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Summary

We e tend the proportional hazards model to a t o level model ith a random
inter ept term and random oe ients. The parameters in the multilevel model are
estimated by a ombination o M and e ton-Raphson algorithms. ven or sam-
ples o 50 groups, this method produ es estimators o the ed e e ts oe ients
that are appro imately unbiased and normally distributed. T o di erent methods,
observed in ormation and pro le likelihood in ormation, ill be used to estimate the
standard errors. This ork is motivated by the goal o understanding the deter-
minants o ontra eptive use among epalese omen in the hit an alley Family
Study A inn, Barber, and himire, 199 . We utilize a t o-level hazard model to
e amine ho edu ation and a ess to edu ation or hildren ovary ith the initiation

o permanent ontra eptive use.
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multilevel M algorithm semi-parametri likelihood pro le likelihood




ntrod tion

rouped data o ursin a ide variety o appli ations, or e ample, in smoking essa-
tion trials here individuals are in support groups, in edu ational trials here hildren
are grouped into s hools, in ommunity based studies here individuals are grouped
into neighborhoods and in geneti studies in hi h individuals are grouped into am-
ilies. In many o these same appli ations the response is the time until an event, su h
as the time until relapse, the time until mari uana use initiation, time until use o
permanent methods o ontra eption or time until appearan e o a disease. onse-

uently, there has been onsiderable interest in survival analysis models or grouped
or multilevel data or e ample, see layton, 19 8 akes, 1982 M il hrist and
Aisbett, 1991 ashin, aupel, and Ia hine, 1995 Sastry, 199 Sinha and ey, 199

aida and u, 2000 . Statisti ians have re ognized that t o individuals ithin the
same group ill have responses hi h are more similar than t o individuals in t o
di erent groups. This in reased similarity in responses may be on eptualized as due
to a shared group level ovariate ret, eeu , and Aiken, 1994 .

For e ample, in the hit an alley Family Study FS , neighborhoods o
omen are sampled in hit an alley, epal A inn, Barber, and himire, 199
A inn and Barber, 2001 . A primary goal o this study is to understand the determi-
nants o hanging ertility patterns. parti ular interest is the asso iation bet een
a oman s s hooling and the timing, relative to the birth o their rst hild, o initia-
tion o a permanent method o ontra eption. Some omen initiate ontra eptive use
ui kly, averting potential births, hile others initiate use late, a ter bearing many
hildren. du ation is e pe ted to in rease the opportunity osts o hildbearing,

motivating more rapid initiation o ontra eptive use. The multiple links bet een the



spread o edu ation and ontra eptive behavior, in luding both neighborhood level
e e ts o s hools and individual level e e ts o s hooling, motivate multi-level models
o the variation in ontra eptive use timing A inn, 1993 A inn and Barber, 2001 .
Additionally, although resear h has made great advan es in the measurement o all
neighborhood in ormation that may orrelate ith the timing o initiation o perma-
nent ontra eptive use A inn, Barber, and himire, 199 it is lear that omen in
the same neighborhood are likely to have more similar timing patterns than omen
a ross neighborhoods.

To allo dependen y o response times ithin a group, shared railty models ere
developed layton and wuzi k, 1985 aupel, Manton, and Stallard, 19 9  akes,
1989  uo and Rodriguez, 1992  lein, 1992 . The shared railty model is a multilevel
e tension o the proportional hazards model o , 19 2  hereby a railty random
inter ept term, hi h varies rom group to group, is introdu ed in the regression
model. In e e t, di erent groups e perien e the event at proportionately di erent
baseline rates. In the shared railty model, ithin group omparisons o hazard rates
at di erent levels o an individual level ovariate must be the same a ross groups. In
the F'S, resear hers hypothesized that omen ho have re eived ormal edu ation
initiated a permanent method o ontra eption at a higher rate than omen ithout
ormal edu ation A inn and Barber, 2001 . Furthermore, it is plausible that in some
neighborhoods there may be little di eren e in initiation rates bet een omen o
di erent edu ation levels and in other neighborhoods omen o di erent edu ational
levels may vary greatly in their initiation rate. Thus to onsider this type o uestion,

e e tend the shared railty model to allo or random oe ients.

This paper ill dis uss a t o level proportional hazards model that in orporates



random variability in the baseline rate and random oe ients or an individual
level ovariate. e t, e derive the likelihood and elu idate the assumptions behind
the likelihood. Parameter estimates ill be based on ma imum likelihood using a
ombination o the M algorithm and e ton-Raphson. Standard errors ill be
estimated using t o di erent methods, observed in ormation and pro le likelihood
in ormation. A simulation study ill ollo to empiri ally demonstrate properties o
the model. The FS data ill be used to illustrate the appli ability o this t o
level hazard model. astly, advantages, disadvantages and areas in need o urther

resear h 1ill be dis ussed.

Two level azard odel

We ormulate a t o level hazard model or ontinuous event time data this model

ill allo a non-parametri spe i ation o the baseline hazard un tion. First, the
hazard model ill be developed and then the likelihood ill be given along ith a
statement o assumptions. Finally, estimation pro edures or point estimates and

standard errors ill be presented.

et be the event time or the th individual 1 nested in the
th group 1 here the event times are measured ith enough pre ision
to assume there are no ties. Furthermore, let denote a ve tor o group level
ovariates at time |, denote a -dimensional ve tor o individual level ovariates
at time and 1 denote 1 dimensional ve tor o unobserved group
level random e e ts. For a study o duration , on ea h individual e observe



the minimum o the event time, , and the ensoring time, , and an indi ator
, here 11 and 0 other ise. Thus, or group , e observe
0 1 0 and the

groups are assumed to be a random sample rom the population.
ote that the above is assumed to be measured up to time . In this paper
e onsider only group level ovariates s that are measured independently o the
sampled members o the group. Thus, the group level ovariate e ists independently
rom the individuals o the group and although s values ill not be used a ter the
last person in the group e perien es the event or is ensored, the group values do

e ist.

To a ilitate the analysis in Se tion 4 o the timing o initiation o a perma-
nent method o ontra eption in the FS data, e re uire that the hazard model
in orporates the ollo ing multilevel eatures. First, the hazard model should allo
stati and time-varying ovariates on both the individual and group level. Addition-
ally, the model should a ommodate intera tions bet een the individual and group
level ovariates. Se ond, the hazard model should allo the e e t o individual level

ovariates to vary bet een groups. Third, the baseline hazard rates should be per-
mitted to vary bet een the groups. Finally, i there is no systemati variation in
the hazard rates bet een the groups a ter a ounting or the observed ovariates, the

model should redu e to o s proportional hazard model.

We assume a proportional hazards model or  given



here is the baseline hazard un tion. Sin e the above hazard is onditional
on the random e e ts, the oe ients re e t a omparison o responses ithin
the same or identi al groups. The varian e o measures the heterogeneity o the
baseline rate bet een the groups. The varian e 0 | measures the heterogeneity in
the oe ient o the individual level ovariates bet een the groups. We assume
that the marginal distribution o the random e e ts is multivariate normal ith mean
zero and arbitrary ovarian e matri . [ is 0, then the responses o individuals
ithin a group are independent and this model redu es to the proportional hazards
model. We use normally distributed random e e ts or t o reasons. The normal
distribution amily is losed under linear ombinations and mat hes our vie that
une plained variation in hazard rates bet een groups is due to a large number o
unobserved group level ovariates.
In addition to the shared railty model, other multilevel survival models in lude
edeker and ibbons 1996 development o a multilevel hazard model or interval-
time survival data and Barber, et al. 2000 development o a multilevel hazard
model or dis rete time survival data. ashin, et al. 1995 developed a orrelated
railty model to study the role o geneti s versus environmental a tors in in uen ing
individual mortality. Sastry 199 developed a three-level shared railty model to
study the mortality o hildren in Brazil. ilks, et al. 1993 , Sinha and ey 199 ,
usta son 199 and Sargent 1998 have taken a Bayesian approa h to modeling
grouped survival data.
aida and u 2000 also onsider the proportional hazards model ith random

e e ts in the hazard un tion



here is the group and individual level ovariates and is the ovariate ve tor
or the randome e ts, . Therearet o main di eren es bet een the hazard models
in 1 and 2 . First, in our hazard model 1 , 1 , hile aidaand us
model allo s or a more general random e e ts stru ture. Se ond, our model allo s
time varying ovariates on both the individual and group level ovariates. As in our
model, the ve tor o random e e ts, ,in 2 is assumed to ollo a multivariate
normal distribution ith mean zero and unkno n ovarian e matri . aida and

u use an M algorithm ith M M integration in the -step to estimate the
parameters and they use ouis ormula to obtain the observed in ormation matri

ouis 1982 . ur paper provides an alternative pro edure or point estimation and

omputing standard errors and makes the underlying assumptions e pli it.

We ollo the likelihood derivation o  ielsen et al. 1992 to provide a partial
likelihood or the parameters, the ede e ts, ovarian e matri o
random e e ts , and the umulative baseline hazard un tion . The
likelihood derivation and assumptions an be made rigorous by using ounting pro ess
terminology Aalen, 19 6 and the methods developed by Andersen et al. 1993 and
Ar asand aara 1984 . ur primary purpose is to provide an intuitive e planation o
the assumptions hi h are made in addition to lassi al survival analysis assumptions.

We begin by onsidering one group only. To keep the notation simple, omit the
subs ript , denoting group. Also let  denote the observed minimum o the event
and ensoring time or an individual, . Thus, the observations or a group

are 0 1 0 ma



First, e make a onditional independen e assumption. et
0 1 0 ma here
is one i the event is true and zero other ise. This onditional independen e
assumption may be e pressed in terms o onditional probabilities given . We

assume that orea h |,

3
or small and here ep 1 as in
the previous se tion. Thus, onditional on , the hazard o remains the same

hether or not e in lude in ormation on the other sub e ts in the group up to time
. This assumption is the analog to the onditional independen e assumption made
in multilevel linear and nonlinear models, that is, given the random e e ts, responses
ithin a group are assumed independent or e ample, see the onditional likelihoods
in Rodriguez and oldman, 1995, e . or edeker and ibbons 1994, e . 2
ote that our parameterization o involves only the th individuals ovariates
and not the ovariates o other individuals in the group. Thus, i e believe that
individual s ovariate, given by , is predi tive o the th individual s response
then needs to be in luded in the th individual s ovariate ve tor.
Follo ing the likelihood derivation given by ielsen et al. 1992 or shared railty

model, e assume

3 onditional on , ensoring is independent,
4  onditional on , ensoring is nonin ormative o and
5 onditional on , the ovariates are nonin ormative o



These three assumptions plus the onditional independen e assumption 3 and

the onditional proportional hazards assumption 1 imply that the group s ontri-

bution to a partial likelihood or is
ep
1
1
9 12 1265 —p Ir
2
To orm the partial likelihood or the groups e subs ript by to denote

the ontribution by group and multiply a ross groups to get,

1

Assumption 3 , independent ensoring, is ommonly made in the estimation o
single level hazard models and has been dis ussed by many authors alb eis h and
Prenti e, 1980 Andersen et al., 1988 iang, Sel, and hang, 1993 . To e tend
this ork to the multilevel setting e make the additional assumptions 4 and 5 .
Assumptions 4 and 5 are surprisingly stringent. They on ern the onditional
distribution given the past o the ensoring pro ess and the ovariate pro ess respe -
tively. To illustrate the stringent nature o these assumptions, e o us on assump-
tion 5. 1 all o the ovariates are time independent then assumption 5 is simply
that the ovariates are independent o . Marginal independen e bet een the o-
variates and the random e e ts is ommonly made in multilevel analyses Bryk and

Raudenbush, 1992 uo and Rodriguez, 1992 edeker and ibbons, 1996 . e ne

to be but ad usting or the loss o in ormation due to ensoring, that is
0
1 0 ma . Suppose all time dependent ovariates are



e ogenous in the sense that the onditional proportional hazards assumption, ondi-
tional independen e assumption and assumptions 3 and 4 ontinue to hold even
i e in lude the entire history o the ovariate over the interval 0 in
Then as be ore, assumption 5 is simply that the ovariates are marginally indepen-
dent o e have in luded the entire history o the ovariate over the interval 0
in

Assumption 5 is most stringent hen the time dependent ovariates do not
satis y the above e ogeniety onditions or e ample, marginal independen e o
and  does not imply that assumption 5 is satis ed. This is be ause assumption
5 re uires onditional independen e o and given past observations on
In order to ensure that 5 is a reasonable assumption, e should try to in lude all
ommon orrelates o both the s and the ovariates in our model and similarly
in order to ensure that 4 is a reasonable assumption, e should try to in lude all
ommon orrelates o both the s and the ensoring times. In the appendi e
illustrate ho marginal independen e 0 and  is insu ient or assumption 5

to hold.

To estimate the parameters, e ma imize an empiri al version o the partial likelihood
asin ielsen et al. 1992 and Murphy and van der aart 2000 . We repla e the
terms by umps in the umulative hazard, . The empiri al

version o the partial likelihood is then,
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here , and 1 . We illma imize
4 over all non-de reasing , all positive de nite and real valued ve tors  and
. For any ed value o the above partial likelihood ill be ma imized or

, a non-de reasing un tion in  ith positive umps at the observed event times.

The partial likelihood 4 is ma imized over by using a ombination

o M empster, aird, and Rubin, 19 and e ton-Raphson. By using both
M and e ton-Raphson methods, the eaknesses o either algorithm are greatly

diminished. We use the M algorithm to rst move lose to a ma imum and then
s it h to e ton-Raphson to take advantage o its ui ker onvergen e rate. In
general, ma imizing 3 by M re uires the estimation o the onditional e pe tations
and here is the urrent estimates o . We

estimate these integrals using a 13 point auss- ermite uadrature. aida and u
2000 also use the M algorithm but instead o using a auss- ermite uadrature
they use M M to appro imate the integrals. n e the e pe tations are ormed, the
M-step or  ollo s the usual log partial likelihood in the o model ith kno n

o sets and is estimated by

Standard errors an be estimated by at least t o di erent methods, observed in or-

mation and pro le likelihood in ormation. The estimated observed in ormation is the

11



negative o the essian matri |,

obs log

here . This matri is used by the e ton-Raphson algorithm or pa-
rameter estimation. The asymptoti ovarian e matri is then obtained by inverting

obs: Sin e the dimension o the observed in ormation matri is greater than the
number o observed events in the data, it an be uite large.

An alternative method to estimate the standard errors is to use the observed pro le
likelihood in ormation as in Murphy and van der aart 1996 . A pro le likelihood
or is

Prlik ma log
This is treating  and as nuisan e parameters ith respe t toin eren e on erning

. An estimator o the asymptoti ovarian e matri o  is obtained by inverting

the observed pro le in ormation matri ,

pro Prlik

In a similar ashion e an orm a pro le likelihood or ea h omponent in  and
then use the observed pro le in ormation matri to orm estimators o the asymptoti
varian e or the estimators o the omponents in . Pate eld 19  has sho n that
the standard errors based on the ull likelihood and the pro le likelihood are e uivalent
or the redu ed parameter spa e in parametri models. Although the pro le likelihood
method does not have an e pli it e pression, e appro imate the se ond derivative
through a ombined or ard and ba k ard nite di eren e Murphy and van der

aart, 1996 .

12



The ma imum likelihood estimates and their standard errors rom either the
pro le likelihood in ormation or the observed in ormation an be used to reate z-
statisti s. In the ne t se tion, e assess ho  ell the distribution o the z-statisti s

an be appro imated by a normal distribution.

1 lations

In this se tion, a simulation study is used to assess the per orman e o the point
estimators and standard errors. Be ause the primary use o the estimated standard
errors is to onstru t a z-statisti or on den e interval, the a ura y o the standard
errors is assessed indire tly by the e amining the overage level o on den e intervals
based on the estimated standard errors. All o the simulations use the hazard model
ep 1 here is a single individual level stati
ovariate. We onsider parameter values that lead not only to nonproportionality but
also rossing o the marginal hazard rates.
a h simulation onsists o 1000 generated datasets o 50 groups, ith ea h group
having uni ormly random 4-10 sub e ts. We onsider t o ovariate distributions, a
Bernoulli .5 and a ske ed distribution 1 here ponential 1 . The

ailure time distribution is a Weibull,

€ep
We use t o values o 1 at baseline hazard, 1 or 1.5 in reasing
baseline hazard, . For ea h group, the values or the random e e ts are
dra n rom a bivariate ormal 0, . The varian e- ovarian e matri , , ill have

e ual entries on the diagonal. T o ensoring levels, 10 and 20 are onsidered. The

13



event times are ensored at the 90 or 80 per entile o the event times distribution
onditional on the ovariate.

Table 1 gives the parameters values or all si representative simulations. For ea h

o the 1000 simulated datasets, 95 on den e intervals ere reated or ea h pa-

rameter using the pro le likelihood in ormation standard errors. The mean, empiri al

95 on den e interval and overage probability are listed in Table 2.

Insert Table 1. about here

Simulations 1-4 represent a variety o situationsin hi h e e pe t the point esti-
mates and estimated standard errors to per orm ell. Sin e ea h simulation onsists
o 1000 datasets, ee pe t the overage per entages to be bet een 93.6 and 96.4

nly simulation 4 yields a overage per ent or that alls outside o this interval.
In this ase in reasing the sample size to 100 yields a overage per ent alling in the
interval. Sin e all o the 50-group simulations had a overage slightly less than 95
and the point estimators appear to be unbiased, this may be an indi ation that in
small samples the pro le likelihood in ormation slightly underestimates the standard
error or . In all our simulations, the standard deviations o the random e e ts are
underestimated. The do n ard bias as typi ally larger or the random oe ient
than the random inter ept. This bias an be e pe ted be ause the estimators do not
take into a ount the loss in degrees o reedom rom the estimation o Fahrmeir

and Tutz, 1994, hapter

Insert Table 2. about here

For simulations 5 and 6, the assumptions behind the model are violated and thus

e amine the robustness o the model. In simulation 5, , the varian e matri

14



or the random e e ts is on the boundary o the parameter spa e, and thus e do
not e pe t the point estimates and estimated standard errors to behave ell. In
simulation 6, the setup is again identi al to simulation 1 e ept that the random
e e ts are generated rom independent demeaned gamma distribution 1, here
has mean 1 and varian e .182 . Simulation 5 sho ed the most problems, hi h
as to be e pe ted. o ever, the estimator o had only a slight positive bias
and the appro imate 95 on den e intervals per ormed ell. Unlike the negative
bias e hibited by the estimated standard deviations in simulations 1-4 and 6, the
estimated standard deviations are positively biased in simulation 5. This positive
bias is e pe ted be ause the estimation algorithm or es the parameter estimates to
stay ithin the interior o the parameter spa e. With the e eption o the ovarian e
term, the point estimates and estimated standard errors per ormed ell in simulation
6, even hen the random e e ts distribution as misspe i ed.

In Table 3, a omparison bet een the t o standard error estimation methods,
pro le likelihood in ormation and observed in ormation, is made. We o us on the
estimated standard errors or and ompare the overage o the 95 normal theory

on den e intervals. The t o methods have nearly identi al overage properties,
ho ever, in some o the datasets here the parameter estimates or the ovarian e
matri o therandome e ts ereonthe boundary o the parameter spa e, the essian

matri  as not positive de nite.

Insert Table 3. about here
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itwan alle a 1l t d

The hit an alley Family Study FS as designed to measure dynami hanges
in so ioe onomi onte t rom asampleo 1 1 neighborhoodsin South- entral epal,
and to link these hanges to individual level li e histories or the purpose o e plaining
marriage timing, hildbearing, and ontra eptive use A inn, et al., 199 . eighbor-
hoods are de ned as lusters o ve to teen households, hi h ts the settlement
pattern in hit an A inn, et al., 199 . The retrospe tive histories o hange in
ea h neighborhood ere olle ted ith the aid o the eighborhood istory alen-
dar method A inn, et al., 199 . In ea h sampled neighborhood, FS intervie ed
every resident aged 15 to 59. Residents ere asked to provide omplete li e histories
o hildbearing, ontra eptive use, edu ation and related behaviors. Building on on
the ie istory alendar method Freedman et al., 1988 , the investigators devel-
oped an advan ed orm o the li e history alendar, in luding memory ues rom the
neighborhood history data A inn, Pear e, and himire, 1999 .

A entral aim o the FS as the e amination o the timing o initiation o
permanent ontra eptive use. The vast ma ority o ontra eption in epal is used
or stopping hildbearing rather than spa ing births. For the purposes o this e -
ample, e onsider initiation o the use o IU , orplant, and depo-provera to be
permanent methods see A inn and Barber, 2001 or a more omplete list and dis us-
sion . Be ause permanent ontra eptive use among omen ho have no hildren is
e tremely rare in this setting, e ill only estimate rates o initiation o permanent
ontra eptive use or omen ho have given birth to at least one hild. The time
o rst use o a permanent method o ontra eption is measured in months rom the

birtho a omans rst hild. I a oman had not used ontra eptives at the time o
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the intervie , then the ensoring time as measured in months rom the birth o the
oman s rst hild to the intervie
We use this study to illustrate the use ulness o the proposed methodology. More
omplete multilevel analyses an be ound in A inn and Barber 2001 and A inn
and abiku 2001 . Be ause this parti ular substantive appli ation is designed as an
illustration o the multilevel model, e do not provide a omprehensive e amination
o other potential methodologi al issues relevant to the substantive sub e t, su h as
problems o retrospe tive re all see iamond, M onald, and Shah, 1986 or bias
due to di erential death rates.
A ess to s hooling or hildren, the level o edu ation o the oman and birth
ohort are among the a tors that may predi t the rate at hi h omen start to use

ontra eptives. The main hypotheses that ill be tested here are

hyp hesis o omen ith some ormal edu ation have a higher rate o initiating
a permanent method o ontra eption ompared to unedu ated omen ithin

their neighborhood

hyp hesis oes the e e t o omens edu ation on the time o initiation o a

permanent method o ontra eption vary a ross the neighborhoods

hyp hesis o omen ho are lo ated in neighborhoods loser to s hools have
a higher rate o initiating a permanent method o ontra eption ompared to

omen in neighborhoods urther a ay rom s hools

We onsidered a sample o 81 neighborhoods, all ithin 9. miles o the arayang-
hat, the ma or to n in hit an valley. Within the neighborhoods, e onsidered all

omen bet een the ages o 25-44 born bet een 1952-19 1 at the time o the 1996 in-



tervie ,ea h o hom had given birth to at least one hild. This sample is omposed
o 488 ever-married omen ith a range o 1 to 15 omen per neighborhood.
In the simple model belo e use three ovariates. The indi ator RT is
e ual to one or the older omen, ho ere bet een the ages o 35-44 during the
intervie  born bet een 1952-1961 , and e ual to zero or the younger omen born
bet een 1962-19 1 . I the oman had any ormal edu ation prior to the birth o her
rst hild then the indi ator or edu ation, U, e ualed one. In the older ohort o
omen, 55 out o 196 28.1  had re eived any ormal edu ation prior to the birth o
their rst hild. For the younger ohort o omen, 160 outo 292 54.8 had re eived
any ormal edu ation. To measure a ess to edu ational opportunities or hildren,
the indi ator IST-S as e ual toonei i there asas hool ithin a5 minute
alk o the neighborhood and zero other ise. The distan e to nearest s hool is a
time-varying ovariate at the neighborhood level. Prior to the 1950s, publi s hools
ere e tremely rare in the hit an valley area, but sin e, there has been a dramati
in rease in the number o s hools, thus in reasing the edu ational opportunities or
hildren.
Assumptions 3 and 4 rom Se tion 2.2 are trivially satis ed as ensoring o -
urs at the number o months orresponding to the length o time rom the birth o
the omans rst hild to the time o the intervie . onsider assumption 5 . The
only time dependent ovariate, distan e to nearest s hool, is a neighborhood level
variable. Sin e de isions on erning s hool pla ement ere made by the entral gov-
ernment, e believe that this ovariate is e ogenous in the sense that the distan e
rom a neighborhood to a s hool is independent o past a tions by omen in the

neighborhood. Thus on eptually e may in lude the entire history o the distan e-
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to-nearest s hool ovariate in , i.e., in terms o orming the likelihood e
treat distan e to nearest s hool as a time independent ovariate. So assumption b5
redu es to assuming that the random e e t is marginally independent o all o the
ovariates.

In order to address the three hypotheses, e t the ollo ing hazard model

€ep 1 1 U 2 RT

3 U- RT IST-S

The parameter estimates and standard errors are presented in Table 4. All o the

ovariates ere signi ant in the model. From the model and Table 4, e an address
the three main hypotheses or this analysis. Sin e the intera tion bet een birth ohort
and the omans edu ation as signi ant, e must address hypothesis 1 or ea h

ohort separately. In the younger ohort, the omen ith some ormal edu ation

prior to the birth o their rst hild had a hazard rate 1 8 times higher
than omen ithout any edu ation p-value .0001 . o ever, or the older ohort
o omen, the hazard rate as ' 109 S. . 4 3 .059, p-value

.1231 times higher than the older omen ithout any ormal edu ation, but this as
not a signi ant di eren e. For a more omplete dis ussion, in luding onsideration
o the availability o ontra eptive methods, and the relation bet een edu ation and
the use o permanent ontra eptives see A inn and Barber 2001 .

The varian e or the random oe ient ; , or omens edu ation, used to
test the se ond hypothesis, is nonsigni ant p-value .2005 , providing eviden e that
the ovariation o edu ation ith initiation o a method o permanent ontra eption
is onstant a ross neighborhoods. From the third hypothesis, omen ho lived in

neighborhoods ith s hools nearby, ithin a 5 minute alk, had a 21 higher hazard

19



rate 13 121 or initiation than omen in neighborhoods that did not
have a s hool nearby p-value .0001 . In addition to the main hypotheses, the model
also gives urther insight into the data. The varian e o the baseline hazard rate
bet een the neighborhoods, ar ,is signi ant p-value .0001 . We ill dis uss
redibility o these in eren es, in parti ular the redibility o the estimated standard

errors, using pro le likelihood sur a e plots.

Insert Table 4. about here

amining the pro le likelihood sur a e or a pair o parameters ansho ho ell

the normal theory -tests are orking. I the normality appro imation holds, then
the ontours o the pro le likelihood sur a e ill be ellipti al. The pro le likelihood
sura e plot or | o, thee ets o omans edu ation and ohort, is sho n in
Figure 1. The ontours represent t i e the di eren e in pro le likelihood value rom
the ma imum likelihood. The ellipti al shape o the ontour lines indi ate that the
standard errors should ork ell,i.e. the 95 on den eset or | o is uadrati .
The pro le likelihood sur a e plot or std.dev ,std.dev | is sho n in Figure
2. In this plot, the ontour lines do not have the ni e ellipti al shapes as be ore.
ie ing the plot rom the a is, it is lear that the wuadrati appro imation o
the likelihood does not hold or estimation o the standard deviation o the random
oe ient ho ever vie ing the plot rom the a is, e see that the sura e o
the pro led likelihood does appear uadrati in the standard error o the random
inter ept. ertainly some skepti ism is in order in interpreting the p-values or the

varian e omponents.

Insert Figures 1. and 2. about here
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1S ssion

The t o level proportional hazards model allo s or heterogeneity bet een groups
as ell as or e e ts o individual level ovariates to vary by group, i.e. random
oe ients. The ede e tsrepresent omparisons o individuals ithin the same or
highly similar groups, rather than a omparison bet een individuals rom a variety
o neighborhoods. In ontrast to the railty model, this model allo s us to e amine
the level o ovariation bet een a sub e t level ovariate su h as oman s edu ation
and neighborhood. A ombination o M and e ton-Raphson algorithms are used
to obtain parameter estimates. Standard errors may be estimated using the observed
in ormation or a nite di eren e o the pro le likelihood.

When the ede e t, ,iso primarys ienti interest, the simulationsin Se tion
3 provide eviden e or the use ulness o this model and estimation method, or datasets
as small as 50 groups. The estimators and standard errors or the varian e omponents
need improvement, espe ially the estimator o the ovarian e term. It is easy to see
ho the model an be e tended to a ommodate any number o random oe ients
and more ompli ated random e e ts design. o ever, omputational issues in point
estimation and standard errors must be are ully onsidered. The development o
methods other than the traditional M and e ton-Raphson are needed or these
high dimensional ma imization problems. Alternatives in lude both aida and us
2000 useo M M integration and Raudenbush, ang, and ose s 2000 use o a
multivariate apla e appro imation to the likelihood un tion. Further, asymptoti
theory or the estimators in this model still needs to be developed. Finally, ormal
testing o the varian e o the random e e ts being e ual to zero needs to be e plored,

as this is o ten an important resear h hypothesis.
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Appen ix ample or Assumption 5

The ollo ing e ample illustrates ho and  may be marginally independent
yet given observation on , and are dependent. There is no ensoring. The
ovariate, is identi ally zero  ith probability one or and is dis rete

valued therea ter. Furthermore, suppose that there is an unobserved binary ommon

orrelate, say , o both and . The oint density o
evaluated at an be ritten as,
1
here is the density o . To be on rete, let 0 1 12,
1 2 2 and 0 2 Ttis

easy to see that is marginally independent o  and is marginally independent
o the randome e t, . The hazard model onstrains the orm o
in this ase and

spe i es that is a normal distribution the other assumptions impose no urther

onstraints. Be ause both and are auseso , e ane petthat and are
orrelated given . That is,
12 2
O -
depends on . o ever isalso orrelated ith . Thus e ane pet
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that and are orrelated given . That is,

12 2 0
122 2 1
ill generally depend on . In this ase assumption 5 ill be violated.
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Table 1 Simulated datasets

Sim. ensor azard ar. OIT. ovariate
0. Rate Shape R. .
1 1 10 at 182 Bernoulli
2 1 10 at 1 0 Bernoulli
3 25 20 in reasing .4112 .5 Bernoulli
4 1-25 20 in reasing .4112 -5 ponential
5 1 10 at 0 0 Bernoulli
6 1 10 at 182 0 Bernoulli

Parameter values or the simulation study. In simulation 6, the random e e ts ome

rom a demeaned amma distribution rather than a normal distribution. Simulation 2

has onverging hazard un tions. Simulations 3 and 4 have rossing hazard un tions.



Table 2 Simulation Results

Sim. 0. Parameter | True Mean 95 overage
0. roups alue  alue on . Int. Per ent
1 20 1 1.00 .99 ,1.016 .946

s.d. int 42 409 .401.418 .94

ov 0 -.008  -.015,-.002 .986

s.d. oe 42 .395 .382,.40 943

2 50 1 999 98 ,1.012 939
s.d. int 1 90 .959,.980 93

ov 0 .023 .00 ,.039 938

s.d. oe 1 .94 .934,.961 .954

3 50 .25 .253 .242..263 941
s.d. int 641 629 .621,.638 961

ov 206  .185 .186,.204 982

s.d. oe .641 615 .602,.629 919

4 50 -.25 -242  -251,-.235 925
s.d. int 641  .620 .613,.62 .980

ov -.205  -.202  -.209,-.195 .966

s.d. oe 641 611 .602,.620 919

4 a 100 -.25 -249  -.256,-.242 .953
s.d. int 641 .62 .620,.633 925

ov -.205 -199  -.20 ,-.191 923

s.d. oe 641  .618 .608,.62 .983

5 50 1 1.01 1.008,1.026 .945
s.d. int 0 155 14 ,.162 913

ov 0 -.004  -.005,-.003 .992

s.d. oe 0 231 .221,.242 .869

6 50 1 .996 .98 ,1.006 948
s.d. int 42 410 .401,.419 938

ov 0 -.018  -.025,-.011 .988

s.d. oe 42 .400 38 ,.413 935
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Table 3 omparison o Standard rrors or

Sim. True overage overage umber o atasets
0 alue | Pro. ike. bs. In o. bs. In o. Problems
1 1 .946 946
2 1 939 938 6
3 .25 941 942 1
4 -.25 925 920 2
4 a -.25 953 953 3
5 1 945 94 29
6 1 948 .946 10

atasets in  hi h the essian matri used in al ulating the observed in ormation

as not positive de nite.
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Table 4 Results rom Analysis o FS

stimate Std. rror -s ore P-value
aria es
du ation D9 .0461 12.56  .0001
ohort -.121 .04 3 2.55 .0108
du- ohort -.488 .0456 10. 0 .0001
ist-S hool .193 .03 2 5.18 0001
arian e mp nen s
Std. ev 51 128 4.46  .0001
Std. ev 4 .381 .29 1.44 .2005
ovarian e -.132 .169 0. 81 .4348
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Figure 1 Pro le likelihood sur a e or parameters ; du ation and 5 ohort .
The ontour lines represent 2 times the di eren e in likelihood value rom the ma i-
mum likelihood value at the M . Assuming normality, the darkened ontour line o
6 does represents a 95 oint on den e region or ; and .
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Figure 2 Pro le likelihood sur a e or standard deviations o random inter ept

and ; random oe ient . The ontour lines represent 2 times the di eren e in
likelihood value rom ma imum likelihood value at the M . Assuming normality, the
darkened ontour line o 6 represents a 95 oint on den e region or the standard
deviations o and 1.



