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Investigating Onset, Cessation, Relapse, and Recovery:
Why You Should, and How You Can,
Use Discrete-Time Survival Analysis to
Examine Event Occurrence

John B. Willett and Judith D. Singer

I this article, we shaw haw discrete-time survival analysis czn address questions about onset, cessa-
tion, relapse, and recovery. Using data on the onset of suicide ideation and depression and relapse
into cocaine use, we introduce key concepts underpinning the method, describe the action of the
discrete-time hazard model, and discuss several types of main effects and interactions that can be
inctuded as prediciors. We also comment on practical issues of data analysis and strategies for inter-

pretation and presentation.

Investigations of onset, cessation, relapse, and recovery ask
questions about the occurrence and timing of critical events,
When examining the course of affective illness, for instance, re-
searchers ask when the disease first strikes, how much time
passes between onset and treatment, how long the initial illness
tasts, how long treated patients remain well, whether people
with a history of illness relapse, how long treated people remain
well, and how long second and subsequent illness spells last,
Similar questions about event occurrence arise in studies of
other illnesses, undesirable behaviors, and treatment efficacy.

Until recently, appropriate methods for studying event oceur-

rence were unavailable: now, however, the methods of survival
analysis offer the required tools. Statistical packages have begun
to include survival analysis routines (Harrell & Goldstein,
1992). Nontechnical introductions to the topic are available
(e.g. Allison, 1984; Singer & Willett, 1991), in addition 10 the
classic references (e.g. Kaibfleish & Prentice, 1980). Continu-
ous-time survival methods, which require that time-to-event be
recorded on a continuous scale, are popular. Discrete-time
methods, which only require knowledge of the particular time
period in which an event occurs, are less prevalent.

In this article, we introduce discrete-time survival analysis to
clinical research, We emphasize this methodology for five rea-
sons. First, it is suited to much event history data collected in
clinical scttings where, for logistical and financial reasons, ob-
servations are ofien made in discrete time. Second, its simplic-
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ity provides an intuitive arena in which to begin learning about
survival analysis, Third, time-varying prediciors—whose val-
ues fluctuate over time——can be more easily included in dis-
crete-time models. Fourth, common model violations are easily
tested and remediated in a discrete-time framework. Finally,
discrete-time survival analysis does not require special com-
puter software—all estimation can be carried out within a stan-
dard statistical package.

Here we describe the foundations of discrete-time survival
anatysis and review how various effects can be modeled. We
offer data-analytic advice and show how to communicate find-
ings to the layperson. Our approach is conceplually oriented,
and we use real data 1o motivate our arguments. Further tech-
nical details can be found in 2 companion article (Singer & Wil-
lett, 1993).

Why Are Traditional Methods Unsuitable for Studying
Event Occurrence?

When event occurrence is studied, there are usually some
people in the sample that do not experience the target event
during data collection. The event histories of these people are
censored.! For example, in Glasgow, Klesges, Klesges, and
Somes' {1988) study of smoking relapse, | 3% of the sample did
not relapse during the half-year of observation. Because we do
not know how long these 13% ultimately remained abstinent,
their smoking cessation histories are censored. The rarer the
event, the more censoring occurs. When Kelly, Lawrence, and
Brasfield (1991) studied whether gay men retapsed into high-
risk sexual behavior afler counseling, two thirds of the sample
were censored because they were still “safe”” |6 months later.

If an ¢vent history is censored, the researcher has incomplete
information about event occurrence and knows only that, if the

I Technically, this is right-censoring. It must be distinguished from
lefl-censaring, where the beginning of the carcer or lifetime is unknown.
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Table |
What Do Survival Data Look Like? Age at First Suicide Ideation Among 417 College Studenis
Proportian of
No. ol studenis who
Students who
Had not yet had not yet
thought about Onset Were Alf students who thought about
suicide at the during censored at had not onset suicide who
beginning the theend of by ke end of onsel duning
Age (years) of the year year the year the year this year
6 417 2 0 9952 0043
7 415 3 ¢ 9880 0072
8 412 13 0 9568 0316
9 ) 399 8 0 91718 0201
10 391 24 0 8801 0614
11 367 9 0 8585 0245
12 358 45 0 7506 1257
13 33 44 D 5451 1406
14 269 3l 0 5707 LES2
13 238 37 0 4820 1555
16 20t 21 2 4317 L1045
17 178 17 It Jood 0955
18 150 18 23 J436 1200
19 109 ii 3 3089 1009
20 67 3 23 2951 0448
2] 41 | 40 2879 0244

Note.  Data were kindly supplied by Niall Botger.

person ever experiences the event, it is after data collection ends.
The researcher knows neither when nor whether the event will
occur for this person—the very questions of interest. Censoring
is evident in Table 1, which presents data on the ages at which
students reported first thinking about suicide. Bolger, Downey,
Walker, and Steininger (1989) collected these data retrospec-
tively from 417 undergraduates, The first column lists student
age in years. The next three columns tally the number of people
who had not yet thought of suicide at the beginning of each
age period, the number who contemplated suicide during each
period, and the number whose histories were censored at the
end of the period. Notice that all censoring occurs in the later
age periods {age 16 and older). This pattern is common in ret-
rospective studics of age-heterogencous samples in which event
histories are censored by data collection. I[n Table 1, 287 ado-
lescents had considered suicide by the date of data collection,
and 130 had not; the laiter are censored.

Researchers react 10 censoring with scveral strategies. Seck-
ing to use standard statistical methods, some focus exclusively
on those people with known event times and set aside censored
cases, [n Table 1, this leads to an estimated average age at first
suicide ideation of 13.5 years. However, of course, excluding 130
censared cases distorts the real distribution of age at first onset;
the true average age at first suicide ideation must be greater than
13.5 years because this biased estimate ignores everyone who
will first contemplate suicide later in [ife.

Other investigators impute the missing duration data, assign-
ing to censored cases the duration value they possess when data
collection ends so that they can be included in traditional anal-
yses. This strategy is common in studies of relapse into undesir-
able behavior, such as smoking, alcohol abuse, and drug vse. In
our example, this sirategy vields an estimated age at first suicide

ideation of 15.4 years. Although larger than the original under-
estimate, this estimate, too, is incorrect. Impuling event times
for censored cases changes a nonevent into an event and makes
the “new" events occur al Lthe earliest time possible.

Other researchers are more conservative. Rather than imput-

'ing event occurrence, they sacrifice some of their data on dura-

tion: They dichotomize the event histories at a particular time
and ask whether the event has occurred by that time. In Table 1,
for instance, there is a 35% chance that a student first thinks
about suicide before age 14. Unfortunately, dichotomization
eliminates much variation by pooling everyone into one of twe
groups. Dichotomizing at age 14 in Table 1, for example, throws
away the ages at suicide ideation for the 108 students who first
contemplated suicide after age 14 but before data collection.
Also, any particular dividing criterion is arbitrary: Why choose
age 14 rather than 13? Contradiciory conclusions can result
from different dichotomization times,

New Methods for Summarizing Event History Data

Answering questions about event occurrence demands ways
of summarizing discrete-lime event history data that do not sac-
rifice data richness to arbitrary methods of sample aggregation.
One such summary is the sample survivor function, a chrono-
logically arranged list of estimated survival probabilities—the
proportions of the initial sample that do not experience the
event through each of several successive time periods. Simplic-
ity and interpretability have fostered the appearance of sample
survivor functions in the clinical research literature to summa-
rize whether and when former alcohol abusers relapse (Cooney,
Kadden, Litt, & Getter. 1991), fortner smokers relapse (Stevens
& Hollis, 1989), released prisoners are reconvicted (Hart,
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Kropp, & Hare, 1988), and viclent individuals are arrested
(Weisz, Walter, Weiss, Fernandez, & Mikow, 1990). Sample sur-
vivor probabilities for the suicide ideation dara are presented in
the fifth column of Table !, indicatling the proportion of the
original sampie that had not contemplated suicide by the end
of each period: 88% had not hrst thought about suicide by the
end of their i0th year, 48% had not done so by the end of their
14th year. Sadly, in our example (and in most survival studies),
censoring prevents direct estimation of the sample survivor
function for the entire time period under study. Why? Because
we do not know, for example, whether the two adolescents cen-
sored at 16 ultimately contemplated suicide at 17 or 18, How-
ever, as we show below, 1he remaining sample survival probabil-
ities can be estimated indirectly (giving the italicized values in
column 5).

The sixth colurn of Table 1 presents a very useful summary
of discrete-time event history data—-the sample hazard proba-
hilities. Defining each time period's risk set as those people “at
risk™ of experiencing the event in that period, the hazard prob-
ability is the proportion of the risk set who expericrice the event
in that period. The hazard function is a chronological profile of
these probabilities. [n Table {, everyone was a member of the
age-b risk set because no one considered suicide before then, Of
the 417 children at risk of experiencing the event during the
age-6 time period (i.e., those who had not yet thought about
suicide for the first time). only 2 did so, leaving 415 children
remaining in the age-7 risk set. The sample hazard probability
at age § is therefore 2/417, or .0048. Of the 415 children re-
matning in the risk set, 3 contemplated suicide at age 7. yielding
a sample hazard probability for this period of 3/415, or .0072,
and 50 on,

Unlike the survivor probabilities, the sample hazard proba-
bilities can be computed in every time period regardless of cen-
soring-—censored phservations are simply removed from the
risk set al the appropriate juncture, reducing the denominator
of the hazard quotient. Consider the transition between ages 17
and 18 in Table 1. Of the 178 adolescents who had not vet first
thought of suicide by the beginning of their | Tth year, 17 did so
during this year and 1| were censored. Thus, the sample hazard
probability at age 17 was 17/178, or .0955, However, neither the
17 ideators nor the 1t censorees continue as members of the
risk set into the §8th year because they had cither eaperienced
the event or their fates were unknown at age 17, Thus, only 150
people {178 — 17 — L1 = 150)were known to be atrisk at age 1 8,
providing the denominator of the age-18 hazard computation,
Figure 1 (1op panel) presents the sample discrete-time hazard
function (interpolating fincarly between adjacent hazard prob-
abilities). '

The hazard function is the cornerstone of survival analysis for
several reasons. First, it tells us exactly what we want to know—
whether and, if 50, when events occur. Its magnitude summa-
rizes the risk of event occurrence in each period. The sample
hazard function of Figure 1, for example, suggests that adoles-
cents were most likely to first contemplate suicide between ages
12 and 16, Second, the hazard function involves both
noncensored and censored cases. In Table §, for instance, every
adolescent features equally in the hazard computation until he
or she cither contemplates suicide or is censored. Third, the
sample hazard probabilities are computed in every time period

that an even! occurs—na information is ignored or pooled. Fi-
nalty, the sample hazard lunction can be used to estimate the
sample survivor function indirectly in time periods that censor-
ing precludes its direct computation, Consider the age-15 and
age-16 rows in Table |. From the sample survival probability at
age 15, we see that 48.2% of all children will not first con-
tempiate suicide up to, and including. their 1 5th year. From the
age-16 row, where the sample hazard probability is 10.45%, we
estimate that 83.55% (=100% — 10.45%) of the entering-16th-
year risk set will not first contemplate suicide in this year. Put-
ting these two summaries together, we estimate that, at the end
of the 16th year, 89.55% of the entering 48.2% wll still not have
expericnced the targel event, Thus, the survival probability at
the end of the 16th year is simply .8955 multiplied by 4820, or
4317, The sample survival probability for any time period is
just [ minus the hazard probability for that period multiplied
by the sample survival probability from the previous period
(provided that censoring is independent of event accurrence).
In Table I, this “method of cumulation™ provides estimated
survival probabilities for ages 16 through 21. Figure 1 (lower
panel) presents the sample survivor function.

The “center” of the sample survivor function can be summa-
rized by the median fifetime, the time at which half the sample
have experienced the 1arget event, and half have not {i.e., when
the sample survivor function equals .5). From Figure |, the ¢s-
timated median age that adolescents fiest contemplated suicide
is 14.8 vears. The median lifetime answers the descriptive ques-
tion “On average, when did students first contemplate suicide?”
and it uses data from noncensored and censored cases alike.

The Statistical Underpinnings of Discrete-Time
Survival Analysis

Statistical analysis does more than achieve appropriate sam-
ple summarization, it uses sample datz to make inferences
about the population. To achieve this, we must assume thal a
random sample of people are available from the population.
Each population member is at risk of expericneing the selected
target event—onset of a disease or behavior, relapse into drug
abuse, ultimate recovery. and so on.? The population hazard
function describes the risk of event occurrence in each time pe-
riod-—the probability that a randomly selected population
member will experience the event in that period. given that it
has not already occurred.’ Our goal is 10 estimate this popula-
tion profile of risk.

Usually, we also want 1o know if the population hazard func-
tion differs systematically for different types of people. In the
case of first onset of major depression, for instance, we might
ask, [s the hazard function describing the risk of depression

? We assume that cach person can expericnce the target event once.
Analytic methods for the single-event case are generalizable to the re-
peated occureence of events (see Willett & Singer, in press).

3 In continuous time, we know exactly when an event occurs and we
define hazard differently because the probability that an evens occurs at
a single “infinitely thin™ instant of time is zero (by dehnition), Contin-
uous time hazard is the instaniancous rate of event occurrence, given
no prior event occurrende {sce Kalbfleisch & Prentice, 1980). 1t can
assume any value greater than or equal to zero.
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Figure 1. Sample survivor and hazard functions for age at first suicide (in years) ideation among 417
college-bound adolescents (estimated median lifetime in parentheses).

different for men and women? Does it differ among participants
in different counseling programs or different types of therapy?
Such questions ask about the relationship between the popula-
tion hazard function and attributes of a person’s background,
training, treatment, and so on. Coneeptually, they treat the en-
tire hazard function as an outcome and variables like gender,
type of counseling program or drug therapy as predictors of that
outcome, We use a statistical model to represent the hypothe-
sized relationship between outcome and predictors. Once the
mode! has been specified and its parameters defined, we can test
its fit o data and estimate its parameters.

But what statistical model best represents the poputation re-

lationship between hazard profile and predictors? To motivate
model specification, we examine the age of first onset of a major
depressive disorder using retrospective data collected from a

random sample of 3,131 adults between the ages of 18 and 97
(Sorenson, Rutter, & Aneshensel, 1991). For simplicity, we will
consider the relationship between risk of onset and one predic-
tor—respondent gender. If the risk profile for onset of major
depression is related 1o gender, then perhaps we can learn about
the nature of that relationship by inspecting hazard functions
estimated separately for subsamples of men and women (Figure
2, top panel).

There are other ways of presenting the same information. For
example, the hazard profiles could be displayed as odds, not
probabilities, When hazard probability in a time period is .2,
there is a 20% chance that the event of interest will occur in
the period and an 80% chance that it will not (given no prior
occurrence) and so the odds of event occurrence in this period
are .2 10 .8, usually written as 1/4 or .25, Odds can be computed
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Figure 2. Sample risk functions describing the risks of onset of depressive disorder for men {dotted lines}
and women (solid lines), on threg scales: raw hazard probability (1op panel), odds {middle pane!), and log-
odds, or logit hazard (boltom panel). Dala were kindly supplied by Susan B. Sorenson.
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by the formula odds = hazard/({ ~ hazard). Figure 2 (middle
pancl) presents subsample odds profiles. Notice that the hazard
and odds profiles are almost identical, an identity that holds
only when hazard is small because a small number divided by 1
minus itself is approximately equal to the number. Figure 2
(lower panel) shows the natural logarithm of the subsample
odds profiles, the logarithm being chosen as a standard trans-
formation because it symmetrizes the potential range of the
odds statistic. In discrete-time survival analysis, the label lagit-
hazard refers to the log-odds of event occurrence in any time
period (given no earlier occurrence),

All three panels of Figure 2 tell the same story. Within any
panel, men's and women's risk profifes are somewhat similar.
The risk of first onset of depression is highest in the 20s and
earty 305, Despite a crossover in preadolescence and haphazard
zigzagging that subsequent analysis shows is sampling variation,
there seems to be a smal! vertical separation between the male
and female profiles. The sample hazard function for women is
almost always higher than for men, as are the corresponding
odds and logit-hazard profiles. Throughout most of their lives,
women run a prealer risk of depression.

Statements about the general shape of the risk profile and
the difference in the net level of risk between the two groups
conceptually decompaose hazard into two parts: a baseline pro-
file of risk and a shift in profile associated with gender, These
ideas can be systernatized by defining a predictor FEMALE
{coded 0 = male, | = female). Then, treating the hazard func-
tion for men (when FEM4LE = 0) as a baseline, we can imagine
estimating the shift in profile when FEM4LE switches from 0 to
!, generating the risk profile for women. In other words, ignor-
ing minor variations in the shapes of the two profiles for the
moment, we are drawn loward a hazard model specification in
which variation in a predictor acts to vertically displace a base-
line hazard profile, yielding another profile. For mathematical
convenience, Cox (1972) framed the discrete-time hazard
model in terms of logit-hazard rather than hazard. Similarities
among the panels of Figure 2 confirm that this is reasonable.
Therefare, a statistical model for the dependence of the risk pro-
file for onset of depression on FEMALE, is as follows:

Fog,(-f—fj?) = logitlh) = [ey Dy + a4+ -+ F o))
)

+ B FEAALE (1)

The discrete-time hazard model in Equation | represents the
hypothesized poputation refationship between logit-hazard and
several predictors, including FEAraLE and some that have yet to
be explained (D), D4, .. ., b,;}. Each predictor is multiplied by a
slope parameter (8, and ay, a3, . . . , ay), which we estimate and
interpret. First, examine the left side of the model, where the
outcome—the logit-hazard profile-~is found. Subscript j in-
dexes discrete time periods, with J demarking the last period
observed. So, h, is the population hazard probability in time
period |, A; in time period 2, and so on, Together, the parame-
ters hy, hy, by, . . . h,make up the entire discrete-time population
hazard function.

Now examine the terms in parentheses to the right of the
cquals sign in Equation 1. Notice that the model contains no
single stand.-alone intercept, Instead, using dichotomous

dummy variables p,, by, . .. D, ta reference the different time
periods, the alpha parameters a,, a3, . .. ay act as multiple in-
tercepts, one per period. In the first time period (j = 1), D,
equals ! and all other time dummies are 0, so the model reduces
to this equation,

logitd k) = a; + B FEMALE (2)

In other words, «, is an intercept for time period 1. In the sec-
ond time period {J = 2), D; equals |, al] other time dummies are
0, and a; becomes the intercept. Similarly, a; is the intercept in
the third period, and so forth,

logithy) = @y + B\ FEMALE
logit{hy) = ay + B FEMALE. .,
logitdh,) = a; + B FEMALE (3

Because of the way the time dummies are defined, the multiple
intercept parameters represent the baseline hazard function, on
a logistic scale. When FEMALE is set 1o zero (representing men)
in these equations, the &, ay, ... o, parameters represent the
period-by-period population logit-hazard probabilities for men
and therefore provide the baseline Jogit-hazard function, be-
cause men are the baseline group. In this example, o, is the log-
odds that a man will first become depressed in time period |, a;
is the log-odds that a man will first become depressed in time
period 2 (given that he “survived™ time period (), and so on,

The final term at the right of the parentheses in Equation |
represents the influence of respondent gender on the population
logit-hazard function. We can illustrate its function by reexam-
ining Equations 2 and 3 and evaluating the impact of changing
FEMALE from value O (representing men) to value | {represent-
ing women) in every time period. The presence of the additional
slope parameler permits an identical vertical shift of magnitude
#, in logit-hazard in every time period that FEMALE equals 1. It
is as though the logit-hazard function for men (denoted by a,,
ay, . . . ay alone) has been shifted upward in every period by 8;,
yielding the fogit-hazard profile for women. 8, is the difference
in population logit-hazard per unit difference in FEMALE. If the
model were fit to the data summarized in Figure 3, the esti-
mated value of 8, would be positive because women are gener-
ally at greater risk of the onsct of depression than men through-
out their lives.

Like a regular regression model, the hazard model in Equa-
tion ! can include multiple predictors. To examine the effect of
ethnicity on hazard while controlling for gender, for example.
we could include simullanecusty the predictors FEA4LE and
HISPANIC (coded 0 = non-Hispanic, 1 = Hispanic). Other re-
gressionlike exiensions are also possible. The model can incor-
porate both dichotomous and continuous predictors and, fi-
nally, the synergistic effect of several variables can be examined
by also including interactions among them as predictors.

When studying events that unfold over time, onc may find
that predictor values also fluctuate over time, In a study of the
first onset of depression, for instance, an individual might un-
dergo therapy in some time periods but not in others, causing
the value of a T/7£R4FPY variable to fluctuate across periods.
Such time-varying predictors can also be included in discrete-
time hazard maodels:
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Figure 3. The person-period dataset.

logitdhy = [e\Dy + azDs + + -+ + D] + ByTHERAPY, (4)

To undersiand the action of a time-varying predictor, one must
break down the model again into period-by-peried compo-
nents.

logitd{h ) = a| + BiTHERAFY,
logitdhz) = @y + BaTHERAFY;
{3)

The value of logit-hazard in each period again has two parts: a
baseline part {the alphas) and a THERAPY shifl of magnitude 83,
But THERA4PY is time-varying. [Fthe patient is in therapy in time
period |, then vHER4PY, will equal 1; if not, then THERAPY,
will equal 0, If the paticnt is in therapy in time peried 2. then
TITER4PY, will be 1, otherwise 0, and so on for the other time
periods. Notice how this affects the logit-hazard profile in Equa-
tion §. In each uime period that the patient is in therapy. the
value of THERAFY is |, and the effect of therapy “kicks in™ for
this period only, shifiing the logit-hazard function vertically by
8,. This differs from the action of GENDER in Equation 3, Time-
invariant GENDER retains its value across time, shifting the
logit-hazard function by 8, unilateraily in alt periods. The effect
of time-varving THER4PY, on the other hand, mirrors the sched-
uling history of patients as they pass in and out of therapy by
shifting the logit-hazard function only in those periods that the
patieotisin treatment. ‘

Of course, all logit-hazard models can be reexpressed in
terms of raw hazard, Simple algebraic manipulation allows the
hazard probability—rather than logit-hazard—to become the
outcome. For instance, Equation 1 is identical to this equation.

logitlh,) = ay + By THERAPY,

= I +’ - I{gll.fnfztb H;,,f,ll.al,m 1]

A,

(6)

resembling a logistic regression model with a modified intercept
lerm.

Fitting Discrete-Time Hazard Models to Data

Standard logistic regression sofiware can be used 1o fit dis-
crele-lime hazard models 1o data. Before processing, however,
all data must be rearranged in a “person-period™ formas. We
show this in Figure 3, which presents data on three cases from
a study of relapse to cocaine abuse among 104 former addicts
after treatment (Havassy, Hall, & Wasserman, 1991). Partici-
pants were observed weekly for 12 wecks or until relapse. Here,
we focus on 1wo predictors: (a) time-invariant ROUTE indicales
the primary mode of cocaine ingestion before treatment (1 =
intranasal, ¢ = all other routes), and (b) time-varying /00D
indicates the former addict's weekly score on a positive mood
scale. We ask whether and when relapse is likely to occur, and if
‘the risk of relapse is related to the predictors.

In the person-period data set, each person has as many
records as data collection periods. Case 01 was followed for 3
weeks and has 3 records, cases 02 and 03 were followed for 12
weeks, and each has records. Each record contains information
on three types of variable: (a) the time indicalors, (b) the pre-
dictors, and (¢) the event indicator. There are as many time in-
dicators as time periods under study; here 12—p|, Dy, ... Dy
The time indicators denote the particular time period that the
record references: b, = 1 in the record for the Ist time period,
Py = 1 in the 2nd time period, and so on. All other values are



SPECIAL SECTION: DISCRETE-TIME SURVIVAL ANALYSIS 959

set to 0. The predictors take on vajues corresponding to the time
period referenced by the tecord. The values of time-invariant
predictors such as ROUTE are constant across records within
persort; case 03, an intranasal user, has ROUTE coded | in all
12 of her records. The values of time-varying sroop may differ
across a person's records; in the three records for case 01, values
of Moop were 23, 18, and {3, for weeks |, 2, and 3, respectively.
The event indicalor, RELAPSE, records whether the event of in-
terest occurred in the time period referenced by the record (0 =
noevent, | = event). Because we are treating relapse as a single,
nonrepeatable event, REL4PSE can equal 1 only in the last time
period recorded for each person and only then if the event oc-
curred in that period. If censoring occurs, REL4PSE remains at
0. For the first | ! records of cases 02 and 03, RELAPSE equals 0.
Case 02 did not relapse during data collection (he was censored)
and s0 RELAPSE also equals 0 in week 2. Case 03, in contrast,
was not censored and refapsed in week 12; so in this record
RELAPSE equals 1.

Discrete-time hazard models are fitted to data using standard
logistic regression software by regressing the dichotomous event
indicator ReLAPSE on all the time dummies and selected pre-
dictors in the person-period data set. In a companion article
(Singer & Willeut, 1993), we show that this yields maximum-
likelihood estimates of model parameters and that the obtained
standard errors and goodness-of-fit statistics are appropriate for
testing our hypotheses. We also provide computer code (SAS,
Version 6) for creating the person-period data set, for fitting dis-
crete-time hazard models, and for reconstructing prototypical
hazard and survivor profiles from the fitted models.

Interpreting Fitted Discrete-Time Hazard Models

Table 2 presents three discrete-time hazard models fitted 10
the cocaine relapse data. We used PROC LOGISTIC in SAS
10 regress RELAFSE on combinations of predictors—p, through
Di;, ROUTE, and MOOD—in the person-period data set. Ciher
sofiware, as in SPSS-X and BMDP, provides equivalent cutpult.

An Initial Hazard Model

Model A in Table 2, the simplest possible discrete-time haz-
ard model, is fitted as an analytic first step. It contains no sub-
stantive predictors (e.g.. ROUTE or Mo0D) to distinguish among
sample members and so it describes the behavior of the entire
sample assuming a homogencous population. The model con-
tains 12 intercept terms, one per time period under study, «,
&y, ... .

logitdh) = {e, Dy + ayD2 + -+ + @132Dy3) (%]

We bracket the 12 intercept terms because, together, they de-
scribe the overall temporal profile of risk and therefore repre-
sent the effect of a single conceptual predictor—the main effect
of TiME. By referring to them as the main effect of TIME, we
highlight an apparent paradox: 77ME, the conceptual oulcome
in our questions, is the fundamental predictor in our analyses.
This sceming anomaly arises because we have reformulated the
question ""When does the evenl occur?” as “'What is the risk of
event occurrence in each time period?” However, we can still
answer both questions, as we show later.

Table 2

Parameter Estimates. Standard Errors, and Goodness-of-Fit
Statistics for Three Hazard Models Fitted

to the Cocaine Relapse Data

Parameter Estimates

Model A Model B Maodel C

Predictor M SE M SE M SE
D, ~1.86 029 -159 030 -202 03
r. % ~208 03 -1.79 034 -23] 035
Dy -215 037 ~-1.8) 038 -245 040
Da ~258 046 -226 Q47 -292 049
Dy ~-26% 052 -237 0352 -2%9 054
Dy =221 043 -1.86 044 266 046
D> ~326 072 -286 073 355 0.74
Dy ~251 0582 -2i0 053 -296 0.54
Dy -~2.73 0.60 -2.31 0.61 -3.17 0.63
Do ~3.83 1.01 -3138 1.02 —4.10 1.03
Dy -309 072 -264 073 -~363 075
D3 -3104 072 262 073 -3469 078
INTRANASAL

OMLY — — -1.05 0.32 — ——
MOOD-30 — - — — -0.08 00
~2LL {xH 412,17 400.06 181.52
Note.  Data were kindly supplied by Sharen M. Hall.

We fit the initial hazard model for three reasons, First, itis a
benchmark to which more complex models (e.g., Models B and
C) can be compared. Second, &, &;, through &,; describe the
shape of the overall fitted logit-hazard profhle. If risk of event
occurrence were unrelated 1o time, the hazard function would
be flat and the as approximately equal, If event risks declined
over time, values of the as for later periods would be smaller
than for earlier periods. This pattern is seen in Table 2 in which
the Mode! A parameter estimates suggest that overall risk of
retapse declines as time passes. Third, by substitution into
Equation 7 and rearranging, the &, a3, . . - &r,3 give maximum-
likelihood estimates of the population hazard probabilities in
each period. In the first period, D, equals | and D, through Dy,,
equal 0, thus,

By L — = 1346 (8)

This fitled hazard probability supgests that 13.46% of treated
cocaine abusers relapse during the first week posttreatment. In
the second week, D; = 1 (D) and Dy—D); = () and s¢ an esti-
mate of bz is 1) + o7 XN op 1 11); among those absti-
nent for 1 week, 11.11% refapse the second week. The hazard
funclion in Figure 4 (top panel, leR) was estimated like this; risk
of relapse is highest right afier treatment ends and, over lime,
successlul abstainers become less and less likely to relapse.

A maximum-likelihood estimate of the survivor function can
be created by the method ol curmnulation used in Table |, Imme-
diately after treatment, all former addicts are abstinent and the
initial survivor probability, Sy, equals | by definition. Subse-
quent estimates are formed by multiplying the estimated survi-
vor probability in the previous time period by | minus the esti-
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Figure 4. Fitted hazard functions (left panels} and survivor functions (right panels) describing the risks of relapse among 104 former cocane
abusers following treatment. Plots derived from hazard models containing the main effect of T4ME (top panels), the main effect of 774¢£ and the main
effect of time-invariant koTE (middle panels), and the main effect of 770 £ 2nd the main effect of time-varying 32000 (bottom panels). (Estimated
median lifetimes are given in parentheses.)
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mated hazard probability in the current period, Thus, 86.54%
[=t X (} = .1346)] of treated addicts were abstinent for more
than | week, 76.93% [=.8654 x {1 ~ .11 11)} were abstinent for
more than 2 weeks, and so forth. After 12 weeks, when data
collection ended, 40% were still abstinent. Figure 4 (top panel,
right) displays the fitted survivor function for Model A.

The median lifetime can be estimated by linearly interpolat-
ing between time periods in which the fitted survivor function
brackets 50%. In this study, half the former addicts relapsed
within 7.6 weeks of treatment. Of course, there may be substan-
tial variation about this average in the sample. In cur example,
only a further 10% of the sample relapsed by the end of the
I 2th week, and the remaining 40% may be abstinent to this day.
Thus, estimates of the median lifetime should always be supple-
mented by the sample survivor function,

Muin Effect of a Time-Invariant Predictor

Model B adds the main effect of RoUTE 1o the main effect of
TIME:

logitdh) = [0y + a:Dy + - - + @3D)3) + BIROUTE  (9)

When we add a substantive predictor to our model, we evaluate
its effect by examining its contribution to the prediction of risk.
Model goodness-of-fit is summarized by the -2 log-likeli-
hood™ statistic ("*—2LL" in Table 2) which is asymptotically dis-
tributed as x®. Thus, we can use standard decrement-to-chi-
square lesting to check whether an extended model fits better
than a reduced model. If added predictors are not associated
with risk, the extended model will fit no better than the reduced
model; if added predictors are associated with risk, then iy will
improve. Compare, for example, Models A and B, Model A is
nested within Model B because the sole difference between the
twe is the inclusion of ROUTE. When RoOUTE is added to a model
containing only the main effect of 1r3/E, the model x* statistic
decreases from 412.17 1o 400.06, denoting better fit for Model
B. Because one predictor was added, this decrement of 12.11
comes with a loss of 1 degree of freedom. We thus reject the null
hypothesis that the population hazard profile is unaffected by
ROUTE (p < .0O1). .

How large is this effect? The parameter estimate (3, = —1.05)
can be interpreted like similar estimates from regular logistic
regression models (Hosmer & Lemeshow, 1989). Because
roUTE is dichotomous (| = former intranasal users, 0 = others),
15 sign (negative) tells us that intranasal users are less hikely to
relapse, in every week afler treatment. Its magnitude indicates
that the vertical separation of fitted logit hazard functions for
the two groups is §.05. Because a logit scale may be unfamiliar,
parameter estimates can be antilogged, becoming odds-ratios,
Antilogging 8, in Model B (¢™'%% = 0,35) says that the estimated
odds of relapse for former intranasal users are about one third
the odds of relapse for former addicts who administered co-
caine by other means,

We can also describe a predicior’s effect by displaying fitted
hazard and survivor functions computed at interesting vatues
of the predictor. The second panel of Figure 4 presents fitted
hazard functions {left) and survivor functions {right) for both
values of ROUTE. As with Model A, we obtained fitted hazard
functions by substituting predictor values and parameter esti-

mates into Fquation 9 and ftted survivor functions by the
method of cumulation. Median lifetimes were estimated by lin-
ear interpolation {censoring prevents us from estimating a me-
dian lifetime precisely for intranasal users—we know only that
it exceeds 12 weeks). Grapbics like these are also helpful when
studying the effects of continuous predictors, because fitted haz-
ard and survivor functions can illustrate risk differences that are
due 1o substantively interesting differences in predictor value,
Each summary provides a different perspective on the link
between risk of relapse and ROUTE. We advise using the one that
best describes the substantive finding to the chosen audience,
Fitted hazard functions document the farge weekly differentials
in risk between the groups (1 to 3). Fitted survivor functions
pool these weekly risks into vastly different cumulative relapse
rates (after 12 weeks, for example, only 28% of the intranasal
users have relapsed versus 63% for all others), Estimated median
lifetimes convey the risk differential between the groups in the
origina! metric of time (5.1 weeks versus 12 weeks or more).

Main Effect of a Time-Varying Predictor

Similar strategies can be used to examine the effects of time-
varying predictors. Model C (Table 2) adds the main effect of
time-varying &00p to an initial model containing the main
effect of TIME (A1000 has been centered at 30, the approximate
sample mean, for interpretive ease).

logitdh) = [oyD) + eqby + -+ - + aabia)
+ Bx{woop, - 30) (10)

MooD has been subscripted by j to indicate that it is time-vary-
ing.

The model in Equation 10 permits many possible combina-
tions of mood levels over time to lead to a different risk profile
because risk of relapse in each week depends on a person's
mood that week. The protective benefit of a high score accrues
in high-scoring weeks, the liability of a low score takes its toll in
low-scoring weeks. The model also specifies that, although the
values of Ar000 may fluctuate over lime, its ¢ffect on logit-haz-
ard is the same in all time periods. A 1-point difference on the
positive mood scale always “kicks out” the same amount of risk
whenever mood changes. Because the effect of sroab docs not
vary over time, we say that the time-varying predictar (A00D)
has a time-invariant effect.

As hefore, we evaluate the impact of w0 by comparing
Madels A and C. Adding 1rpon reduces the model x? statistic
by 30.63 for a loss of 1 degree of freedaom, indicating an im-
provement in fit (p < .0001). We reject Hg:8; = 0 and regard
MooD as a statistically significant predicior of risk. How large is
this time-varying effect? In Table 2, 8, is estimated as —.0806.
The negative sign indicates that more positive moods are asso-
clated with lower risk of relapse. Antilogging to form an odds
ratio, e 9% = (.92 we find that, when two former addicts who
are 1 point apart on the mood scale are compared, the esti-
mated odds of relapse for the more positive individuat are .92
times the odds of relapse for his colleague.

When evaluating the eflect of a continuous predictor such as
MoOD, it can be hard to interpret odds ratios because differ-
ences of 1 point on the continuous scale may not correspend
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to large differences in risk. We recommend that the effects of
continuous predictors be displayed by plotting fitted hazard and
survivor functions computed at substantively interesting values
of the predictors, But what values should be chosen? We usually
use well-spaced values sugpested by the sample distribution of
the predictor (unless there are other values widely accepted as
meaningful}. In this case, we selected three M00D values—20,
30, and 40-—corresponding roughly o the [Oth, 50th, and 90th
percentiles of the sample distribution of ar00p. Figure 4 (bot-
tom panel, left) presents the fitted hazard functions for former
addicts who had consistently low scores (20), average scores
(30), and high scores (40}, The fitted hazard functions have the
same basic shape, In every week, those wha report more positive
moods are less likely to relapse than those who report fewer,
The 1wo extreme profiles envelop the hazard profiles for treated
cocaine users in varicus mood combinations over time, ranging
from the 10th percentile {with a score of 20) 1o the 90th percen-
tile (with a score of 40). These three fitted hazard functions may
not represent specific people; rather, they may circumscribe a
region within which mast of the possible hazard profijes fall,
The fitted hazard profile for addicts who first report many pos-
itive moods and then report few, for example, would first follow
the bottom function and then move up as pasitive mood de-
clined.

Fitled survivor functions and estimated median lifetimes
(Figure 4, bottom panel, right) summarize these risk differen-
tials. The 1op survivor function describes what the fitted model
predicts would happen 1o people whose mooed levels were con-
sistently high; 12 weeks after treatment, for example, an esti-
mated 74% would still be abstinent. The middle survivor fune-
tion represents our prediction for people with moderate mood
levels: 12 weeks afler treatment ends, an estimated $1% would
still be abstinent. Those who consistently report few pasitive
moods (20§ have the grimmest prospects—their estimated me-
dian time 10 relapse is 3.5 weeks! Of course, these are predic-
tions for prototypical former addicts whose AGoD values re-
main constant over time. A different temporal pattern of mood
would generate different summary statistics,

The Proportionalify Assumption

Most standard hazard models invoke a proporiionality as-
sumption, as does the model in Equation 9, 11 postulates that
logit-hazard profiles represented by both values of RoUTE have
a common shape and are mutually parallel, being shifted only
vertically for different values of ROUTE. Because discrete-time
hiazard is a {conditional) probability, the proposed logit-hazard
profiles describe the {conditional) log-odds of even! occurcence
in each time period, If Togit-hazard profiles are antilogged and
redisplayed, profiles deseribing the conditional odds of event
occurrence at different values of the predictors are produced.
By the very pature of the logarithmic transformation, these
odds profiles are now magnifications or diminutions of one an-
other~—they are proportional. However, in practice, many pre-
dictors affect both the vertical displacement and shape of the
logit-hazard profile. Then, the proportionality assumption will
not hold, and a model such as Equation ¢ would be inappropri-
ate,

Violations of proportionality are not simply methodological

nuisances-—they can lead to substantively meaningfu! findings.
They indicate that a predictor's effect Auctuates over time,
Some predictors may primarily affect early hazards, causing
hazard profiles to be widely separated initially and to converge
over time, Other predictors will primarily aflect late hazards,
causing initially coincident hazard profiles to diverge over time.
Because the effects of many predictors of human behaviort differ
by developmental stage, we suspect that, as hazard madels be-
come morte popular in psychological research, violations of the
proportionality assumption will cease to be the exceplion and
become the rule.

Researchers must become proactive-—assume that nonpro-
portionality exists until proven wrong. Preliminary graphical
analysis is a good first step. If logit-hazard profiles estimated
separately within strata are approximately parallel, the assump-
tion is probably met; if they are not, it is violated. Visual exam-
ination, however, is more art than science. Differcnces in the
shapes of men and women’s hazard profiles in Figure 2, for ex-
ample, may be due to sampling variation. We can tcll by aug-
menting visual analysis with tests for proportionality violations
based on the inclusion of interactions with time in the hazard
model,

Interactions With Time

In discrete-time survival analysis, the proportionality as-
sumption can be tested by including slatistical interactions be-
tween predictors and 7IME in the hazard model, These interac-
tions permit the effect of the predictors (on hazard) to differ
by time period. This allows the predictor-attributable vertical
displacernent in logit-hazard 1o differ across time periods, en-
suring that the shapes of the logit-hazard functions will differ at
different values of the predictor.

We can 1est for an inferaction between a predictor and T/WE
by {a) forming cross-products between the lime indicators and
the selected predictor in the person-period data set; (b) includ-
ing all these crass-products, along with the relevant main effects,
in the hazard model; and {¢) testing their contribution to modet
fit. We illustrate this by returning to our data on age at first onset
of suicide ideation (Bolger et al., 1989) to examine whether
there is an interaction between the lime-invariant predictor
wITE(Q = non-White, } = White)and risk of suicide ideation.
The same procedure is suitable for testing the interaction be-
tween a lime-varying predicior and time,

Figure 5 presents the results of fitting a “*main effect of time™
and an “interaction with time" model to these data. The main
effects model (top) suggests that the odds that a White college
student had considered suicide are 22% higher than for a non-
White student (however, Lhis effect is not statistically significant
at conventional levels, p = .2961). A diffcrent story emerges
from the interaction with time model (bottom), The interaction
could have been specified using many cross-product terms, one
per time dummy, but a consideration of developmental stages
led Bolger et al. 1o suspect that it acled more simply, with an
impact that varied only across two broad time periods: preado-
lescence (6 10 12 years) and adolescence (13 and above), There-
fore, we created the predictor 4DOLESCENT {0 = preadoles-
cence, | = adolescence) to distinguish the two time periods and
our interactive hazard model is as follows:
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Figure 5. Fitted hazard functions describing the risks of onset of first suicide ideation by age {in years) for
417 college-bound adolescents, by ethnicity. from hazard models containing the main effect of 77v£ and
the main effect of ethnicity (1op panel} and the main cffect of 774/, the main effect of ethnicity, and the two-
way inleraction between 7747 and ethnicity (bottom panel). (Estimated median lifetimes in parentheses.)

logitdh)) = {oeDg + - - + a2 ] + B WIITE ‘ Comparing Equation 1} with a matin effects model reveals
that the inclusion of the interaction with tine improves mode!
fit; the model chi-square statistic declines by 4.64 for a loss of |
The interaction allows the effect of #r7E to differ by develop- degree of freedom. We reject the null hypothesis that the addi-
mental stage. tion of the WHITE X ADOLESCENT interaction is of no conse-

+ B ADOLESCENT X WHITE) (11}
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guence (p < .05), the proportionality assumption is violated,
and the interactive model is preferred. Figure 5 (battom panel)
presents fitted hazard functions for the interactive model. Come
paring top and bottom panels highlights the unienability of the
proportionality assumption and the degree to which a re-
searcher can be misled by its unthinking acceptance, In the top
panel, the two hazard functions have similar shapes, with the
hazard function for Whites consistently higher than that for
non-Whites. In the bottom panel, the hazard functions cross. In
preadolescence, Whites are Jess likely than npon-Whites to have
considered suicide but in adolescence, they are more likely. In-
terestingly, because of the close coincidence in hazard in pread-
olescence, median Nfetimes estimated [rom the interaction with
time model are virtually identical for White children (14.6
years) and non-White children (15.4 years).

Is Dxiscrete-Time Survival Analysis for You?

There are five ways in which traditional analyses obscure im-
portant information about event occurrence, information that
is assuredly revealed by survival anatysis. First, iraditional sta-
tistical sutnmaries are inextricably linked to the particular time
frame chosen for data collection and analysis, yet these frames
are rarely motivated by substance. Researchers comparing 6-
momnth, f-year, or 5-year relapse rates, for example, are just de-
scribing cumulative differences in behavior until these times.
All other variation over time in risk of relapse is Jost. Just be-
cause two groups have identica) relapse rates at one time point
does not imply that they followed identicat paths to get there—
most in one group might have relapsed in the frst month,
whereas those in the other might have been equally likely 10
relapse at all points in time, Most cutpoints are convenient, not
purposeful. By documenting variation in risk over time and by
discovering what predicts it, we can betier understand when
£vents OCcur,

Disregard for variation in risk over time leads 1o a second
problem with traditional methods; contradictory conclusions
can resubt from variation in the particular time frames studied.
Had Coryell, Keller, Lavori, and Endicoit (1990) computed
only 40-week, 80-week, or 200-weck recovery rates when com-
paring patients with psychotic major depressive disorder and
patients with schizoaflective depressive disorder, they would
have reached three different conclusions: the 40-weck rates
would suggest that patients with schizoaffective depressive dis-
order were mare likely 1o recover, the 80-week rates would have
shown no difference, and the 200-week rates would suggest thal
patients with psychotic major depressive disorder were more
likely to recaver. Fortunately, Coryell et al. used survivor func-
tions 3o disentangle the effects. Users of traditional methods
must constantly remind themselves that their conclusions may
change as the time frame changes. In survival analysis, the time
frame is an integral part of the answer; it highlights, not ob-
scures, variation over ime,

Third, traditional analytic methods offer no systematic
mechanism for dealing with censoring. Jf all censaring occurs at
the same point in time, traditional data analysis can collapse
the sampled individuals into two groups: those who experi-
enced the event before the censoring point and those who did
not. Using a sample of adults with major depressive dis-

order who had been treated with one of three different modes
of psychotherapy, Gallagher-Thompson, Hanley-Petersan. and
Thompson (1990), for example, compared patients wha re-
{apsed and patients who did not at i (and 2) years after cessation
of treatrnent. But if the first weeks following cessation are the
hardest, individuals who relapse soon afer cessation may differ
systematically from those who relapse subsequently. Dichoto-
mization conceals such differences; survival methods bring
such differences to fight,

If censoring does not occur at the same time for everyone
under study (as when researchers follow cohorts of patients ad-
mitted over time until a single fixed time point), traditional
methods create a fourth problem: If censoring times vary across
people, the risk periods vary as well. People followed for longer
periods of time have more opportunity o experience the larget
event than do those followed for shorter periods of time. Ob-
served differences in rates of event occurrence may be attribut-
able to nothing more than research design. In Goldsicin, Black.
Nasrallah, and Winokur's{1991) study of suicidality among lo-
wants with affective disorders, the follow-up period ranged from
2 to 13 years. As they noted, “the highly variable period of fof-
fow-up is also a potential limitation, because those patients fol-
lowed up for the shortest periods may not have been given the
opportunity for their suicidal outcome 1o emerge™ (1991, p.
421). Had they used survival methods, they could have ad-
dressed this concern because each person whe did not commit
suicide would have been censored at follow-up.

Fifth, traditional analytic methods have difficulty represent-
ing the effects of time-varying predictors or with permitting the
effects of predictors to luctuate over time. Rescarchers studying
the impact of time-varying predictors may ignore information
either by using the value of the predictar at & single timme point
or by pooling predictor values over time, perhaps as an average
or a rate of change. Survival methods obviate this ad hoc ap-
proach. The effort is identical whether including time-invariant
or time-varying predictors; so, too, it i5 easy to determine
whether the effects of prediciors are constant over time or
whether they differ over time. Traditional methods build static
models of dynamic processes; survival methods modet dynamic
processes dynamically,

We recommend the use of survival methods. When the meth-
ods were new and statistical software was unavailable, rescarch-
ers réasonably adopted other approaches, Recent experience
shows, however, that these methods lend themselves naturally
1o the study of social phenomena. Researchers who may Ine
modified their questions about event occurrence and timing be-
cause of the lack of a suitable methodology in the past can now
address them in their original form.
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