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. =K N of‘thé pfncess Qver :ime are juat as useful as. replication over units.
. t

[ v P ' Ty
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confounding factor'. lf the canfaunding faﬂtars are likely to vary over -

fits ac a point. in timé (e, pricas in wdrld

time.but na
%
markets), the panel design has the edge. If'the Eanfaunding fa;tafs

.are likely to vary more across units but not over time (e, g s natianal,
el B ° i .. N . ’ N j. 515 , - B
culture), the time®Meries'design has ‘the edge. . -

/ T
To this pgint we ‘have' focused on the broadest. features af designs for_

.temporal analysis, We tutn ngg to CDnSidEfaEicn of the det i%s af(the 

=
= w

various strategies, discussing s;rzjﬁths :and weaknesses af alternative

=appréaghes to modéling and estimation. We begin with issues of in the .

u

atudy of changes En qualitative DuEEDmES.

L

'EVENT—HISTQRY'ANALYSLS

. Strategles K v g% |

} ! *
Inree main strategies for analyzing‘evéﬁt=ﬁistcry'&éca'have been
used a /or discussed in soeinlagical rese%fch The first sﬁrategy%;by' \

* u

ar , the most commun—gnegle some 1nfarmation in event histarias,and : ‘-

]

. aﬂaly;és!thegga{aA as-if ¢ hey were generated by some uther design

Palméf s (1954)° Labar Mabllity in Six Cities provides a good illustratlon

of, the many outcomes that can be cbtained from dvent histories. The

. H ’ PR : . : -
. data consist of work histories for the -years '1940-1950 for roughly
% - . . : S

13,000 people. . Some. of Paimeris findings could have been collected
by a series of crcss-sectimns (é g., the distfibuticn of emplcyment §
status for a series @f years )!D; by a pdnel (e.g., occupatiqnal

status in 1950 by status in. 1940). She also reports evénigﬁfunts'TéZg},

number @f'jabs held) in different periods. Al

r
=
o
[
o]
=
T
o
]
-
i
ju
o]
[1¥]
o
F

~: outcomes reported is impfessivg, her anal?sis'daes not make clear what

C(if anything) was ga&néﬁ Ey the event=historv desizn thaé\cauld not have - )
! , 1 not hay

beerr learned by another design. P
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. - T
Mnre Legent analyges ‘of EVEﬁE—hiscory dats havéﬁéasa tended to use‘*

N —'5 ) i r — :
o snly part af the 1nﬁermaticn in évent his;ary éta. They havé Eén&éd.

vy o [ . ' & * R I
- . . LI =

--j.!.‘!i - ‘ N L
S to féiy aﬁ‘aksma_%g ,ang = of ﬂut:nmes ;EfnvPalmgr,_bgt have controlled

-,

. i 2

ffaf a larger number of varigbies;vpfimariiy thfdugh mu;tivar;a;e‘geéﬁnia

Cl #

' ques. O:iZnarily information on the dates QE eveﬁﬁs_ig used only to-
o é@mpuce couhts of gventsiin some per;éd; "Then these counts are analyzed

£ -
s .

‘as a metric variable ﬁeasgfed either at one "time" (i.e., in one period)
OF at a series of }imes. - In short, event-history data.are .treated as
s ‘ __ .t : : .
event counts. )
‘ : L - ' . 7
For example, Invera arity (1976) obtaius Ehe total number of lynchings

L

in a péfiéd from newspaper rapafts on the dates of 1ynﬂhings, Ihén hé
analyzes Ehis vafggbie thfough a mulciple indi c; r‘ ,lzipléigagéé'
model using a PtD:Edufe developed by Jareskog (lQ;D) The aﬁafygis

fsis indistigguishable from zhaé usually performed -on zréss=sectianal-. -

k]

data. Similarly, Snyder and TiIly (1972) compute the cotint of annual_

) callective distufbances in Franca from afchival '"fafmaticn on dates

% if;‘ .
'of violent outbreaks. Unlike Inverarity, they Eheﬁgg%e time-series

analysis ,to investigate the reléziah%@f,these-CQUips to other time-varying
o B ‘ : ’ s '
chara:;éiis ics of France. Similarly, Sp l erman (197D) obtains the

e * -
. ' 2
°

Dﬂ\

number of riots per gity in different time perlods from archival reports
on fiot,dazesi He not only analyzes these EQUﬁES by-limear?fegfessiaﬁ

(as in the usual cross- seﬁt;anal appfaach) but a%sa caﬁgiders whether
Lhey cauld have béen generated by vafiaus stachastlc proc ES!( - g

- . . - 3
Pcisson, tlme—dapendent PDl%ﬁBn étcg)i Eatan (\§J4) flts P01ssan and

- _‘

negative binomial di

m\

,ribdf ions to event igahts taken fram event hlst@fies
o . . . . ,
of admissions t@’mental hospitals. , .

' The serund and third strategi S use the information in event histories

on the timing and sequence of events, as well as- farmatlon on the

number of evonts. These strate . resemble one another in assuming

ERIC
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. ' . = v : o " ’
“that a stochastic .(i.e., probubilistic) process generates events and that

B

avents may Dccuf,nontinuauély in timei (Chaﬁges=ﬁha§ can only oecur at
distfété éimexin als are regarded as a special casg%E\ The two stfategies
. ot ,
diffaf in Qheif additianal assumpzians and in the questicﬂs they' ask of @-
i : ) - ) : . ) &= 5 L»i
Ehg‘data! . i - . . R ) : v
The exploratory strategy avoids making ahyradd%ziénal‘assumgticns"
about the process. Instead, ”it'asks what classes of stochastic processes
. "~ E
might have gene Eed the data and what classes are unlikely to have generate:

thém. Itégoal is to fejéct types of models; i.e., to-narrow the class of
pcssibls models rather Ehan to' Accept any particular model. For example, af
Y . ] .

appropriate aﬂalysis, we might be able to cézzi¥degghat the .data are incon-

sistent with m@dels in which the probability of an event per unit of time
iwcreaseg with she length of time since the last event (where an event

™

- cﬂuldibei for exaﬂplef a jub change) We ﬁighc still be unable to tell

whecher Ehe prﬁbability of an event per unit of time decreases wiﬁh the
1eng£h'g£ this. interval, or whether it is constant over time but varies
from épe member of the population to another. ~Methods for implementing
this étratégy aré'still in a primitive state; see Singer (1977) aﬁd
Singer & Spilerman (1976b) for preliminiry ideas on fhis strategy.

The thirdgstrétegy, a\model—tégting approach, begins by

asauming some simple Stathastlc process, estimates its parameters, an

(=

then tests whether some of its implications fit the data. More

complicated models are introduced either to test an argument or to

A

improve fit. This strategyiresembles the one used by most socilologists

in analyylng cross-sectional data; it mainly differs in the kinds of

models that are assumed.
A comparatively simple stochastic model often assumed to describe

iy

change in qualitative outcomes is a first-=order, discrete-state

1



e L e
continuous-tine Markov process, which includes the familiar ‘Poisson model N
' i ot L

f;fatlzﬁeinumber of éﬁ;qﬁs in a period and the general birth-and-death quél
" as s?ééial éasesz Th§=(5impl%)1Hafkév model has been applied to a wide
* T ' ’ ;
variety of phenomena: labor mobility (e.g., Blgmen, Kogan & McCarthy 1955),

changes in a;titudés (e.g., Coleman 1964a), changes in.friendship networks
(e.g., Sérensen & Hallinan 1977), marital stability (e.g., Hannan, Tuma &

Groeneveld 1977), outbreaks af collective violence (e.g., Spilerman, 1970), etc.

anortunately the simple Markov model rarely fits sociological data
well. This laékrpf fit has motivated various revisions and extensions %‘h

of the model. It is convenient to distinguish among three types: (1)

al
&

's;ﬁgse focusing on feaancepﬁué%izing the process being studiéd in terms of
L ! i
'latent st "

states,” (2) those assuding the p@puléticn studied is hetero-

a
)
a“ -

n

geneous, and (3) those postulating tima%d3pendance in the process.

Extensions ) - ' .

=" LATENT STATES In typicdal applications of Markov mcdels, observed
& EY o

gutcomes are assgmed to be identical to the states of the Markov process.
So, for example, if the data tell only that people hold a job or not, the

states are assumed to be "holding a job" and "not holding a job." An

e
=]

T
\'-1

oved conceptualization can sometimes make the application of fhe simple
. . .

Markov model more appropriate. For example, oBserved states may be

———.way., If change on the latent states is inde?d Markovian but 'the obsetved

)

and latent states are nctrperEEEcly correlated, then observed changes ar

generally not describable by the simple Markov model. We consider three cases,

Firat, suppose each observed state is composed of several unobserved

states, and movement among the latent states is Markovian. Since each

observed state is associated with two Jor more.uncbserved states, observed

Q S : of
ERIC
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changas will not be Hafkévian_ But an Extended mudel may ;eﬁaiq the . _ .

- e 5

staEianaryaMafkuv ffa ew Qrk and Still fit the data. FDE Example Herbst

t = L.
‘uL - o \“

=(1953) prapmsed a madél of inzerflrm mability in which "beiaﬁging to a- ..

Ei;m (what: the data recorded) consjsts of four states: uﬁdecided,

temporarily committed, permanently committed and decided to leave.

.

Mayer (1972) proposed a similar kind of model in which the data record’

m .

Daéupatiﬁnal categories, but sach category is ccmpased of two lat

T i

states, one that can be left (analogous to Herbst's temporary commitment)
and one that cannot (analogous to Herbst's permanent commitment).

Second, suppose true states correspond to probabi lities of making
an observable response, and change :from one probability to another is

Markovian. This is the basic idea underlying Coleman's (1964b) Models

of Change and RespQﬁsa Unceriaintfg -Again, change in observed responses

‘1s not Markevian, even though the. 1atant process is. This ingenious™

formulation has not been widely applied, perhapé becauée of its mathematical
Qémplexity, Wiggins (1973) elaborates .on Coleman's (1964b) discu 'ian

Third, suppose change is Markovian but the true state for each

episadeii not always recorded accurately. If the error structure can
be described, then observel changes can be expressed as a function of the
- .

true underlying Markovian process. To our knowledge this conc eptualization
has not yet been applied in sociological research. We mention it because
it resembles the errors-in- easufemanﬁ models discussed in ﬁhé literature
on linear models of quantitative variables.

:PDFULATIQN HOMOGENEITY Population heteragenelty has been introduced
in two main ways. One approach assumes that the fundamental par - eters of

the Markov model have some postulated probability distribution with unknown

parameters. For example, in their stuﬁy of industrial mobility, Blumen,

L[5
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* Kogan & McCarthy (1955) postulated ;ﬁat there até-EQQLkinds of pegple,v_ -

5 . : N . . -

movers and stayers. In-effegt, they assume a,ﬁ fnoulli dlstributian on .

: ?héfpafametgré of EhE‘Makav process: a ftattlan p,laf Ehe éapulatian

move aﬂéardiﬂg tc a Harkuv mgdel ‘and’ the rest, (l p) dc nct'mave ‘at all.

{ B * F

Spilerman (1972‘5)@ and. Singerﬁilem&n (1974) dssumed that-thé rate of
leaving a state has a!gémma_prababiiizy distfibuzién but that the condition-

al prcbability éf eaeh meve 1s the same for everyane iq<§ig population.

r

Ihis wdy, of intradu:ing heterogeneity into Hafkav mcd;ls'ias‘a major . .

.disadvantage. It does not permit the investlgatcf to make inferencea

!

ab@ut the determinants of Qhanges in qualitative outcomes.

The alternative‘appréach'3ssumes;that the fundamental parameters of the
. | ) * ’ i : :

=

- Markov process--the instantaneous rates of change from one staﬁé‘Fa

another--depend on observable va;iables in some specified way. Below we

discuss Coleman's (19643),appf@ach to the study of causal effects on

m

rates from panel data. He also pfap ed "an extension in which rates

of change are linear functions of exogenous variables, and Tuma (1976)

estimated such a model. The assumption that transition rates are
linear in observables can lead to a mathematically impossible i ion~—--

j ! hd P ' = M
namely, that transition rates are negative. It seems to be both
mathematically and empirically more saiisféctéfY.t@ assume that transition

¥
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This approach was

also suggested by Coleman (1973) and it has Eeen appliéd by Hannan, Tuma

#

& Groeneveld (1977) to the study of marital stabilicy.

TIME=STATIONARITY Acc,rdi,g to tha social process being studied,

authors have suggested that parameters of the Markov model depend on age
(e.g., Hayef 1972), duration ih a state (e.g., McGinnis 1968, Tuma 1976),

experience (e.g., Sérensen 1975), and/o¥ experimental time {e.g., Tuma,

4 ) ¥
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gfs’ H—estimacafs that take é saring inEa acgcunt‘

i

5t

The 'main advéﬂcaga of H‘EStiﬁatﬁég is Ehat they can smmegimes be
<4 ; .

Tabtained Whéﬂ other fiéygatcrs cannot bE derived or afE very diffigulﬁ to

s 1mplemenc. Ih—fgé%ggdisaﬁﬁﬁntage of rb mators 1is that they rgrely
have cptimﬂl stat tical pfaperiiesi even in 14 fg amples. For examplea

.Iuma & Hannan’ (1978) shaw fhaﬁ one af‘Séfensen 8 Mdestimat?fé that 1s ’

. m

.
?bt éls@ maximuﬁ likelihgad (ML) perfprms pgggly campared to ML-estimators.

- MAXIHUM LIKELIHDDD ESTIMATION Maximum likerihapd (ML) Estimaﬁarsa
« . for the QDﬁEiHUDUSitimE, discréceistate Hafkav model segms to have been

-diszussed first, bxfbidmatficians (Bgag 1949) aﬁd sﬁatlsiicians (Albéft

1962). Tuma, (13]%) applied ML astlmaticn to the case iﬂgmhigh pafametar%
depend Dn,gxagengpé_a@servables andidufaclaﬂ in a state. :Tuma & éaﬁpan 5
(1978) Ménte Carlo experigédfgi%haw ﬁhatle—esﬁimaEéf$ based on event-

. hi;tcfy data have good pré@&ﬁéies (s;allvbias|agd varia%ae) even .when
sample aa@'mcdafaée iq size and akhigh proportion of episodes have not

‘" yet ended (i e., are cénsaredji Tuma, Hénnah & Gtﬂéﬁeveld (1979) give
) o . i ' o7
- . : E

v a detailed discussion of the ﬁse of ML-estimation in g&éntihisﬁpfy

and dlSEUSS advantages of the event- h;stg”” design over panel and

evenﬁ—cagnt_desigﬁSQ; - i ,
w
B
The main advantage of ML-estimation of event histories 4s that it~
yields ,SEL” tors with good prapertieé as long as the data are _gener d
T4 = . ] =

=

by the péstulated stochastic process. However, there is no guarantee

that ML-estimators *retain their good properties when the assumptions .
of the model are violated. That is, ML estimators may not he robust.. B
L4 ) )
| N
;J &
{

O ' , -,
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C@x ESE&ped that the inszanZanea‘s rate. cf

e

u\“'.

b ren s h@exp) ST

+ n . : \ .
) . - ) - ai *} . #

an unknown function of time t, x is a vector of observed - ‘g
_ ] _ _
= exogenous variables, and b is a vector of parameters to be estimated. - s
The likelihood function for this model is the product of three terms. * Two

terms depend gn the unknown h(t); the last, which Cox called the partial

L]

likalihaai, depends only on exp(bx) and the time ordering of, events in the

samplé!w Without specifying h(t) we- cannot.write the whole likelihood.: .&

.

&

"+Cox showed that greating the partial 1ikelihuad}as though it Jwere the
s .
whole likelihood. gives consistent estim mators of the b’ Efron (1977)

proved that under E ly general canditicns the PL-estimators af ‘the b'

&

ake aaympgcgtlcally normal and maximally} fficient. PL-estimation has

m

h)

been used to estimate effects of -variables on mortality rTates of heart k

transplant patienfs (Miller 1976)i> A sacial@giéal ap@;iéati@n has not .

yet been published, to the best of our knc ledge. For a brief review of
th%,statisﬁical literature on FL4estimati@n, Sée_Tuma & Hannan (1978).

< The main advantage of PL-estimation is that it réq ires weaker

assumption. than Hﬁ—estlmatlan, but'still yields estimators with

-
=

oo

[ad

[al

;Eat;atlLal properties. TFor thié*reasmn it has
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c T ca Pf&di;t futg;g events is Ehat PL éstimation &k?s not identif E'*;"
N LT <o S
7ugnstant ggrm That 15, Ehaugh it esgi ”E es effects mf var&ables aﬁ the
y'g.._ Lo d e Ll O TR .
= . ,a ratey L; dae& DDE eét;mat,*the rate. It is analaggus tg‘ﬁeing ablE to’
L = = L = “’,\ =

, . . )
es&imaﬁe SlﬂpES but not -the’ integéept in- 1inear regregsian analysis

| PANEL ANALYSIS OF QUALITAT&VE oUTCOMES e

* "L”za sfeld (1948) appears ;; hav;gbeen ghe "Firat Eaciaiagist to ha;e‘

gzapasadtéanefianalysis of qualiﬁaﬁive véfiabfes% He noted that ijh
;—%s\ ) "
data stuﬁied by saciglagists concerns an associatian batwéen two varlables
= L ]
. -K and Y. Sacizlagist; want to knaw jhether X indueeshchange in Y or Y
-

induces change in X. Dbserv;ticng or X and Y at] a 'sin

v . % C . ,
cannot tellethis. Lazarsfeld suggested measu;ﬁng X and-
- £

at two tim ,S

t. and €,. If X and ¥ are.dicthDmDuS— theﬁkac Eny tim¢ there are four

7D N 'é - ! # . ) .
ossible Yon pattern gggraylng fESpDﬁSES at time {0 by th@sé at

S a
) E ’ e - . .y
time 1 gives thé famqus 16-fold table “How sh@gld one aﬁalyze

4

such 4a table (af one 1§¥ ut with more waves, more variables, or mgre

biw]
o
[t
@
Lal
1]
1y
Eﬁ
s
1]

passible responses for gé;h\varlable) ED‘détErmlnE the Extéﬂt tc whlah

4

change in one variable affects another? ; . '

,,,,, \ _ _ "

Scaiglcgists have* used several appfaaches Dne treats paueli

. data on K~ qual ¥§t1ve variables at T, points in time as a pt@blém=in
anélyzing a contlngency table,wich KT variables. Anothen applies

ordinary’ linear fegr ssion anaflysis, treating a change between S

successive waves as a dichotomous dependent Iariablé. Both Df h se

Eategieé impllLitly assume that Changés occur at discrete points in

[

o 2

ime or thgt the timing of changes 1is irrelevant to éﬁSwe¥iﬁg questions

ﬁ"\\ (m

- concerning the determinants .of change AﬂDEth strategy assumes that -

z

changes can occur continuously in Elﬁe even though data happen to be
recofded’ at discrete times. ' ‘ b 4
N ‘J . = -

& ’ ;" .‘ s ?
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The ﬂaﬁiingeé;y Tabla-Strategx ?_5« :, —
e " ?
P ?‘ CDﬂEingenCY table analysis haS“fleuriéﬁed with
e ! . 5 5 ¥ Ei i' Q" =1

Various authéfs‘ Espéﬂiallz Gécdman (19723, E??Z%

' [ == o l", ><|~;
s

a set af powerful methods far estimazin and testing-1
£ 4

o af the e?tries in a ccntingem;y table. These- mnéels ca bé used £o°
A - .
numbar D% ‘ériables and nﬁ#béf of dis¢rete categcfiés -per: variable' We
\ ) . . = .

j do not attempt to summarize; the main éeatufes of these madels becéuse

iv

r

here are a. variety of clear. (e.g., Davis 1974) and comprehensive (e.gqi,
é . # E) L] :

: Bishop, Fienberg & Holland 1975; Haberman 197&3!e§pasiti§' f them, -

o

B - ) i
Ao . K

and becsuse by now %hey are rather wall known to SDQiDnglsta.K ;

‘; <
. These techniques can be viewed as natufal'extensians of Léza:gféld's

’ earliéichfk on panel analysis pf .qualitative outcomes. Goodman {1973) {

. ' !
e discusses and illustrates application of these madels and methods to -

sé:\.} S e P .

.~ analysis of panel data. A variety of other Eogialggical applications f

+ . to panel data have. followed. One, by Hauser.et al. (1975) on temporal

{ =

. change 1in occupational mobility, contains an espeécially clear statement

"

it;{ For anzapplization of this specification to parameterize age,
¢ I . . )

pf the’ mgdel and a good illustr aﬁé on of how to lntéfpfét results based on

V

The advantages of this appfaagh are the w1de range of substantively
interesting questions for which it pfcvides an answer and the comparative

=2 R £ . . . <
ease with which it can be used. OUne disddvantage is that -all variables

ineluded ip the aﬂaljsié must be changed into qualitatiVEg

ﬂddtd disadvantage,” paﬁtly afising from the tatal reliance
d

vafiableg, is the practical pfabltm DE finding a ‘sufficiently large sample

ill allicélis of the contingency table. This iSEéSPEQi;lly troublesome

[
]
w—-n‘
=
[y

when a large number inﬁa: ables must be considered. Anotltér possible

disadvantage concerns the value of these methods in situations in which

El{lC S ' | 21 _J
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* © the auzgggés beidg studied Ei:Achange ccntiﬂuausi, in time, as discussed
. e

in more detail bel oW, . ?55: S I
. * : S ) - . ‘ :
LI 2L i kS . L~ -
: . ; . ¢

L] #a ., 3 . 3 . [ T,
- Regression Strategy ' : . =
:}—r - = N :

+*" 'The regression strategy treats a change between Ewa’wave? as a
S e - i : S ; ,
dichotomous depen@ent variable in a regression on a set of independent

variables. Satialcgisgs usually assyme tﬁe regrassian }s, linear .
] ; %ﬁs ro, e
- 1in the independent variables, %pt nonlinéar. apprgathas (see be low)

T are agten uéed in ather fields, < ! : ;ﬁx'ﬁ
Sp%iefman (14723) éhggesta this strﬁtégy as a‘wé{ to incorporate
indepéndent va;iables into a gark@v model. Dunzégf& Eérfucgi (1976) take
gsﬁ s .
this appréach in.studying ‘whether or not couples have migrated betyeen )
s two waves of a p;neii Bumg%&s §§SWEEE‘(l972) useizhis method to
1nvesﬁigate éffecﬁs of causal vafiéblas onmarital dissolution,.

. . _ 7 )
This strategy has several advantages and at least as many (if not

. %

- more) disadyéncages! Its main ‘advantages are ease of application.

n, unlike the log-linear -

1

and comparatively low cost. In additi
{kble strategy, a regression

approach allows both quantikativevand qualitative independent variables

to be included in the analysis. Consequently, the "empty-cell problem

mentioned under the c@ntingency table strategy is not likely to occur

£;me of the disadvantages of this scfatggy result from assuming

that a dichotomous dependent variable is linear in the independent

variables. 4Th’ga disadvanta ages clude heterascedastlclty of distur-
s

poaalblllﬁv “that predicted probabilities of a change lie outside the

(0=1) range'{C@ldbergEf 1964). 'Vafi@us”naulinéar regression methods,

El{lC | N 2z
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digturbing conclusions give added,fafce to sugg

a Scraﬁa based on Lantiﬁuﬁ,sétim

7patentially morg

analysié,

4

éisturhing dlsadvanzage of the regression approach

E%gﬁé sHared by the ﬂcnt;pgeagy table apprcach*safises from the fact that

: i‘,
‘they ignore tha\t%ming of changgé, Both

that the timing of changes iE@iffE evant

uhdarlyiﬁg szfuéturg genefating3chazfé. Iiming 1s/- indeed; iyrelevant

{f changes

can happen v

(.

can only occur at the times of the waves of the panel.

-This

kniows th? true'lag ard can arrange to collect'data at this iﬂﬁérvali

But usuaﬂly it is false, either

changes 4an occur continuously in time.

Lité@é ié known 'abo

approaches implicitly assume

to identification of the true

when change occurs at discrete intervals, and the investigator
El

betause the lag is unknawn or because

ut the c@nSEquences of applying either regression

i . . , ; ‘ .
or contingency table strategies to panel analysis when the assumption

i

mentioned above is false,
4

LI

pendent variables vary both in magn;tude and in statistical significance
% 3

as the length af the time parlad varied in linear regression analy51s gf :

.,l

problem. As we discuss below, identifica

# -
in continuous-time models of change in qualitative outcomes is problematic

s

with panel data. Moreover,

the underlying processes as occurring at discrete

collect a

g
- rDA-

etailed information about change
being gtudied as feasible. Recognition-of these problems

moted a feneweégiEEsrest in panel analysis of dualitative ou
—_— ' [N

ul'l«

4

model

I

T

L

-
i,
-

ms has

1t

also

~job changes. Singer & Spiléfmaﬂ (1976a,b) discuss a more fuﬁdamEﬂtaL

tion of structural parameters

these p%@blems cannot be evaded by treating

ve outcofe

-4 -

Tuma (1973) has noted that the effects of inde-
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and various improvements have been_.proposed to remedy this. Coleman

) ) Y
Continuous-Time Strategies . T

=
H Y

- €oleman (19?435#13 ;he_fifﬁt sccipl@gist to have argued pgrsuééf;fly
. 5 . = :‘ A ! M : . oa 4 ’
for basing panel analysis of qualitative outcomes on.the assumption of

an underlying stochastic process in\which changes may occur continuously -
. s ) ‘ +

in time. His elaborations of this § rategy are often based on the

. - Sl

discrete-dfas

fodel discussed above. Fé‘g

As already mentioned, the simple Markov model rarely fits data well,

=

(1964a,b) has contributed many ideas for doing this, and his suggestions

are cfﬁﬁgiguiteﬁmaﬁhemacicaily sophisticated. However, his

émpifiéal{applitatiaﬁs usually‘inyélve comparatively simple situations,

e.g., two waves of observations p; two endogenous dichotomous variables )
. =

or on é;e dichotomous dependent variable aﬁd one dichétomous exogenous

vafiabliz Evén'madels dgsgzibing thesé rather simple iﬂ;erfelacianships

give estimation equations that are not Erivial(tg implement. Other

sociologists (e.g., Hayef, 1972) have also constructed continuous-time

stochastic models with gfeatét realism than the simple Markov model, but
have not been able to estimate parameters from panel data in a satisfactory

way-
In the past few years Singer & .Spilerman (1974; 1976a,b) have begun
to clarify what can be leatné& from panel dats when the cutcome of

interest is generated by continuous-time stochastic process. These

authors have not been concérned with eétimating pégameters in any

particular model. Instead .they have emphasized the development of tests
. i * _ ’

for choosing among broad classes of models (compare the second strategy

discdssed under event-history analysis). Among their findings are the

pud

3

—

followin

i)



/

Fifsc, observazians on the prapgrtlan of transitions among statgs

'
-

— cE‘%he qu&litaﬁive Qqutcone being studie,d which gives an éstiEaEE’Df tha

i - : [ =

. =

matrix of E:ansition prab bil ties, canmnot always be embedded in (des- ‘

S

-

- cribed by) a (simple) Markev pracess, Hpreaver, sampling error can sometimes

/- L
cause panel data fo be uﬁambeddablg,.evén though they are actually

generated by a Markov process. Second, even if the data are embeddable

et of parameters that .

¥y

‘in a'Magkov process, there ﬁay nct bhe a uniqge
could have génEfazéd the data. Singer & Spilerman (1976a) detail a
érccedure for finiing an exgauSEive set of possibilities, but sométimes
- the final chaiée ﬁust be made on Substéntive grounds. Third; small
changes In an observed matrix of tr&ﬁéicion prébabilities (thch can

o ¥
!
occur because of sampling arlébility) can lead to a quite different

set of paésible 9:0225535; A number of design features can reduce these
p:ob;ems, eigg,‘ﬁulﬁipie waveé with irregular spacing, shorter intervals .
between waves, etc. In short, the more closely panel daéa resemble
Eveniahistéggydata, the fewer the problems in analysis.

Thus, in spite of this recent research, it 1is still Eﬁa cgse that

panel analysis of qualitative outcomes is a methodological mine field--

changes can occur continuously in time. While mathematical and

[
o

statistical inventdion may clarify what we can learn- from a panel design;
" we will not be able to answer all the questions that sociologists like
= } <

to ask.

PANEL ANALYSIS OF QUANTITATIVE OUTCOMES

ThEIEWGéanE panel has also become a standard tool for thé study of

1 -
change in metric variables. But the problem of casting substantive arguments

e

in operational terms within this framework is far from settled.

O B
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Reseazzhers choose panel designs far éiversé reasans* aanaequently tthE~

I Eé'ﬂ@K irgle mathcdclogy of pan nel analysls. We find three broad i 9‘9
. sf ) K -
-appreoaches to paﬂel analysis in the gociological literature . : ;_
The first Stracegy follows Lazafsfe (1? 8) 1@ se k g§;:fap§ro§ig
;1/ E ] N =

. matton té'expérimenzal ﬁgsign! Lazarsfeld‘afgued that aﬁe cguld apiroxi—

¢ «mate the study of experimentally-induced ‘changes by lsalaﬁing certain ..

classes of zhanges in a turnover table (such as the 16-fold table). According
to this view che panel design is a special tool for deteﬁtinggpéusal

effectsg The goal is  to choose between two competing hypotheses: X -
s .
causes Y, or Y causes X. This pefspeztive has been taken over literally
: , ) ' L - 7 -
into the study of changes in quantitative variablés by' Campbell (1963) a

and Pelz & Andtews (1964). They reasoned that DﬁE might use cross-

. . correlations (correlation of X with Y| and Y, with X, where subscripts/

el po A
, denote the time period of measurement) to choose between the two
- .
competing hypotheses. If p, %\, > Py x » then choose the hypothesis "X
' AN 071 : . :

causes Y'", et

]

" The defects in this inference rule soon became apparent, and the

ﬁr@cedure was recast in terms of partlal cross—=correlations o, . ,7 and
’ ' Xo¥1" Yo

X_-X Otherwise, the logic remained the same. This‘has become .a
D‘l Xy :

standard procedure for choosing among flval explanations in psychological

reseéfch (see, for example, Crano, Kenny & Campbell 1972),
1

Kenny (l??Q;;197;) has ExplltatEthhE logie of this pf@cé&uie as a
"test for spuriousness." He actually specifies a particular covariance

structure among unmeasured X's and Y's and their measured values and

o]

argues that cross-lag correlation tests correspond to certain meanlngful

restrictions on the covarilance structure. In particular, if the co-

variance sfructure does not contain "causal effects" relating X and ¥, and:/

b

o | | 20 ‘- .
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if a number of otth stt@ng conditions hold (such as caﬁstéﬁt vafiances

~ of laEEﬁt and measured variables over Eime), Ehe cro§s-1aggpartial

corrélatiﬂns will be zero on average. ’
The "tést fo apuriousness depends on a particular gpecification of
the cavariance structure--in sﬁéft, on a-i; F;.rgﬂggegve?, some ‘of

Kaz?zig coﬁdicians appear not to hold in maﬁy situations, e.g., X.and

Y &ften. have very different stabilities over time. In many reasonabIE‘ :

si;uatigns, cross- lagacorrelaticﬂ tests give éxactly the dtoﬁg answer,

i.e. suggést Ehat X causes Y when tha reverse is true (Rgggsa 1978a).
r? .
Many diﬁﬁi s th at beset CEDSE lag cgrrelatiﬂn analy51s :an be

. 3

ftfaced’tg the main quastian. does X cause Y-

i

m°
[a

Y zause X? Théugh the

- question admits the possibility that:neither effect exists, it ﬁ@es:nbgs

o

anticipate that both ef fects may hold. i}
. L &

aThé structural Eqﬁatigﬂ approach tagpanellanalrs is er,%is systemaﬁic

w
g - N u

treatment of more general questions. Instead of viewing panel designs.as

" . : *
a special tool for testing, it focuses on estimating parameters of the

joint distribution of variables measuted at two or more point'ssin time.

Théisociclcgigéi literatura shows Ehat @ne may f@rm sim le péaéls that

embody the various alternative causal Structures’rélating X and Y (Duncan

#

" o

1969; Heise 1970). The panel ‘design may thus be tr ated as a Speclal

case of the usual ngnexparimenﬁal CTDES—SEEEIDBEI design. Then, as
) i . ’ .
Goldberger (1971) afgued; there_is no  need fcrﬁany“sggcial estimation.

aﬁdvtéstiﬁgéihéafy f@g paﬁal analysisiq Standard and widely available

methods fo ﬁ structural-equation analy is dpply.
The view that '‘panel analysis has been subsumed as a special case of

* , - structural-equation methods seems to be w.’'c.y held in sociology. . However,

- a third view contends this claim. This perspective, advocated by

) E EET
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Calemén (19643,1968), follews Lazarsfeld in emphasizing chan'e. But it

%

*égfééé”with the structutal—equatign perspective that*inféfences ccnéerning
_Eﬁangé cannot be mgdel—free. IE arguea that explizit dynamie, models are’
ineédeﬁ_if panel analysis is. gc yield meahingful substantive results. In

@ - gge sekse, the usual s;ructu:aL=aguatiaﬁ models for panel analysis fit’
chese criteria, ‘since the Equatigns may be ccnsidered st@chgstic differente

equatians. But, if as we arguéd egflie:, most soclal processes

do not have fixed lag structures and may change at any instant,

the prnpgf specificatign is a continuaus=time prE ss. The structural
B o

relaticns are expressed as time-differential equations. Thé usual

panel regressiams can Ehe be viewed as'pérticular forms OE the salgﬁion'
@f Ehe equations of the process, i.e., as integral equatians. The felatibn
between integral ‘equations and panel regressicns pergits use of data with

'r‘discrete spacing to estimate he parameters of a pf@;ass changing

_zgntinuausly in time, We argué be’mw\that this perspective has EDﬁSidetabléL
advéntages. Hawever, to date this appraach has been used ﬂnly sparlngly
in Séciﬁlogigal’reséarch (for exgmplaj SéEZFréeman & Hannan 1975; Humm@n,:
Dcfgién & Teuter 1975;-Dateian & Hummon 1976} S¢rensen & Hallinaﬂ 1977

- and Hannan & Freeman 1978)_

Estimation.

=

he recent sociological literature contains treatments of special

complications that arise in the various approaches to panel analysis.

. i -
X . i, . ~ . e
Inh some cases, these develapmemts tell cautionary tales, in others .
A . B}

=

. Ehéy-suggé%' alternative estimation strategies,

Bl

.
&

= o :’
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Ehe need to use a madel in making inferencas. He considers a twa—wave

RS - e . — R

(

twc vsriable (2w2v) panel design and suppases thgt ‘the analyst assumes
i
that relatians are 1inear—additiv ut wishes EQ remain agnostic caneern—j
[} . ) :
ing thé direction of causation. . The most gengral linear-additive
. . ) ' I <ab

‘model then applies Ey’déf&ult: N
T Y. eata¥ + g% . . ' L, T ‘ ,
. Y) = ot oYy koK, +aX) 4o , , - (la)
- ) +!,77 ?;7 Br .7‘7 i .‘ . l R
‘xl BD ELX0+53YD+}3YL+V - (1b)
L o ' : ) .
Note that this madel contains both lagged and instanthneous effects. It
is easy to show that the humberécf parameters to be es'imated'exc ed the
number of cé#a:%anges available with which to estimate them in a,EWEV
da ign none af the pafameters are idencified. Since thé_paraﬁeters may
not be estimatsd uniquely from data, no numerical calculations tell f
us anything about the causal structure.
X Sociological researchers'rafély‘éstimate models like (1). Inétéad
they typically use models with only lagged effects such as .
Yl g + 91YQ + azxo u (2a)
X,l SD +BlXO + BZYD v (2h)
" As long as the disturban es are un:arralaggd wiﬁh the regressars (as
oo X 7 : : B,
can happen if there is no instantaneous reeiprocal Eausatlcn), all

pérameﬁéré of (2) may be identified in a 2W2V design. Of course, the
3

N
5

identifying restrictions may be wrong; there may betééﬁsgiﬁéffECtS with
. ® - o

lags shorter than the lag builé into the design. if‘sa; we will not have

imﬁrgﬁéd matters by using the restricted model with only lagged effects, !
L

“29




. 8o identificatian, the fundamental issue in panel analysis, turns

*————Bn—thE‘ptabiEﬁ_ﬁ udging the ' right" 1sg s;:ﬁgcuré;' Heise (l970)
A . .

¥ i

a8,

diseuss§a some ;aﬁséduengés af using‘the ﬁrang lag. - Ihe problem af
course is that e férely 1f ever hava engugh infgrmatian about the
detailedlstructure of a pzocess to specify tha true lag exactly (Davig

1978). As long as we f ocus discrete-time pfacesses, lack of sugh

~ knowledge is a massive gbstagle to analys,s,

A major advantage af the can;iﬁuaus—time specification is thaE
it makes the timing between waves irrelevamt (Caleman 1958) . Thus, for
at least the class of lineat differential equatian mcdels, the identi-

fiecat ion prablem that concerns Heise (1970) and Davis (1978) does not

arise. Céﬁéidet the f@,,@ﬁiﬁg simple case. Let the rate of change in "
= . ¢ . . ’ ' ’
both X and Y depend linearly on X and Y: A
dY(e)/dt = aj + a,Y(t) + a,X(t) - (3a)
) dX(t)/de = by + by X(t) + b,¥(t) : - (3b)

The integral equations Q@rrgsponding_zciﬁhis system, subject to initial.

conditions X(0) = X, and Y(0) = Yy ﬁav3‘thé form:

K(t) = 8 + 6 X + 5, ” S {ub)

where the y's and §'s are complex functions of the parameters of the

system (3) and of elapsed time between £ and t. Inspection of these




4 ' .

¥,

£ Y atu "E”p rmif"sySEémafic'f'”'
: gaﬁpﬂéiscn of estimates from studies wiﬁh'differént laga_ Thus the

. . i . = . s . LT . .

gantinuaus-cimé perspective.solves two of the major practical difficulties
. . . B

in canvencional quantitative pan%l anal 1s: choosing a lag. and :bmpariﬁg :

_findiﬂgs.frgm anslysés with different lagsg '

@

Identifie ion issues aside, the most troublesome féaturé of

o

qﬁantitativa pané; analyses céncerns:the specification of the mitted

féc;ars, whose effects are summarized in a'&isturbaﬁée term. . The usual
practice:of applying ordinary least-squares (0LS) éstimatars to models

such as (2) implies that érfOfS are uncarrelatad over tima. But 1if these

-
i

’ fé!tors are stab%& over time, i.e., autocorrelated, the disturbance term:

F

cannot be uncorrelated with the rightéhandiside'vafiables in the
conventional model, (2). Consequently, OLS estimators of the para-

meters of the conventional two-wave pénel model are biased whenever the
dis;u:béncé is autocorrelated (Johnston 1972). Evidénee that auto-
cﬂrTéiation biaé is large ind the deSigns and-resaarch-sétuations‘favcr;d

- by sdciolbgisté has accumulated fapidlyé’ Thus progress in anaiygis of

- - . . . : .
sociological panels depends critically on solutions to the problem of

autocorrelation.

gieed

The main obstacle to such progress has been the heavy’ Eliance on

the two-wave panel ith single measurements af each varlablr; Recent

:\;}'

be achieved by ei her incf2351ng Ehé number of waves Df 5%;ervatlon5 or by
using multiple measures of each ggrlable In each’case,"ane obtains
;nfgfmatlcn sufficient both ta estimate structural pafametEES and to

‘adjust for some ‘typds of autocorrelation. Each,develcmeﬂﬁ-requires

e o
.
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1

sures 6f latent varidbles in panel designs

‘firee etefeeeed eéteetienpieﬁeeeielegy eeie feemeﬁetﬁ-w;;hin fhiéhit@i |
cope ﬁ;eﬁ,eeeeeremeet error (ﬁleloek 1970; Duhean=1§72§‘Hennee, Rubineoﬁ_ ‘
;é ﬁeefen 19743;- Ihie‘eerly literate;e recegnieed thet etrueturel pare—
-mete%e eéulé_etillihe id ;ziée ie some eueh modele even wheﬁ measurement

u "1'“&\ :

errors are autéeerreleted: ‘More recent work hee ehewn-thet dieturheﬁeee'

eeeeeieted with the letent verieblee may elee be eutoeorreleEed without

desﬁre}ing identifieetieu if one places’ eqffieign; reeerietiene on the K
i . . ) u-bu : ’

. ¥ - model, £ Lot k E
Currene work in thie Eredition feeueee\en effieiene eeeimetion
'eﬁd-medel teeting. The key innevetien is queekeg s (1970) develepmene

;- of "full information" maximum likelihood proc d es for linear structural

Fl

- equetien ~systems. The edv: itages f“this approa h are dieeueeed by

Joreskog & Se bom (1976) end WheeEOn Alwin & Summere (1977) This

.

(;‘prbeedure has been implemented in empirieal reeeareh by Eielby, Hau

‘eatherman (1977), Kohn & Seheoler (1978) nd. Esmer (1979)i

An e;teenetive etretequiﬁveivee peeling wdves of a mglei=weveL
panel.- The eeeuleihgédeeige, called a pooled cross-sectioh and time
eefiee;deeign; tacitly eeeumee thee~the eeee stfucture operates in,eeeh
pair of adjacent wevee.“If so0, the 1nfefmee1en in excess of thet generel'
-etee by e‘twesweve penel een be¥u sed Ee-eetimete peremetete of a peetulgieé:
eutecef le ion éfeeeee. Dﬁe premielng speeification ef the eutecerreletlen
process uses the e}eeeieei veeienee—eempeneete‘@edelg.7;t assumes Ehetgehe
dieﬁurbenee consists of two (or more~-see belpw)vunteletedAeempenente:

‘one component is truly random; the other is a constant that characterizes

the unit of observation (e.gi,-genetie composition, enduring-features

'L',.J
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————eeaﬁ—pEfaeﬂgiity——Eestures—nf—canstituEiﬁﬁai—aystems—~ett—ﬁ Uﬂﬂef"thi""

spé& ig,, the disturbances are suﬁg:crrelated anly becgusé of the-

* - ’ #

-uﬂitispééific’éémpénEﬂtsg if the latter are %onsidered to be ffxed éffacts
3 .
#vpéﬂled ﬁithin—unit fégressiﬂﬁs eliminate autafegreagicn bias (Maddala 1971)

'uniE-SﬁEEific effects are cgnsiaered random variables drawn f:aﬁ_

istribution, one may use generalized least’ Equarés estimators -that
V- o ’ o . : : -
have good large sample properties and reasonagly good small sample

< p;@péFEiés as well' (Nerlove .1971; Hannan. & Youﬁg 1977).

The pooled crésé;§ecti§n=and time-series estimators have baenf.
. ) : e S R : :
_ éxtended to deal with further practical complications. Lillard &
Willis (1976) have estimated m dels with fixed individual Efféﬁts and

rsndam disturbances that are thamselves aut@correlated (with a first—crder
'EUFQFESYESSLVE scheme). Nielsen & ‘Hannan (1977) have uSed an estimatgr

LH

*‘thac~a¢;cmmpﬁaﬁes for individual=spé§ific effegﬁs aﬂd‘hecér@éceaasticityr
of ﬁhé_raﬁd@ﬂ;camﬁangnt, %  . £
It ié sisc straightfarwafd-toKaddzéeriod;spécifiﬁt effedts as well
(Euh léSBf Balestra & Nerlove 1966). {Tﬁé period effect sqmmarizeé the
s . o
environmental factors that are unique ;gé;hg me%surémentrpéficdVandsaffacz

¢

- all unitslalike! These effects may also be éansidered as fixed factors

ia

or as realizations of "some stochastic process generating environmental

variabil;tj. ';imple extensions of the fixed effects and.generalized

w”

least squares e i,at rs apply to these specifications.

=

The pooled cross-section and time-series désignfseems a natural

framework within which to st dy age, perlcd, and cohort effects (see

o



(X
the imprtaﬂcE of distinguishing these

Ryder 1955 for a discussign of

B ;Qmpanents). It Ts well Known that thﬁ-tthE;FfféﬂEE cannatibe i&éﬁtifiédrg;
/s

-

ftﬁa of'the‘threé;%ay‘be;iden;ified in such designs'(HESén EE'31 i973)‘7

In a,paoléd mddéli pétigd ff ts may be eatimaced withaut difficulty,

however, ageﬂand :chgrt (viewed as an indivi 1=$pecific affect) may

T %-
not be distinguished without further IESEIiCtiEﬂs on the _model..

Dne last estimation issge dese:vés,mentiaﬂg The sccidlcgizal_amd
- : : L] A T N . g
ecén@mic‘literatuges.have putrsued different gfacks in-estimazing systems

L

-

r .of linear diffgren:iél equations. " The’ integrai equatigns EDrtESpDndlng
//# “to systems contain mstrix functions gf the ferm exp(Bt) where B ig a k

‘by k matrix when the system contains k Equa:ions Socinlogists,

(
following Coleman (1968)=ﬁbut see Kaufman=€f§75)—=use what is “known as

a spectral decampasitian of Ehis matrix function to :Ela}E regfession

© estimates to dynamic parameterS—. But Ehis stfategy does /not. parmit use af

cnnsttaints on elements of B in Estimatign, Consequently, estimatio iS.

n cross-sections. ‘However, as long as one aésﬁmes,an additive structure,

o

not fully effigiénti EEDnGmEEri i 8, Seeking e;ficignt estimators, have -

focused on dis;reté'appf@ximajiaﬁéf;a=the differential equation syStéms

that permit the use afvcgﬁstraintgvcﬂtﬁafé eters..(Bergstrom 1976). It

is not ?éz known whether the apptcﬁiﬁati@nVéf:bfsiiﬁtradu;ad by this

approach compensate for the.ability to utilize constraints.

-5 = A
1

. TIME SERIES ANALYSIS

Wé will only briefly'indicaté Ehé;main lines of development of time

g . : - B e -
and estimation parallel those already discussed. Morever, the *

_séries analysis in sccialagical research Many of the issues of strategy .

1

statistical theory of time series estimation is far more codified . s

3 . N =

oo -- - . 3 ‘i

e
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R 'enpw— *szries literatufe——especiaiiy—iﬁ"écanamlgs has often

fo tused on questiana similar to thase pased by Lazarsfeld In an ihflﬁé
n Fi 7‘ ) .
) encial paper, Graﬂger (1969) efined direction ofrcausality.in terms of -

2
=

l»;' prediﬁtability iﬁ multiple ﬁime-saries. He proposed th"t one time.seriésﬂﬁ'

i

(K ), causes anather, (Y ), if cqrrent values af Y can be predicted from

past valuesqaf X, patftlalling for 'the gfiects of past-values of Y. This
) - ) o i : :
' ccncep&idn resem Ej's that underlying crcSE-lag correlation analysis--

*

e with*the impéttsnt Exéepcion.thaﬁ Granger>ex§11éitly inqludés the ~

passibility of. jaint causation. Noneth less, muzh has been.méde of
.g%
) Sims' (1972) use of discributed=lag estimatars ‘to determine whether the
‘;.

”5tock of mcney causes ingoma variations or vice versa.

*
-

1t turns out éﬁa§ Eranslati£g Granger's criteria for causation inﬁs -

K

2
’52 in (Eb) is nonzero (Rogasa 1978b) : L : ;

r

v parameter labeled a, in aquatian (2a) is n@nzerg and that Y causes X if -

F

TimEGSEIiES analysis ds the 5Eandaf§ pr@gééﬁré for eétimating
Eéﬂéiﬂuougltime dynémic mqgels.' Far.exampieé, see Défeiaﬂ & Hummon
(1976) anéIPitéher; Hamblin & ﬁillér'(1978). ~How2ﬁ§f; the structural-
; géuazién perspective, wiéh discrete lags, is more camﬁonlyvéﬁpiied to
ngiafagiéalgtime series. Then ﬁhe standard econometric literature on
“ Eima series with its focus on autocorrelation of disturbances apélies
" (see Hibbs 1974 for a review). The écanameﬁri’ 1 ature stress two

‘forms of auﬁgaarrelatimn, autaregf533lva and mauing average proce 2sses.

p'

Much, recent wafk follows Bax & Jenkins (1976) in specifying a very general
. s 1 -




L. . =

I v

mixtgre cf the ‘two, pro; ssésraé afﬁodél af the naise pracessa Ihis _

I

scfateggthas swepﬁ Ehe field nf applieﬂ timé—series analysis but has |
barely penetrated sgciulugical résearch Hibbs (1977) dis;ussés_the
pot :ialfvalue af the Bax—Jenkins approach to the study of palicy

Iinterventiﬂns when l@ng time series are available,and Vigderhaus (1977)

&

E

has illustrated its value in fcfecasting social trends._ Finally, much

théarétical work;on time series uses a speetral representation of the ’

&

series that tfanaforms ffcm a timé domain to a ffequancy domain. The

-

- géal-is to decompose 5 long s ies into céﬁponents of different fre—
quency jus§3as saund‘may be sgci" mposed. One may then wish to smooth.

high frequency’ (gr Short-péti@d) waves so as to achleve a cléarer‘repre— o

sentation gE the longer cyciés of the pzécess. Passible sacialogical

apg}ica tions of this strategy have~ been discussed by Mayer & Arney

asrey. . . -

CONCLUSIONS *
The notion that temporal analysis automatically yields .-

conclusive inferences ‘dies hard. However, the thrust of most recent .
i - . y

iethadélggical developments has been to argue cagently_égainst;

';thiébvieﬁi' We have emphasized that the stock tools of temporal analygis ~
X oL , . sl
in sociology, the two-wave panel for qualitative”and quantitative outy

adhits multiplv inEerprEtaEiDns In the qualitativé case, when changes

. may occur at time, one camnot identify structural parameters from

only ‘two waved of panel data. Event céunts, event sequences and eveht
histafiés permit much finer model testing and should be used more often
in sociological research. The idéﬁtifiiati@n problem plaguegs the

quéniitativércase as well. If the madel assumes a discrete-ti me process,



; oné  must know the timing af Ehg :ausgi lags

’ co devate marefattention to deEliﬁ

————

methgd@lggical develcpments réempﬁasize_the:impértanéé;@f;ggﬁstantive

théﬂfy and mndels‘fbrfmaking-gogd use of tempoéal data.

The situatign is not. whgl%? bleak h@vever. Sociologisfs hava begun

,~i‘i'

chaﬁgé Processes. ;,Wg:propcse that

suéh.déVEldpménzs, pafticulafiy thé use of EbﬁﬁiﬂUDUSiEiﬁE gtgchsstic

‘ past sociolagical research, Not only will such madels enrich sociological

A

N , i i L
‘models (see ;he discussion on Coleman 1964a: 52658) Clearly the e is.

analysig, Ehey also focus attentioﬁ squarely on :hange ptacesses. They
£ / :
Emphasize that Eempcral data is not just lika cross-sectional dat bu

that it contains information on the manner in which éiange comes about

. Finally we have ﬂommentgdrsepafatély-on arialysis of qualitative and

qﬁantitagivé-éﬁ;comesi But man?‘of the most i”te,estiné issues in éogiplbs
gical theory concern linkéd Chéngés in qualify and quantify. Saciolégists

have not even begun syste atic stydy of EDupled changes : in qualitative

andwquaﬁtitativa outcomesi .One majﬁr abstacle ‘to the develbpment of ex- -

= : Al

plicit process mcdels f@r quality and quaﬁtity 13 that we, use different

#

. % R
mazhematical strueturés in the qualltazive and quantitative case®d. TFor

the former we use StGEh SV ie models, for the latter we ‘use deterministic

a need EO‘dEVElOp étcghaggic’médéls for changes in quantitative variablés:”

%

izuﬂfc Eunataly this ‘leads to considerable maﬁhemaﬁlcal complexity (see

. Jazwinski: 1970 fo a discussionji'EN@netheléssi this seemé'a’ngcassary

 next step if we are to use temporal data to address many fundamental

o

issues. : St s

LN
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