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where j=1 or 2, k=3-j, Kl#Kiﬁ and

- : : g :
. . .
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>
[]
]

3 PV s
r1+%2+}J(rl—r§) +ér12f21 /2 s : C ) (13)

5

A, = E, T, +r2 ;J(r ,3 *+4f 177 2l,!/?. . , < (14)
. } i

. X
The explicit inclusiom of attrition as a state is an important feature of our

application of a Markov-model. All tsq'fraquentlyEinvestigat@rs with temporal data
% - ) ) * B 1 o - V -
N . AN
only analyze the fraction of the original sample that has not attrited by

-

the ;ime of some later measurement. This procedure i mplicitly ~

¥’

gssuPes that attrition-has no 1mpatt on the assessment of the eff;cts of

v ' : , )
. * L] i
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] ii C ,ﬂ . i = L. * ‘ % 9 =
B %’ P S e , : T )
'causal variablas.. By Explicltly inclading actflt%an asa State, we avcid
this hlghly dubigug assumptian. Howev yrit ts Etlll nezegsary tg Assume -
'Z L 'that the same mudel applies baEﬁ to Eh@s@ who attrite and T ghuse wha
) o , . _ .
' dé’ n;ﬂ;. ’ This ass&mpt;aﬁ cguld é‘ incqr{eat but «:anrmi; "be gestad o,
. _ P . “ g ; ; . o
without a fqllowwup study of ma;l;al status changes of those who -,
. . . 7 - S » .- b, i ; L T
. attrite. - : o o S 7
! v . 8 i‘:’ 7 I—. " - ) / )
The inclusion of attrition as a state complicates considerably both
the derivation of equations and our discussion. For this reason, parts :
. - - R i . 5 - B ; L. - - B
of our discussion are based on the tworgtate model in which there is no .
- ST - N o ’ *
attrition: S . : * ’ - - L
. f=T T = - & R R
1 12 ° . :
: R = , - ) (15)
] * o ) . fgls _1'2 ] - . T
Then wé& obtain ! i "
— : i r . )
N ” ' - -
. ) [ ) i
s B ={T =F t . Sy
- ) (,12 ){ u) P (16)
(u t)=1l-0p - . - '
B L . : A
for j,k = 1, 2 and j#k. ) c Lt
. : .
"Implications of the Model ' N .
We claimed earl;er that use of SLIEh a continuous- -time sto:ha, ic médel .
lets us der;ve implicaﬁians ébéut'aévafiétf,@f observable vafiablesirgin"é
this section #e show this by discussing a number of well-known results
"about Markov models. . E e \g S b ) S, ' .
iimg between_Tfa§§iti®ns.f i& wfﬁely knmwﬁ>that for a(Ma kov model
. the length of time between tran51t1ons has an exponential digtflbutlé% whose
pafamc;;fgdgpends on ;hé transition ra;és (see,‘é}g., Breiman, 1969, Ch. 7).
[ - N ", . ’ = . & . >
O v \v. v 7 B i; ) v ’ \; -



" . In particular, let F,(t|u)- repregent the probability of a transition from
Y _] X L -
t

state j before time t, given state j is occupied at time u. F,(,[u) is e
T . ' : - |

<,

g qualiy ca1led the cumulative probability distribution function, or Simplf?

o

the probability distr;bﬁtién function. We can show that for' models in

_which R(t) = R, ' h ;

Later we use the definition that ’ .

G,(;lu).ig often called the survivor function because it gives the

: i
. probability that a unit in state § at time u remains. (or survives) in-
¥
state j until time t. For models in which R{(t) = R,
A

é(c—u)fj ~(t-u) g fjk : .

G (tiu) = a =8 = -

gThis says, for example, that the probability that axmarriage existing
at time u survives until a later time t declines exponentially as the
length of the interval (t-u) increases. This monotonic decline occours
because it becomes increasingly likely as time t increases that either
the marriage breaks up or the couple drops from the experiment.

We also use the probability density function: .

|
]

£ (elu) % : (20)

o
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. Jt can be shown that in.general

- ) A =

£.(t|u) = r, () G,(éﬁu). L | o _ (21) .
i I R , : )

rates are

» For Ehé;paftféular<§ase in which R(t) = R,

=

. . . . . - . =
L * constant over time, : s

. % £o(tlw) =1, e i o (22)

The probability of a change from state j to some other state between t and
: : . 5 . .
(t'+ dt) is apprpximately equal to fj(tlu)dc. Equation (22) shoWs that

this probability initially (i.e. at (t-u)= 0) equals tj and declines

exponentially as the length of :the interval (t-u) increases. In other words,

the probability of leaving a state varies over time even when transitjon rates

.are constant. This is one of the main advantages of modeling social processes .

T

in terms of transition rates rather than probabilities of change. ’ )
The average duration of state occupancies (e.g., expected duration of
marriages and of the intervals between marriages) when R({(t) = R }S easily
shown to be
. E(t-u) = 1/r. ,

where u and t denote the times of entry and Exit,.fl

I
1]
s
[
]
r
[
<
i
u_.h
g
(11
a1
]
3
[
ins
[
i
]
L,

k1

L

Given tbaz?éachange occurs at time t, r, /r, is the conditional probabi-

S

both the probability of at least one change within any specified time

interval and the conditional probability that a change involveswmovement

into some specified state.

1y
[}
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State probabilities:! We can also use the model to find the unconditional

probability of being in any specified state at any point in time (e.g., the
probability of be%ng mérrigd at any specifiedstime)i Let pk(t) ﬁenctg Ehé |

unconditional probability of being in state k at time ¢, anitg(g) represent a
row vector glving the prcgability distribution among the states at time t.

It is easy to see that

Pk(.t) = Py (u) ij(u,ﬁ) ,

L P

or

(E) = p(u) P(u,t) . - @)

Usually we are interested in p(t) when p(u) = p(0), the distribution at

the start of the procesgi.

For simplicity we begin by considering the two-state model, e.g.,

or the study of marital stabilitv when there is no attrition. In

)1
it
lat
Ias
I‘_M
fa
]

equation (16) into (24), we obtain:

J
Tl
L
rr
s
W
3
I~
-,
[
-
i
+
+
La ]
\
=
i
]
o
L
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: A . N = 5
j "

P

As time t becomes very lar rge ?ict) aporoaches a steady=state (or cauilibrium)
value: plC@) = rzl/(f12+r21), pz(@) = rlg/(riétfzi)ifsg'pj(;) is a weighted averaga;

of the initial proportiom in state j and the steady-state probability in state j.
The weight given to pj(D) declines exp@menéiallyvéver time, while the weight given
to the steady-state proportion in state j -increases over time until it reaches one.

= . T ) . . e . I -
For the three-state model, e.g., for the study of marital’'stability when there

is attrition, we find (by substituting equations (8) through (12) into (24)) that;

5,

At &
7
[e B <(EE*R2)P1(O) +r ,(lipl(Q))}

pl(ﬁ) = 1
, . i
Alt S
- {(f +A)p,(0) + r, (1 pl(m)}]/(?\ A ) 198y -
. }\"?C_
ﬁz(t) = e - {(fl+}é)(l=pl(g)) + TP (D)f‘
- \lt '
- (r +A )(l pl(D)) + (D)} /(A =-A } : (29)
Ao . 7
py(t) =1+ % - {Al + f1391(6) + fzzilépliD))}
Alt__ . o ] ' ’
- e’ {Ag MRIEY l(D) + r?z(l pl(D}) /(Agikl) v (30)

wheregkl and A, given by (13) and (14), respectively. It is important

[

to emphasize that r, = 1., + ¢ and that A, and A

1 12 13 "2 21 23 T T T2
dapend on T and EQ: Thus, each of the above equations depends on the
% . T
actrition rates, r,, and r

13 23"
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Expected number of events. Finally, we can-derive relationships baﬁween the

fundamental parameters of the model .and the expected number Gf events that occur in

any interval of time. Thiéaféquires egtens;@n of Ehe ordinary Poisson model of the
number of events in a time inte rval, since the Poisson model assumes.that only
one kind of event can occur. Let njk(o,t) denote the number of changes
to state k between times O and t when state j is-occupied at time O,
ﬁ 0 £ t. For example, nzﬁ(Dit)-stands for ,the number of marriages formed
, | ) , _ ! .
before t for a person who 4is married at time 0. It can be shown that »
for-the two-state model (when there is no attrition):. .
- r..r..t T, T, . —t(r +ro.)
: , 21 272 S ,
E[an(Q,t)] = Erizgsfli + 7777:7”,,;1,- 2*‘[‘3 12217 ;J ’ (31)
. L .5 Loy = % .
) | 12721 Cr12+f21)*
2Ty )
r r £ r -t(r r :
] 2 ,+T, e 2 = J
1277217 (xpptryy)
/ where j,k = 1,2 and j#k. Fgrrtﬁé three-state model we find that:
- At lgt
, 252 ]-e - -e
Eln, . (0,0]= ooy |t - (33)
L T2 1 "2 .
, J\jt,{ ’\'1‘:
ik (r, +i,) (1-e ") (r, +A) (L-e =)
Eln, (0,8)] = — — - - = e ' (34)
ik SR *a M P
[ T
@ o . 1 jk k3 "43°k j372°(1-e )
E{n,,(0,8)] = TSR T ——
1727 L 2
,;\lt,
T + s T
(, k. k3 f r, F ) (1l-e ) , (35)
Al»
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- in evaliating the fit of our model. ‘ . - i x

of units

- . B . ' ] \ 15 T
. - : ) . o R
" The point we wish ¢ qiphésize is ‘that these divergé'aﬁsarvabie measures’
3 5 i s s I = : = » = i = =
on event histories are all explicit functions.of the rates that define the
N - " = 3 4
Hark@v model. It is not necessary that’each of tha e relationships be

: o . - 7 .
estimated separately Any one of gh&m'pfavideg an appfcach to estimation.

K

Once the faﬁes have been estlmateﬂ the femalnlng quantltles can be calcuﬂated

using Ehese functians. Thé %mplfigal analy51s in Section II belaw uses these

'

Two Extensions of the

Markov models have been used quite ofren by sociologists in the past

ES

‘twenty years or so. 1In the simple form discussed abové, these models have:

1 ] .
invariably failed to fit the data. Sociologists! efforts £0 increase realism
. . st

and improve fit have condentrated on modification of two assumptibns of the

simple Markov model: A , - P o
constant transition races, f lﬁstead, fdéllowing Coleman, (1964, 1973) and Tuma

~onstant rates only govern the behavior
(1976), we may a;sumé that the same, LDHSE&HE rates Dnly gove 3

with 1dent1Lal valuea on a set of DbSEfHEblE et@gen@us vatlables.

In other words, we may gstablish fblatlaﬁshlpﬁ batwa AT QbSEfvablE variable \
. : . A . , ,
by X, an he rates of ¢hange in categorical variables.. The main .
denoted by X, and the raz;;r@f ;hange %n - g : | l
v ey ' ] ) L ’f o ) ) o
icé interest in most analyses of even istordes lies in testing
sociological interest 1n~m@5tianalysag of event hist 7 -
".i N
; 1 \ ,
\ L
¥
| [ & {
s .



B = i 3 .
hypathesés caﬁcerning the affagﬁs of

e,,mplé, in analysas of marlta; histories praduced by the ingome maintenance
' ) 2 T

=

fxogenous variables on rates.' Far,’

. B [t H e s =

gxparlmanzs, we cancentrate cn test ng, ;ypathésesbabaut effects of gipa:imenzal
LT " - g = ";.; ! - . ;5_;‘— - ':, o ) *53

%..  treatments on rates of mar;;al d;s olution ‘and remarridge. - % -, = 3

* To introduce@sﬁah-gauSal félatianships, we must an-explicit.

n‘

v
L%y
r
i
T

_—

L.-A
—

depende ce of the

. :
rates on, the observ bl varfiables. - i

A .

In our empit@tal analysis, we assumé a lgg linea¥ geiat;gn hip betweehn each
A et é “ . '
transition rate and‘X: " . .
4

™
Fa

o }n fi 7 95k o forall jand k, Sk, (36)

where Ejk represents a vector of .parameters to be esﬁimazgd.. The log- '

L7

or each lndlvldual ’ -

. 1 » . ) .
linear relatignsh}p constrains fik to ,be positive

a : - J,,
Whézevar the value of X, in accord with equation (2); we find that izﬁpsuaLly

i

fits data better than a llne ar relationship. We also assume’that r., 'is

77777 °. - . ) i ) J‘I{@
. finite for all‘j and k and for all individudls. - . A
. J

Time-dependence. weé have assu umed to this point that the rates

are constant over time. ' Sociologists are accustoped to thinking ab@ut
papﬁlatign heterogeneity (i:e.,; causal relationships) but have not devoted

much attention to-issues involving time- ~-dependence of effects, i.e.,, the
@ : . ® . : . F
manner in which causal relationships ’hanga over ﬁipe. However, sometimes theory

K
L.
j—

\ indicates-that rates of change are some spéaifiz function of time. For example,

; £l R ) !3 . R
£

5 e

L4 7 * . +
[ ’ - . :
i t . ' . s ) . . .
“ & I f?‘ : - . ™
O ‘ - - ) : . /:\,
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wd

Sﬁ;énsen,CLQ?SSFhas argued that rates of leaving a job are exponentially §
BT ETS T S I | . E
- declining functiords of labor.force xpérieﬁcé,-whileéggmas(l§76) has

»
u* - L 1 (9

e Speci§§ed - madel 1n Wthh ré tes of jéb leaving are segéndabgdaf-

T

pDiyncgiafg in duraﬁ;cn in. the JFb Such parametric forms of Eimé—dép%ﬁdéﬁcé
_ . ‘ Py _ \ ' .

N may’ bé—agzqggiiaﬁéd ;q'th% strategy we dls:uss w1tEDut dlfflculty f

3

Ar

h L Som Elmea!we flo not have ‘any-a prlarl hprthESlE concernlmg tlm&a' &
! : . I ¢ . .
-dependence. In an E%périmént, we mlght expa:t that tfansiclan rates duringy
BRI £ el ‘ - . .

ial adgustmant p%fi@d ‘differ Ermm rates later on, but: be unsure whether
o
. §

rates should be larger or smaller than later rates.:  Im thése Eircumﬂ

stances we can define a set Gf tlma petltods and allow qhe effects of exp

" : , .

; menEal varlablea to vary, fteely from pEled fo Parlad whlle remalnlng co stant
, A . o

ituation the -time periods max{be arbltrar?: a

\I—'

within each period. In-thig s

* .
o F e,

R £ : ! P

disadvantage of this approach.’ However, in other situations, we may have some

idea about points on the time axils when rates may change in some way. Fat;
’ = : \
4 . - . ! . !
example, rates of CDllEEElV% violence may change when there is a changg in |
. . _ ‘ : o _
the politi¢al regime or during periods &f warfare. . : \

'

- .
athematii%lly stated, a, model in which rates vary from one Ciméfperlad
, ) ‘l i .
to another }5: o . —

a7 " 1n r,. 8.2 . T . <t<T , ' ,

. jkp —jkp=p>» p-1 - p 7 (37)
where fp is the last moment in pe%?@d P, Ty = 0 is the ‘starting time, E? is
a vector of eiagaﬁpus variables affectting the rate in period'p, and gjkp is
i.\ s ? Q

% " a vector of parama:ers gl Efeatg Dﬁ(fjkp in period p. We illuszrate

T

1iilar to this one belpw.
I S
J \

= v

he usé of a model sinm

4
r

o
o
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Y e .-I,,' b 4 = - = = - V . . - 4 ¢ i
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] : B £ F
T . ; 7 &= . ] N

Jfﬁ\\ . , - -
R 1matiaﬁﬂi§d
& \
& Q o CES

o > ‘j St |
. ){ Nrugh N h which I ét K
o < oy e he . l;ﬁéa,' aquﬁﬁl@ s m@dels*ﬁ1t W ;c soc;o ogidts have
5 ; ¥
* bacomé qudi te E mll;ar fg fed%nt yvears have mgai ommon the view that the E
. - e ‘ . <
= Y ¥ F ¥ = % -

R N AR PR _E} ‘
et estimation equation 15~1§e tlcal‘tﬁfghg jggal _Bui—ﬁhls 15 not negesgarlly

E

. s
¥ 1 g L & ﬁ * = =

5 - S : S

g f‘fmathe'cése!f'The equaéjcns féiétingfabé abhé @utéomes (a g (average dufat;on,
SCT A - N -
| number @f events, etc.) to the rates argdgll passible candldaﬁes forpf

L \ F ¥ s b

4
,estmaﬁicn equations, but they are not equally promisin

l\\j ‘ B . ) -, . ' .

) - - complexity. e . .

> )

because of their
\ oY ”

<0

&

=

form maximurt likelihood estimator @f‘faté% {and Dg
t e .

. i & * &
rates) using data on the dat®s and kind of events. ‘This apﬁgaach offers a

mebér of advantages in the present circumstances. Eirst;ﬁmaximum likelihoad
. i oo ) P

2 7 B .
‘oausal. éf%&zis on

[

e¥timators have gocd,laﬁgt sample pFDpartleS under faifly general candlzlons
. 5 #
. Gepgond, maximum likélihcad aztlmataf; retain their good pfapertleg under any

ey -

i .
7 . 5 &

ot

. mpnotonic trangformation. Thus, one can use maximum likelihood eztigg%ﬁig of - &s

s . . £ R

rates to form maximum likelihgod estimators for expected durations and

other monotonic functions of fates. Third, maximum l4ikelihood procedures -

permit a satisfactory solution of what is called the censoring problem. Data in

ghigh tHe observatiom period is too short ito record a change for every case

‘are said to be censored, and errors of inference ire likely if appropriate

v measures for dealing with censoring a ”re\nat adgpted (Tuma and Hannan, 1978).

i

&

Assuming independent observations on the N different cases (units)ﬁ%eingﬁ

‘analyzed, we can write a likelihood function that,uses all information in

E

event histories-+~namely, the number, timing, an equence of events. This

@ | _ R : 21 . )
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1nfbfmat1@n can be fépresenced by the following klnds Df varia

W_
m
\\f'

i
obde

o

he ‘time’

ation pe d', b
rvai,,nzpézic,)g tml

that casei f

% ’ *

B

(the Eimé of case i'a m

<

[

t

¢

s unity if case i'

éﬁéed if w jvé“D), and v ..

e

b es:

,E , . ‘

5 m =event occurs in the
.h i"‘s x;g' ) 7
- event if w = ﬁ and

o mi

(a dummy variable
\

o7 g ) ,' t Lo L o
- that is unity if case i's m  event is Dbservedxaﬁd consists of a change to
-,é.’ﬂ' . ! . !1: ' 4 * - 1 . :
atate j”Eﬂd atherwi'se . equals zero). We def ne ;Di to be the start of the
. * R sl : :
-obgervation period on case i and Vgq; tO equal unity if state-j is occupied
- T . J 7 ! ’ .
. ’ ) o , = L
~by i+ at tgy and otherwise,zeroy Note that = . Wqi ©quals. the ‘total number
: L e =T m=1 " 7 o
. . Dt avents observed ED(DQ cur to ‘case’ ;, while*ihe'c';'s are-the times that
! : mi - =
- - , '
yents occur 4nd the Vv . . 'd indicate. £lre EEEEEEEE Df events
mj% T
1] J‘:
) For simplicity we begin with the lpkellﬁaad equation that uses informa-
- tion on' the first event only: - - .
{E' N \ﬁ'“"“ 3 A, - '
- 1
- T ' (1-w))v
o= 1T G (6, ity, X)
i=1 j=1 R -
¢ * o
. ; Ff o vaDj
(e, X
‘ | j( 18 X
& i = = : =
U B L =
1%V 1k i
[ (X /x (%) ( J (38)
L - -
wherg N is - be f cases is the number of |
1 ? s the Q%mb%f of cases, n is the number of states, and the subscript
1 onm variables mely, v i and a8 | ] |
es (namely, Vit i iji and X.) has been suppressed for
laricvy. } { = T 5 = = -, 1 £ ’
clarity. The firse term [in Square brackets], the survivor function, gives
, the probabili y he first e =13 ' 1
he p obability that the firsr event has not occurred by time El (see equati
(18)). Since any numl aised ¢t e zeroth
n ny number raised to the zero power equals unity, the first
. ter 1i{ Ffaem AT 11m 4 11v £a - 1 - 5 1 ‘ |
. “m differs from unity only for those cases that have not had a first event
‘ (w. =0 ; 5 : ime 57 T
1 ) and are in state J at time t, {UDf = 1). 'The second term is the
Ll i -
robability de he first eve cCt
P ity . d ity that the first event D;giiigéé time tl (see equation (20yy,
. ,.f‘ §
o 232
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o s . . = . }\ R . " . - . E/
"This term differs fr@m uﬁ;ty only fér thcigkgases that have had ‘at léas ong

; { E@LQE (w = 1) and ar 1. h;he third teﬁies

ha pzababl;;ty thas Ehe flfSE avent zDﬁ51st§ Df a move to state k? given that state

I}
n_.w
Mot
[
=
L
o
g
[

LR . . o . , B r; _ §
“:A;géﬁA gélefti(gée équagién (36)). This termslglffers.fram unity only for thaose cases th
L PR ; - = )
T ; L , . : .
havgihad at least one event (wl = 1), that are in state j at time o CVQj = 1),
R £ . o - . ‘ . , :
y vgu and whose first - eﬂgrcsﬁsists of a move to state.k (vlk = 1).
"¢ Equation (BS)isgﬁ‘ba>Wtigtan more simply by substituting (2) into (38)
and. by Ehen’callectiﬁgyférms: . ; - -
X ¢ ' £ . ~
= é ’ - _
l -
N W, V..,V L .
P -~ ; | ¢ = VDj 2 . ; 1 DJ lk . < 3
Z =-1 JG (e ey T O] S (39
: , i=1 §=L ||’ 5 k=1 [ 7 |
- o g . ! Y
Wwhen R(t) = R, so Ehgt (19) holds, we, can simplify this stil) more:
N , .
it N n n | =(c =t )T, (X)) |y
Ftl=1 1.1 [e L 07 3k ] &
i=1 j=1 | k=I"7.
! .
) . n o A (e, -t ), (O v, } fw v Y
' j=1 k=1 }i=1 B
b Note that the term in curly brackets in (40) above does not: depend on Ty
\ where j' # j and k' = k. Therefore, the makimum likelihood estimates
of a given rjk_—‘@r of the effects of Q”usal varlableg on rjkas in (36) ==

scan be obtained by maximizing the term in Qufly brackets for that particular
j and k. This fact is quite important in practice. It means that we can
estimate selected transition rates i,h@uﬁ having data. on all kinds of

transitiens. - To estimate r, , we. need iata only on the times of all first




¢ i ' ' - 21
% . . = R . N i &
) i . ., - )
¢ events (El) for cases originally in state j,(voj = 1) and on the outcome
L - &=’ . . . i : =
of this event (the value of Vlk)‘ This. means-we can concgntrate data
collection and analysis on umits originally in states of particualar theoretical

+

initerest and can ignore events occuring to other units ~“unless we wish to-

model or predict the overall evolution of the entire process. -
Equations (38) through (40) can be generalized in a stralghtforward
- ' r .
way to the situation in which data on all observed events (and not just the

first) are used in the estimation procedure. We give the equations corresponding

("]

a =

to (38) and (40) only, leaving the intermediary equation to be suppiied
3 ™ - €
by the interested reader:
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Yo' m-1, 3 mk ‘ (41)

= a

k

When R(t).,= R, this simplifias :to:
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Maximum likelihood egtimatarsiaf the parameters are found by maximizing L
, . , ; 7 . . ; . . .
-flor its logarithm).  _The optimal asymptotic properties of maximum likelihood

tency, asymptotic ncrmality) are well-known (e.g., see Dhrymes, -

=

4

i

. I
|1}
]
w o,
T

stimators (con
; .

1970y,

)

I
[
iy}

her also evidence (Tuma and Hannan, 1978) that the properties )

.H;’I . : L - ’ ) '
Q , C . . .
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‘likelihood for the nésted model w that has .s parameters constrained (usﬁélly

- ﬁ“

é

of the estimators obtained from (40) remain quite zood even in small samples

a

[

and with' a high degree of cen

cA 1ikelihpaqﬂféE;a test can be used to test neszad_modéls. LEE;I'Q be.
LN T . - i 7

the likelihood for a model Q with gq+s estimated parameters and Q;Q be the

R f

to equal zexo) and q-parameters” estimated. The likelihood ratio A ig defined’

to equal max (;fm)/max GQ?Q)- Asymptotigcally =2 1n A has a Cﬁissquaf%

distribution with q degrees of freedom, permitring us to test the fit of

; . _ . . A _ i
the model W relative to the model . Furthermore, it is possible to perform
B
tests bn ‘the céefficients of individual variables using the estimated
N - ’w

covariance matrix of the parameters (the inverse of the matrix of second

derivatives of the natural logarithm of 2 with respect to the parameters),

The sdquare root of the variance of a parameter gives its estimated standard

error, which can then be used in a standard fashion to calculate &
X :

~ratio) that tests whether the parameten differs from its

1

Ip’

t-statistic (or F

-

valueg o the null hvpothesis. -
&
4
{
\
Y=
é?t) _
= 7

oring (i.e., the mean of number of events is low)..
! A .



.II + AN APPLICATION R S
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¢ 5

To- illustrate thelmodels and methods discussed above wé apply them
s{( . i \ P . -
- - to data on whlte women durlng the first two years @f the Seattle and DEHVET

Income Maincéﬁancé Experiments (SIME/DIME). We combine data from SeatELe - S

and Deaver. -+ v ' \ R } ; ; m

, A ) ‘
We havedlscusaed the experimental’ des;gn ‘nature of the sam nple; definmitions .
. %

™

L ’! ) I - ", . . - ] E
of variables, and so forth earlier (Hannan, Tuma, and Groeneveld, N

1976, 1977). Here we use.similar data that cover a period of 24 months
rather than 18. We focus on éstimaﬁing the effécts of the three levels

and

T

of income support (or guafanEEtS levels hé length of the treatment.(3 or 5

\ =
s ; L ; - ; ; |
years). Bécause the design involved str Elflédzfandam assignment to treatments, we
include a number of pre xperimental variables in the models: dummy

variables representing 6 naFmal income cate,@fie;i a site dummy (l=Denver), \

U
=
iy

a dummy variable" for prev AFDC experience, number of children, a dummy

variable for having any children under. six, the woman's age, her wage rate,

and her yedrs of schooling.

Though other causal variables, as well as the experimental treatments,

may have different éffects on ¥ares of events in differ@nt time periods, we

are primarily interested in the time-dependence of tre atment effects.

There are a variety of reasons for expecting the effects of experimental
treatments to vaf§:3v3f the experimental period. Reasons for treatpgerit
. E» i o =

effects to be smaller initially than later on include the possi b1 ity that

atment

m

[

subjects do not fully understand rhe tr initially and thag.ehey may-

;JS-L . f
(e.g., to find a marital -

[

e

r
i

t
W
-
e
o

need to search for an opportunity to change

* o Tl

iﬁtér

partner). Reasons for treatment
3

=

Laur)

fects to be larger initially thad®

m«

E[{I(j . . . o f ' :é?(f: . o : ;‘. - - .

2 w
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n include the possibility that the -treatments become less s§liéntxis'the
end of the experiment apprgacheé and the possibility that the treatments

:imprave cppgrtunities for a change for some ffacﬁion'on the verge of. changing

marital status before the experiment. Indlrect treaﬁmént eff ts

of treatments cn5wéfk§behaviorj~which in tﬁrn affect marital status) also °
‘can cauge Eréatment effects to vary over time, but it cannot be predicted

B E

- pfiori whether indlrEEE Effects enhance or dampen the iﬁi i panse. " Our

o ’;VQ 'inabil, y to predict the shape Qf:thé pattern Gf_;ime vailatlon is, oflcgurse;

ey , . . . . ;"iﬁ : A )
thg'faascn for subdividing the observation period and. letting rates.

=

/" vary from one period to another.

In the time-dependent models we pegén by using four time periods with |

o . s

end points of 0.5, l,Dill;E, and 2.0 years after the start of the experiment.

These represented a compromise between two confli icting goals. First, we

wished to have the number of observed aventsvper period be large so that -

the standard errors of parametats would be cDmpara 1' ly small.  Second, - :

we ‘wished to haie a large ﬁumbér‘@f time ‘periods so that we could detect

the shape of the pattern of E;me=varlat1®n (whlah aCCDfdan to our reasoning

mighg decrease over time, rise over time, or rise and then decrease, etc.)

=,

To improve efficiency of the 'Sc,mat;an of effects still further,

we estimated an equation that allowed ;reatmant effects, but not the effe&ts
U ’ : . ] ) .

.

of other. causal variable t@ vafy‘aver time. This model can ba»reﬁtéseﬁted

as follows:

Inr . X + 0 T 2t 43"
1in fjkp 2‘]1{— Sjkpﬁp LI p=1l = . Tp ; f( 2

'héfe X is the wvector of other causal variables, Z_is a vector of experi-

mental treatment variables, and p refers to oneé of P-ééri@dsg

ERIC = . | L 27

Aruitoxt provided by Eic:



3]
i

4

Ejk and each 8 contain‘a constant term; however, for each transiti

only. P of these P+ 1 canstants can be 1déntified Thel’.‘|=.‘fc:iii:‘é,j ‘t

- ﬂEﬁtif‘j::at:h:ﬁ—we—arB i"trari ly-—const tr ain*une-a Ethém—t D—b e—zero+-

&
<
O

ERIC -

Aruitoxt provided by Eic:

Thé P :onstants permit —the rate of the control group ‘to vary from one tlme

perigd,tg another, even though-theveffects of other causal variables

The metiiod of ‘maximum likelihood can be usad to éstimaﬁézpa:aﬁcgérs
aquatiaﬁ (43). The liké;ihogd equation resembles (39) except that Ehere is

tion and each transition rate has

(For dg?a;lsaig%i'EhEXAPpEndix.) In other respects pr@cedures for estima&ing
" and testing the model and of individual variablés are the same as for

o - , ‘
a model with transition rates that.are constant over time.

Results af‘;he egtim%ticn could be reported mapy di ffgrant ways.
Because the effect of a variable on the rate itself is of more interest
than the effect Dﬂ " the log of , we repéft the antilgg of estimataé.’
The antilog indicates the mu\c\ llEE of the ?aﬁe ‘for a un:LE increase in
a variable.

For dummy variables, which we use to represent experimental

Eréatments; the antilcg cf the CDEfflCiEnt of the variable is the rat;a
' Df]ﬁhe rate for those whosé value on the dummy variable is unity ED §g§
_rate f?ﬁ those in the Dml tted category. For example, if for some :
%Kpéfiméﬂﬁal treatment, where 9 is the coefficient of zhésdﬁ%mﬁ
variable :e?resentingrﬁhé axpetimencal‘tfaatméné,-Ehéﬁ ﬁhg rate EQ? Eﬁ@ser

on the treatment is twice the rate for those in the control group.
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Il
o

1 . - . >

percentage 2haﬁgé in the rate for an experimental treatment relative.to

-
&

the rate for Ehcse'in-thaéégntfal group is just'1@D(Ea—l}g ‘Thus,

to the rate for the Ecntrcl grqup is lDO/ v
! Results for I;me=independanﬁ Models
_ : . ,
- ‘Table 1 gives the results for‘time-independent models of rates of marital

status change and attrition. We have diséussgd-similar results and their

interpretation at length elsewhere (Hannan, Tuma and Groeneveld, 1977;

o N o ) # ll B o ) =
Tuma, Groeneveld and Hannan, 1976), Here we comment briefly, concentratifng on
the afféétszaf the support levels. _
' ‘ ‘ R o
B ’ g .+ Table 1 about here
77 All four models significantly (.00l level) improve upon a constant rate
fﬁmadgl_ The set of experimental treatments significantly improves upon a’

‘model that includes only the other causal variables in .the case of the marital

dissolution :sze (;DDl level)3 the atﬁriticﬁ“fate of married women (. lD len el)

and the attrition rate of unmarried women (.05 level), but not in the case of

the remarriage rate.

Women 1in each support group have higher marital dissolution rates than
comparable (in terms of values of other causal variables) women in the*control

group. Effects of the support levels are large (ranging from a 57 to 129 percent

increase in the rate relative to comparable controls). and statistically

signifiggnt at the .01 level, axceéi'fér the highest support. .

As expected, attrition rates of those with a financial treatment are
lower than those of comparable Q@ntral§§-§§gept in the case of married women
o v A K e L .

on the low support. However, there is no clear pattern to the effects of the

[1{lc | I R

JAruitoxt Provided



« 27 -

V&ifférenc supﬁart_leﬁelg on agtriﬁiaﬁ, and none of the individual coefficients

. " 1s significant. -
£ -
esults for the Time-dependent Models . _ : _ ' - : o

u

We have estimated Eime;dependeﬁt (foﬁr*pefigd)_models of rates of

# dissolution, remarriage and attrition. See Tuma, Hannan and Groeneveld (1977)
. . - - P - T ‘ '
for a more %gtailed discussion. The results of these analyses indicated that

. e ) 3 ‘ . o
¢ experimental effeéts on attrition rates did not significantly vary over time ‘

or ingany'pattéfnéd way. Experimental effects on the remarriage rate were
significant at the .10 level, but there was no particular pattern to these

effects, suggesting that they resulted from chance alone. On the other hand,

experimental effects on the dissolution rate had*a striking pattern. So.
" we focus on these.
Table 2 shows re§ults on the experimental effects on the dissolution ‘

PR rate when the total observation period (24 months) is treated as a single

period, four six-month periods, and two periods (the first six months and ¢
the remaining eighteen months). In all three models the set of experimental
treatments significantly improves upon a model that confains only the other

causal variables.

Table 2 about here

.!gSuppDrt level effects over ihe'faurbpériods are plotted iﬁ Figure 1. The plot
" shows that all three supporg-lévals produce an axaepﬁignally large increase in
igghe marital dissQLucioﬁ rate duriné'the fifsi half-year of the eXperiment.”

Except for the $5600 support 1§vel iﬁ the Seéahd=halfﬁyear, Efféctg'éfhthe

support levels in periods two thr@ugh four are positive and show no clear

-: pattern of variation over -time. This suggests that (1) the support levels

p




* ;havejtfansitcry %ffé$25=én-dissélutiéﬁ rates of ;hite woﬁen thaf subside
}afgar six manths, but (2) they alsé have ﬂontransic@ry positive effezts on
!fhe dissalutign rate, iurthe ore , the effacﬁs of each support léjg;.in th?fW»~,
Wﬁflrst Six—mégth perigrrwriﬁrgvérto its éffect in aaéh SubsquEﬁS péri@éiggi
 'ébéut'tha same faf all three suppdrt levels., - ,iihgugh(ﬁhefe isra clear
. .o : : L
e _paztérn of tiﬁa—farying effects, Ehe,faurfperiod model does not 31gnifigantly
. impéavé uﬁén the gﬁg%per;ad médeli‘
K ‘ o , _ ;vFigufé 1 aﬁ@ut he%e ’ E

-

5,

With these findings in mind, we estimated a two=period model in which. .
@ % the first half-year is distinguisted from the rést of the experimental period.

Relative rates across support leVels were constrained to be equal in the

two periods (see Table 2), but their rate relative to controls was allowed
. ~ to vary from one period to the other. Treatment effects in this model

sighifiﬁantly (.05 level) vary over tdme, according to both the likelihood
P Eagia test and the F test on a dummy variable for an effect of financial

7 treatments in the first half%year.
The estimates for the two-period model (Table 2) indicate that the

g

effect of each support level is 2i32 times asz rge in the first half-

year as it is thereafter. Basded on our prior, ‘arguments, . this suggeséﬁg

that the treatments immediately changed the opportunities of some respondents
of the verge of dissolying their marriagegrrsuﬁ the treatments also seem

to have changed ‘the long-range Dpp@rzunicy Zfructuré. The effects of the

support levals during the D 5 za .0 year p riod are pofitive and sig- ‘
k 3 A

nificant (except for the SSEDO support), Ehaugh 14 to 15 percent lower
A | . E“ L

Q f ': o ' ». :EBIJ;L”:




impact of'an income maintenance program should not depend on transitory

I 'S _;' . - e . ' C _ 7'7 !\% P -29

o

* than in the results for the time-independent model. Sincy’the long-range

T w

effects on rates dﬁfing an initial adjustment perigd; the effects of the

‘,'uppa;E+1evélawin—Ehe—9%5~ta—Eféig§§fépériaddshauid—pfcviée—mare—fétfabie

+
%

egtimates of the ultimate effects of iﬂgcm%\mainténaﬁ;g than estimates based

‘on the one-period model.

How Well Does the, ﬁg@gi Fit?

- Markovr-models have a reputation for fitting data poorly. But our
[ o ) .
exteftsions of the Markov model shguld'haveuhglped to improve the ability

of the model to fit the data. ' 80 far we have used 14kelihood ratio tests ., -

to assess the';elgﬁiyg fic bf‘arsééiééf@f nesté& médélég We EéVé;learﬁéd
that égme models Eo'néﬁ iﬁg:ové ﬁ?an Qéhérs. Here ée look at the
absolute fit of Ehe‘ﬁcdeliand éémééré it to a common alternativé.

j Three main questigns’aré in{gived in assessing Qur'dyqamic model:
(1) To Gha; extént do predictions baéeﬁ on our model diffe¥ systematically

J B

from observed values? (2) If there are systematic differences, are these

related to the experimental treatments and so causing us to make

erroneous inferences about experimental effects on a particular outcome?

*(3) As compared to approaches that seek to minimize prediction errors

for a single observable vatiéble, how wéll does our model expléin sample.

variati@n in auzzcméé‘relatedpcc mariﬁa; étabiliﬁy? | )
In answering these quéstiéns we cansider'threa kinds of auﬁg@méé:

the progébiliéy&of being in a given stateA (eig.gisinéle) at any moment, thg

éxp2§zad number of maffiageé éﬁd marital dissolutions in any giventime

iﬁtefval; énd the probability of leaving the original marizal status’ in

some time périgd; Our model implies thag?gaéh of these is a funcﬁiog!afv

marriage, disssolution, and attrition rates, as indicated in Section T,

k=4

.7 32 -



"aga marital dissalutian, and att

“Thug we can use s woman's values of treatments and. ather causal variablés <.

=

and the astimated effects of these variablés to predict her rates of marri=

rition, and then her values of the.differ-

E

O

RIC

Aruitoxt provided by Eic:

“ent outcomes’ liéféd'aBQVE;“

'abservgé;valugs on the ‘outcomes lidted in Table 3.

" of those data either,

‘. observed and predicted variables.

be zero.

small problem, but it has not erased it entirely.

:ﬁéréhaéé ﬁc‘éaqsidérAcﬁése-ogtépmég%é; two ~
arbi;ra:&{timés: vane‘aﬁ& two years after thé.startraf Ehé:egﬁarimenti
For eaéhiﬁéman‘uséd in gur'aﬁsl&éis of trahéi;i@n éétes, we retrieved her

| These, variables were not.
difegtiy used in estimatigg‘ﬁranéitién Pates; of course, théy are not indépenaént

which is the reason for having 4 single model. We alsg_

predicted each woman's values on these outcomes using the estimated effects’
from the one=period models of gemarriage and attrition and the two-period model

of marital dissolution (see Iables(L and 2).

*Table 3 about here
To detect Sysﬁematlﬁ differences between predictlans and observed values .

-

I3

we report the mean rasidual for each outcome, i.e., the mean difference between

We also report the observed mean of each

&

b L . - , P S e .
outcome because the relative size of a systemfatic difference ig-.of some interest

too. -With predictions from a linear regression model, the mean residual would

This need not be the case with predictions from our mod’l.( The re-

sults in Table 3 show that the mean residuals for our predictions are usually

small %é}h-in absoldte’tefmé.(éha largest is .02) aﬁd in relative terms. There
. . ' o

is little 1nd1cat1@n of any overal] pattern to these differences, except for

It is wellikngwn that"no clange in status has tended ‘to be underpfadiczedéin”
1955).

socialagigél=applicaﬁiénsﬂof Markov models (e.g., see Blumen et al.,

Our introduction of p@pulati3ﬁ heterogeneity has made this a comparatively

T
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Small mean,residuals could hide systematic differences

' X I

o,
5

associated with

different tféatmenfs,'whicﬁ‘is clearly undesirable if control-fimancial _

=]

dlfferén E o

an outcome are of interest. To answer the second question, we

N a L S

o

ERIC _
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™

. ‘experimental effects are confined to

~ because it depends

it uses estimates of all four rates of change (r

pérfarmed one=way ANQVA on thg residuals for each autcdmg’

différences in the resiéual vef even approached Statistical@significanéé,

x(Thé Smallast prabsvalua was' greater than}:SQj)

e

-

In addressing Ehe'éhitd_qﬁestiaﬁ,gwa fo éus on a single, common inex pensive

e . . .
a;;ernativ2iélingaf regfessioﬁ analysis. We regréssed each ab3érved tcome

on the pradict;sﬁ from our model; we also regre ssed each af the fgu;teen outcomes

on initiaL marital sﬁatus,‘QEEazmengs, and other causal varila

éi sis of Ehaigfansition rates. For both our model and the

ol
.

&

bles used in our

regression model

we repdrt'R*, thé square of the correlatiom between the observed and‘pfedicted'

fit from

variables. Since we expected a poore

H
[e]

: to minimize errors, we were surprised to find that for ten of

outcomes our model explains more of the sample variation than

regression ,aly 1 Moréover, the advantage of our model in
A = N a C .

tends ba larger Ehan the advamtag of linear regression in

Yo . . .

Though we have copsidered the predictions of our model for se

s

at. two arbitrary times, we have not yet seen how well it predicts the time

.

path of these DutCDmE

rt
=
=
i
[

, conditional-on having not attriﬁéd by time t.

similar to the most important pollcy outcome, because it

‘:J‘

[

B 7'

ur model than from one designed

the fourteen
does linear

these ten cases

the other four.

ral outcomes

us to ‘examine the time
»uﬁmarfiea aﬁzéime
hose this because it is
Duld reveal whether
n initial, brief adjustment period, and
about equally on our asﬁiﬁa;es of marriage, dissolution, and

attrition rates. This choice provides a severe test of our method because
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where N (t) and N

Eigure,zigives observed and éredicgéd curves for Ehié auE;ame\b?
support léVél. Points on the cbserved curvé are given by N (t)/(l N (t))

ilj Va3 (t) are the numbér in treaﬁment i at tlma ‘t who are’

' to aging, secular change, etc.). On the other hand, the observed curves

are calculated as o
1 ’ o T
R 121 g;ji(t)/tlspsjicﬁx); - ' 5

wherg Nj =N (0) +. Vz (0) (the initial number in tr atment j), and Elji(ﬁ)’

"and p3 l(t;) are calculated for each woman 1 enrallad on traatment 3j us ing,

{équatians (28) and (30), respecﬁ;vely Predictions’ aﬁe based on the cngf

perlad models Df remarrlage and attrltion and on the two- period modél of

%
£l

dis alutign, they assume eth waman has her 3551gnad treatment.

*
& .

Figure 2 abaut héfe

W‘ﬂbggﬁ' by canslderlng the observed (squiggly) curves.: First, Egte

- that the perEftlﬂn Df unmarrled women at the start of the experiment

differs gﬁeatly from one treatment to another. These inicial differences

fesult'frém the use of a straﬁlfled randam dEElgn in which mar rital E tus
was a- stratlfxcat, on vatiableg Unmarried women were more likely to be . .7

1

assigned to treatments with a lower support level. Because of this, a

comparision of "p@sgézest" levels is clearly inappropriate.
omg , . prop

Negt,'ﬂatiCé that the observed curve for the control group is relatively

A

flat, suggesting that there are no. important ''matural" time trends (due
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: . : : : . j
for the three support levels show noticeable increases in ghe comditional
pfa§grticﬁ"af unfmarried women after two years (+.039 for the Low support,

el ) . i - - .. A R

< . + 044 far the médiuﬁ;suppgrt,.and +.031 for' the high sgppéft've%sus

+.ODS for thé>cdntrol grbup), Fu:thérmore, the proportion‘of unmarried
wamen amang those on the finanzial trea t' ents rises féiflg steadily

=

'Ehrgughaut the twaéyear period.- This upward trend is, quite apparent for’

‘the 1ow and medium supports. It is less certain for the high support, which has
- R R . 5 . .

the fewest subjects and the most extreme fluctuatioms ‘about. any overall
time trend. There is little evidence that the proportion of unmarried women -
. among those on financifal treatments has reached a plateay within the first two

~ years of the experiment, as we would EYPELE 1£ an equilib rltm was reached dufiﬁg
this ﬁeriod,‘ This Sugg ts Ehatxdynamlc aﬁalysis is fgglly needed to assess
experimental effects accurately. We elaborate on this 1in bect on 1LI1II.

1 =

=

- »

Ncw/let us ccnslder Ehe fit between the (smaoth) curve p edicted by.

-hour modgl aﬂd-the_acﬁual (squiggly) curves. We rely on visual inspection

to compare the ‘two sets of curves. On the whole,.the fit is quite good
c -

except for the high support group, for wh;gh the a Eual curve is natieeably
] . . . b= =
,bélgwlghé predicted curve. Because only 240 w0men ‘are in the high Support

group, a chéngé i%_staﬁﬁs éf a'vary'few womén makes a Sﬂbs;antialxdifference

in the’ Qbserved curve. . Hence the déviations for this gﬂf&

' worrisome than they wauld be for a larae group like the c@ngrals (V-Sé?)

s
Our scrutiny of thégimplicaﬁionsnaf'aur mg&el fo; various égtcgmes

at arbitrary times has revealed né major disadv vantaggs and even some

small advantages. The modelfs-pr%mary advantage is, of éﬂursg; its

ability to predict théifimé nath of a variety of interdepéﬂéént outcomes ! .

o 7 B v ~
reasonably well.
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R T II1 COMPARISON WITH OTHER APPROACHES « . . "

& ! . .=

* . - i y
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L

: " We réturn fiﬁally to aé\issue raised at Ehé outget: ﬁharadvanﬁages of

F

s

> T
thrgughaut this discussion that’ events are’ gene;atad by a Markov proge .

-avent—history analysis relativa to Otth*appfoaChES We contiﬂua to assﬁmé

’ whose transltion rates are logdlinéar ‘functions af ex ogenous vari ,_esv(BE)g

: Obviously any comparison of alﬁernativa approaches depends on the jf

_a%sumptiéns about the pfgéess.geneﬁatiﬁg events. Following COléman'é
(1964, 1958) work ncnetheless, we wish to challenge the st;ll

w1despread view that. substantive assumptlcns Gught ta be dictated by the

form in which, the data are ;allegted, That is, we da not baLleve thaﬁ
sociologists ought tochange their assumptions about thé-underlying process
. 5 ’ ’ ég“ - ,.
(their mcdelg in our termlnclagy) when they Shlft from analyzlng panel daca,

say, to analyzing crossssectisns or evént hlstorles_ In our view, a magor

L4 "'

advantage of fﬂrmulatiﬂg problem in te rms of dyﬁamic stochagtlc models is

that we can use diffarent’daza,stfucﬁures to estimates pafametergggf the

same modalgx This prDv;des a way af un;fylng a varlety of data analytic

. . \
¥ . i

procedures. =y L e . e
We begin ‘with'an extended discussion of graéSssecEional aéalysis because
P 5 ' o L ' C
. ' this has been--and will undoubtedly continue to be--the mainstay of sociological

_ research. .We Eheﬁ contrast event-history analysis with two other strategies
. _ : : : - P
o + . : ) , B :

that use temporal data: vent-count analysis and panel analysiggf‘ggﬁ.

.

p - discussion of each is brief. To the best of our knowledge, event-count
" analysis has not yet 'been developed (let alone applied) gxcegf.fOf the most
elementary kind of Markov model (a Poidgon model) .  So: our ZCﬁﬁﬁﬁtéléﬂyLE‘aEE

intended to encourage the development of this apgroach. On the @gﬁé;fﬁaﬁ&;r

=
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Singgf-aﬂdtSpil ””an (1974 1976) have traated in detail ‘the dif iculties. of

panel analysis ith categarical dependenﬁ variables.. We maiﬁly review these
. - e o

ﬁf%%%ﬁ\x’ ta emphasizg that théy .are elther absent or mugh less sericus w1th evemt—

. - =

hiiggry ana%ysis.

S
i

Craassseztiénal An'lysis . -

- — =

erbss;SEétignal data givé the state that each member of a samﬁle

> occuples at a part laF time t. Ea:lie: we referred to the unconditional
: . . 5 .
probability of be;ng in a state j at time t as the state probability, pj(E), ot
f‘ 7 X = P . X
Given n possible states, there are énly (n-1) unique state probabilities
E 5 L : - : . o - . .

since the'n probabilities must sum tcsunityi "But, in general, there are
‘ Jn(néi).uﬁique'tfansition ratas. Bécausa ﬁ(nﬁl) > (n=1) for n > 1, ic is
F = LoL
immedlateLy DbVlGUS that ;foss Secﬁlonal analy s does not allgw all parametars

" of a model to be‘idgntifiad ugless we can spézify'(ﬁ;ljz of the transition’

ds Drz%fqm a pEinl knowled e, 'With event-

D

: 4 o
" rates, eizher’an théDréElQal{£ ou
F

o hist@ry analy51s we .can astlgé%e all paraméters. So éﬁgﬁt%hisﬁory analysis
is gleafly greférable_to crcssfse;ﬁignal aﬁalysis if we wish to understand .

L s : a, .

B

'péefﬁlfinﬁafmatiOﬂ about ;hé'pracass’gaﬁéfSting events: It is wgfthwhile

" "identifying these conditions. fWe begin by considering the situétfén in which
. thé*praaéss.has Eeam Dperating'a'CDﬁpafativéi§;long tiﬁ%ﬁsgxﬁﬁgi the distribution

of the populatlan across states is in equ l, brium. For éaﬂététenass we again.

sk

=

it ’ . .
e n ;"‘ s E— . 1 i
Ea & . gt B i

, " ,
'*sEart;WithtthE'twpestaté gasg!j_a AR ' o

7 S e _ Lk _ . .
Since the rates, Iy, and . f21; Qénnat be negatiﬁe, the twgastate.ﬁéd

\ [ R

I

implles that the probabllltles af being in each state evantually feach Sgablé,

_soécallad stéaﬂyistate, values:;
o . o .38
EMC = - e '

rorecrosieio enc) = ' X Cret T : N VA
= El = oL . H v . : : Lo - B ik




R . ’ : L "
; . < 360
- v, Sk ' @©,,-0,0% — -
p (o) = —E e S @ TR (45)
oo 127721 Fl2= =21= _ ; o
J— E +, : - 4 ‘-
- - - T . =
& g‘,é - o E
RV (521 12’3 : 46)
P = T T X X /(1 + R X
Tuta - SRR Ik T e
e H i1 " i ’
- h
éf course, individuéis'cantinqe E@iih, nge from one state ta the other Thaﬁ
i = i
i is, t g del implia an equilibrium-probability distributian on the aggregaté
2
o - i _
. level; it néithér'ass umes nor 1mp11§g equiligﬁipm on the individual lavel
»y!. B 3 R i / {ri;.
o F ° F B ’ b )
(8,,-6,,)% § " ) -
. e o 13-§§ * (47)
i 'i : '
év';“}
L =L,k . ) RN O R
K . - ‘ ; ‘ L

i 7 where 112E§,§Qi¢§12! F@r exam@;e, this model implies ﬁhét in the staadyﬁgtaté,

+ the log of the odds of b21ng unmafrieﬁ {razhaf than married)*is lineat in_ﬁ

Equation (48) is the usual for

- Theil, 1969, 1970), and if

ratia Thus, when a papulai on




.

F

Gﬁnalysis Thaugh both pi( )fand pg

L Nc;e that'"ng effe:t" af a variabie

irfevelant ta Ehé prCESS only that it has no ngﬁ;effegﬁ on the Sf%éﬂ?ﬁ

o madel and mult;némlal lagiﬁ énalysis? Uﬁforﬁumataly, the SnéWéf is no. .Thist

can be pfoved by Siﬁgiéfédngi,k
\ : i:;’= T

"attrptes"), they do have a Elnlte fazlo We find Ehat

3

] iim In
% e too

| o
g, | .
™) .

The EQS%ESSlDD Dn the rlght hand side’ 15 qu;te cDmpllcated and substituz

of eq%atioﬂs llLE (36) does nDt

Gcannectian between the general, n-state Markav -

prﬂduce aﬁythlng%resemb;;ng'a laglﬁ mod

lcal;, then .(49) doas sigplify.ca CéS))t

= £ .

[

1

(m) are zero (becausa Evantually EVEIYEnE
. .

Eaptpy (O rpath ] -
£ O Oy 7 2]

5

-

i.e., att%}tlan rates far mar’;gé and unmafrled vome

.’,i' ‘. s
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949899928

> ' (50)

{ o (51)

e Y
(irtHermore,

¢ where Y,, = 8,,-9,.

. (8,46 -8, -0, X :
=32 El —1? =23 = - _ _
e : R 52)

Thé'similari€§.in form of (52) te (47) and (50) means that there are no
clues jn, cross-sectional data to tell-us how to order the states. This
must be‘dana'éﬁ theoretical grzundé——arxelse we must have event-history -

. o A ) . )
‘data, which do permit us to observe what kinds of transitions cam occur.

R

i

But, 1f we do:know the order of_stares in a general birth and death model. cross-

scl,a

4"-'“

effect of a variable on transt
. 1

-

. S0 far we bave considered the situation in which the system is in
i ¥ SR
equilibrium. We have indicated that in Ehéi%ﬁé%dy—staté, therlog of the -
_. : ro ” oo
. odds of beifig in one state rather than another haf\a very 5imple form if
. 5 . . a B 3 ;

states can pe orcered. On thé other hand, if the steady-state has not
been reached, then the laggﬁf the odds of being in “pne state rather than
B i . 'e :

another is a verv complicated function of time, the transition rates, and

‘Fﬂ

the initiai cénditiéns¥;evaﬁ for the very simple two-state tase.‘ This

. : ..
can be seen by forming the ratio of the right-hand sides of equations (26) .

[

and (27). )

y

ERIC L L

s : - v ;

multiﬁémigl logit ana@lysis does let us make conclusions®&bout the net
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to be attacked more than a decade ago. But these criticisms have barely ..

séﬁ'Suppasé we perform cross—-sectionals analysis at two successive time
points and determine that variables have very different effects. We

cannot be c%rtaiﬁ,what to conclude. Has the' underlying process changed--that
is, ‘has theé relationship between variables and transition rates altered? s
Or has the system just moved closer to its ultimate steady-state value?

Without some form of temporal analysis we cannot answer these questions.

; .
they seldom seem to reflect on the likelihood that equilibrium exists or

on the length of time required

following some intervention or

most cases inertia greatly slows the speed with which social:systems reach

-equilibria. We note that the equilibhrium assumption implicit in sociological

theories prominent a few decades ago (e.g., functionalism) began

begun to penetrate socialagical;methcdclcgyi

We will make our discussion of this issue more concrete by referring

“reached within the experimental period. But can we expect

equilibriin’ {s
the steady-state probability distribution of marital status to be approached

during the 3 or 5 years of the experimental period? As social experiments

go, SIME/DIME is long, so it might seem that this would”happeng However,

5

according to the models we$phave discussed, how long it takes to approach a

new steady-state (say, to within .01 of its ultimate value) depends on both
preexperimental and experimeﬁ%al rates of marital status change. Our results
# ‘ .

%
[

imply ‘that SIME/DIME is much too short for the sﬁeadysséaﬁa to hg’approached

during the experimental period.

o o420

£
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- Marriage and dissalutian rates are apptﬁalmataly equal to annual

prababllities Qf fotm;ng and diss'i i g éimarriage, rezpe&gively;Z Among

-SIHE/DIME 8 pa icipants, who hava 1nc@m23 below the U.S5. median, both rates

are séﬁéﬁﬁat higher}than in the overall U.S. population. In the environment

.10 and rzl

If an aggregate-level equilibrium exists at the beginning of the experiment,

e
1]

_ . . o 1
facing th Qontrcl.gfggps r .05 are fairly Eypir‘;al;3

i

1

. the initial probability of béing unmarried is .05/(.10 + .05) = .333. ' This

3

. 1s close to the observed proportion of unmarried women among the control

o

group at the beginaing of SIME/DIME (see Figure 2).

Our analyses reported in Section II indicate that for whites SIME/DfHE
has a negligible effect on marriage rates, but -roughly doubles the dissolution
rate of those on most éfeazmenis. 1f the dissolution rate under income.,
maintenance is twice that of the controls, i.e., f21 = ,10, then according tosy

‘the two-state model the equilibrium probability of being unmarried under

income maintenance is +10/(.10 + .10) = .50. Thus, the model predicts that
under such conditions, the proportion of unmarried women in the population
would eventually increase about 50% above its pfe%iﬁ:@me maintenance

value (from .333 to .500). However, the proportion of unmarried women

would only increase by about .04, or about 13%, in the first two years

(see Figure 2, and by about .09, or about 26%, in the first five years. It

would take ﬁéafly 19 years to be within .0l of the steady-state proportion. If

data on marital status of participants at any point during the 3 to 5 years of

-sectionally, the ultimate effect of income

T
o
i
]
W

gl
I
=]
[
ja
rr
"
—
M
i)
ju]
e
s
e
[
i
b
fe]
It
12
"
m

maintenance will be graatlj underestimated. As we mentioned earlier, the

observed curves for support levels in Figure 2 do not suggest that a plateau
or equilibrium has been reached within the first two years. _ %

=

13
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The only way to decide whether a system is in equilibrium is to
collect data over time and to anaiyze it dynamically-~that is, in a way

that lets us study the time path of change in the phenomenon.

Event-count Analysis

There have been a number of sociological studies that analyze the number of
.times a particular event occurs in some time period. For example, Spilerman (1970
analyzed the number of riots per city during the mid-sixties. We refer to

B

this.type of analysis as event-count analysisib We sﬁspect that a number of
surveys have asked such questions as ""How many times have you been married?"

and "How many times have you been divorced?" However, we are not aware of

any eventeccuﬁtAanalyses in sociology where counts of more than one type of event

are analyzed within a single model.

Given the assumptions of a Markov model we can derive expressions for,
the expected number .of different Eypes of events in #dqme time interval. For

: " example, for the two- and three-state models discussed in" this paper, we

-t 4

derived the expressions given in equatiouns (31). through (35), These

g
=

equations, combined with observed data on the counts of different types of

? events, permit transition rates to be estimated by a nonlinear regression

1

approach. That 1is, we can estimate rates--or the causal effects of variables

on rates--by minimizing the sum over all units of the squared deviation between

tHe observed count ofievenzg for eaﬁh un;trand that predicted by the model.
This approach, whicﬁ we have not yet used, has one inherent limitaﬁi@ﬁ: we

. know of no theorem (comparable to the Gauss=Markov thecremAin linear -
fegfeséion analysis) that estimators obtained in this way will have épczgil
statistical properties==even in an infiniceysample.

ERIC o 44
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Maximum likelihood estimators ‘typically have optimal asymptotic pro?erting

But to perform maximum likelihood estimarion we must know the probability mass

function for the cbunt 6f evapnts. To the best of our knowledge, the expression

for this function has not yet been derived for a general n-state Markov model.
In fact, it is not even clear that such an expression can be written in closed

i N

form for a general n-state model. The probability mass function fo% the number

-

of events can, of course, be written explicitly for certain special cases (e.g., a
Poisson model), but it is mathematically intractable even for the two- and three-

state models used in the illustrations in this paper.

Given these difficulties, it seems obvious that event-history analysis is
preferable to event-count analysis. Nevertheless, event-count analysis deserves

further study. Under some circum

]

tances, event counts either already exist or

are feasible to'c@llect, while event histories or panel data cannot be obtained.

Panel Analysis .
Panel data, which record the states occupied by members of a sample at

a serles of discrete points in time, are the temporal data mést commonly

(9

"available to sociologists. Singer and Spilerman (1974; 1976) have identified

the following problems regarding estimation of tramsition rates in a general
4
N iZ
n-state Markov model from panel data.”

First, sometimes panel data on categorical variabl - cannot be embedded
iﬁi—tha; is, described by-—-a Markov process. Moreover, sampling variability
and measurement error’ can cause panel:daza to be unembeddable even though they
are truly generated by a Markov process. Second, even though the panel

data may be describable by a Markov process, there may not-be a unique matrix

/
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of transition rates that desgriﬁe the data. Furthermore, the different
matfiées tha;ned in the nonunique cases may suggest Sub%tantially different

_quéi;tacive_ggncluéiaﬁs. (See, for example, Singer and Spilerman, 1976, p. 31).
Neither embeddability nor uniqueness is a problem in event—history analysis
begaQSE‘maximum 1ikel%ﬁacd estimators based on such data give unique
estimates of rates--or of causal effects on rates.

Third, Sigger and Spilefman (1976, pp- 44=48} g@te that Emal% changes
' in an observed matrix of transition probabilities (due to sampling

’ . © - L .
variability or measurement error) can sometimes lead to very marked

changes in estimates of transition rates. This is clearly undesirable.

On the other hand, in our experience in analyzing event histories, given a

moderately large sample, fairly substantial errofs in records on the

occurence or timing of events do not qualitatively alter estimated pdtterns
. } s

of causal effects of variables on transition rates. Insensitivicy to

"

sampling and meifyrement error is, .we believe, an ‘important advantage of

event-history analysis. Because sﬁgh errors gre unavoidable, the sensitivity

issue cleﬁ%iy deserves further st@dyséin both panel and event-history
’ b

analysis. _ ;
Fourth, estimation of transition rates from panel data is also sensitive

to the length of the time inmterval between waves of the panel. When the

L

time interval is large, each 'row of the matrix of transition probabilitie

Q _ 46
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ﬁppféaahes Ehevsteady%state prébaﬁility distribution. (See, for example,

equations (8) through (12)). In this situation there are only (n-1) unique

transition probabiliﬁias, rather than n{(n-1). fhis means that the data
v , : Q

contain no more information than cross-sectional data. On the othef hand,

" if the time interval between waves of the panel is very short, almost all’

. . A .
members of the sample will be in their original state. This is not very
informative, either. With event-history analysis the length of the observation
period cannpot be too long. It can be too short—-if no event has cgcuxréd!

However, Tuma and Hannan (1978) have shown that with samples that are m@deﬁ%ﬁe

in size, rates can b stimated well if as few as ten percent of the sample

)
i

have had an event. We have not seen comparable results based on panel analysis,

b

but we suspect that it does not perform as well.

Fifth, we know of no way of estimating parameters in a general n-state

=y

Markov model from panel data when transition rates are functions of exogenous

variables, as 1

7]

almost always the case in problems of interest to soclolo-

M

il work on estimating

gists. Singér and Spilerman (1974) have reported som

parameters from panel data generated by a mixture of Markov processes, when the

mixture is described by some specified probability distribution. This work

~

is helpful, but it still dDES\Qgt permit causal inferences to be made. As
we have shown, causal rélationships are easily studied with event-history
analysis.

A sixth problem with panel analysis concerns the ability to study

to present a very difficult problem for panel analysis. As we have indicated,

various kinds of time-dependence can readily be-investigated through event-

history analysis.

47
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Cénclus;%ps l

Our cqnélusi@ns are very éimple. Event histories
-opportunities for answering fundamental sociological questions. We

- histories when data are gene

r

rated by a well-_
-
‘behaved stochastic™process. ' The procedures we have outlined permit analysis
of causal effec;s on the rates at which events occur and_of tlme dependence

in such Fates.' These procedures are simple to implement, and in our efipirical

application they yield good predictions about a variety of observable variables.

5
¥

Event-history analysis offers substantial advanta ages over other

approaches to ‘the study of causal effects’on changes in:qualitative variables:

[e]
js!
i)
l_l
ot
.

s no more difficult to 'obtain information :’

an EhE:Elm ing of events than the count of

i)

s W

D

event urge that sociologists

begin ‘¥lléct and analyze such data. =
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3
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2 , . . ; .
A simultaneous- linear equations model might appear to be one alternative.
However, the same exogenous variables appear in every equation, leading to

underidentification of the structdral parameters.

BFOE a more thorough discussion, see Cag/énd Miller, 1965; Feller, 1968;

F

7 7 ) Do
Karlin and Taylor, 1975; or any other standard text on stochastic processes.

e ¥,
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aﬁathematlcally these assumptions can be expressed as:

< p.. y < : : . N
0 =< pjk(ugz) <1 3

EEquaEians (8) through (12) do not apply to a general three-state model,

sf - | i - -~ =1
i.e., one in which Ty and T3,

As meationed by an anonymous referee, we could have chosen to model
LY ) .

are greater than zero.

ESE

b=

r. and m,, (2 r, /r.) rather than r,, as functions of exogenous variables.
3 jk kg jk = )

-

The choice involves a decision about the substantive nature of the process;
it is not just a methodological issue. The 'approach suggested by the

referee, which has also been advocated by Tuma (1976) and by Singer and .

=

eave the current
éé&

example used in this paper, it seems reasonable tc think that the decision

Spilérmaﬂ (1974), ié appropriate when the decision to

ntial. In the

L]
o

state and the choice of a destination are separate or

A

to leave'a state and the choice of a destination are not separate; therefore,
we have not adopted this other approach. For other socilal processes it may,
]

separately. The metho

[s¥
o
I

indeed, be preferable to model r, and mjk
J

estimation and accompanying soft-ware described below can readily be used*g

S o ¥, S . ; e . s
to estimate rj = e~ from data on the dates of entering and leaving state j.

7 A FORTRAN computer program called RATE has been developed to find the
maximum likelihood estimates of parameters in Equations (38), (37), and

(43), among others. Written dotumentation, test data and test output are

also available. For information, write the first author.
5 = = - Rt *




_gThe same problem ar;éés'iﬁ regression analysis when dummy
are used to ;epfés%mt a éategarigai variable. One za;egéfygﬁgééﬁ ) i
omitted to achiéﬁéfidentiﬁicaiian;.;he one :hQSE;.gffEQﬁS the interpre-
tation of z@effigieﬁts of the included dummy variables but does not ) :§f~

k]

a ffect predictions of the dependent vafia:le R
& : ‘ o

10Th§ fateiéf the control group may vary-avgf time because of aging, secular

y trends, .tc. ’
¢ g .

) ¥ ‘ : .

Althqggh these papers do not explicity mention attrition as a third

' §

state, the actual estimation procedures were the same as those reported
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ity of a change in marital status

before t is 1 - EKP[—fjkE]; (See esquation (17)). By a Taylor expansion
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1, the probability

! of a change is approximately fjk.
o a
. These numbers are obtained by rounding off the crude proportion of coWtrols
- who marry (if inicﬂglly unmarried) or end their marriage CLf;iﬂigially
. @ K St

. married) in the first year of the experiment.

T 14

Some of these problems do not arise in c@
the first, second and fifth problems ment;

two-state model.
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the possibility that effects of income maintenance treétment on the rate

to eliminate

&

5, NEt
i

marital dissélutianrwere due to attrition bias. Our unpublished Monte

Carlo studies show that random error in the timing of events has surpris-

R 1 v , :
ingly small effects on, the''quality of maximum likelihood estimators of
X - Ty oy
: . ! ta o , )
rdtds obtained from event history analysis:i’ Ca
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Table I* Effects of - Vafiable on Rates of Marital a&atus Change and Attritidn af White WDmen
TimL=Indepeﬁdent Madel 1 . ; ']
. ol s ~ Attrition of Marital . Attrition of
fon  ; Married Women  Formation Unmarried Women
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