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TimeTime--toto--event dataevent data

A record of A record of whenwhen an event occurs an event occurs 
(relative to some “beginning”) for each (relative to some “beginning”) for each 
individual in a sample, e.g., time of individual in a sample, e.g., time of 
death, grade of school dropout, age of death, grade of school dropout, age of 
first alcohol use in schoolfirst alcohol use in school--aged aged 
children, etc.children, etc.
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Time scalesTime scales

öö ContinuousContinuous
The “exact” time of an event for each subject The “exact” time of an event for each subject 
is known, e.g., time of deathis known, e.g., time of death

öö Discrete  Discrete  
1)  The timing of an event is continuous but is 1)  The timing of an event is continuous but is 
only recorded for an only recorded for an intervalinterval of time, e.g., of time, e.g., 
grade of school dropout.grade of school dropout.
2)  The timing of an event is itself discrete, 2)  The timing of an event is itself discrete, 
e.g., grade retention.e.g., grade retention.

Survival probabilitySurvival probability

Let Let TT be the time interval of the event be the time interval of the event 
where Twhere T∈∈{1,2,{1,2,……,J},J}

S(j),S(j), called the called the survival probabilitysurvival probability, is , is 
defined as the probability of “surviving” defined as the probability of “surviving” 
beyondbeyond time interval time interval jj, i.e., the , i.e., the 
probability that the event occurs after probability that the event occurs after 
interval interval jj:  :  S(j) = P(T S(j) = P(T >> j)j)
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Hazard probabilityHazard probability

h(j)h(j), called the , called the hazard probabilityhazard probability, is , is 
defined as the probability of the event defined as the probability of the event 
occurring in the time interval occurring in the time interval jj, provided , provided 
it has not occurred prior to it has not occurred prior to jj:  :  

h(jh(j) = P(T ) = P(T = j | T = j | T ≥≥ j).j).

In other words, In other words, h(j)h(j) is the proportion of is the proportion of 
individuals atindividuals at--risk at the beginning of risk at the beginning of 
time period  time period  jj who experience the event who experience the event 
sometime during period sometime during period jj..
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Survival for violence-free post-tx

Months post-tx
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öö The most typical survival data is rightThe most typical survival data is right--censored censored 
and this type of and this type of missingnessmissingness is the easiest to deal is the easiest to deal 
with in the data analysis.with in the data analysis.

öö Right censoring occurs when a subject in the Right censoring occurs when a subject in the 
sample has sample has notnot experienced the event of interest experienced the event of interest 
at the end of the observation period.  It is at the end of the observation period.  It is 
assumed that the event eventually occurs assumed that the event eventually occurs 
sometime after the end of the study. sometime after the end of the study. 

öö Censoring is usually assumed to be Censoring is usually assumed to be 
noninformativenoninformative. . (Think:  MAR)(Think:  MAR)

Missing dataMissing data
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DTSA Model w/ covariatesDTSA Model w/ covariates**
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* This model, for single events with no random effects, yields identical 
results to the formulation in the traditional logistic regression model, 
á la Singer & Willet.
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Ignoring unobserved Ignoring unobserved 
heterogeneityheterogeneity

öö Baseline hazard probabilities Baseline hazard probabilities 
biased downwardbiased downward

öö TimeTime--independent covariate effects independent covariate effects 
underestimatedunderestimated

öö Spurious timeSpurious time--dependent effects dependent effects 
for observed variablesfor observed variables
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Issues in modeling unobserved Issues in modeling unobserved 
heterogeneity (frailty)heterogeneity (frailty)

öö IdentificationIdentification

öö Sensitivity to parametric misspecificationSensitivity to parametric misspecification

öö Specification of nonparametric modelsSpecification of nonparametric models

öö GoodnessGoodness--ofof--fitfit

Multivariate event historiesMultivariate event histories

öö Recurrent events (multiple spells):Recurrent events (multiple spells):
Same outcome that may occur more than Same outcome that may occur more than 
once (high or low frequency)once (high or low frequency)

öö Competing risks:Competing risks:
More than one possible outcomeMore than one possible outcome
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Recurrent events exampleRecurrent events example

No violence

1st violent episode

2nd violent episode
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Competing risks exampleCompeting risks example

No substance use

First substance 
use: Alcohol

First substance 
use: Tobacco
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Other sources of uncertaintyOther sources of uncertainty

öö Recall error and bias in timing of event Recall error and bias in timing of event 
occurrence, e.g., timing of first drink, occurrence, e.g., timing of first drink, 
timing of drinkingtiming of drinking--related problemsrelated problems

öö Measurement error in event status, e.g., Measurement error in event status, e.g., 
symptom checksymptom check--list used to determine list used to determine 
latent alcohol dependence statuslatent alcohol dependence status
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Other extensionsOther extensions

öö Continuous or categorical latent variable Continuous or categorical latent variable 
predictors of survival measured by other predictors of survival measured by other 
manifest variables, e.g., multiple survey items as manifest variables, e.g., multiple survey items as 
measures of stress predicting timemeasures of stress predicting time--toto--event or event or 
clinical diagnostic criteria as measures of clinical diagnostic criteria as measures of 
psychological profiles predicting timepsychological profiles predicting time--toto--event.event.

öö Multilevel DTSA modelsMultilevel DTSA models

öö Joint longitudinal processesJoint longitudinal processes

Survival and growth Survival and growth 
combo modelscombo models

Aggression in grades 1-6 Grade of first school 
removal in grades 7-12

Time to first drink Drinking behavior from 
first drink to 21 yrs
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