
many hidden gemsin longitudind data.

Fifth, the dynamic andyss of life higtories that examines the impact of past history is one of the best
ways to andyse longitudind data. The key conceptsin life history, namely timing and sequence, are the
most suitable to analysing any longitudina data, provided proper measurements are made. We have not
provided any illudtration of life historiesin this paper, as we hope that the reeders are familiar with our
earlier works on life histories.

Ladtly, longitudina data are the best sources for examining growth, particularly the so-cdled intra-
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individual variability. As mentioned earlier, sability and change can be examined both in systems
and inindividuds. In practice, however, oneis pitted againg the other in empirical andyss Themain
am of collecting longitudina datais centred on identifying the growth, development and changes taking
place inindividuas or groups. Thus, the “intra’ aspect gains more importance in longitudind andyss,
thisis very much so with repeated measurements. Individuds differ not only from each other (inter-) but
aso from one time point to another (intra:). The intra agpect can point to ether stable or changing
characterigicsin individuas themsdlves, either short-term or long-term. In fact, it isintra-variability thet
contributes to inter-variability observed among individuds, and yet we do dl our andyses focussng on
inter-variability that is confounded with intra-variability. Thistopic will be dedt with in alater paper.
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