CHAPTER 1

Introduction to
Regression Modeling of
Survival Data

LT INTRODUCTLON

Regression medeling of the refationship between an cutcome variable and oue or
more independent {predictor variable(sy is commonly employed in vinually all
felds. The popularity of this approach is due o the fact thal plausible models muy
he casily it evaluated. and interpreted. Statistically, the specification of a madel
requires choosing both systematic and eveor components.  The choice of the
systematic component involves an assessment of the relatonship among the
“average” of the oufcome varhuble refuiive o specific levels of the independent
variable(s). ‘This may be guided by an vxploratory analvsis of the current data
andsor past experience. The choice of an errer component involves specitying the
statiseical distribution of what remains e be exptained after the model is i

In an applied setting, the task of model selection is, (10 a Jarge extent, based on
the goals of the analysis and on he measurement scale of the ouicome variable.
For example, o clinician may wish o model the relationship among body mass
index (BML, kgim®) and caloric intake and gender among leenagers seen in the
clinics of a large health mainicnance organization {(HMOL A good place (0 start
would be o use a model with a linear systematic component and normally
distributed errors (1., the usual Bnear regression maodel). Suppose, instead, thu
the clinician decides o convert BMI inio 0 & — | dichotomous variable {taking on
the value © it BMI > 301 and assess its association with caloric imake and gender.
In this case, the logistic regression model would be a good choice. The logistic
regression model has o sysltematic component that is lincar ip the log-odds and has
binomial/Bernoulli distributed errors. While there are many issues involved in the
fitting, relinement, evaluation, and nterpreiation of each of these mndels, the same
basic modeling paradigm would be followed in cach seenario.

‘This basic modeling paradigm is commonly used in texts iaking a daia-based
approach o cither finear or logistic regression |e.g. Kleinbaum, Kupper, Muller
and Nizam (19983 and Hosmer and Temeshow (20007]. [n general we tollow this
same modeling paradigmi in this text o motivale our sludy of regression models
where the depindent variahle measures (he time 0 the occurrence of an event of
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interest.  However, as we will see shortly, the fact that sme to an event is the
outcome of inferest regaires us o think carctully abowt what actually has been
nweasured.  Also the fact that time is a dynamic process provides challenges in
formulating a model that are nol present in setiings where 4 typical linear or logistic
regression madel might be applied. In this spirit, we begin with an example,

Example

Througheut this book. we use a nomber of different dala sets to illustrate the
methods and provide grist For the exercises at the end of each chapler. Some, bui
not all, of these are desoribed in Sectien L3 One is a subset of the data from the
Worcester Heari Attack Study (WHAS) provided o us by s principal investigator,
Dr. Robert 1. Goldberg. Briefly, the goal of the WHAS is to study fuctors and time
trends associuned with lbng-term survival following acute myocardial infarciion
(MI) amoeng residens of the Worcester, Massachuserts, Standard Metropolitan
Stazstical Area {SMSA).  ‘The study began in 1975 and hag collected data
approximately every other vear, with the most recent cohort being subjects who
expernienced an Ml in 2401, The main study has daci oo over FHLOGO subjects, and
we will focus our analvses on two samples from the main study. We present one
such sample of 10 subjects in Table 1.1. These data are referred to as the
WHAS T daia in this text. Suppose our goal for the data in Table .1 is w study
the effects of gender, age, and body muss index (ky/m™) at time of hospitalization
[or the M on lengih of swrvival, Typical regression modeling questions might
include: (1) Do women have a more favarable survival experience over ime than
men™ (2 In whal way do the age and BMI a1 admission affect survival over time?
{33 Are the effects of age and BMI the same for men and wornen? Betore we can
discuss o regression model o address these guestions, we need o consider swhat
culcome variable we are going o model. I the outcome s ime © an eveni, then
what is the event and how do we define time to 1t? Suppuse we consider the event
of wterest to be death from any cause foliowing hospitalization for an MI and we
define the time w1t as the number of days from admission to the hospital untl
death.  Thi next step in the regression modeling paradigm is to specify the
systiematic component.  Because we have followed subjecis over time, it seems
logical that the systematic component should be the “mean”™ of this dynamic
progess and how it changes as a function of covarintes.  Prior experience in finear
and logistic regression provides little guidance on how o do this  The first few
chapters of ihis book are devoted to providing the necessary background and
niethods to begio to address this question as well as specification of the error
comapoaeni.  The remmainder of the text considers application of the methods o
dilfferent time-w-cvent SCenarios.,

Returaing w0 our outcome variable, each subject i lable 1.1 has a daie
recorded for when the last follow up occurred.  Vital status veports whether the
subjuci was dead or alive oo that date. For those subjects who died, the reported
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date of death and the value preseated for tollow-up time 15 the actug! value of the
outcome of interest: survival time following hospilalization for an M1 For
examiple, subject 3 in Table 1.1 was admitted (o the hospital on February ¥, 1995,
and, 1205 days later, died on May 20, 1998, Subject 10 was admitted 10 the
hospital on July 22, 1995, and was sull alive at the titne of his last Toliow up.
December 31, 2001, For this subject, all we know is that his survival ime eaceeds
the tollow up time of 2719 davs. Hence the observation of survival time is
imcomplete. The statistical lerim used to describe the process producing this type of
incomplete observation is called “censoring™ and the observation is referred to us
being “censored.” 1o gencral, incomplete obseryalion of time 10 an event ¢an occur
in several wavs and we provide an overview of them in the next sectiom. Metbods
for handling incompletely observed time-to-cvent data in regression models is a
central therne in this ext

1.2 TYPICAL CENSORING MECHANISMS

We cannoi discuss 2 censored observauion until we have carefully defined an
uncensored observation.  This peint may seem rather abvious, bue in applied
seilings confusion. dbout censoring may ool be due W the tact that some
ubservations are incomplete but may instead be the result of an nnclear delinition
of survival ime.! The observation of survival time hus wo companents that must
be unambiguously defined: a beginning point {ie., when the “clock starts™ and an
endpoint that is reached when the event of inierest oceurs (i.e., when the “clock
stops”y. The point where analysis time, ¢ is 7ero {s denoted 1 =0, In the WHAS
example, obhservation began on the day a subject was adimived to the hospital
following an ML In a randomized clintcal trial, observaiion of survival ume
usually begins on the day a subject is randomized o recelve one of the treatment
prowcols. In an occnpaticosl exposare siudv, 1 =0 may be the day a subject
began work at a particalar plant.  In some applications, the best : =0 point may
nol be chyvious, For example, in the WHAS study, other heginning points mwight be
the date of discharge from the bospital or the actnal moment ihat the MI occurred.
Observation may end at the time when a subject literally “dies”™ from the disease of
mieresi. or ik may end upon the oceurrence of some other non-fatal, well-defined,
condition such as meeting clinical criicria for rennission of a cancer. The survival
time is the distince on the time scale between these two points,

U i thix tear we use imorchangeably the terma time toevenr, aurvival Wme, and fife lengih o describe
the sutcome vanahle, [1any exampie, we chonse the one thal seems mest appropriale but we have a

preference for survival time.
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Tabie 1.1 Stady ID}, Adwission Date, Follow Up Diate, Length of Hospital Stay, Follow
Up Time Days), Vital Status at Follow Up, Age ut Admission {Ycars), Gender, and
Body Mass Index (kg/m?) (BMI) for 100 Subjects in the Worcester Heart Attack Study

Admission Follow Length Foilow  Wital Arpe at
i Drawe LpDate of Stay  HpTlime  Stws Admission Geuder BM!I
| 335 19Gs 4 [ IDead i3 Male 31.4
2 1714/95 12346 5 374 Dead #E Female 7
3 TGS Y30 3 2424 Dead 77 Mule 178
4 4TS TS o 9% Lyead 51 Femule 215
s 2GS SABME 4 {205 Dead 78 Ml 30.7
6 L1895 QLN 7 2063 Desd B2 Female 265
7 1:17845 10413597 3 1002 Dead 66 Fenals 357
B 14594 117244 36 2201 Dead #1 Female 8.3
Y BB 3,723/96 5 189 Dead 76 Male 271
10 Ti2298 12437102 g 2719 Alive 40 Male B3
n 1451195 12:371002 6 2635 Alive 73 Female 284
12 SA6M5 L2906 i1 492 Deaid B3 Male 47
i3 5721765 3RO & 302 Dyvact 64 Female 7S
14 F2014/95 12:31402 10 2574 Ahve 58 Male 4R
15 | LIRS 12/31/02 7 2610 Alive 43 Male 230
ho H0/8/95 1231402 3 264] Alive 39 Male 30.1
17 16717195 3442400 [ [t Peud Al Male 10
18 FOLE0/95 178703 9 624 Tread 61 Male 30.7
19 2710005 1231002 3 2578 Alive 49 Wale 257
20 | 423005 12,3182 3 2593 Altve EX) Female 301
21 107545 XS0 G 123 [ead 35 Male P84
22 11:595 1243102 b 2613 Alive 09 Female 376
23 GG S 122097 4 774 Trcad 34 Male 249.0
24 G5 31300 14 012 Duad 72 Male iy
23 1271555 1231502 4 2573 Alive a7 Female 8.3
2 127245 1714000 I 1474 [read et Female 34
2 161895 12731002 2 631 Alive O Male 26.4
28 A 169S 64130 7 1947 oot 75 Miale 282
20 LEZ5M5 397 5 338 [ieud 56 Male 241
30 [RER N 118196 B L4 Dhead ] Fernate isT
3l ; 9G93 4 [} Dead 72 Male 180
32 Sepae R} 1401 13ead A0 Mfale 204
33 2] 2710 Dead 51 Female 286
A 4 241 Ciead A Female 242
33 2] B 5 Pread Fed Fematle 238
36 12 2137 Alive 73 Male 237
a7 1231002 16 pRRVI] Alive 61 Male 234
A 118707 12031702 s pANK Aljve 4% Male 335
K [ E TPt 3 dai Thead w3 Fomale 19.6
40 31807 12/3 102 in 2114 Alive X2 Male 258
31 273097 124347402 4 2157 Alive 52 Make KLt
4z F2O31002 3 2054 Alive 19 Maje 242
13 1203102 3 2123 Alive 35 "ale nz
43 4 2137 Alive 65 Muly 242
45 18 plixg Dead Té Fermale 324
A6 9 2003 Alive 77 Fennale 246
A7 §12:301002 4 20174 Alive i Male A
48 i 271398 7 274 Db 73 Maije 265
A9 FR69T | AR 4 1954 Alive & hlule 280
S0 FITT 1273102 [ 1993 Ahive £i) Male 36.0

51 T 1237452 7 IS Alive 84 Femalc 223





































