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
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Table 1.1 Continued

Admissian Follow Length Follow  Wital Age al

i Thic Lp Date ol Btay Up lime  Stuius Admission {jender EAI
oM £1997 IR L] 4 1472 Bead 43 Female 153
53 B120/47 118707 3 5G IDead %7 Fermuale 188
34 BirEiaT 173798 7 123 Dead 0 Fematz 1%.&
35 0T 23102 17 13 Alive BO Male 55
A6 a7 D80T 11 i4 Diead nd Female 4.4
37 RESTRN B [{AM) il [0l Dead 54 Female 49
a8 Q24T IO f 1497 el 92 Male 4.4
59 DI19/97 123102 3 1y22 Alive 31 Male 34,3
14 HITTANT 12/371,03 1 I0EL Adive 41 Male M3
6l W2 T 215193 [} 7 Lyead a0 Male 248

2 10: 2097 12:27:09 4 45] Dead 83 Male 21E
63 | a7 13730002 3 2183 Alive 6l hale 74
i LA 197 1231502 7 1378 Alive td Male 62
65 11797 SO0 3 236 Deud 52 Male 264
66 4i20/97 1E98 3 KL Dead 91 Female 27.6
57 618,97 5100 3 1043 Dead 45 Male EIR]
(R0 [ 1273502 [ 13E9 Adive 63 Mate 133
&9 429097 12/31:02 5 2072 Alive ¥l Male 284
i} L1787 12/31402 7 1579 Alive 52 Maule 3re
k! FIoLTmrs? 1230 4 1870 Alive 65 Maie 320
72 117287 123142 5 1339 Alive e Make 58
73 51907 12/31:02 5 2052 Alive a Male 2
74 12711497 12731432 q 1R46 Alive 60 Female 293
75 SH0GT 1373102 7 M Alive 71 Male 313
76 10697 12:31.02 3 14912 Alive 7 Male 315
i 12721097 12:31:02 3 1836 Adive 43 Matle 286
78 1132047 RENEAH 7 114 Ligud a0 Maic 334
Tu 103197 2402 7 1557 Dead 71 Male 218
R #:2RT 1252770 h 2T7H [xad 37 Mals 136
&1 122197 12:31402 3 1836 Alive 30 Fernale 231
H2 1G/2/97 12031702 3] 1916 Alivy 76 Mal 230
3 1497 12431702 3 19734 Alive 53 Made 24z
#4 HRSAT 12031702 10 1924 Alive 44 Male 316
BS 12:2/97 141542 3 44 [read 71 Male 231
Bh LiZ26hIT 12/31/02 & 1423 Alive 6l Male LR

7 {02947 7IA5ME 5 214 Dhead BG Male Ml
BR $1737097 1273102 7 L &a0D Ahve 72 Femule 252
B9 12007 A72RNYD 4 1806 Dicand 73 Femasle 4
o0 2597 1231502 6 2145 Abve 55 Temale 24l
91 42298 5 182 Dead 60 Mule 232
B2 12:51:02 ] 2013 Alive A% Ml 33s
93 14 70T 1273102 k3 2174 Alve i Temule e
41 j2:p207 A2 4 124 Iead T tule a0
45 1147 S098 1 LET Diead e Femule 16.%
Pl | 1457 F251002 4 1883 Alive 48 Fuemale 32
97 12074507 471902 3 1577 Dicad 32 Female 3.9
L1 1126497 §e27 o1 [n) Dread R TFemale 144
oe il OvaT 1302 1 1555 Alive 36 Male 2001
103 226097 2130 7 10354 1ead ) Male 329
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In praciice, s value of time is obuined by catculating the number of davs {or
mnths, or years, etc.) between two calendar dates. Table 1.7 shows the admission
date and the follow up date for the subjects in this sample {rom the WHAS siudy.
Most sratistical soltware pachages have functions that aflow Lhe user W manipulate
calendar dates in a manner similar to other nuineric variables. They do this by
creating a numeric value for cach calendar date, which is defined as the number of
days from some predetermined reference date.  For example, the reference date
used by mast, it not all. packages is January 1, 1960, Subject 5 entered the study
on Fehruary 9. 1995, which is 12,823 days after the reference date, und died May
29, 1998, which is 14,028 days aDer the relerence date. The inlenval between these
two dates Is 1028 - 12,823 = .203 days. The number of days can be converted
inw the number of months by dividing by 30.4375={365.25/12). Thus. the
survival time in months Tor subject 5 is 39,589 ={1_ 205/ 30.4375}. h is comman,

when reporting results in {abular form, 1o round months 1o the nearest whole
number, ¢.g. 40 months, The {evel of precision used in reporting and analvzing
survival time should depend on the particular applicaiinn.

Two mechanisms can lead 10 Incomplete observation of time: censoring and
truncation. A censored observation is one whose value is incomplete doe 1o Tactors
that are random for each subject. A truncated observation is incomplete due to a
selection pracess inherent ta the study design. The most commonly encountered
form of a censored observation is one where observation begins at the defined time
t=0 and terminates before the aulkeome of interest is observed.  Because the
incomplete nature of the obhservation oceurs in the right wil of the time axis, such
observations dre said 10 be righs censored. For example, in the WHAS swudy, a
subject conld move oul of town or stll be alive at the tast follow wp. o a study
where right censoring is the only wpe of censoring possible, observation on
suhjecis may begin at the same time or at varying times. For example, in a test of
compuler hife length, we may begin with all computers staried at exactly the same
time. In a randomized clinical trial or in an observational study, such as the WHAS
study, patienis may eoter the siudy over several vears. As we see in Table 1.1,
subject 2 entered the stady on January 14, 1993 while subject. 3 entered on July
17, 1997, In this type of study. regardiess ol calendar time, ¢cach subject’s tme of
enrollment is assumed to define the £ =0 point

For obvious practical reasons, 2l studics have o point when observation ends
on all subjects: therefore sobjects entering at different times will have voriable
lengihs of maxirmun foliow-up time. In the WHAS study. the last follow up date 15
December 31, 2002, Subject 13 entered the study on May 21, 1995 Thus the
longest ihis subject could have been tollowed iz 7 years, 7 months, and 10 days,
However, this subject was not followed [or the maximum length of Ume becanse
the subject dicd on March 18, 1996, vielding & swvyival tme of 302 days.
[ncomplete observation of a survival time due w the end of the study or fallew-up
is considered a right censored observalion because the process by which subjects
crered the study is random at the subject level.
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A typical pattern of entry inty a folfow-up swdy is shown in Figure §.1. This
i a hypothetical 2-year study in which patients are enrolled during the first year.
We sce that subject 1 entered the study on January 1, 1990, and died on March 1,
199), sSubject 2 entered the study on February 1, 1990, and was lost io follow-up
on Febroary 1, {991, Subject 3 entered the siudy on dune L, 1999, and was sull
abive on December 31, 1991, the end of the study. Subject 4 entered the study on
Sepiember 1, 1990, and died on April 1, 1991, Subjects 2 and 3 have sorvival
times that are right-censored. These data are plotted on the anabysis time scale, in
months, in Figure 1.2, Note that each subject’s time is plotted as it he or she were
enrolled at exactly the same calendar time and were followed until his or her
respective end point. The two figures illustrate the difference between collecting
data in calendar time and then converting it W analysis ume.

In sewne studies, there may be a clewr delinition of the beginning time point;
but subjecis may noi come under actual observation until after this pont has
passed.  For example, in modeling age at menarche, suppose we define the zero
value of titme as 8 vears. Suppose a subject enters the study at age 140, still not
having expenenced menarche. We know thar this subject could have experienced
menarche afier age 8 bul, due to the siudy design, was oot enrolled in the situdy
unud age 10, This subject would not enter the analysis until lime 1 This type of
incomplete ohservation of time is called left trancation or delayed enry. Anolher
example would be to study survival tme in the WHAS among those discharged
from the hospital alive. Here subjects stay o the hospital for varving lengths of
{tme but we do ool begin W siady them until they "leave the front door™

4 - s
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Figare L1 Line plotin calendar time for four subjects in o hypothetical follow-up study.
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Figure 1.2 ine pled in the ime scale for tour subjocts Ina hypoibetical follow-up siudy.

Another censoring mechanisin thal sometimes accurs i praclice 18 /efr
censoring.  Au observation is left censored if' the event of infterest has already
occurred when observaiion begins. For example, in the study of age at menarche,
il o subject enrolls in the study al age 10 and has aiready experienced menarche,
this subject’s tme is Jeft censored. In the WHAS study, if we begin observation at
seven dayvs post admission then subjects who die in the first week are left censored.

A less common form of incomplete observation ovcurs when the entire study
population has capericnced the event of iuterest before the study bhegins (ie..
subjects have been selecied becavse they have expericnced the event of interest).
This is sometimes referred (o as length biosed sampling and 10 inust be accounted
for in the analysis.  An example would be o stady of risk Factors for time w
diagnosis of colorectal cancer among subjects in a cancer registry with this
diagnosis. Tn this study, being in the cancer regisiry represents a seleaion provess
assuring that 1ime o the event is known for each subject. This tvpe of Incomplete
observation of tume s called right rruncation. Because this type of data oceurs
relatively inlrequently in practive, we do not consider it further in this text
Readers interested in learmning more about the analyvsis of right truncared dala arve
referred o Klein and Moeschberger ( 2003),

[n sowe practical settings, one may not be uble to observe time continuous!y.
For example. in a study of educational interventions w prevent 1Y drug use, the
protocol may specify that subjects, after compigtion of their “treatment.” will be
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contacted cvery 3 mouths for a perind of 2 vears. 1n this siudy, the outcome might
be time of first relapse w 1V drug use. Because subjects are contacted every 3
wwonths. thae is only accorately measured o multiples of 3 months. Given the
discrete natare of the observed tme variable, it would be inappropriale 0 use a
slatistical miodel thal agsumed the observed values of tiine were continuous.  Thus,
if a subject reports af the 12-rnonth Tolow-gp that she has returned to drug vse, we
know onlby that her time is between @ and 12 months, Data of this type are said w
be interval censored.

We consider methods for the analysis of right censored daia throughout this
text because this is the most commuonly accurring tvpe of censoring. The next most
common forms of incomplete observation are left fruncation and interval censoring.
Mudifications of the methods (o handle these mechaaisms are discussed i Chapier
7.

Prior o considering any regression modeling. the fiest step in the analysis of
survival time, or for thar matter any set of data, should bhe o thorough upivariae
apalysis,  In the absence of censoring and cuncaticon. this analvsis would use the
techiiques covered in an introductory course on siatisiical methads.  The exact
cernbination of statistics used would depend ou the application. It might include
graphical descriptors such as histograms, box and whisker plos, cumuiative
percentage disirtbution polygons or other methods, B would also include a table of
descriptive statistics containing point estimates and confidence intervals {or the
mean, median, standard deviation. and various percentiles of the distribution of
survivad tme. The presence of censured dala in the sample complicaes the
calewlations but not the tundamenral goal of univariate analysis, In the next chapter
wu present methods for univariate analysis of right censored survival time.

L3IEXAMPLE DATA SETS

In addition 1o the data from the WHAS study prasented in Table 1.1, dara are
avaitable from o larger sample {rom the entire WHAS study, These Jdata are new o
this revigion and not the same dats used feom the WHAS in the tirst edition. Three
additional stedies are used throaghour the wext w itlustrate methods and provide
data for exercizes presemed ai the end of each chapler. All data may be ohtained
fronn the John Wiley & Sans web site.

fipdtpawitev.comy/public/sci_tech_med/survival.
They may also be obtained from the web site for statistical services at ahe
University of Massachuserts at Amberst by going to the dutasels link and then the

section o survival daa,

hupsiewow amass.eduistadaiasscudaia.
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As noted previously, the data from the WHAS sindy have been provided 1o us
by Dr. Robert J. Goldberg of the Department of Cardiclogy at the University of
Massachusetis Medical School. The main goul of this study is to describe tactors
assoctated with trends over time i the incidence and survival rares following
hospital admission (or acute myocardial infarcdon (Ml Daws have been collecred
during |3 one-year periods beginning in 1975 and eseuding through 2001 on all
MI patients admiiicd (o hospitals in the Worcester, Massachusetts Standard
Meiropoliton Swatistical Arca. ‘FPhe main data set has information on more than
11000 admissions.  Scveral varisbles that provide uws the opportusity o
demonstrale and discuss various aspects of modeling time-to-event data were added
ts the data collection in the later three cohorts. The data in this text were obtained
by taking an approximately 23 percent random sample from the cohort vears 1997,
1999, and 2001, yvielding 500 subjecis. This dala set is calied the WHASS00 stwdy
in this text. I addition, only a small subset of the variables from the main study is
included in our data set. Dr. Goldberg and his collcagues have published more than
A0 papers reporting the resulis of various analyses from the WHAS.,  For an
example of 1 recent publication {from the study see Goldberg et al. {2005} as well us
Goldberg et al. {1986, 1988, 19849 199], 1993) and Chiciboga et al. {1994).

Tuble 1.2 describes the subset of variables used. with their codes and values.
ne should not infer that results reported and/or oblained in exercises in this text
are comparable in any way to analyses of the complele data from the WHAS.

Our colleagues, Dis. Jane McCusker, Carol Bigelow and Anne Sioddard,
provided o data ser used extensively in the first edition of this text. 1tis a subser of
duia from the Ugiversity of Massachuselts AIDS Rescarch Unit {UMARU)
IMPACT Study (LA5). This was a S-year (1989-1994} collaborative research
project {Benjamin F. Lewis. P.L, National Instiwte on Drug Abose Grant #RI1K-
DADGIS LY comprised of two concurrent randomized trials of residential treatment
for drugz abuse. The purpose of the siudy was 10 compare irealment programs of
different planned durations destzned 1o reduce drug abuse and e prevent high-risk
HYV behavien.  The UIS sougit to derermine whether aliernative residential
trealment approaches are variable in effeciiveness and whether efficacy depends on
planned program duration. These data were used to iflustrate model buildiag in the
first editton of this book and are being retaned for use in the second edition
primarily for end of chapter exercises. The small subset of variables from the wain
study we use in this ext s described in Table 1.3,

Because the analyses we report in this tead are based on this small subset of
variables. the results reported here should not be considercd as being in any way
comiparatsle 1o results from the main study. Tn addition, we have taken the liberty
of simplifving the shudy design by representing the planned duration as short versus
iong.  Thus, short versus long represents 3 manths versus 6 months planned
duration at sile A, apd & menths versus 12 months planned duration art site B, The
trne variable considered in thiz lext is defined as the number of days from
admigsion to ane of the two sites (o sell-reporied return 10 drug use. The censoring
variable s coded | for return to drug or lost to follow-up and O otherwise. The
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Table 1.2 Description of the Variables Obtained from the Worcester Heari Attack
Study (WHAS), 500 Subjects
Yarable

Deseription odes / Values

id Identiiicanon Code I — 50

age Age at Hosplal Admission Yeurs

oender Giensder 0 =Male. | = lFemale

hr lritial Heart Rate Feals per minule

gvsh Ininal Svyeiob Blood Pressure mmHg

diashyp Initial Niasiolic Blood Fressure mmbHg

bini Body Mass Tndex kgm®

cvd History of Cardieyvascular fF=Noo 1= Yes

hsease

aft Awmal Fibrillation G=No 1= Yes

shi Cardisgenie Shock h=No | =Yes

chf Congestive Heart Complications U= No, | = Yes

avl Compleie Heart Block f=Nn.l=Yes

ko M Orrder th = First. | = Recurrent

mity pe MI Type 0= non (ewave, 1 = Qawave

vear fohort Year b= 1997, 2 = 1999 3 - 2001

admildare Huasmital Adimisseon Dale mmdddivy

rsdate Haospital Dischuarpe Late min/ddiyy

{date Date af lasi Follow Up mmdddiyy

livs Length of Hospital Slay Days berween Hospital
Diischarge aud Hospital
Admisaion

dstal Mischarge Starus from Hospitad = Alive [ = [eud

lentel Total Lengih of Follow-up {ays belween Daie of Last
Follaw-up and Hosprtal
Admission Date

Lslal Vitak Sttuy at Last Follow -up =Ahve | = Dead

study team felt that g subject who was lost to follow-up was likelv to have reurned
to drug wse. The original data have been modified 1o preserve subject
vanfidentiality,

Comeer clinical trials are a rich source for examples of applications of methods
for the analysis of time w event.  Willi Saverhrei and Patrick Royston have
graciously provided us with data obtained from the German Breast Cancer Stadv
Coroup, which they used 1o Hlustrawe meshods for building prognostic models
(xaverbret and Rovsion. 19991 [n the main study, a wtal of 720 patients with
primary node positive breast cancer were recruited between July 1984, and
Pecember 1989, (see Schmoor, Olschweski and Schumachee M. 1994 and
Schumacher ¢u al (19940, Dulg used in this test are Tor 686 suhjects with
complete data on the covariates in Tahle | <
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Table 1.3 Description of Variables in the UMARU IMPACT Study {UIS), 628 Subjects

Variable Diescriplion Codes/Y alues

id Identification Code 1623

age Age at Enrollment Y eary

bk Beck Depression Scure at Admission Q.000-34.0:0)

hereoe Heronn/Cacaine Use During 3 Months l = Herow & Cocaine
Pror 1o Admission 2 = Herom Only

3 = Covane Only
4 = Neather Horoin
nor Cocaine

ivhx IV Drug Lse History at Adnisston | = Never
2 = Previous
3 = Recenl
ndruytx Numtbrer of Prior Diug Treatrienrs 0--40
race Subject's Race 0= White
I = Usiher
ireal Freatmeni Randommzation A ssignnsent {} = Shon
| =Llang
st Treutrnent Sie N=A
=B
lu! Lengih of Treatment Mays
{Measured from Adnnssion
time Time Lo Return 1o Drug Use Days
Edvleasured from Adnnssiond
CERSOT Rewrned to Drug Use I = Retumed i Droug
Ll

{l = Otherwise

Another clinical trial data set used n this 1ext was provided by the AIDS
Clinical Trials Group (ACTG 3200, The data come from a double-hlind, placebo-
controbled trial that compared the three-drug regimen of indinavir (IDV), open lahel
zidovodine {ZDW3} or stavodine (d4T), and lamvadine (3TC) wih the two-drug
regimen of zidovedine or stavudine and lamivudine in HIV-infected patients
{Harmmer et al., 1997), Patients were eligible for the trial if they had no more thaa
200 CD4 cells per cubic millinteter and at least three months of prior sidovudine
therapy. Randomization was stratified by CD4 cell count at the time of screening.
The primary cule ome medsore was ome o ATDS defining cvent ur death, Because
cificacy resulis et a pre-specified level of significance al an interim anaiysis, the
mial was stopped carly. Variables amd codes Tor these daty are provided in Table

i.5
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Tahle 1.4 Description of Varviables in the German Beeast Caneer Study (GBCS). 686
Subjects

Variable Descripiioo Coidew V ahues! Raoge
i Study 113 | - 686
diagdate Dyate of Diagniosis ddMonthyyyy
recdate [Male of Recuryence Free ddMaonthyvyyy

Survival
deathdaie Drare of Death ddMonthyvyvy
age Agpeal Diagnosis Years
REAIOPAUSE Menopausad Status fP=No, | =Yes
homaone Hommone Uherapy O=Na | =Yes
sive Fumor Size min
grade Tumer Grode i-1
fendes Number of Nowdes 1 -3l

involved
prog_Tecp Mumber of Progesicrone 1 - 2380

Reveplors
eslryg recn Mumber of Fstrogen Receptors 11144
rectime Time w Recumence [Jays
CEnNIen Revursrence Censaring = Censored

| = Recurrenee
survtime Time 1o Dearh Dy
censduead Dreath Censoring 1} = Censored
I = [xath
EXERCISES

One of the most effective graphical tools ihat can be empioved in regression
modeling i3 a scatter plot of the outcome versus continuous covariates.  For
caample, in linear regression, such a plot can provide guidance as to the plausibiliry
of a lincar relationship between the mean of the ovicome and the covariate as well
as the distribution abeut the hne (e, (he error component),

b Using the data from the Waoreester Heart Atiack Study in Vable |1, obtam
a seatter plot of follow up ome versus age. Il possible, use the value off
(he vital status variable as the plotting symbal,
{a) In what ways is the visual appearance of this plot different from a
scatter plot in a typical finear regression seliing”
(I By eve. draw on the scatter plot from problem 1{4) what you feel
5 the hest regression function for a survival time regression
mudel.
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Table 1.5 Description of Variables ig the AIDS Clinical Trials Group Study (ACTG

320), 1151 Subjects

Variable Diescrniption Codes/Values

1 [dentificanon Code 1-1156

uroe Time to AIDS diagnosis or desth Days

censny Event indicator for AHIS 1 = AlDS defining diugnosis or death
defining Jiagnosis or death 0 = Otherwise

time_d Tumne to death Days

censor_d Eveni indicator lor death 1onlyv} | = Dheath

ix

tagrp

strafl

LiidN

vaceth

ivdrug

hemaphil

kameai

cdd

poorady

age

Treatment indicator

Treaunent group indicater

CD4 stratwm al screening
Sey

Ruce/Fihniciy

IV drug use hiswry

Hermophiliac

Kamaolsky Pesfornmance Scale

Bazeline (14 counl {derived
from maltiple measuroments)
Meanths of prine Z1V ase

A et Enroliment

0 = Otherwise

I ="Treatment mcludes 1TV

0 = Control group {Trealmient teginien
without T[HY)

1 =20V + 3IC

2=V 4 3T+ 1Y

I=ddr + 3T

d= dd T+ 3T + DY

N=0Dd =50
1 = CId = 30
1 = Mate

2 = Female

| = Whiie Non-HMispanic
2 = Black Nea-Hispaniv
3 = Hispume {rezardiess ol race)
4 = Asian, Pacific Islander
5 = Amencan tndian. Alaskan Native
6 = Otherfunknown
| = Newver
2 = Currently
3 = Previously
I =Yes
0= Na
1) = MNomal; no complant:
no evidence of disease
it = Mormal activity possible; mmor
sighsfsymplonis of discase
Y = Normal achivity with effort:
somie signssymptons of discase
70 = Cares for selfs nomal activity
active work nor possible
Cetlsimilliliter

Months
Yoears
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(¢ 15 the regression Function deawn in [(hy a stralght line? ¥ nal
then what fusction of age would you use w deseribe it

(dy 1s it pussible to N1t this model in your favarite software package
wilh censuvred data”

2. What key charscieristics about the observations of otal lengih of Toljosw-
up must be kept in mind when considering corputing sample univariate
descriptive siatistics?

3. The investigator of a large clinical trial would like 10 assess factors ihat
might be associated with drop-cut over the course of the trial. Iescribe
what would be the event and which observations would be considered
censored for such a study.



